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Editorial on the Research Topic
 Biological and genetic basis of agronomical and seed quality traits in legumes




Grain legumes present outstanding nutritional and nutraceutical properties while being an economically affordable plant-based protein source for humans that contributes to achieving future food and feed security in the context of an increasing world population. Legumes also provide crucial services to agriculture through their ability to fix atmospheric nitrogen by rhizobial symbiosis. This supplies accessible nitrogen to agroecosystems, increases soil carbon content, stimulates the productivity of subsequent crops by increasing the effective capture, productive use, and recycling of water and nutrients, and helps to control weeds. In this context, genetic improvements have played a pivotal role to increase crop production, from traditional breeding to the most advanced and novel current biotechnological techniques, the application of which will undoubtedly contribute to sustainable agriculture and food security. The Research Topic comprises 29 articles, including 26 Original Research and 3 Review articles covering different aspects focused on agronomic and seed quality traits in legumes. This Editorial summarizes some of the highlights included in the Research Topic.

Serra-Picó et al. investigate the influence of inflorescence architecture on plant traits such as plant shape, morphological diversity, position and number of flowers and fruits produced by the plant, and seed yield. Most legume flowers are produced in secondary inflorescences, and the pea VEGETATIVE1/FULc (VEG1) gene, and its homologs in other legumes, determine the secondary meristem. In this paper, the authors try to understand the control of this secondary meristem development by identifying downstream genes of VEG1 as potential regulatory targets of VEG1. Two genes were identified whose silencing led to small plants (PsDAO1) and plants with very large stubs (PsHUP54) and were demonstrated to control the activity of the secondary meristem.

Zhao et al. characterize the common genetic basis underlying seed quality traits in soybean and examine its optimization through selection focused on QTLs useful for breeding new high-yielding soybean varieties with favorable quality characteristics.

Sun et al. identify numerous soybean C2 domain genes that play essential biological functions. The C2 domain genes fell into three distinct groups with diverged gene structures and conserved functional domains. Transcriptional analysis unveiled that genes like GmC2-58, GmC2-88, and GmC2-148 were highly expressed under salt and drought stresses. Moreover, soybean plants with GmC2-148 transgenic hairy roots increased transcript levels of several abiotic stress-related marker genes, including COR47, NCDE3, NAC11, WRKY13, DREB2A, MYB84, bZIP44, and KIN1 which resulted in enhanced abiotic stress tolerance in soybean. All the results indicated that C2 domain genes are involved in the response to salt and drought stresses.

Desoky et al. investigate nano-silicon application to mitigate the deleterious impacts of drought stress on field crops, an increasing consequence of climate change, particularly in arid regions. Nano-silicon treatment was foliar applied during two seasons of field studies and its influence on crop water productivity (CWP) and the agronomic traits, as well as on physiological and biochemical features were investigated in faba bean (Vicia faba). Drought stress significantly decreased gas exchange, water relations, nutrient uptake, flavonoids, and phenolic content. In contrast, drought stress significantly increased oxidative stress (H2O2 and O−2) and enzymatic and non-enzymatic antioxidant activities compared with the well-watered treatment. These results confirm that exogenously applied nano-silicon could be used to improve the CWP and seed and biological yields of faba bean plants under conditions with low water availability in arid environments.

Joe Martin et al. investigate the development of high-folate (Vitamin B9) cultivars of common bean (Phaseolus vulgaris L.) and other crops as a tool to improve plant-derived folate of potential use in the human diet. Candidate genes were identified that might be targeted for the development of molecular markers for selecting P. vulgaris cultivars with improved seed folate content.

Das et al. describe how up-to-date research has advanced in multiple features of grass pea thanks to the significant repositories of Lathyrus germplasm with a wide range of agro-morphological traits as well as a low β-ODAP content available across countries. They also discuss the genetic enhancement of grass peas to make this food safe for human consumption and increase climate resilience.

Gunjača et al. phenotype 174 common bean (Phaseolus vulgaris L.) accessions through the seed content of N, P, K, Ca, Mg, Fe, Zn, and Mn, and genotype them using 6,311 high-quality DArTseq-derived SNP markers. Then, 31 quantitative trait nucleotides (QTN) associated with seed nutrient content were identified by GWAS: 22 on chromosomes Pv01, Pv02, Pv03, Pv05, Pv07, Pv08, and Pv10 for nitrogen; five (4 on chromosome Pv07, and one on Pv08) for phosphorus, a single significant QTN for calcium on chromosome Pv09, one for magnesium on Pv08, and two QTNs for seed zinc content on Pv06. No QTNs for potassium, iron, or manganese content were found. These results highlight the relevance of GWAS in unraveling the genetic makeup of seed nutritional traits in common beans.

Roorkiwal et al. survey the molecular mechanisms of nuclear acquisition, transport, and metabolism aimed at supporting a biofortification strategy for grain legume crops. They evoke the reasons for malnutrition globally and the role of legume crops in eradicating it. They examine nutrient-wise the mechanisms of mineral acquisition and transport, and the metabolic pathways for vitamins (β-carotene, folate, vitamin E) and anti-nutritional factors (phytic acid, raffinose). They plunge into the potential interventions through biofortification (agronomic, genetic breeding, genome engineering), and continued with a review of the genomic approaches to nutritional breeding (genetic variations of micronutrients in legumes and identification of QTLs/genes to unveil the genetic architecture of nutrient accumulation). Their survey is completed by a prospective analysis of the role of genomics in nutritional breeding.

Crosta et al. examine genotype x environment interaction (GEI), genetically based trade-offs, and polygenic control for crude protein content and grain yield of peas to assess genomic selection (GS) efficiency vs. phenotypic selection (PS). They analyze 306 lines through genotyping-by-sequencing, and for grain yield and protein content in three autumn-sown environments in Italy. Compared with GEI, purely genetic effects were >2-fold larger for protein content, but >2-fold smaller for grain and protein yield, while grain yield and protein content exhibited no inverse genetic correlation. GWAS revealed a polygenic control for grain yield and protein content, with limited trait variation accounted for by individual loci. GS predictive ability for individual RIL populations holds promise for the simultaneous improvement of protein content, and grain and protein yield.

Dadu et al. examine the genetic basis of Ascochyta blight resistance in lentils, a significant disease that impacts production around the globe. Using a wild/cultivated cross, they found a major QTL with three component parts on the fifth chromosome of lentils, explaining nearly 10% of the variation in resistance and containing several putative candidate genes. The resistance QTL should prove useful for introgressing alleles conferring resistance into elite lentil cultivars.

Rane et al. use top and side view imaging to model the growth rate and biomass differences in response to water limitation in mungbean (Vigna radiata L. Wilczek), a short cycle legume with considerable capacity to grow in agriculturally marginal soils. The phenomic approach they use can help lower costs in characterizing germplasm, and better reflects low input agricultural conditions common across much of the world's semi-arid tropics.

To better understand genetic variation underlying productivity and quality traits in peanut (Arachis hypogaea L.), an allotetraploid crop that has trailed some others due to low variability in elite germplasm, Jadhav et al. characterize a cross between an elite variety and an EMS-treated line. In this cross, with 700 markers, 47 main-effect QTLs for the productivity and oil quality traits explaining between 10 and 50% of phenotypic variation were uncovered, several of which showed epistatic interactions. They identify potential candidate loci for future molecular breeding in groundnut.

Atieno et al. map salinity tolerance under hydroponic and field conditions in Western Australia, using a RIL population of two elite desi chickpea (Cicer arietinum L.) parents adapted to Australian agroecosystems. The researchers find six QTLs across three chromosomes that mapped to salinity tolerance per se, as well as other QTLs related to phenology and aspects of vigor such as seed and leaf size. Fine mapping of these QTLs will yield useful alleles for improving the salt tolerance of chickpeas.

Guiguitant et al. examine trait variation, such as leaf nitrogen and leaf area, in 30 cultivars of 10 legume species to understand axes of trait combinations that could be selected to adapt leguminous crops to different climates and agroecological conditions. The authors find significant trade-offs between traits across climatic conditions, consistent with an economic spectrum of trait values, with some trait combinations most suited to different agronomic situations. The trait-based approach could facilitate more rapid adaptation of leguminous crops to novel agricultural settings.

Peas (Pisum sativum L.), a cool season legume, suffer from heat stress. Lamichaney et al. examine the variation in responses to heat stress, imposed by late planting in India, in 150 pea cultivars and find substantial variation in a range of traits that impact tolerance. Four accessions are identified as possessing superior heat tolerance and are suitable for rapidly warming climatic conditions being experienced in India's pea production regions.

The Catharanthus roseus RLK1-like (CrRLK1L) protein kinase family is involved in a range of abiotic stress responses in plants. Wang Z.-Q. et al. examine the expression of 38 CrRLK1L genes in soybean (Glycine max L.), finding that one member of the family, GmCrRLK1L20, is upregulated in response to drought and salt stress. This gene could be a target of manipulation for improving soybean stress tolerance.

Yang et al. map genetic variation in forage quality traits, such as protein content and fiber composition, in a biparental population of alfalfa (Medicago sativa L.). Across several different traits, the authors find 83 QTLs, several of which interacted with several traits or had epistatic interactions with each other. In over 80% of the co-localized QTLs, alleles had opposite effects on protein content and fiber composition, suggesting trade-offs in these characteristics. The identified QTLs provide several potential targets for marker-assisted selection.

Chen Z.-F. et al. provide novel insight into the detection and function of GmPLC (Phospholipase C) genes in soybean plants subjected to drought and salinity through a Genome-Wide Analysis of the PLC proteins family that catalyze phospholipids hydrolysis. They identified 24 specific PLC genes which mapped to 10 of the 20 soybean chromosomes, grouping them into phosphatidylinositol-specific PLC (GmPI-PLC) and phosphatidylcholine-hydrolyzing PLC genes. Selecting GmPI-PLC7, they show that compared to transgenic empty vector controls, GmPI-PLC7 (OE) overexpressors conferred higher drought and salt tolerance, opposite to the GmPI-PLC7-RNAi (RNAi) lines. Under such stresses, the OE exhibited higher amounts of chlorophyll, oxygen free radical, H2O2, and NADH oxidase than those in non-stressed plants. GmPI-PLC7 may improve stress tolerance in soybean through ABA signaling and the SOS-related calcium-signaling pathway.

Different environmental and production pressures (pests and diseases, drought, and differing grazing management, as well as introduced legislation restricting farming practices) have changed the targets of the legume forage Trifolium spp. breeding across time. Egan et al. review the pre-breeding and breeding programs history of white, red, and minor clover sp. in New Zealand, with a particular focus on the role of gene banks as a source of interesting materials. They further focus on the proper characterization of the materials prior to use, a task facilitated by recent biotechnological and molecular advances.

Fast cooking is an important trait influencing common bean consumers not only from the economic (energy and time consumption) but also from the nutritional (minerals and proteins retention) point of view. To support quality common bean breeding, Diaz et al. study the genetic architecture related to the cooking time and water absorption using linkage, association, and use a combination of both mapping approaches and genomic prediction applied to all the studied populations. Different QTLs for the Andean and Mesoamerican gene pools were located in distinct regions of the genome, suggesting differential genetic control in each of the pools for the traits of interest. Genomic prediction accuracies varied dependent on the population under study, but the generated phenotypic characterization data set will facilitate cooking time being incorporated into breeding programs.

Most Andean common bean cultivars are photoperiod sensitive (in a temperature-dependent way), while Mesoamerican and determinate cultivars include a high portion of day-neutral lines. To support common bean breeding for different climatic and planting time conditions, Gonzalez et al. study the genes involved in flowering time and photoperiod response using a multi-environment (long and short day) QTL mapping approach within the Andean gene pool. Two novel major loci were detected on chromosomes 4 and 9 controlling flowering under long and short day lengths respectively, showing complex epistatic and environment interactions.

Secondary metabolites are used by plants as defensive agents to survive threats derived from abiotic and biotic stresses. In soybean leaves, coumestrol functions as a phytoalexin and increases its levels as the plant ages and also upon insect attack. Mun et al. report the accumulation of coumestrol during leaf maturity or senescence in soybean when applied with several phytohormones including salicylic acid, methyl jasmonate, and ethephon alone or in several combinations. These findings might be exploited as a novel strategy to increase coumestrol levels in soybean leaves for further industrial exploitation.

Venugopalan et al. investigate the influence of time of sowing and a foliar spray of micronutrients (boron, iron, and zinc, either alone or in combination) to diminish the effect of moisture and heat stress on lentils (Lens culinaris Medik.) in the subtropical region. Crop growth rate and biomass were significantly affected by the time of sowing and the treatment of a foliar spray of micronutrients when compared to soil application. This study supports the importance of the appropriate date of sowing and foliar spray treatment to increase the sustainability of lentil production under abiotic stresses such as high temperature and moisture that could result in higher yield.

The yield of peanut crops is limited by water deficits. Therefore, the development of drought-tolerant varieties adapted to drought stress is a major aim in peanut breeding programmes. Wang X. et al. examine different peanut drought-tolerant and drought-susceptible genotypes to identify drought-induced genes expressed under drought stress conditions. The reported data reveals the involvement of a complex network of phytohormones in the regulatory mechanisms of peanut drought tolerance.

Wang N. et al. study the plant responses to the combined effect of drought and defoliation treatment in two legume species (Robinia pseudoacacia and Amorpha fruticosa). Data obtained demonstrate that defoliation could alleviate the effect of low water availability in large seedlings. These results will be helpful to gain knowledge of forest dynamics under climate change conditions and support further studies in terms of vegetation restoration.

Seck et al. study the genetic basis of root system architecture in soybean through GWAS analysis. They characterize twelve root traits in a panel of 137 early maturing soybean lines (Canadian soybean core collection) using rhizoboxes and two-dimensional imaging. In total, 10 quantitative trait locus (QTL) regions were detected for root total length and primary root diameter, which could be used to develop climate-resilient soybean cultivars.

Bassett et al. identify a QTL that can be used to develop molecular markers to improve seed quality traits in dry bean varieties. The authors used a recombinant inbred line population that was developed from a cross between Ervilha (Manteca) and PI527538 (Njano), yellow dry beans with contrasting cooking time and sensory attributes. This study detects QTLs for water uptake, cooking time, sensory attribute intensities, color, and a non-darkening seed-coat postharvest.

Chen Z. et al. study the impact of moderate heat stress on the model legume Medicago truncatula, applied at flowering onwards, to the seed development and maturation, particularly on seed weight and germination capacity, and the identification of quality traits and regulatory genes to control these seed features. In particular, MtMIEL1, a RING-type zinc finger family gene was shown to be highly associated with the germination speed of heat-stressed seeds. The conservancy of gene function is demonstrated by a loss-of-function analysis of the Arabidopsis MIEL1 ortholog, supporting its role as a regulator of the germination plasticity of seeds in response to heat stress.

Carlson-Nilsson et al. investigate the specific factors that cultivated crops need to adapt to in adverse and extreme climate conditions, such as low temperatures, long days, and a short growing season. They further identify suitable pea genetic resources for future cultivation and breeding in the Arctic region. The data showed that light conditions related to a very long photoperiod partly compensated for the lack of accumulated temperature in the far north. A critical factor for cultivation in the Arctic is the use of cultivars with rapid flowering and maturation times combined with an early sowing. Altogether, the results identify pea genetic resources available for breeding or immediate cultivation, aiding in the northward expansion of pea cultivation.
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Increasing the understanding genetic basis of the variability in root system architecture (RSA) is essential to improve resource-use efficiency in agriculture systems and to develop climate-resilient crop cultivars. Roots being underground, their direct observation and detailed characterization are challenging. Here, were characterized twelve RSA-related traits in a panel of 137 early maturing soybean lines (Canadian soybean core collection) using rhizoboxes and two-dimensional imaging. Significant phenotypic variation (P < 0.001) was observed among these lines for different RSA-related traits. This panel was genotyped with 2.18 million genome-wide single-nucleotide polymorphisms (SNPs) using a combination of genotyping-by-sequencing and whole-genome sequencing. A total of 10 quantitative trait locus (QTL) regions were detected for root total length and primary root diameter through a comprehensive genome-wide association study. These QTL regions explained from 15 to 25% of the phenotypic variation and contained two putative candidate genes with homology to genes previously reported to play a role in RSA in other species. These genes can serve to accelerate future efforts aimed to dissect genetic architecture of RSA and breed more resilient varieties.
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INTRODUCTION

The root system plays an important role in the acquisition of essential macro and micronutrients and water from the soil and ensures the anchorage of plants (Zhu et al., 2010; Postma et al., 2014; Kochian, 2017; Robinson et al., 2018). Because roots are underground and are so difficult to observe, a little attention has been paid to plant root systems in selection and breeding program. It has been shown that depending on soil composition, the competition in resources capacity (mobile and immobile nutrients, water) can be affected by the shape and spatial configuration of the plant root system known as root system architecture (RSA) (Fitter, 1987; Lynch, 1995; Kochian, 2017). As consequence, many studies showed that RSA was closely correlated with plant yield (Mutava et al., 2015; Liu et al., 2018; Voss-Fels et al., 2018). In recent years, breeders were conscious of the importance of RSA and investigated to better understand the genetic basis of its variation in plant crops.

The RSA is essentially modulated by the growth inhibition of primary root and lateral roots. It can be also modulated by the formation of adventitious roots and root hairs (Malamy, 2005; Waidmann et al., 2020). Therefore, it is generally characterized by measuring numerical variables that describe the size and abundance of components of the root system (e.g., length of roots, number of lateral root number, diameter of roots etc.). However, other measured variables focus on root system structure such as the type and angle of connection between roots (Hodge et al., 2009). The quantification of these RSA-related traits is a greatest challenge faced by research. Previously, roots were extracted and washed to remove the soil for trait measures, such as the destructive technique known as “shovelomics” (Trachsel et al., 2011). More recently, a considerable number of root phenotype approaches in situ have been developed.

These approaches known as non-destructive techniques are generally relied on rhizoboxes, transparent enclosures allowing the study of root system development in two-dimensional (2D) using different substrates such as soil or vermiculite (Trachsel et al., 2011). In contrast, soil-free techniques such as hydroponics (Hargreaves et al., 2009; Ayalew et al., 2018; Beyer et al., 2019), aeroponics (Osvald et al., 2001; Lakhiar et al., 2018; Selvaraj et al., 2019), gel plates (Wojciechowski et al., 2009), and growth pouches (Hund et al., 2009; Adu et al., 2014; Adeleke et al., 2019) are used for a better contrast between roots and substrate. Plant RSA is a three-dimensional (3D) structure and phenotyping systems in 2D are limited to quantify all RSA component features. However, new 3D RSA phenotyping is currently developed using sophisticated tomographic techniques such as magnetic resonance imaging (MRI, Jahnke et al., 2009), positron emission tomography (PET, Garbout et al., 2012) X-ray computed tomography (X-ray CT, Mooney et al., 2012; Rogers et al., 2016). Despite the advantages of these approaches in capturing an undisturbed 3D view of the RSA, the phenotyping of a large population remains extremely demanding both in time and cost. These new advances in RSA phenotyping development constitute an important step for genes related to RSA identification.

During the last year, genome-wide association studies (GWAS) provide a power tool for the identification of genes controlling the complex phenotypes such as RSA-related traits (Famoso et al., 2011; Huang et al., 2012; Courtois et al., 2013; Torkamaneh et al., 2020). In Arabidopsis, Meijón et al. (2014) employed GWAS method, using an agar plate phenotyping method, to identify a gene regulating the length of root meristem and taproot. In rice, DEEPER ROOTING 1 (DRO1), an RSA-related gene that controls root growth angle was identified using a 2D phenotyping system in a rhizotron (Uga et al., 2013). Introducing the deep rooting allele at DRO1 into a cultivar rice having shallow roots resulted in a drought tolerance progeny maintaining high yield under water stress (Uga et al., 2013). A GWAS study in rice (Kadam et al., 2017) has also enabled the identification of a SCARECROW/SHORTROOT gene, an ortholog of an Arabidopsis gene shown to affect root architecture (Benfey et al., 1993). This rice gene was reported to increase tolerance to a water-deficit stress.

Soybean has many attributes that make it “super crop.” It constitutes an importance source of protein for food and feed. The content of the latter ranged between 38 and 44% of the total dry weight of the seed (Bilyeu et al., 2016). Soybean plant is also an attractive crop due to its ability to fix, with the help of diazotrophic bacteria (rhizobacteria), the atmospheric nitrogen. This leads to a reduction of nitrogen fertilizers uses and adventitious presence, increasing a sustainable agricultural system (Peoples et al., 1995; Herridge et al., 2008; van Hameren et al., 2013). In soybean, mapping of quantitative trait loci (QTL) has enabled the identification of numerous RSA-related traits (Abdel-Haleem et al., 2011; Brensha et al., 2012; Prince et al., 2015). Despite this, there are still too few studies that underly genes within QTL associated with RSA (Brensha et al., 2012; Manavalan et al., 2015; Prince et al., 2015, 2019). However, there is a gap to fill in soybean root literature particularly in the identification and alleles involved in the biological processes and effects on RSA.

Here, a core set of 137 soybean lines that representative of Canadian short-season soybean was phenotyped for RSA-related traits in rhizoboxes. We carried out a GWAS using a catalog of 2.18M SNPs obtained from a combined dataset resulting from both genotyping by sequencing (GBS) and whole-genome sequencing (WGS) to dissect the genetic basis of RSA in soybean.



MATERIALS AND METHODS


Plant Material and Root System Architecture Phenotyping

A set of 137 lines representative of the extent of genetic diversity among short-session soybeans in Canada was used (Supplementary Table 1). Although they range between maturity groups II to 000, most of these belong to MG 0 (Sonah et al., 2015). The soybean seeds (5 for each line) were germinated in Petri dishes (100 mm × 15 mm, standard size) filled with fine vermiculite (0–2 mm). Each germinated plant (3 replicates per line) was then transplanted into a custom-designed rhizobox (40.6 (L) × 25.4 (W) × 1.5 (H) cm; see Supplementary Figure 1). Each rhizobox was filled with stained vermiculite using methylene blue (1.5 g/100 mL) in order to increase the contrast between the root system and the vermiculite. To maintain roots in the dark, the rhizoboxes were covered with white paper. Rhizoboxes were kept at a 45° angle in a greenhouse (26/20°C and 16/8 h day/night) at Université Laval (Supplementary Figure 2). Plants were watered with a mix of minerals and water (Supplementary Table 2). A detailed description of the phenotyping process is illustrated in Supplementary Figure 2. After 10 days of growth, the upper sheet of acrylamide was removed to expose the roots. The root images were taken using a NIKON D3000 camera installed on a tripod maintaining a fixed distance of 35 cm (between the camera and roots). We used the Automatic Root Image Analysis (ARIA) (Pace et al., 2014) software to extract phenotypic data from the images (Supplementary Figure 3). In total, 12 different RSA-related traits were measured from each 2D image including: total length of roots (TLR), length of primary root (LPR), length of secondary roots (LSR), distribution of total root length (DTLR), total number of roots (TNR), median number of roots (Med), maximum number of roots (Max), depth of root system (DRS), width of root system (WRS), surface of root system (SRS), diameter of primary root (DR), surface area of primary root (SAR). A detailed description of these traits measured by ARIA can be found in Supplementary Table 3. Statistical analysis of the phenotypic data, including analysis of variance (ANOVA), frequency distributions and Pearson correlations, of RSA-related trait was performed using R 3.51.



Genotyping Data

Genotyping of this population was performed through a hybrid approach combining genotyping by sequencing (GBS) and whole-genome sequencing (WGS). In brief, all 137 soybean lines were genotyped through a GBS protocol based on digestion with ApeKI (Elshire et al., 2011; Sonah et al., 2013). The SNPs were called using the Fast-GBS pipeline (Torkamaneh et al., 2017) and aligned against the soybean Williams 82 reference genome (Gmax_275_Wm82.a2.v1) (Schmutz et al., 2010). Genotypes were called using a minimal read depth of 2 and loci with less than 80% missing data. These resulted in a catalog of 56K SNPs. Imputation of missing data was first performed on this catalog of 56K GBS-derived SNPs using BEAGLE v4.1 (Browning and Browning, 2016). We then used a reference panel (4.3M SNPs derived from the WGS of 102 Canadian elite soybean lines; Torkamaneh et al., 2018) to impute all missing loci onto the initial catalog of GBS-derived SNPs, again using BEAGLE v4.1 (Browning and Browning, 2016). Among these 102 resequenced lines, 56 were in common with the association panel described above (i.e., >40% overlap). After imputation of missing loci, VCFtools (Danecek et al., 2011) was used to retain SNPs with a minor allele frequency (MAF) ≥0.05 and heterozygosity ≤0.1, thus producing a catalog of 2.18M SNPs.



Population Structure and Relatedness

In this catalog of 2.18M SNPs, we performed LD-based pruning (r2 > 0.5) with PLINK (Purcell et al., 2007), to obtain a reduced but uniformly distributed set of 14K markers. The algorithm fastSTRUCTURE (Raj et al., 2014) was used to characterize population structure with the number of tested subpopulations (K) ranging from 1 to 13 and 3 independent runs of runs of each. A python script (“choseek.py”) was used to determine the most likely K value based on the rate of change in LnP between successive K values. To better support the number of subpopulations, we also built a consensus phylogenetic tree (2,000 replicates) using maximum likelihood method based on the Tamura-Nei model implemented in MEGA7 (Kumar et al., 2016) and performed a principal component analysis (PCA) using GAPIT (Lipka et al., 2012). To determine relatedness among individuals, a kinship matrix was calculated using the efficient mixed-model association (EMMA) method (Kang et al., 2008).



Genome-Wide Association Analysis on Traits Related to Root System Architecture

GWAS analysis was performed on the full set of filtered WGS-derived markers (2.18M SNPs) using the FarmCPU algorithm (Liu et al., 2016) implemented in the rMVP package on Microsoft Open R2. To reduce false-positive signals, we included the population of structure matrix (Q) and a Kinship matrix (K) as covariates. A genome-wide significance threshold <0.05 was used to declare significant associations using the false discovery rate (FDR) test of Benjamini and Hochberg (1995). The proportion of phenotypic variance explained by a most significant marker SNP associated was also calculated (Teslovich et al., 2010).



Candidate Gene Identification

We used a systematic analytical process to identify candidate genes for RSA-related traits. First, we measured LD (D’) between the peak SNP and all markers located within a 2-Mb window (1-Mb on each side) using PLINK (Purcell et al., 2007). The region of interest was defined as extending from the left-and rightmost markers in high LD (D’ ≥ 0.85) with the peak SNP. Genes residing within such haplotype blocks were extracted from Soybase (Grant et al., 2010). We then focused on genes annotated as being involved in root development using gene ontology (GO) terms. In order to provide more information about potential candidate genes, the “Gene expression and protein tools” (ePlant2) for soybeans was used to visualize the expression in tissue related to RSA (e.g., roots, root hair, root tip, nodule etc.) [based on the transcriptomic data of Waese et al. (2017)].

Torkamaneh et al. (2018) reported an extensive catalog which included genetic variations established from the WGS data available for a subset of 56 soybean lines. We inspected this catalog to determine if structural or nucleotide variation (within and overlapping the candidate gene) could be causal variants. The predict impact of the nucleotide variants located within genic regions were examined using SnpEff (Cingolani et al., 2012).




RESULTS


Phenotypic Variation of Root System Architecture Traits in Soybean

Wide and significant phenotypic variation was observed among the 137 lines for all RSA-related traits (Table 1). Low coefficients of variation (CV), ranging from 0.1 to 12.1%, were detected among different replications for all RSA-related traits, indicating a high level of reproduciblity of the phenotypic data. Analysis of variance (ANOVA) showed that genotypes are the main source of variation (P < 0.001) (Supplementary Table 4). In general, all RSA-related traits followed normal distribution (Shapiro-Wilk test, p-value = 0.32) (Figure 1, Supplementary Table 5). Many significant correlations were observed between the 12 traits measured (Figure 1) and three groups of very tightly correlated traits were found (based on r > 0.65, P < 0.0001). In the first group, we observed that TLR was highly correlated with four other traits: LSR (r = 0.99), DTLR (r = 0.93), DRS (r = 0.84) and SAR (r = 0.78). In a second case, WRS was also found to be highly correlated with SRS (r = 0.97). In the last group, Med was also correlated with Max (r = 0.68). In all of these cases, the most frequently measured RSA-related trait (TLR, WRS and Max) was kept as it was deemed redundant to perform GWAS on all highly correlated traits. Finally, the three remaining traits (LPR, TNR and DR) were not highly correlated to another trait and were each retained for the GWAS.


TABLE 1. Summary statistics of the twelve RSA-related traits in the collection of 137 soybean lines.
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FIGURE 1. Correlations among RSA-related traits for the 137 soybean lines. Numbers above the diagonal correspond to Pearson’s correlation coefficients (R). Green boxes highlight the values exceeding 0.65. Below the diagonal, we show the degree of significance of the corresponding correlations between traits (****P < 0.0001, ***P < 0.001, **P < 0.01, *P < 0.05, and NS: not significant). TLR, total length of roots; LPR, length of primary root; LSR, length of secondary roots; DTLR, distribution of total root length; TNR, total number of roots; Med, median number of roots; Max, maximum number of roots; DRS, depth of root system; WRS, width of root system; SRS, surface of root system; DR, diameter of primary root; SAR, surface area of primary root.




Genotyping Data and Population Structure

To achieve a dense and exhaustive coverage of the genome, we used a dual genotyping approach combining both GBS and WGS. In a first step, the entire panel was characterized via 56K GBS-derived SNPs. A Canadian soybean reference panel (102 lines, of which 56 were also present in the association panel) of 4.3M WGS-derived SNPs was used to perform imputation of untyped loci in the first catalog. This led to a final catalog of 2.18M SNPs (MAF ≥ 0.05) for a mean density of 1 SNP every 435 bp across the genome.

To characterize population, a subset of 14K LD-pruned SNPs was used. The estimates of the optimum number of subpopulaions (K) ranged between 6 and 9 and trivial differences were observed between these estimates. A phylogenetic tree constructed with the same subset of markers showed seven main branches with bootstrap values ≥50% (Supplementary Figure 5). Similarly, the total variance explained by each principal component (PC) varied between PC1 to PC7. But after PC7, this variance continued to be low and stable. Finally, these results suggested K = 7 as a good estimate of the number of subpopulations within this collection (Supplementary Figure 6).



Genome-Wide Association of Root System Architecture-Related Traits

GWAS analysis was performed for twelve RSA-related traits using 2.18M SNPs and the FarmCPU statistical model. To reduce false positive, population structure (Q matrix) and Kinship (K matrix) were incorporated as covariates. In total, 10 SNPs were detected as significantly associated (p-value < 1.2e–7; FDR ≤ 0.05) with two RSA-related traits: TLR and DR (Figure 2). Each of these identified a distinct QTL: 6 associated with TLR (qTLR1 to qTLR6) and 4 with DR (qDR1 to qDR4) (Table 2). The FDR values associated with these peak SNPs ranged from 0.011 (qTLR5) all the way to 2.2 × 10–10 (qTLR2). While the MAF for three QTLs (qTLR2, qTLR5 and qDR3) was below 0.1, for the seven other QTLs, the MAF ranged between 0.13 and 0.42, such that the estimation of allelic effects (27.7 to 118.4 cm for LTR; 0.018 to 0.037 mm for DR) of the latter QTLs is based on the phenotype of a good number of accessions (≥18). Finally, the phenotypic variance explained (PVE) by these genomic regions varied between 2 and 25% for both traits (TLR and DR). For the four traits (LSR, DTLR, DRS and SAR) highly correlated with TLR, the same six genomic regions were detected in a majority of cases (Supplementary Tables 8, 9). No SNPs were detected as significantly associated with the remaining traits (LPR, TNR, Med, Max, WRS and SRS).
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FIGURE 2. Manhattan plots of the genome-wide association results for (A) total length of roots (TLR) and(B) diameter of roots (DR). Negative log10 (P-values) (y-axis) describing the strength of the association between each marker and trait are plotted against the physical position of each marker (x-axis). The green horizontal line indicates the significance threshold (FDR = 5%) and significant associations are colored in red.



TABLE 2. List of quantitative trait loci (QTL) associated with total length of roots (TLR) and diameter of roots (DR) identified in this study.
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Root System Architecture-Related Candidate Genes

To establish a list of candidate genes, regions of interest for all 10 QTLs were defined as spanning from the leftmost to the rightmost marker in high LD (D′ ≥ 0.85) with the peak SNP. All genes residing in whole or in part within one of these ten regions of interest were extracted from SoyBase. These haplotype blocks differed markedly in size, ranging from as little as 1.8 kb (qDR2) to as much as 425 kb (qDR4) (Supplementary Table 6). Surprisingly, the number of genes per haplotype block was very low across all candidate regions, ranging only between 1 and 3, as exemplified by qTLR2 for which the haplotype block spanned 207 kb and yet contained a single candidate gene located 24 kb upstream of the peak SNP (Figure 3). The Supplementary Table 7 provides the complete information of these genes including their annotations. On the basis of their annotation and expression, we identified two strong candidate genes, one each for TLR (Glyma.03g065700) and DR (Glyma.07g096000) (Supplementary Figure 9). In the first case (qTLR2), Glyma.07g096000 encodes a Scarecrow-like protein, a putative transcription factor thought to be involved in root radial patterning and root growth. In addition, transcriptomic data showed that Glyma.03g065700 was mainly expressed in roots. As for the qDR2 QTL, the haplotype block spanned 1.8 kb and contained a gene (Glyma.07g096000) located 155 bp downstream of the peak SNP (Supplementary Figure 9). This gene encodes an associated receptor protein kinase, a protein thought to play a role in root hair and root tip development. Transcriptomic data also showed that Glyma.07g096000 was mainly expressed in root hairs and the root tip. For each of these two genes, only one nucleotide variant (SNP) was identified as residing within the coding region and, in each case, was predicted as showing a “low impact” on the protein function.
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FIGURE 3. Identification of a candidate gene within the haplotype block containing the peak SNP for qTLR2 on chromosome 3. (A) A regional Manhattan plot (1Mb) representing marker-trait associations on chromosome 3. (B) Haplotype block including the peak SNP (Chr03: 11,872,785) and a candidate gene (Glyma.03g065700) residing in this block.


As structural variants (mainly indels) are typically removed (short indels, <50 bp) or not called (large indels, ≥ 50 bp) when producing SNP catalogs for GWAS, we explored the possibility that structural variants located within these genes could be responsible for the observed association with these phenotypes. After examination of the WGS data for 56 of the lines, we did not identify any indel either within or overlapping with Glyma.03g065700 or Glyma.07g096000. As a result, the phenotypic variation in RSA observed among the 137 lines was not likely due to a loss of function of these candidate genes.




DISCUSSION


Significant Phenotypic Variation of Root System Architecture-Related Traits in Soybean

The existence of phenotypic variation within a germplasm pool is necessary for plant breeders to make progress through selection. In the work reported here, we used rhizoboxes to characterize root systems in 2D. In soybean, different phenotyping tools have been used for evaluation of RSA-related traits such as hydroponic system (Liang et al., 2014) or a cone system (Manavalan et al., 2015; Prince et al., 2015, 2019). A distinguishing feature of the use of rhizoboxes is the fact that pictures of the roots system can be taken without any need to first extract the root system from its original growing medium (water or solid substrate).

In this study, the observed variation proved to be very large with the ratio of the maximum: minimum ranging from as little as 1.2:1 (DR) to over 150:1 (LSR) (Table 1) and most traits showing a several-fold difference between minimum and maximum. Such observations are in line with those made in the course of previous work using different sets of germplasm and phenotyping tools. For example, in this work, TLR showed a 26.6-fold difference between the accessions with the shortest and longest root systems. A similarly wide variation for TLR (21.7-fold difference) was reported in the work of Prince et al. (2015). The trait showing the least variation in our work was DR. In two previous studies, root diameter was also reported to vary in a relatively narrow fashion in soybean (1.5 to 2-fold differences; Prince et al., 2015, 2019).

Another characteristic of these phenotypes was their high degree of reproducibility. Even with as few as three replicates, coefficients of variation were <10% in all but one case (Table 1). This suggests that the device used to assess RSA traits (rhizobox) provided a uniform environment and that many of these traits exhibit a relatively high heritability. Again, this result is broadly consistent with what has been in other RSA phenotyping system. For example, in cones filled with turface and sand, Prince et al. (2015) reported a high degree of reproducibility of RSA-related traits, with coefficients of variation ranging from 1 to 7% (four replicates). However, in a hydroponic system, Liang et al. (2014) reported noticeably higher coefficients of variation ranging between 10 and 20%.



High and Significant Correlations Among Root System Architecture-Related Traits

While the rhizobox and image analysis allowed us to measure 12 different RSA-related traits, we found that many of these traits were highly and significantly correlated. We were able to group the 12 measured traits into 3 groups of very highly correlated (r > 0.65, P < 0.0001) traits (Figure 1). These results are also in agreement with other reports in the literature. For example, it has been observed that TLR showed a tight correlation with LSR (r = 0.82, P < 0.01) (Prince et al., 2015). This indicates that much of the length of the root system is contributed by lateral roots at 10 days of growth. However, some RSA-related traits did not show any correlation with others in this study. This was the case for the DR trait. In soybean, similarly, a previous study reported no correlation (r < 0.5 in most cases) between root diameter and other root traits (Prince et al., 2015, 2019).



Genome-Wide Association Using Whole-Genome Data Revealed 10 QTLs Controlling Root System Architecture

In this study, a GWAS was performed using an exhaustive genome-wide set of SNPs (2.18M). To our knowledge, this constitutes the largest marker dataset used to investigate RSA-related traits in soybean. In previous work encompassing both biparaental QTL mapping and GWAS, the number of markers varied between 232 and 38,052 (Liang et al., 2014; Manavalan et al., 2015; Prince et al., 2015, 2019). While a few hundred markers may provide adequate coverage for a biparental QTL map, the resolution is very limited with QTL regions typically spanning many megabases of DNA and containing such a large number of genes that identifying a candidate gene is challenging. In GWAS studies, it is not likely that <40K SNPs will successfully cover the entire genome and capture all haplotypes. As a consequence, genes contributing to the phenotypic variation will evade detection because no marker is in sufficient LD to capture a significant marker-trait association.

Here, we uncovered a total of 10 genomic regions (QTLs) contributing to the length and diameter of the roots. Similarly, in a recent GWAS study on soybean landraces, the four QTL regions detected were for the number of lateral roots and the thickness of roots (Prince et al., 2019). We observed that majority of the QTLs detected in our work had a moderate to small effect on the phenotype, as has been reported in numerous previous studies of RSA traits (Burton et al., 2014; Orman-Ligeza et al., 2014; Rogers and Benfey, 2015).

Despite extensive marker coverage (2.18 M SNPs), a broad and significant degree of phenotypic variation (Table 1) and the fact that the genotype was found to be the most significant source of this variation (Supplementary Figure 4), no significant marker-trait association was found for six of the measured traits. Given the large marker data set and small size of the association panel, it seems unlikely that an insufficient LD between markers and the causal variants is at play. The high degree of reproducibility of the phenotypes (Table 1) and large portion of variance attributed to the genotypes also exclude the hypothesis that the phenotypic data were subject to a large imprecision or environmental effect that could have precluded the identification of a genetic cause to this variation. We cannot, however, exclude the possibility that the underlying genetic determinants of this variation are numerous, each of which makes too small a contribution to be identified confidently. Alternatively, the causal variants may be present at too low a frequency (<5%) and therefore evade detection as markers with low minor allele frequency were not retained. Finally, there could be epistatic interactions between loci that preclude the identification of the individual loci.



Putative Candidate Genes for Root System Architecture-Associated QTL

In this work, we considered genes to be candidate causal genes if three conditions were met: (1) they were residing in the same haplotype block containing the peak SNP associated with the RSA-related trait (2) their GO annotation was suggestive of a possible role in root development and (3) they were expressed in at least one root-related tissue/organ such as roots, root hairs, nodule, root tip etc. These are admittedly strict definitions as these exclude, for example, cases where a causal gene is of unknown function or where the causal variant is associated with a regulatory region that need not be in close physical proximity to the gene it controls. A complete list of all genes located in the QTL regions surrounding the peak SNP have nonetheless been provided in Supplementary Table 7.

At the qTLR2 locus, only one gene (Glyma.03g065700) was located within the 207 kb haplotype block containing the peak SNP associated with TLR. This gene is annotated as a putative ortholog of the Arabidopsis SCARECROW (SCR)/SHORT-ROOT (SHR) family of genes. The transcription factor SHR, in Arabidopsis root, plays a key role in the activity of stem cell and controls the transcription of SCR regulating the endodermal specification. The mutations of these genes can be manifested by phenotypes with short roots. Also, in rice, both OsSCR1 and OsSHR1 are known to control the division of the epidermis-endodermis initial cells (Kamiya et al., 2003; Cui et al., 2007; Mai et al., 2014; Henry et al., 2017).

A single gene (Glyma.07g096000) was located in qDR2 region associated with DR. This gene encodes a receptor-like protein kinase (RLK) known to regulate plant root growth and development in Arabidopsis (Shiu and Bleecker, 2001). The homolog of Glyma.07g096000 in Arabidopsis shows no direct effect on the diameter of the roots but plays in different aspects in the development of roots in particularly root development and root tip (Racolta et al., 2014; Wei and Li, 2018). Therefore, we believe that this gene could also affect diameter of roots.
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Genetic variation for response of flowering time to photoperiod plays an important role in adaptation to environments with different photoperiods, and as consequence is an important contributor to plant productivity and yield. To elucidate the genetic control of flowering time [days to flowering (DTF); growing degree days (GDD)] in common bean, a facultative short-day plant, a quantitative trait loci (QTL) analysis was performed in a recombinant inbred mapping population derived from a cultivated accession and a photoperiod sensitive landrace, grown in different long-day (LD) and short-day (SD) environments by using a multiple-environment QTL model approach. A total of 37 QTL across 17 chromosome regions and 36 QTL-by-QTL interactions were identified for six traits associated with time to flowering and response to photoperiod. The DTF QTL accounted for 28 and 11% on average of the phenotypic variation in the population across LD and SD environments, respectively. Of these, a genomic region on chromosome 4 harboring the major DTF QTL was associated with both flowering time in LD and photoperiod response traits, controlling more than 60% of phenotypic variance, whereas a major QTL on chromosome 9 explained up to 32% of flowering time phenotypic variation in SD. Different epistatic interactions were found in LD and SD environments, and the presence of significant QTL × environment (QE) and epistasis × environment interactions implies that flowering time control may rely on different genes and genetic pathways under inductive and non-inductive conditions. Here, we report the identification of a novel major locus controlling photoperiod sensitivity on chromosome 4, which might interact with other loci for controlling common bean flowering time and photoperiod response. Our results have also demonstrated the importance of these interactions for flowering time control in common bean, and point to the likely complexity of flowering time pathways. This knowledge will help to identify and develop opportunities for adaptation and breeding of this legume crop.

Keywords: common bean, environment interaction, epistasis, flowering time, photoperiod, QTL


INTRODUCTION

Flowering time control involves the regulation of physiological processes that are integrated and coordinated in a complex network with other developmental processes (Weller and Ortega, 2015). As a short-day plant (SDP), common bean (Phaseolus vulgaris L.) exhibits delayed flowering when grown in latitudes with longer summer daylengths (Garner and Allard, 1920). In addition, photoperiod is known to affect other vegetative and reproductive traits in common bean, such as stem elongation, branching, leaf morphology, floral architecture, and pod filling (Wallace, 1985). Historical selective pressures favoring improved production in non-favorable daylengths are manifested today as a major genetic differentiation between wild and domesticated common bean, and dramatically reduced photoperiod sensitivity in a proportion of accessions in each of the two major domesticated genepools (White and Laing, 1989). Like wild P. vulgaris, most Andean cultivars are photoperiod sensitive, while Mesoamerican and determinate cultivars include a high proportion of day-neutral lines (White and Laing, 1989). Temperature is another environmental factor influencing flowering time control in common bean, and is known to interact with photoperiod sensitivity, which increases at higher temperatures. At low latitudes, where the temperatures are relatively stable, responses to photoperiod are strongly responsive to temperature and largely reflect regional differences in altitude (Wallace, 1985; White and Laing, 1989). In contrast, germplasm adapted to higher latitudes, where day-to-day variation in temperature is substantial, is in general less sensitive to temperature. Overall the observed differences in photoperiod response can be broadly associated with the ecological adaptations of different races within the two genepools (Singh, 1988, 1989; Smartt, 1988). This variation is interesting from an evolutionary point of view, but presents a challenge for matching phenology to environment and planting time, and generally for improving common bean production in temperate regions. The existence of two common bean gene pools deriving from independent domestication events is an important characteristic of the species and provides additional variation and challenges for matching and developing varieties for different climatic and planting time conditions and generally for improving temperate bean production.

Similar to other well-known SDP crop species such as rice, maize, and soybean which are excellent model systems for elucidating time to flowering (Ebana et al., 2011; Xu et al., 2012; Lu et al., 2016), the broad adaptability of common bean to a wide range of latitudes depends on natural genetic variation for flowering time, and a number of major genes and/or quantitative trait loci (QTL) have been described (Koinange et al., 1996; Tar’an et al., 2002; Blair et al., 2006; Pérez-Vega et al., 2010; Mukeshimana et al., 2014; Kamfwa et al., 2015; González et al., 2016; Moghaddam et al., 2016; Bhakta et al., 2017; Wallach et al., 2018). Bhakta et al. (2017) identified twelve QTL controlling time to flower on chromosomes 1, 3, 4, 6, 7, and 11, and reported interactions with specific environmental factors such as temperature, photoperiod, or solar radiation. This study indicated how different QTL allele combinations may determine desired phenotypes under specific environments. González et al. (2016) detected six QTL on chromosomes 1, 2, 5, 7, 9, and 10, and environment and epistatic interactions in the genetic control of flowering time. This study also suggested that several of the QTL identified might have pleiotropic effects on aspect of vegetative growth. Other recent research based on genome-wide association studies (GWAS) identified thirteen significant associations of flowering time and potential candidate genes on chromosomes 1, 4, 6, 7, and 8 (Moghaddam et al., 2016; Raggi et al., 2019). A large-scale GWAS with 683 common bean accessions (Wu et al., 2020) detected 101 associations of flowering time on all chromosomes aligned with candidate genes, and determined their prevalence across years and north–south geographic clines. These studies collectively illustrate how flowering time can be modulated under long-day (LD) or short-day (SD) photoperiodic conditions, and the importance of this for alignment with production location. However, understanding of the genes involved in the timing of flowering remains relatively limited.

In soybean, flowering time control pathway features a central role for flowering locus T (FT) genes, including both promoters and inhibitors of flowering (Zhai et al., 2014; Zhao et al., 2016; Liu et al., 2018). A key step in photoperiod response is the SD-repression of the E1 gene, a legume-specific gene that inhibits flowering through direct transcriptional regulation of FT homologs (Xu et al., 2015; Cao et al., 2017; Zhu et al., 2019). Other upstream genes such as homologs of the PHYTOCHROME A (PHYA), the maturity genes E3 and E4 (Watanabe et al., 2009), and the circadian clock related genes J, Tof11 and Tof12 (Lu et al., 2017, 2020) appear to act mainly through regulation of E1. Soybean homologs of well-characterized Arabidopsis flowering genes GI and CO also influence flowering time (Watanabe et al., 2011; Cao et al., 2015) but have not been fully integrated into pathway models. These examples indicate the broad conservation of certain central components of photoperiodic flowering but also point to the likely existence of novel genes, unique variations and possible alternative mechanisms responsible for differences between species and between LDP and SDP.

The importance of chromosome 1 controlling time to flowering has been reported in common bean (Gu et al., 1998; Kwak et al., 2008; Pérez-Vega et al., 2010; Repinski et al., 2012; González et al., 2016), and features two linked loci that may both influence this trait. The major photoperiod sensitivity locus Ppd (Wallace et al., 1993; Koinange et al., 1996) was recently identified as the red/far-red photoreceptor gene PHYTOCHROME A3 (PHYA3), an ortholog to soybean E3, with distinct loss-of-function PHYA3 mutations present in Andean and Mesoamerican gene pools (Weller et al., 2019). A second major locus, Fin, primarily controls shoot determinacy but may also contribute to flowering time control (Weller et al., 2019), and is an ortholog of Arabidopsis TERMINAL FLOWER1 (TFL1) and the soybean Dt1 locus (Strasser et al., 2009; Hanano and Goto, 2011; Repinski et al., 2012). Beyond these examples, little is currently known about the molecular basis for flowering time control in common bean, and there is still substantial variation in the global germplasm that is unexplained. In fact, among the genetic analyses mentioned above, few have specifically addressed the genetic basis of photoperiod sensitivity. In this study, we conducted a genetic analysis of flowering time and photoperiod response in a recombinant inbred (RI) population between an adapted accession and a photoperiod sensitive landrace of common bean in twelve different LD and SD environments across 6 years. We report two novel major loci on chromosomes 4 and 9, which control flowering under long- and short-daylengths, respectively, and show complex epistatic and environment interactions. Our results build a foundation for breeding of high-yield common bean varieties with optimum adaptation to target environments, and for future detailed molecular analysis of the underlying genes.



MATERIALS AND METHODS


Plant Material

A RI population named as BN was generated between two Andean accessions, Bolita (PMB0225 MBG code, female parent) and PHA1037 (G23617 CIAT code, male parent). A total of 249 F2 seeds of the cross were initially advanced by single seed descent for seven generations, followed by bulk propagation for another three generations, giving rise to 185 (F2:7) RI lines. Bolita is a large white seeded cultivar from Spain with a type II indeterminate erect growth habit, and PHA1307 is a large-seeded red nuña accession from Bolivia, with a type IV indeterminate climbing growth habit (Figure 1A); according to the nomenclature of Centro Internacional de Agricultura Tropical CIAT (1986), where I = determinate erect or upright, II = indeterminate erect, III = indeterminate prostrate, and IV = indeterminate climbing.
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FIGURE 1. Effect of short- and long-day length (SD and LD) on flowering time in common bean. (A) Images illustrating plants of cultivar Bolita and landrace PHA1037 grown under LD conditions at 6 weeks after planting. (B) Distribution of days to flowering (DTF) and number of individuals of the RI population under all LD and SD trials; where black and white arrows correspond to Bolita and PHA1037 parents, respectively. (C) Comparison of days to flowering (DTF) of RI population in the LD and SD different trials across 6 years. Y- and abscissa axes represent DTF and LD or SD trials, respectively. Means and standard errors for Bolita and PHA1037 accessions for each trial are shown, NF = non-flowering (Supplementary Table 2). Specific characteristics of the twelve trials are shown in Table 1.





Experimental Design and Phenotypic Data

The RI population was evaluated from 2009 to 2016 under field and semi-controlled conditions at Northwest Spain (latitude 42°24′N, longitude 8°38′W, and altitude 40 masl) in twelve natural photoperiod trials (Supplementary Figure 1 and Table 1), with a LD and SD environment in each trial year and a range of sowing dates from late-February to late-July (LD; average day length is 13 h 40 min, from the first 100 days after sowing) and from mid-August to late-September (SD; average day length is 10 h 80 min, from the first 100 days after sowing). Climatic variables were downloaded from https://www.meteogalicia.gal and https://www.timeanddate.com. A randomized complete block design with two plants per replication and two replications per line was employed in each environment, where each line was planted in one 3 m-long row, 0.80 m between rows, and a 30,000 plant ha–1 of crop density. The semi-controlled SD conditions were conducted under a heated soil greenhouse, with a temperature range between 8 and 14°C (Table 1). Crop management was in accordance with local practices.


TABLE 1. Meteorological characteristics of the 12 environments across 6 years.

[image: Table 1]Days to flowering (DTF) was recorded as days between emergence and the opening of the first flower per line. For plants that did not flower at the end of the LD experiments, DTF was assigned a value of 200 days. To evaluate the temperature effect of each environment, the daily average temperature for 100 days after sowing was measured to quantify the DTF as the growing degree days (GDD). GDD was calculated as = [(TMAX + TMIN)/2]–TBASE (McMaster and Wilhelm, 1997), where TMAX and TMIN are the maximum and minimum daily temperatures, respectively; and TBASE is 10°C as the temperature below which growth ceases. If TMAX < TBASE then TMAX = TBASE, and if TMIN < TBASE then TMIN = TBASE.

To evaluate the effect of vegetative growth on time to flowering, the internode length (IL) was measured by selecting an internode from the midpoint along the main stem of the plant and recording its length in centimeters. In addition, we measured the number of pods per plant (PP) and growth habit (GH), which was scored following the nomenclature of Centro Internacional de Agricultura Tropical CIAT (1986).

To evaluate the effect of photoperiod, the DTF difference between LD and SD in each year was determined (2009 = LD1 vs. SD2; 2010 = LD4 vs. SD6; 2011 = LD2 vs. SD3; 2013 = LD6 vs. SD1, 2015 = LD5 vs. SD4; and 2016 = LD3 vs. SD5). The DTF LD vs. SD difference was quantified as Photoperiod Response Index (PRI = DTFLD-DTFSD; Cuevas et al., 2016), Percentage of Photoperiod Sensibility (PS = (DTFLD–DTFSD)/DTFLD × 100; Jiang et al., 2014), where values <30 and >50% are classified as insensitive and high sensitivity to photoperiod, respectively, and the Relative Response to Photoperiod (RRP) (RRP = 1–(RLD/RSD), R = 1/(DTF-DTE), where DTE is days from sowing to seedling emergence; White and Laing, 1989), and when no flowering occurred in LD, RLD = 0 and RRP = 1 or highly photoperiod-sensitive. A photoperiod response classification (CLASS) was determined as the mean number of days delay in flowering due to photoperiod according to a scale of 1–8 (White and Laing, 1989), as follows: 1 = 0 to 3, 2 = 4 to 10, 3 = 11 to 19, 4 = 20 to 39, 5 = 40 to 59, 6 = 60 to 79, 7 = 80 to 99, and 8 = over 100, days delay in flowering. Grouping response classes 1 and 2 were classified as day-neutral, 3 and 4 as intermediate, and 5–8 as sensitive.



Analysis of Phenotype Data

Statistical analysis was performed using SAS09 (Institute, Inc., 9.04, Cary, NC, United States). The analysis of variance was conducted with the PROC MIXED procedure. Parents were considered fixed genotypes and RI lines were considered random effects. Replications, environments, and environment-by-genotype interaction were also considered random effects. In addition, the relationship between GDD of each LD and SD was tested by using Pearson’s correlation coefficient (r2). Variance components were estimated using the PROC VARCOMP procedure (all effects as random). Heritability (h2) was calculated as [σ2G/(σ2G + σ2E/r)] × 100%, where σ2G is genotypic variance, σ2E is error variance, and r is the number of replications (Holland et al., 2003).



QTL Detection in Different Environments

A genetic linkage map for the BN RI population was initially developed by Yuste-Lisbona et al. (2012), and substantially supplemented with new markers by González et al. (2015) and in this study (Supplementary Table 1). Markers were added to the map with the JoinMap® 4.1 software (Van Ooijen, 2006) by using a regression mapping algorithm. A minimum logarithm of odds ratio (LOD) score of 6.0 and a maximum recombination fraction of 0.3 were set as the linkage threshold for grouping markers. Physical positions were identified by using nucleotide sequences of 200 markers as queries for BLASTN against the chromosome-scale P. vulgaris V2.1 genome assembly, available in the Phytozome database1. Spearman correlation coefficients were calculated to assess the collinearity between the genetic marker positions (in centimorgans, cM) against their physical positions (in megabases, Mb).

A multi-environment QTL analysis was performed by using QTL Network 2.0 software (Yang et al., 2008) to identify putative main QTL (QTL with significant genetic main effects), epistatic QTL and their environment interactions effects (QTL × environment, QE; and epistatic QTL × environment, epistatic QE), according to a mixed-model based composite interval mapping method (MCIM). An experimental-wise significance level of P < 0.05 was designated for candidate interval selection, putative QTL detection and QTL effect. Both testing and filtration window size were set at 10 cM, with a walk speed of 1 cM. The critical F value to declare putative QTL was determined by a 1000 permutation test at the confidence level of 95%. The identified QTL were named by the trait and chromosome number. A given QTL was defined as major when it was identified in at least one environment explaining >20% phenotypic variation, or in at least two environments explaining >10% phenotypic variation.

In an attempt to summarize the effects of the climatic variables (maximum temperature, solar radiation, and daylength) on covariance of DTF, a principal component analysis (PCA) was done across LD and SD environments. Pearson correlations between the variables were computed and thereafter PCA was implemented by using the XLSTAT6.0 (Addinsoft, Inc., New York, NY, United States) to obtain PCs for each genotype. Pearson product-moment correlation coefficients rather than covariances were used because measures were not in comparable scales. Any PC with an eigenvalue <1 was considered to be noise and eliminated. PCs were later used as multivariate quantitative phenotypes subject to conventional genetic analysis of measured phenotypes. A genome-wide detection for QTL influencing PCs was done using QTL Network 2.0 software (Yang et al., 2008).

The physical intervals harboring major QTL were selected for inferring potential candidate genes. All genes included in each significant QTL interval along with their Arabidopsis putative homologs were identified with the PhytoMine interface of Phytozome (Goodstein et al., 2012). Gene information was obtained from the National Center for Biotechnology Information (NCBI). PCR from genomic DNA was used to amplify the full-length candidate genes underlying the QTL DTF-1.4 (Phvul.001G221100 and Phvul.001G232900), DTF-4.1 (Phvul.004G046601 and Phvul.004G037600), DTF-9.1 (Phvul.009G013900 and Phvul.009G018700), DTF-9.4 (Phvul.009G204600), and DTF-9.5 (Phvul.009G203400). Primer set used for PCR amplification experiments are indicated in Supplementary Table 2. PCR products from Bolita and PHA1037 accessions were sequenced by conventional Sanger technology using BigDye® Terminator v3.1 chemistry and the Applied BiosystemsTM 3500 Series Genetic Analyzer. Sequence analysis and alignments were performed using Geneious software2.



RESULTS


Genetic Architecture of Flowering Time and Photoperiod Response

To gain a better understanding of the molecular mechanisms underlying common bean flowering time and photoperiod response, we evaluated a RI population derived from a biparental cross between Bolita, a photoperiod-insensitive early flowering cultivar from Spain, and PHA1037, a landrace from Bolivia with a strong photoperiod response similar to wild accessions (Figure 1A). This population was evaluated in twelve different trials across 6 years, with a LD and SD environment in each trial year, and a range of sowing dates from late-February to late-July (LD) and from mid-August to late-September (SD) (Supplementary Table 3). Days to flowering was also quantified as the number of growing degree days to flowering, in order to consider temperature differences among environments. Photoperiod response for each RI line was measured as the difference in mean DTF between LD and SD within each year.

Days to flowering of the two parents, Bolita and PHA1037, was significantly different (P < 0.001) in all environments with increased flowering time or non-flowering for PHA1037 in LD (Figure 1B). A significant effect of RI genotype and environment was also detected for DTF in each year (for full ANOVA results, see Supplementary Table 4). DTF showed a higher h2 value (>85%) and genetic variance in LD environments compared to SD (h2 ranged from 43 to 86%) (Table 2 and Supplementary Table 4). We also detected a weak positive correlation (r2 = 0.29∗∗∗) for DTF between LD and SD (Table 2), indicating the possible involvement of a genetic component independent of daylength. The RI population segregated widely for DTF in LD (Figures 1B,C, spanning 7 to >20 weeks). In SD, DTF range was much narrower (6–10 weeks in most years) and displayed approximately a normal distribution with some evidence of bimodality or skewing toward earliness (Figures 1B,C). The longer daylength and higher solar radiation under LD (Table 1 and Supplementary Figure 1) was associated with an effect of delaying time to flowering (LD and SD mean DTF 69 ± 5.4 and 53 ± 1.7 days, respectively).


TABLE 2. Analysis of variance results partitioning variation for days to flowering (DTF) (for full ANOVA see Supplementary Table 2) and associated quantitative genetic parameters of variance components (VG and VP) and heritability (h2) for RI lines growing in Short (SD) and Long-Day (LD) environments (E).

[image: Table 2]Evidence of transgressive segregation was detected in both LD and SD; that is, the range of trait expression among RI lines exceeded that of the parental lines (for full distribution results per each environment see Supplementary Figure 2). When RI plants were grown under LD, from the beginning of March to late-July (LD3-6), a trend toward earlier flowering with increasing temperature was observed (Supplementary Figures 1, 3). Mean DTF ranged from 83 down to 53 days, from lowest to highest mean temperature for LD3-6 (Supplementary Table 4). A difference was also seen in the appearance of non-flowering plants, which occurred in a proportion of 1 to 15% for LD1-5, but were not seen in LD6, where all plants flowered by 92 day (Supplementary Figure 2), which is eventually a SD after 8 weeks from sowing (Supplementary Figure 1). Flowering time was positively correlated among environments, and the correlation coefficients were higher for comparisons within LD or SD than for comparisons between LD and SD (Figure 2). These results indicate that a strong genetic component underlies variation for DTF in this population, especially under LD, and emphasize that DTF is a complex trait that displays pronounced genotype by environment interaction.
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FIGURE 2. Correlation heat map of time to flowering expressed as growing degree days (GDD) between LD and SD environments.


In general, the trends and relationships seen for DTF are also reflected in the photoperiod response (quantified as PRI, PS, RRP, and CLASS traits), where some of the most strongly photoperiod-sensitive lines failed to flower or showed delayed flowering in LD in all trial years, except in 2011 and 2013 which showed lower variation and were discarded (Figure 3A and Supplementary Figure 4). When lines were classified for photoperiod response (White and Laing, 1989), 25 to 55% were day-neutral (classes 1 and 2, <10 days delay in flowering) in 3 years (2009, 2010, and 2015, mean 39%), but only 11% in 2016. Less than 26% of the RI lines did not flower under LD (Supplementary Figure 4). By re-expressing the data in terms of RRP, three groups of responses were identified. A low response or day-neutral group (RRP = 0–0.2, 13–37% genotypes, mean 26%), an intermediate group (RRP = 0.3–0.7, 1–10% genotypes, mean 2%), and a maximum sensitivity group (RRP = 1, 6–9% genotypes, mean 7%) (Figure 3B). A strong association was found between photoperiod response classes and GDD under LD (r2 = 0.90; Figure 4), which indicates that genomic regions associated with these traits are likely to be similar.
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FIGURE 3. Effect on photoperiod response in common bean. (A) Comparison of the Relative Response to Photoperiod (RPP) for the RI population across the six trial years. Y-axis represents RRP and X-axis different years. RRP was measured as a relative change in rate of flowering under LD and SD environments, where values of 0 indicate a day-neutral response and values of 1 indicate maximum response to photoperiod. (B) Distribution of RRP and percentage of individuals of the RI population across the trial years (2011 and 2013 years are not included due to the low variation observed). Three groups of responses: day-neutral group (RRP = 0–0.2), intermediate group (RRP = 0.3–0.7), sensitivity group (RRP ≥ 0.7). (C) Distribution of the photoperiod response on a scale of 1–8 (CLASS) and percentage of individuals of the RI population for the type II and type IV growth habits across 2009 to 2016 trail years. Grouping response classes 1 and 2 were classified as day-neutral, 3 and 4 as intermediate, and 5–8 as sensitive. (D) Variation of internode length (IL) and number of pods per plant (PP) for type II and type IV RI lines across LD and SD environments. Bolita and PHA1037 parents show an indeterminate type II and IV growth habit, respectively.
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FIGURE 4. Regression of observed photoperiod response classes (CLASS, scale 1–8) and flowering time expressed as growing degree days (GDD) under LD.


We also observed evidence of a relationship between photoperiod sensitivity and vegetative development. Whereas day-neutral genotypes (classes 1 and 2) occurred at equivalent frequencies of 19 to 28% in both types II and IV growth habits, higher frequency of highly sensitive genotypes (class 8) was seen among RI lines with type IV (13%) compared to type II (1%) (Figure 3C). Internode length was also influenced by the growth habit and the environment daylength (Figure 3D), because the plant climbing ability or length of the main stem is determined by the number of internodes and their length (Checa et al., 2006). A reduction in the elongation of internode was observed under LD (types II and IV, mean = 9 cm) relative to SD (types II and IV, mean = 12 and 14 cm, respectively). However, pod number increased during LD (Figure 3D) as the DTF duration in this phase is lengthened (Egli and Bruening, 2000; Kantolic and Slafer, 2005). The results show that longer daylengths enhance delay of flowering through the activity of genes that control the response to photoperiod, contributing to the vegetative development of the plant, and support the reliability and strength of the phenotypic data for mapping QTL.



Identification of QTL and Epistatic Interactions for Flowering Time Under Long-Day and Short-Day Conditions

In order to analyze the genetic control of the traits measured, we saturated the genetic map for the RI population published in 2015 with 54 new markers, including 15 specifics for flowering-related genes. The genotypic ratios of a relatively large proportion of markers deviated significantly from the expected Mendelian ratios (Supplementary Table 1). However, distorted markers were not excluded from the mapping analysis, because segregation distortion is expected to be prevalent in a RIL population and omitting such markers would result in low coverage in many regions of the genetic map. The total length of the genetic map is 879 cM, with an average genetic distance between adjacent markers of 3.11 cM, and a maximum distance between consecutive markers of 28.43 cM. The mean ratio between physical and genetic distance is 617.78 kb/cM (Table 3). Collinearity of the map was evaluated against the P. vulgaris V2 genome assembly using nucleotide sequences from 200 markers, with a clear relationship between marker positions on the genetic and physical map, providing a solid basis for the QTL analysis. Spearman’s correlation coefficients ranged from 0.66 for chromosome 2 to 0.99 for chromosomes 6 and 11 (Supplementary Figure 5).


TABLE 3. Number of identified QTL per chromosome for time to flowering and photoperiod response in the LD and SD environments and across 6 years.

[image: Table 3]Combining the genetic linkage map with the phenotypic data for flowering time in each of the LD and SD, a total of 19 main QTL were detected, 9 for DTF and 10 for GDD (Table 3 and Supplementary Tables 3, 5). Fourteen of these QTL mapped to the same genomic regions on chromosomes 1, 4, 5, 7, 9, and 10, while the remaining 5 QTL were specific to each DTF or GDD traits (DTF-1.3, DTF-9.5, GDD-4.6, GDD-7.1, and GDD-8.1). A total of 18 QTL for four photoperiod response traits were identified in nine genomic regions (four for PRI, five for PS, three for RRP, and six for CLASS traits) (Table 3 and Supplementary Table 5). Three of these nine genomic regions bearing QTL for more than one photoperiod response trait and the remaining six contained QTL for a single trait (PRI-1.1, PS-9.2, PS-9.4, CLASS-4.4, CLASS-4.5, and CLASS-7.2). It is noteworthy that QTL alleles from PHA1037 parent did not delay always flowering, as 7 of the 37 detected QTL (CLASS-4.4, GDD-4.6, GDD-7.1, DTF-7.2, GDD-7.2, CLASS-7.2, and PS-9.2) had negative additive values, which indicates that alleles from PHA1037 parent also contribute to reduce time to flowering. The DTF and GDD QTL accounted for 28 and 10% on average of the phenotypic variation in the population across LD and SD, respectively; while QTL for photoperiod response traits explained an average of 25, 22, 26, and 24% of the phenotypic variation for PRI, PS, RRP, and CLASS, respectively (Supplementary Table 5). Consistent with the correlation observed between photoperiod response and LD flowering described above (Figure 4), the main QTL associated with photoperiod response tended to co-localize to those QTL detected for flowering time under LD conditions (Figure 5). Furthermore, a similar magnitude of the main QTL effects for photoperiod response and LD flowering time was observed (Supplementary Table 5).
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FIGURE 5. Genetic linkage map showing main QTL and epistatic QTL explaining >10% of the phenotypic variation at least in one environment. Names of markers are shown on the left. QTL are depicted as vertical bars to the right of the chromosomes.


Among all main QTL, 17 genomic regions were identified, representing from 1 (chromosomes 8 and 10) to 4 (chromosomes 4 and 9) regions per chromosome (Supplementary Table 5 and Figure 5). The genomic regions on chromosomes 4 and 9 accounted an average of 38 and 23% of mean phenotypic variation for DTF in LD and SD, respectively; whereas the remaining QTL had a smaller but significant contribution to the total phenotypic variation. At both loci, the positive allele effect (delayed flowering) was conferred by PHA1037. This result suggests the importance of these genomic regions in shaping the genetic architecture responsible for the measured variation in photoperiod response and flowering time in LD and SD. The major QTL DTF-4.1 on chromosome 4 was detected in five out of the six LD environments (and in LD3 as an epistatic QTL; Supplementary Table 6) and co-located with QTL for GDD and photoperiod response traits in all trial years (Figure 5). The DTF-4.1 QTL explained 55 and 62% of the total phenotypic variance for DTF in the LD4 and LD5 environments, respectively, which had the higher daylength (average 13:59 and 14:51 h, respectively), while it accounted for 22, 19, and 30% of the total phenotypic variation in LD1, LD2 (average 13:06 and 13:27 h, respectively) and LD6 (daylength drop <12 h after 8 weeks from sowing), respectively (Table 1, Supplementary Figure 1, and Supplementary Table 5). The DTF-4.1 QTL was also detected in SD1 and SD4 environments but explained a small portion of the phenotypic variation (less than 9%) (Supplementary Table 5). Taken together these results indicate that DTF-4.1 QTL may have a primary role in controlling photoperiod response.

The second most significant main QTL for DTF (on chromosome 9; DTF-9.4) explained a higher phenotypic variation under the lowest daylength environment (R2 = 14 and 32% in SD3 and SD4, with an average of 11:15 and 11:10 h of daylength, respectively). The DTF-9.4 QTL co-located with the GDD-9.4 QTL, which accounted up to 32% of the phenotypic variance under SD conditions (R2 = 9, 12, and 32% in SD1, SD3, and SD4, respectively). This QTL was also detected in LD5 although explaining a percentage of the phenotypic variance minor than 2% (Figure 5 and Supplementary Table 5). A third QTL for DTF located on chromosome 1, DTF-1.4, had a greater influence on flowering in SD (R2 = 10% in SD3) compared to LD (LD6, R2 = 5%), and co-located with the GDD-1.4 QTL, accounting up to 11% of the phenotypic variance in SD (R2 = 10 and 11% in SD2 and SD3, respectively), while it explained 6% in LD6 condition Supplementary Table 5). Other QTL that mapped to Chr09 (DTF-9.1) was only detected in SD6, where it explained 16% of the phenotypic variation, and did not co-located with QTL for GDD. It is interesting to note that QTL for photoperiod response traits were not detected in the genomic regions where these three QTL, DTF-9.4, DTF-1.4, and DTF-9.1, were located. Finally, the genomic region harboring the DTF-9.5 QTL explained up to 14% of the phenotypic variance in SD (R2 = 9 and 14% in SD1 and SD6, respectively) but it only reached 2% in LD5. The DTF-9.5 QTL co-located with several QTL for photoperiod response traits (PRI-9.5, PS-9.5, RRP-9.5, and CLASS-9.5); however, these QTL explained <5% of the phenotypic variation (Supplementary Table 5).

We explored our data further in a genome-wide epistatic interaction analysis in order to evaluate how relationships among genomic regions affect flowering time and photoperiod response (Supplementary Table 6). A total of 34 interactions involving 53 epistatic QTL were detected for flowering time in LD (DTF and GDD) and photoperiod response (PRI, PS, RRP, and CLASS) traits, whereas only two interactions among four epistatic QTL were found in SD, both for DTF. The highest number of interactions were found for epistatic QTL located on chromosomes 4 and 9 (Table 3). Seventeen of the epistatic QTL identified were previously detected as main QTL, which indicated that these QTL not only participated in epistatic interactions, but they also had an individual effect. The estimated additive values of epistatic interactions were negative for 44% of the interactions detected, indicating that alleles from Bolita also play a role in delaying flowering. Interestingly, epistatic interactions involving the genomic region on chromosome, 4 where the main QTL DTF-4.1, GDD-4.1, PRI-4.1, PS-4.1, RRP-4.1, and CLASS-4.1 were located, explained the major percentage of phenotypic variance, reaching values up to 15 and 22% for flowering time and photoperiod traits, respectively (Supplementary Table 6).

In addition to the main and epistatic QTL identified, environment interaction effects (QTL × Environment, QE; and epistatic QTL × Environment, epistatic QE) were detected (Supplementary Table 7) as a means of accounting for inconsistent detection of QTL between environments. The QE interaction analysis showed significant effects under LD and SD for four flowering time QTL, while significant QE were found in 16 QTL for photoperiod response traits. The impact of the additive × environment interaction effect (ae) was different across certain LD and SD environments. Among these, we highlighted the major loci DTF-4.1 and DTF-9.4, explaining 14 and 6% of the phenotypic variance under LD and SD, respectively. Remarkably, at the QTL DTF-4.1, alleles from PHA1037 could delay flowering through significant and positive ae effects in the longest daylength LD4-5, but also alleles from Bolita could reduce time to flowering through significant and negative ae effects in the shortest daylength of LD1, LD2, and LD6. The DTF-9.4 QTL displayed similar behavior, with a positive and negative ae effect in SD6 and SD5, respectively. The instability of these QTL was inferred to be caused by significant ae effects and confirm that PHA1037 alleles delayed flowering under the longest daylength environments.

Given that flowering time is a complex polygenic trait, epistatic QTL and their environment interactions may have significant effects on the phenotypic values. Therefore, a two-dimensional genome scan was undertaken for multi-environment QTL analysis which showed that the epistasis × environment interaction effect (aae) was an important component of the QE interaction effects. Thus, a total of 32 epistatic QTL involved in 17 interactions were detected for flowering time and photoperiod response traits in different environments (Supplementary Table 8).

A PCA methodology was employed to provide an improved estimate across different LD and SD environments for the genetic effect on phenotypic variance for multi-variable loci. The PCA Biplot (Figure 6) of the climatic variables and DTF across LD and SD showed that together, the PC1 and PC2 accounted for 79.1% (54.5 and 24.6%, respectively) of the total variance in the original traits. The three climatic variables showed high positive (>0.50) correlations with PC1 whereas only DTF was highly correlated with PC2. These results suggest that phenotype PC1 is a composite of the variables daylength, solar radiation, and maximum temperature in descending order of importance, whereas PC2 reflects mainly DTF. Both of these first two PCs were highly responsive the environment, as values for LD environments cluster together separately from those for SD.


[image: image]

FIGURE 6. PCA biplot for the relatedness of variables and environments and showing PC values for QTL analysis in LD and SD environments. PC1 and PC2 values for each line are plotted as points and PC1 and PC2 loadings of each variable are indicated by lines. The percent of total variation explained by each PC is labeled on the axes. PC1: first principal component, PC2: second principal component.


In order to determine genetic effects on these components, the calculated values for PC1 and PC2 were used as traits for QTL analysis across all LD and SD. The significant QTL per PC value are summarized in Table 4. A significant putative QTL for PC1 was located on chromosome 1 (PvALC and SNP-5503 markers), which contribute to 2% of the phenotypic variance, and was not detected previously by using single-element traits. The estimated additive effect for this QTL was negative and positive for LD and SD, respectively, with alleles from PHA1037 associated with a flowering delay under SD, and those from Bolita with a delay under LD. The other three PC QTL were associated with PC2 and located on chromosomes 4, 8, and 9. For these, two PC2 QTL, PC2-4.1 and PC2-9.5, were observed previously as main QTL with a particular environment. The PC2-4.1 QTL explained 24% of the phenotypic variance and had opposite ae interaction values at LD (positive) and SD (negative). Therefore, alleles from PHA1037 would promote a flowering delay under LD whereas alleles from Bolita would do so under SD. This QTL for a multi-variable PC was as the strongest detected by using the single-variable approach, consistent with the expectation that flowering time in general is influenced by multiple variables, where LD flowering primarily reflects the response to daylength. The identification of both unique and previously observed QTL through this multivariate approach demonstrates the value of working with trait covariance as well as the component traits, and supports that climatic factors and flowering are mechanistically interrelated and consistent with the results of QE interaction observed.


TABLE 4. Main QTL and QTL × Environment (QE) effects for PC values using a multi-environment analysis.
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Candidate Gene Identification Based on Flowering Time and Photoperiod Response QTL Analysis

Potential candidate genes underlaying the major QTL were investigated based on the function of their putative homologs in Arabidopsis and other legumes. Scanning of the DTF-1.4 QTL region, flanked by the markers PvPHYA3 (47.64 Mb) and BMc324 (49.04 Mb) (Figure 5 and Supplementary Table 9), showed the presence of 160 annotated genes. Among these, the gene ID Phvul.001G221100 is ortholog to PHYA in Arabidopsis and located at 47.64 Mb, and the gene ID Phvul.001G232900 is ortholog to actin-related proteins (ARP5) and located at 48.67 Mb, which seems to be associated to photoperiod (Supplementary Table 9).

Of the total of 129 genes annotated in the 4.11–5.86 Mb region of the DTF-4.1, flanked by BMc155 and Pv04G048200 (Figure 5), two genes were found to be related to flowering photoperiod and circadian clock and meristem development (Supplementary Table 9). The closest genes to this marker interval were the homologs to COL2-like (Phvul.004G046601) and RECEPTOR-LIKE PROTEIN KINASE 2 (RPK2) (Phvul.004G037600), which were found to be located about 5.65 and 4.36 Mb, respectively.

The genomic region of the DTF-9.1 (1.86–3.56 Mb, 86 genes annotated), flanked by BM154 and PvFDc (Figure 5), includes the gene ID Phvul.009G013900, an ortholog to APETALA3 (AP3), and Phvul.009G018700, a homolog to FLOWERING LOCUS D (FD) and ortholog to VEGETATIVE2 (VEG2) in pea (Sussmilch et al., 2015). One of the only three genes annotated in the genomic region of DTF-9.4 (30.99–31.06 Mb) is ortholog to E1 in soybean, a major gene associated with flowering time and maturity (Xia et al., 2012). Finally, one of the only two genes annotated in the region of the DTF-9.5 (30.86–30.84 Mb) is ortholog to AGAMOUS-like 8 (AGL8), which is negatively regulated by APETALA1 (AP1) and is involved in the positive regulation of flower development and inflorescence meristem identity (Mandel and Yanofsky, 1995).

To further explore the potential relevance of the selected candidate genes, genomic DNA from Bolita and PHA1037 parents was used to amplify their full-length sequences. SNP polymorphisms were identified in the exon’s coding sequence of candidate genes underlying DTF-1.4 QTL (Supplementary Table 10). Bolita carried a conservative substitution of a residue (Gly-1066-Ser), typical of insensitive Andean accessions, in the PHYA3 gene (Phvul.001G221100). In addition, two SNPs were identified in the homolog of the Arabidopsis ARP5 gene, Phvul.001G232900 (Supplementary Table 10), although only one of them was polymorphic between the two parental lines, which lead to non-synonymous substitution (Glu-494-Val).

With respect to candidate genes for DTF4.1 QTL, four SNP located on the second intron of PvRPK2 (Phvul.004G037600) were revealed by sequence analysis in both parents, compared to the common bean reference genome; while one SNP located on the 5′ untranslated region was found in PvCOL2 (Phvul.004G046601) between Bolita and PHA1037 (Supplementary Table 10).

For the DTF9.1 QTL, no differences in PvAP3 nucleotide sequence were found in PvAP3 (Phvul.009G013900). In addition, three SNP were detected on the second exon of PvFDc (Phvul.009G018700), with two of them which were polymorphic between both parents, and the third SNP showed the same allele in Bolita and PHA1037 (Supplementary Table 10). Regarding the candidate gene for the DTF9.4 QTL, a 38 bp deletion was found in Bolita, 29 bp downstream of the PvE1 (Phvul.009G204600) stop codon (Supplementary Table 10). Finally, a single InDel was detected on the sixth exon of PvFUL1 (Phvul.009G203400), the candidate gene for the DTF9.5 QTL (Supplementary Table 10).



DISCUSSION

Common bean underwent a strong photoperiod response adaptation to flowering time when introduced into Europe and other high-latitude regions (Gepts and Debouck, 1991). Knowledge of the genetic pathways controlling flowering time and how they have been modified to reduce photoperiod sensitivity is advantageous in breeding for promoting yield in temperate regions. The genetics that underlie flowering time variation, its heterogeneity in different LD and SD environments (various growing seasons, temperature regimes, solar radiation and daylength), and the associated photoperiod response was investigated here in a mapping population developed from a cross involving a cultivar and a landrace of common bean, allowing us to identify the magnitude of QTL effects on phenotype, and their genetic and environment interactions. One important caveat in interpretation of the results is that may likely be subject to some degree of bias due to the size of the population and the marker coverage, although the study produced sufficient resolution to identify a number of QTL and some robust marker trait associations for flowering time and photoperiod response.

Time to flowering in LD and SD showed substantial variation, and the parental extremes of the photoperiod response were also observed in the RI population. We found that each parent possessed some alleles that reduce and others that increase DTF, which was reflected in transgressive segregation and indicated quantitative inheritance. The estimates of average genetic variance and broad-sense heritability for DTF were greater in LD tan in SD, and the correlation between LD and SD was positive and weak, indicating that daylength played an essential role in determining common bean flowering time in addition to daylength-independent genetic effects. The high heritability observed for DTF is consistent with previous reports in common bean (Bhakta et al., 2017) and in other species including maize (Buckler et al., 2009), tomato (Mohamed et al., 2012), and rice (Seyoum et al., 2012). Such heritability values indicate that a greater proportion of the phenotypic variation is due to genetic variation, providing opportunities for genetic improvement through selection based on the DTF trait.

The genetic complexity of flowering time and photoperiod response, and the presence of genotype by environment interaction, was supported by a total of 37 main QTL for six times to flowering and response to photoperiod traits, and more than one QTL interacting with the environment, and a high frequency of QTL epistasis in the RI population. This result provided a good opportunity for dissecting the effects of photoperiod on common bean flowering time. The number of main QTL and their associated effects varied across LD and SD, highlighting among them the QTL located on chromosomes 4 and 9. The locus on chromosome 4 was associated with both LD flowering time and photoperiod response, controlling more than 60% of phenotypic variance in some environments. The DTF-4.1 locus had a positive additive effect and showed significant QE interaction effect in LD, and opposite directions of additive × environment interaction effects in the shortest daylength environments Furthermore, the DTF-9.1, 9.4 and 9–5 QTL contributed up to 32% of the flowering time variation and were found to have main additive effects for flowering time under SD and interaction with the environment (Table 4, Figure 6, and Supplementary Tables 7, 8). Thus, our results showed that the genomic regions associated with these loci somehow control the response to different photoperiod environments and could be involved in the genetic pathway for response to photoperiod.

For each of the genomic regions mapped to chromosome 4 and 9, we identified known flowering-related genes as potential candidates. Nucleotide sequence analysis revealed the presence of polymorphisms between the parents of the mapping population for PvCOL2 (Phvul.004G046601), PvFD (Phvul.009G018700), and AGL8/FUL (Phvul.009G203400), as well as the ortholog to the soybean maturity gene E1 (Phvul.009G204600), which makes them promising candidate genes to underlie the QTL detected on chromosomes 4 and 9, although further studies are required for proving their role on the regulation of flowering time and photoperiod response in common bean.



CONCLUSION

In conclusion, genetic analysis of time to flowering and photoperiod response in a segregating cultivated × landrace population of common bean accessions in different LD and SD environments allowed the identification of genomic regions and major QTL regulating common bean flowering. Results suggest that an approach investigating epistasis, environment, and their interactions, rather than only single QTL, is robust and effective. The two novel photoperiod sensitivity loci identified on chromosomes 4 and 9 may have played an important role in adaptation in common bean, and in future efforts should be made to identify the underlying causal molecular changes responsible for the observed flowering time phenotypic variation. Future fine-mapping and association studies that incorporate accessions from different germplasm collections will allow us to confirm the implication of the proposed candidate genes for these QTL in common bean photoperiod response.
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Genetic Architecture and Genomic Prediction of Cooking Time in Common Bean (Phaseolus vulgaris L.)
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Cooking time of the common bean is an important trait for consumer preference, with implications for nutrition, health, and environment. For efficient germplasm improvement, breeders need more information on the genetics to identify fast cooking sources with good agronomic properties and molecular breeding tools. In this study, we investigated a broad genetic variation among tropical germplasm from both Andean and Mesoamerican genepools. Four populations were evaluated for cooking time (CKT), water absorption capacity (WAC), and seed weight (SdW): a bi-parental RIL population (DxG), an eight-parental Mesoamerican MAGIC population, an Andean (VEF), and a Mesoamerican (MIP) breeding line panel. A total of 922 lines were evaluated in this study. Significant genetic variation was found in all populations with high heritabilities, ranging from 0.64 to 0.89 for CKT. CKT was related to the color of the seed coat, with the white colored seeds being the ones that cooked the fastest. Marker trait associations were investigated by QTL analysis and GWAS, resulting in the identification of 10 QTL. In populations with Andean germplasm, an inverse correlation of CKT and WAC, and also a QTL on Pv03 that inversely controls CKT and WAC (CKT3.2/WAC3.1) were observed. WAC7.1 was found in both Mesoamerican populations. QTL only explained a small part of the variance, and phenotypic distributions support a more quantitative mode of inheritance. For this reason, we evaluated how genomic prediction (GP) models can capture the genetic variation. GP accuracies for CKT varied, ranging from good results for the MAGIC population (0.55) to lower accuracies in the MIP panel (0.22). The phenotypic characterization of parental material will allow for the cooking time trait to be implemented in the active germplasm improvement programs. Molecular breeding tools can be developed to employ marker-assisted selection or genomic selection, which looks to be a promising tool in some populations to increase the efficiency of breeding activities.
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INTRODUCTION

Common bean (Phaseolus vulgaris L.) is one of the most important cultivated grain legumes and is consumed by millions of people worldwide, particularly in developing countries in the tropics (Broughton et al., 2003). Bean is one of the crops targeted for biofortification because it is a rich and relatively inexpensive source of proteins and micronutrients such as iron and zinc (Beebe, 2012). The common bean is organized in two genetically differentiated genepools: The Mesoamerican and the Andean genepools, which diverged from a common ancestral wild population more than 100,000 years ago. In these genepools, independent domestication events resulted in landraces with diverse attributes (Schmutz et al., 2014).

Grains that cook faster are preferable due to the lower time taken for meal preparation usually carried out by women, which would allow them to pursue other tasks (Ribeiro et al., 2014). Another important issue is the economy of energy use. The energy for cooking represents about 90% of all household energy consumption in developing countries using wood as a major fuel source. When this wood is burned, it contributes to high levels of local air pollution (De et al., 2013). Moreover, fuelwood in urban areas is costly, while collection in rural regions traditionally is a task carried out by women and children and may be time consuming and associated with risks. This has a direct impact on the food chosen by women to cook in those countries (Masangano and Miles, 2004).

From a nutritional perspective, cooking time is important because it affects the content of phytochemicals with antinutritional effects (ElMaki et al., 2007; Yasmin et al., 2008; Wang et al., 2010). Prolonged cooking times were reported to reduce and degrade nutrients important for the human diet (Pujolà et al., 2007; Shiga et al., 2009; Chinedum et al., 2018). Research also revealed that fast cooking beans retain more minerals and proteins after being fully cooked compared to other slow cooking beans, showing the higher nutritional value of fast cooking beans (Wiesinger et al., 2016, 2018). Therefore, a shorter cooking time can have a positive impact on consumers, freeing up time, as well as improving nutrition, health, and economy, especially in areas where beans are consumed as a primary source of protein. Several methods have been used to evaluate cooking time for beans. At present, the time-consuming Mattson cooker method is mostly used (Carvalho et al., 2017).

Several factors affecting cooking time have been studied, such as characteristics and composition of seeds, growing location, and storage conditions (Arruda et al., 2012; Wani et al., 2017). However, the genetic architecture of cooking time is less understood. Some studies indicate this is a trait controlled by few genes and presents relatively high heritability values (Elia et al., 1997; Jacinto-Hernandez et al., 2003; Arns et al., 2018). Other studies report high genetic variability of the trait, and several genomic regions may be involved in its genetic control (Vasconcelos et al., 2012; Cichy et al., 2015; Berry et al., 2020).

Different strategies have been used for genetic mapping. In linkage mapping, a bi-parental population is utilized to identify the genomic regions that segregate with a trait, but this strategy is usually low in resolution since only two alleles per locus are analyzed, and genetic recombination is limited (Islam et al., 2016). Genome-wide association mapping (GWAS) directly identifies marker-trait associations in natural or constructed populations based on linkage disequilibrium (LD). This strategy does not demand generating populations and uses the historical genetic recombinations available in panels. However, the population structure can produce a high LD between non-linked markers (Klasen et al., 2016). Lately, a multi-parent advanced generation intercross (MAGIC) strategy has been proposed to increase precision and resolution. In MAGIC populations, QTLs and marker-trait associations can be detected due to the increased level of recombination, and present more phenotypic and genetic variability than biparental populations (Bandillo et al., 2013). Therefore, combining GWAS and QTL analysis not only avoids the false positives from associated loci due to high LD but also facilitates fine mapping of a target region with a large QTL interval (He et al., 2017). However, certain traits display a quantitative mode of inheritance, are governed by many different QTL of small effects across the genome, and are highly influenced by genotype-by-environment interactions. All these factors define the complexity of these traits, and elucidating the underlying genetic basis proves to be a difficult task. Genomic prediction (GP) is a recent promising tool for plant breeding for phenotype prediction based on genomic estimated breeding values (GEBV) estimated from information on genome-wide markers (Crossa et al., 2017). GPs are suitable for quantitative traits controlled by many genes. This method has a high potential, mainly when phenotyping is costly and laborious (Spindel et al., 2015; Minamikawa et al., 2017; Muleta et al., 2017).

The objective of this study was to investigate the genetic architecture of cooking time in beans in a bi-parental population, germplasm collections, and a MAGIC population. QTL and GWAS analysis were combined to identify genomic regions involved in the trait. Genomic prediction methods are evaluated to assess the predictive accuracy for genomic prediction models for cooking time.



MATERIALS AND METHODS


Germplasm

In this study we used four different populations of common bean to elucidate the genetic architecture of cooking time: (1) A bi-parental population (DxG) previously described by Blair et al. (2003) and Galeano et al. (2009), which consists of 87 recombinant inbred lines (RIL). This population was obtained by crossing DOR364, an improved Mesoamerican line from the International Center for Tropical Agriculture (CIAT), and the Andean accession G19833, a landrace from Peru. The DxG population was advanced by a modified single-seed descent (SSD) to F9:11 generation. (2) A multiparent advanced-generation intercross (MAGIC) population previously described by Diaz et al. (2020). This population used a set of eight Mesoamerican breeding lines from CIAT as founders. The details of the MAGIC crossing scheme are presented in Supplementary Figure 1. This population contained 636 F4:6 RILs generated by the SSD method. (3) The “Vivero Equipo Frijol” (VEF) panel, previously described by Keller et al. (2020) is composed of 380 Andean breeding lines. (4) The “Mesoamerican Introgression Panel” (MIP) consists of 222 breeding lines of the Mesoamerican gene-pool. This panel was assembled to study to which extent interspecific introgressions from other species of Phaseolus (P. acutifolious, P. dumosus, and P. coccineus) have been introduced by the Mesoamerican breeding program over recent decades. Therefore, the panel consists of recent breeding lines as well as available ancestors and initial interspecific introgression pre-breeding lines.



Field Trials

The field trials of all four populations were planted at the CIAT Palmira experimental field station (Colombia, altitude of 1,000 m.a.s.l., latitude 3°32′N and longitude 76°18′W). The experimental unit in these trials were row plots of 2.22 m2 laid out for each replicate of each line. The DxG population and its parental lines were established in the field following a randomized complete block design with three replicates for each RIL in 2011. The MAGIC population and its eight founders were planted in 2013 in an alpha-lattice incomplete-block design with three replicates as described by Diaz et al. (2020). A subset of 223 MAGIC lines and its eight founders were phenotyped for cooking time. The VEF panel was planted in 2017 with an alpha-lattice incomplete block experimental design of three replicates as described by Keller et al. (2020). The MIP panel was grown in 2018 following an alpha-lattice incomplete block design with three replicates. In this panel, 66 lines were phenotyped for cooking time with three replicates, while only one replicate was phenotyped of the remaining lines. In all trials, seed was harvested manually by plot upon maturity (120–140 days after sowing). The collected seed was cleaned to remove debris and damaged seed, and dried until reaching an average moisture content of 10–14% (determined with a moisture meter MT-16 Grain Moisture Tester, AgraTronix, United States). The MAGIC population, VEF panel, and MIP panel were stored at controlled temperature (4°C) and low humidity (< 30%) in a cold room. The storage conditions for the DxG population were not as optimal as they were for the other three populations (Kinyanjui et al., 2017). The DxG population was stored in a room without controlled storage conditions (22–32°C temperature room and high humidity > 60%). This may cause the cases of hard-to-cook (HTC) phenotypes in that population.



Cooking Time and Water Absorption Capacity

The water absorption capacity (WAC) was measured using the method described by Deshpande and Cheryan (1986): a subsample of 28 seeds per replication was weighed (SdW) and soaked in distilled water for 12 h at room temperature (25°C). After that, seeds were drained, blotted dry, and weighed again to determine the water absorption during soaking with the formula:
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Cooking time (CKT) was measured on 24 seeds with the Mattson pindrop cooker (Customized Machining and Hydraulics Co., Winnipeg, MB, Canada. Modified at CIAT—more information below). Each soaked seed was placed in a well of the plate. On top of each seed a 90-g piercing pin was set down, and the Mattson device was placed in boiling distilled water (> 98°C). For each seed, the time (expressed in minutes) that it took to be completely pierced by the pin was recorded (Wang and Daun, 2005). In this study, CKT was defined for each sample as the 80th percentile of the evaluated seed per experiment (usually 24 seeds). The time between harvest to the evaluation moment was more than 2 years for the DxG and the MAGIC population, and less than 6 months for the VEF panel and MIP panel.



Hardware and Software Design for Measuring Cooking Time

The Mattson cooker was modified to become partially automated using an embedded system for taking data from each seed individually. The system uses a custom-made printed circuit board assembly with 24 installed micro-switches that detect if any of the 90-g stainless steel piercing pins pierce the bean. A ribbon cable connects the plate to a Udoo micro computer system harboring a router for Wi-Fi communication. Furthermore, a PT100 sensor was added to allow monitoring of the temperature throughout the experiment. Finally, a web application was developed to monitor and control wirelessly the process on any computer or mobile device (for more information, see Supplementary Document 1).



Data Analysis

Statistical analysis of the phenotypic data was conducted with statistical software R (v3.3.2). A Grubbs test (Grubbs, 1950) was used to identify and remove outliers in each dataset of 24 time values of each pin in a given experiment using the R package “outliers” (v0.14) (Komsta, 2011). Best linear unbiased estimators and predictors (BLUEs/BLUPs) were calculated for CKT and WAC using the “lme4” Package (Bates et al., 2015). The data from each trial were modeled using the following formula:

[image: image]

where y is a vector with the phenotypic responses, μ is the overall intercept, Gm is the effect of the mth genotype, Miis the effect of the ith machine, Rj is the effect of the jth replicate, (RB)jk is the effect of the kth block nested within the jth replicate (which was only included for alpha designs), and εmijk is the error term corresponding to ymijk. In this model, the terms Mi, Rj, and (RB)jk were treated as random effects. The Gm term effects were treated either as fixed (to calculate BLUEs) or random (to get an estimate of the genetic variance and calculate BLUPs). We assumed that every random term u and the residual ε adjusts to a normal distribution with mean 0 and independent variances [image: image] and [image: image].

To determine the proportion of the genetic variance controlling CKT and WAC for each population, broad-sense heritability (H2) estimates were calculated using the method proposed by Cullis et al. (2006). Trait H2 estimates were computed using the equation below:

[image: image]

where υBLUP is the mean variance of a difference of two BLUPs of genotypic effects, and [image: image] is the genetic variance. The phenotypic correlation between traits of interest was expressed as Pearson’s correlation coefficients among BLUEs, and their significance was tested using a two-tailed t-test.

The differences between seed color groups with regard to CKT were modeled as:

[image: image]

where yij is a vector of BLUEs obtained from equation 1, μ is the intercept, ci is the effect of the ith color group, εij is the error term, and we assumed [image: image].



Genotyping

The development of molecular markers and construction of a genetic linkage map for the DxG population was described in detail in previous studies (Blair et al., 2003, 2006, 2008; Galeano et al., 2009) where 561 markers were mapped to 11 linkage groups with a 2,731 cM distance. The map was developed with the Kosambi mapping function using the MapDisto Software (v1.7) (Lorieux, 2012). The graphic visualization of the DxG genetic map was created in MapChart (v2.32) (Voorrips, 2002).

Genotyping of the MAGIC population and its founders (629 RIL + 8 lines), the VEF panel (330 lines), the MIP panel (210 lines), and each founder genotype of the DxG population was obtained using the ApeKI-based genotyping-by-sequencing (GBS) protocol (Elshire et al., 2011), as previously described (Perea et al., 2016; Gil et al., 2019; Keller et al., 2020; Diaz et al., 2020). Briefly, DNA was extracted using the urea buffer-based DNA extraction midi prep protocol. GBS libraries were sequenced at the HudsonAlpha Institute for Biotechnology1 and the Institute of Biotechnology of Cornell University2. Each 96-well plate was sequenced in one lane of an Illumina HiSeq platform device using single-end or paired-end reads ranging between 100 and 150 bp.

The mapping and variant calling processes for GBS reads is described in detail by Perea et al. (2016), Gil et al. (2019), and Keller et al. (2020). In brief, the GBS reads were demultiplexed using NGSEP (v3.3.2) (Tello et al., 2019). Adapters and low-quality bases from the raw sequencing data were trimmed using Trimmomatic (v0.36) (Bolger et al., 2014), and reads were aligned to the reference genome of P. vulgaris G19833 v2.1. (Schmutz et al., 2014) using Bowtie2 (v2.2.30) (Langmead and Salzberg, 2012) with default parameters. The variant calling process was performed using NGSEP following recommended parameters for GBS data (Perea et al., 2016). The resulting genotype matrix was filtered to remove genotype calls with quality below 40, remove markers with more than 6% heterozygote calls, minor allele frequency (MAF) below 0.02, and remove markers in repetitive regions of the reference genome (Lobaton et al., 2018). Markers were selected so that the overall missing data rate in the matrix does not surpass 20%. The process to construct a genotype matrix was carried out for each population separately. The final matrices contained 17,654 SNP markers for the MAGIC population, 9,421 SNP markers for the VEF panel, and 26,500 SNP markers for the MIP panel. These matrices were used thereafter for the GWAS analysis (with an independent principal components analysis and kinship calculation for each population) and for single-trait assessment of prediction ability. In addition, the same SNP calling and matrix filtering processes were repeated combining the sequencing data of the DxG founder genotypes and all three populations (MAGIC, VEF, and MIP). The resulting joint genotype matrix contained 17,508 SNP markers and was used to assess the population structure by performing a principal component analysis (PCA) using GAPIT (v3.0) (Tang et al., 2016) and to perform the second case of the cross-prediction scenario (detailed in section “Genomic Prediction Models”).

The construction of the genetic map of the MAGIC population was described in detail by Diaz et al. (2020) using the method for haplotype prediction reported in an Arabidopsis thaliana MAGIC population (Kover et al., 2009). Briefly, the inferred haplotypes were used to transform the GBS matrix with allele information into a matrix with founders’ source information for each marker. The marker set in this matrix was reduced by a binning procedure based on their recombination frequency, generating a subset of 5,738 non-redundant markers. This filtered matrix was used to construct the genetic map with the Kosambi mapping function using the integrated genetic analysis software for multi-parental pure-line populations (GAPL) (v2.1) (Zhang et al., 2019) (for more details about the methods applied for each population, see Supplementary Figure 2).



QTL and Genome-Wide Association Mapping Analysis

QTL analysis for the DxG and MAGIC populations was conducted using the genetic maps of each population and the calculated BLUEs. Detection of QTLs and estimation of genetic parameters for CKT and WAC were performed using the composite interval mapping (CIM) procedure of the software IciMapping (v4.1) (Meng et al., 2015) with 10 cM windows and a sliding parameter of 1 cM for DxG population. Significant QTL were considered by defining the logarithm of odds (LOD) score at a genome-wide type I error rate of a α = 0.05 after 1,000 permutation tests for each trait, obtaining a significance threshold of 3.24 LOD for the DxG population. For the MAGIC population, the composite interval mapping was carried out with the procedure for additive effects (ICIM-ADD) of the software GAPL (v1.2) (Zhang et al., 2019), employing the forward and backward regression model, with 5 cM windows and a sliding parameter of 0.5 cM. Significant QTL were defined at 6.68 LOD for the MAGIC population following the same permutation tests defined for the DxG population.

The association analysis was carried out in the MAGIC population, VEF, and MIP panels using the R package GAPIT (v3.0) (Tang et al., 2016), providing the genotypic matrix that was produced for each population independently, and their corresponding BLUEs. The association analysis was conducted using a mixed linear model (MLM) approach. This model accounts for population structure using the top five principal components (described previously) as fixed effects. It also accounts for random polygenic effects with a kinship matrix as variance–covariance structure, calculated using the method proposed by VanRaden (2008) implemented in the GAPIT package. Significant associations were defined when the p value was equal to or smaller than the Bonferroni-corrected threshold (2.38 × 10–6 for MAGIC population, 5.30 × 10–6 for VEF panel, and 1.88 × 10–6 for MIP panel) (Johnson et al., 2010). Manhattan and QQ plot graphics were made using the qqman R package (Turner, 2018).



Genomic Prediction Models

A single-trait assessment of prediction ability was performed for each population individually using the R package BGLR (v1.0.8) (Pérez and De Los Campos, 2014), with 10,000 iterations, using the first 2,000 for burn-in and default parameters. In each case, 70% of the individuals in the population were assigned to the training set, while the remaining 30% were assigned to the validation set, following the results from Keller et al. (2020). This random assignment was repeated 100 times for each population. Prediction ability (PA) was defined as the Pearson correlation coefficient (r) between the observed (true breeding values or TBVs) and the predicted values (genomic estimated breeding values or GEBVs) of the validation set. Different priors for parametric regressions on the SNP markers were tested, including the Bayesian ridge regression (BayesRR), BayesA, BayesB, BayesC, Bayesian Lasso (BLasso), and a GBLUP model. All these priors are based on additive effects models. In addition, Bayesian reproducing kernel Hilbert spaces regression (RKHS) was tested fitting a single Gaussian kernel model in the (average) squared-Euclidean distance between genotypes, as defined by Pérez and De Los Campos (2014), with a fixed bandwidth parameter h = 0.5. The RKHS model is a semi-parametric approach that incorporates additive and non-additive effects.

A cross-prediction scenario was tested between and within populations and traits, using the RKHS model described above. Unlike the single-trait assessment of genomic prediction, different datasets were used for training and validation in this case. This scenario was divided in two separate cases. The first consisted in using the BLUEs of CKT, WAC, or SdW from a single population to predict every other trait in the same population. In total, 18 different combinations of training-validation datasets were obtained for this first case. For each combination, a similar cross validation process used 70% of the individuals from the training set of BLUEs to train the model. The remaining 30% of individuals from the validation set of BLUEs were used to calculate the PA between observed (TBVs) and predicted values (GEBVs). The random 70:30 assignment was repeated 100 times. The second case used the BLUEs from a given trait-population to train the model, and then it was used to predict every other trait in a different population, producing 54 different combinations of training-validation datasets. In this case, no cross validation was done, performing a single training and validation step. This second case of cross-prediction scenario resembles a more realistic breeding context.



RESULTS


Phenotypic Variation for Cooking Time, Water Absorption Capacity, and Seed Weight in Four Populations

Cooking time, WAC, and SdW were evaluated in four different populations incorporating a large genetic variability: The DxG population (bi-parental Andean × Mesoamerican inter-genepool RIL population), the MAGIC population (eight-parental Mesoamerican population), the VEF panel (Andean breeding lines), and the MIP panel (Mesoamerican breeding lines).

Significant phenotypic variability was observed in all populations for all traits (Figure 1 and Supplementary Table 1). The DxG population presented more phenotypic variability for CKT and WAC compared to the other populations (Figure 1) with the highest coefficient of variation (> 30%). The highest CKT values were found for DxG with an average of 92.9 min, while it also had the lowest WAC values, with an average of 40.7%. Furthermore, DxG displayed problems with water absorption as several samples failed to absorb significant amounts of water. These effects may be attributed to the storage conditions of the seed, as the DxG seed was stored for a longer period before evaluation. The Andean parent G19833 presented a shorter CKT (83.7 min) than the Mesoamerican parent DOR364 (146 min) (Figure 1). G19833 has larger seeds that showed higher WAC compared to DOR364 (Figure 1). The spatial variation in the field that was modeled with the Rj and (RB)jk terms in equation (1) were not significant for any trial. Since they were accounted for as random effects terms, the model presented in equation (1) automatically drops the zero variance terms and reduces itself.
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FIGURE 1. Phenotypic distributions of (A) cooking time (CKT), (B) water absorption capacity (WAC), and (C) 28 seed weight (SdW) in four evaluated populations of common bean. DxG is a RIL population product of the cross between DOR364 and G19833 (green points). The MAGIC population was produced by intercrossing the eight founder lines displayed as black, purple, and yellow points. The VEF and MIP panels are composed of elite breeding lines from the Andean and Mesoamerican genepools, respectively.


The MAGIC population, VEF, and MIP panels presented similar phenotypic variability for CKT, with the lowest average values for the VEF (37.4 min), MAGIC (38.1 min), and MIP (51.6 min) (Figure 1A). In the MAGIC population, the founder with the lowest CKT was MIB778 (30.2 min) (Figure 1A). The MAGIC population presented a higher WAC (108.5%) compared with the other populations. The line ALB213 showed the highest WAC value among the founder lines of the MAGIC population (118.2%) (Figure 1B). The large seeded Andean VEF panel had average WAC values in between the Mesoamerican MAGIC and MIP panels, and expectedly the heaviest seeds (Figures 1B,C). All the evaluated traits showed high heritabilities in all populations (Supplementary Table 1). For CKT, the heritabilities ranged from 0.64 to 0.89, while other traits had values ranging between 0.68 and 0.93, indicating good data quality for further analysis.

Correlations between the evaluated traits were somewhat inconsistent between populations (Table 1). Significant negative correlations between CKT and WAC were observed in the DxG and VEF panels, which belong (at least partially) to the Andean genepool, whereas correlations were not significant in the other two populations. The correlations between CKT and SdW were significant and positive in the case of the MAGIC population, but negative for the VEF and MIP panels. A negative significant correlation between WAC and seed size was only observed for the MIP panel. Taken together, higher water absorption is correlated to earlier CKT in half the experiments. However, we observed no general effect of seed size or genepool on CKT or WAC as the correlations with seed weight were not consistent.


TABLE 1. Pearson’s correlation and significance between cooking time (CKT), water absorption capacity (WAC), and 28 seed weight (SdW) of four populations (DxG population, MAGIC population, VEF panel, and MIP panel).
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We investigated the effect of seed color on CKT. In the VEF and MIP panels, light colored beans presented faster cooking time compared to darker beans, the white seeded being the fastest cooking group (Figure 2). However, the variance component for color group in equation (3) was significant only within the MAGIC population, where the seeds with black coat presented the lowest CKT.


[image: image]

FIGURE 2. Boxplot of cooking times for the MAGIC population, VEF panel, and MIP panel grouped by seed color. Blue dots represent cooking time averages for each group. Seed color abbreviations are as follows: RM, red mottled; Re, red; Cr, cream; Pi, pink; Ye, yellow; Wh, white; Bl, black; and Br brown.


The top 5% of the fastest cooking lines for each population are listed in Supplementary Table 2. Overall, the fastest cooking lines (with less than 25 min cooking time) belong to the VEF (LPA_566, LPA_071, SAA_020, SAB_576, and AFR_619) and MAGIC panels (MGC_263 and MGC_330). In the DxG and MIP populations, the fastest cooking lines ranged between 31 and 39 min. Only four genotypes in the DxG population were listed in this range (DxG_80, DxG_53, DxG_22, and DxG_26), while 11 lines from the MIP panel were included in the list (SEF_070, SMR_152, SMC_223, MIB_778, SXB_412, SMC_040, SMC_143, MIB_755, SMC_228, SMN_071, and SMR_048).



Genetic Structure of the Populations of Interest

The sequencing data from the DxG parental lines, the MAGIC population, the VEF, and MIP panels were merged into a single matrix of 17,508 polymorphic markers that were used to assess the population structure (Figure 3). The first principal component explains a major proportion of the total variance, accounting for 64.7%. This PC separates the samples into two clearly differentiated clusters that correspond to the Andean genepool (left side) with the VEF lines and the DxG parental line G19833, and the Mesoamerican genepool (right side) comprised of the MAGIC and MIP lines, and the second DxG parental DOR364. MAGIC and most MIP lines are separated by the second PC as the majority of variation that is not explained by the genepool is found in the Mesoamerican lines. Taken together, these results indicate significant differences in the population structure between populations.
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FIGURE 3. Assessment of population structure by a principal components analysis (PCA) using 17,508 SNP markers from the combined MAGIC, VEF, and MIP lines. The location of each genotype is represented by a point in the two-dimensional space defined by the eigenvectors of the first and second principal components. The founder lines of the MAGIC and DxG populations are represented by colored tags.




QTL and Genome-Wide Association Mapping Analysis

To investigate the genetic basis of the CKT and WAC, QTL analyses were performed on the biparental DxG population and the multi-parental MAGIC population, and GWAS was carried out on the MAGIC, VEF, and MIP panels.

For the QTL analyses, the genetic map previously reported for DxG was used (Galeano et al., 2009) (Supplementary Figure 3). Three QTL were identified on chromosomes Pv01 and Pv03, two QTL for CKT, one of which co-located with a WAC QTL (Table 2). The identified CKT QTL account for 15.8–16.0% of the observed variance, whereas WAC3.1 explains 69.76%. The Andean parent G19833 contributes the allele for lower CKT and higher WAC, in line with the observed phenotypic correlation of both traits and the phenotypes of the parents (Table 1). CKT3.2 and WAC3.1 are located in the same position, suggesting that the same polymorphism might be affecting both traits (Supplementary Figure 4).


TABLE 2. QTL identified for cooking time (CKT) and water absorption capacity (WAC) in DOR364 × G19883 RIL population using Composite Interval Mapping.
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The genetic map previously reported for the MAGIC population was used for QTL analyses (Diaz et al., 2020; Supplementary Table 3). Five QTL were mapped in the MAGIC population using the haplotype-based interval mapping, four QTL for CKT, and one for WAC (Table 3). In all four QTL for CKT, MIB778 (fastest cooking time founder) and INB827 contributed negative allelic effects reducing cooking time (Supplementary Table 4). CKT3.1 (∼0.5 Mbp) observed in the MAGIC population is distant from CKT3.2 identified in the DxG population (∼51 Mbp).


TABLE 3. QTL mapped for cooking time (CKT) and water absorption capacity (WAC) in the MAGIC population based on composite interval mapping using haplotype prediction with the procedure for additive effects (ICIM-ADD).
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GWAS on the MAGIC population, VEF, and MIP panels revealed six QTL, three for CKT and three for WAC (Table 4 and Figures 4, 5, Supplementary Tables 5,6). CKT3.2 was identified in the VEF panel on the same position as in the DxG population (Table 4 and Figure 4). CKT3.2 has the largest allelic effect on CKT (5.24 min) and explained a large part of the phenotypic variation (20%) (Figure 6). Similarly, WAC3.1, was found in the DxG and VEF panel on the same position as CKT3.2. Both QTL for CKT and WAC have the same allelic frequency (0.95) (Table 4). This is a distinctive QTL of Andean origin.


TABLE 4. QTL and most significant markers identified by GWAS associated with cooking time (CKT) and water absorption capacity (WAC) in MAGIC population, VEF panel, and MIP panel.
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FIGURE 4. Genome wide association analysis for cooking time (CKT) showing Manhattan and QQ plot for (A): 203 MAGIC RILs with 17,654 markers, (B) 330 VEF lines with 9,420 markers, and (C) 197 MIP lines with 26,500 markers. The Bonferroni correction threshold (p = 0.05) is presented as a blue horizontal line based on the number of markers for each population, respectively.
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FIGURE 5. Genome wide association analyses showing Manhattan and QQ plots for water absorption capacity (WAC) for (A): 203 MAGIC RILs with 17,654 markers, (B) 330 VEF lines with 9,420 markers, and (C) 193 MIP lines with 26,500 markers. The Bonferroni correction threshold (p = 0.05) is presented as a blue horizontal line based on the number of markers in each population, respectively.
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FIGURE 6. Allelic effect for the most significant marker of QTL of cooking time found in the DxG population, MAGIC population, VEF panel, and MIP panel.


CKT3.1 was identified using GWAS in the MAGIC population, confirming the result of the QTL analysis. CKT3.1 has the highest R2 value, explaining 34% of the phenotypic variation with an allelic effect of -1.98 min (Tables 3, 4 and Figures 4, 6). Five QTL were identified in the haplotype-based interval mapping, but only CKT3.1 was confirmed by GWAS. WAC7.1 was identified in both Mesoamerican populations, the MAGIC population and the MIP panel (Table 4 and Figure 5). CKT2.1 was identified only in the MIP panel.



Genomic Prediction Models

A single-trait assessment of genomic prediction with the CKT, WAC, and SdW data was performed for each population, following optimal custom settings. The overall mean prediction ability (PA) for CKT ranged between 0.18 (MIP) and 0.52 (MAGIC), while the mean PA for WAC ranged between 0.05 (MAGIC) and 0.43 (DxG); the PA for SdW is higher than the other traits, ranging between 0.52 (MAGIC) and 0.64 (DxG) (Figure 7, Supplementary Table 7). In general, the PAs fell significantly below the estimated broad-sense heritability (Supplementary Table 1) and the PAs for WAC were not correlated with the heritabilities. Evaluating the PA of different GP models mostly resulted in very similar results for each trait except for WAC in the DxG. In this case, the PA reached mean values of 0.67 for the BayesA and BayesB priors, doubling the mean PA of other models (0.3) for the same trait in the DxG.
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FIGURE 7. Boxplots of accuracies of cross-validations for genomic predictions for cooking time (CKT), water absorption capacity (WAC), and seed weight (SdW) using different statistical models.


A cross prediction between CKT, WAC, and SdW was performed between and within the MAGIC, MIP, and VEF populations to assess prediction ability using different training-validation datasets. The cross-validation results between traits in the same population followed the behavior of the phenotypic correlations, with PAs ranging between -0.36 (VEF, CKT as training and SdW as validation) and 0.25 (VEF, WAC as training, and SdW as validation) (Table 1 and Supplementary Figure 5). The PA across traits and populations did not show higher values than those obtained in the single-trait assessment of genomic prediction, with PA values ranging from −0.25 (MIP-CKT as training and VEF-SdW as validation) and 0.38 (MIP-SdW and MAGIC-SdW used both as training and validation). GPs across populations for the same trait were only acceptable for SdW between the Mesoamerican populations with PA values of 0.37 and 0.38, but not for other traits.

Taken together, these results show that the PA across populations for CKT, WAC, and SdW is mostly low suggesting different genetic bases. GPs within populations, on the other hand, show promise for breeding applications with acceptable predictive abilities, as long as it would be applied within these genetic groups.



DISCUSSION

Several factors such as taste, nutrition, cost, and convenience influence the food choice of consumers (Aggarwal et al., 2016). The convenience is defined as a food that is beneficial to the consumer at any of the meal preparation and consumption stages and is exemplified with reductions in time or physical energy, among others. For this reason, the convenience has a significant impact on society’s food consumption behaviors (Ternier, 2010). Cooking time is increasingly recognized as an important trait. Not only do consumers demand products that cook faster to fit a modern lifestyle (Mkanda et al., 2007) but it also affects nutrition and time expenditure and, with the latter, the possibility of women empowerment (Carrigan and Szmigin, 2006). Furthermore, using wood and charcoal as a source of energy for domestic purposes has detrimental effects on the health and environment (Smith, 2006). Obtaining fuel in rural areas can be dangerous and time consuming, or costly in urban areas. We aimed to elucidate the genetic architecture of cooking time in the common bean, a grain legume that takes long preparation times to reach palatability but constitutes an important source of nutrients for millions of people in Latin America and Eastern/Southern Africa. For this purpose, we used germplasm from different breeding panels and genetic populations of the Andean and the Mesoamerican genepools, incorporating a wider genetic variability compared with previous studies.

High genetic variability in all four populations was found, in line with a previous report (Cichy et al., 2019). Also, heritabilities of CKT and WAC were high indicating good data quality for genetic studies, reaching comparable values to previous reports on this trait (> 0.8) (Elia et al., 1997; Jacinto-Hernandez et al., 2003; Arns et al., 2018; Cichy et al., 2019). Some lines that had fast cooking time also have desirable features of grain and agronomic quality (such as seed color and size, high yield, tolerance to drought, and resistance to some diseases, among others) for different market classes (Supplementary Table 2). These lines can be used in the breeding programs to generate new varieties adapted to geographic areas depending on the consumer preferences, contributing to achieve all the benefits that fast-cooking beans can bring for the environment and household habits.

The seed is a living organism that can be susceptible to the processing and manipulation that is carried out right after harvest. Long periods in non-optimal storage conditions have been reported to increase cooking time due to the hard-to-cook (HTC) phenomenon (Coelho et al., 2007; Arruda et al., 2012). The DxG population, which was stored the longest in sub-optimal conditions showed the longest cooking times (Figure 1). The HTC effect was observed here for some samples, where the seed failed to absorb water during the soaking stage, causing an extensive increase in cooking time. The HTC phenomenon causes physical alterations to the cell structure of the seed coat, which reduces the capacity of the grains to absorb water resulting in longer cooking periods (Reyes-Moreno et al., 1993). Sandhu et al. (2018) reported that HTC is an environment-induced phenomenon, but there might be some genetic characteristics of the seed playing a role because some varieties are more prone to the HTC effect than others. For example, Cominelli et al. (2020) found that the genotypes with the low phytic acid 1 (lpa1) mutation were more susceptible to HTC. These findings suggest that HTC may trigger the expression of some genes related to CKT or WAC.

The populations with Andean contribution (DxG population and VEF panel) had a significant negative correlation between WAC and CKT, in parallel with previous reports (Elia et al., 1997; Rodrigues et al., 2005; Cichy et al., 2015; Wani et al., 2017; Berry et al., 2020). During the soaking stage, the water enters the bean through the micropyle migrating below the seed coat, causing a softening effect on the seed as the available water inside the cotyledon allows the cell separation during cooking (Chigwedere et al., 2018). This effect would allow the indirect selection of fast-cooking genotypes through WAC, which is easier, faster, and cheaper to measure. However, in Mesoamerican populations, such correlation was not observed, which may indicate that the genetic mechanism that regulates CKT and WAC is different for each genepool.

In this study, we compared external characteristics of the seed such as weight and color with its cooking time. The correlation between CKT and SdW was not consistent within populations. Some studies have shown weak relationships between CKT and SdW. Cichy et al. (2015) found a positive correlation between these two traits in the Andean Diversity Panel (ADP). However, a parallel study that used a subset of the ADP reported negative correlations between these traits (Katuuramu et al., 2020). This suggests there is no phenotypic or genetic correlation between seed size and time needed to cook it. There was a subtle effect related to the seed color. Seeds with white coats were the fastest cooking group in both the VEF and MIP panels. Similarly, Cichy et al. (2015) found white seeded varieties in the Andean diversity panel (ADP) to be the fastest cooking. On the other hand, red, red-mottled, and cream-mottled beans were the slowest to cook here, resembling the results obtained for the ADP. In this work, we also observed similar trends in the Mesoamerican panel, with white seeded beans cooking the fastest. Although the Mesoamerican black beans in both populations (MAGIC and MIP) were slow cooking, even more so were the yellow lines. These results go in line with the slow cooking yellow Mesoamerican beans reported by Wiesinger et al. (2018). Previous studies have described how low levels of phenols in the seed coat may be correlated with faster cooking time (Hincks and Stanley, 1986; Stanley et al., 1990). Phenol contents are secondary metabolites produced in the cotyledons that can participate in chemical reactions resulting in restricted water binding and impaired cell separation during cooking. Taken together, the seed coat color appears to be related with cooking time, as lighter seeds cooked faster than darker seeds. Nevertheless, cooking times of the color-based groups overlap between each other, so other factors apart from the chemical compounds cause the color to affect cooking properties.


QTL Results and Use in Breeding

Recently, an increasing number of studies in common bean have investigated the genetics of cooking time; among them, several QTL studies (Jacinto-Hernandez et al., 2003; Vasconcelos et al., 2012; Berry et al., 2020) and studies in the Andean diversity panel (Cichy et al., 2015). However, few studies have focused their results on breeding. Furthermore, the genetic variability analyzed has been limited, focusing on germplasm from a single gene-pool or biparental populations characterized by their limited genetic variability. In this study, we analyzed different representative populations of the two important gene pools existing in common bean: the Andean and Mesoamerican pools (Figure 3).

A QTL was found in populations with Andean contribution (DxG population and VEF panel) with opposite effects on CKT and WAC (CKT3.2/WAC3.1). The favorable allele in DxG is contributed by the Andean parent G19833. This locus likely causes the negative correlation that was observed between CKT and WAC in these populations. A similar QTL was previously described for WAC and CKT in chromosome Pv03 (Pérez-Vega et al., 2010; Berry et al., 2020). WA3 and CT3.1 were identified in a biparental population obtained by crossing the lines Xana (Andean) and Cornell49-242 (Mesoamerican). Similarly, the positive additive effect for WAC originated from the Andean parent, and the closest marker SR20 is located at 50.18 Mbp, not far from WAC3.1 at 51–52 Mbp. These results indicate that WA3 and WAC3.1 are likely the same QTL, which has a reducing effect on CKT in Andean populations. On the contrary, CT3.1 was located in Pv03 but is not in the same position as that of CKT3.2 or CKT3.1 (14–22 Mpb).

The genetic control of WAC may be different in the Andean and Mesoamerican lines investigated here. WAC7.1 was identified in the populations with Mesoamerican origin (MAGIC and MIP panel). The phenotypic correlations between WAC and CKT were distinct, and accordingly, different QTL were identified in this study at chromosomes Pv03 for the Andean and Pv07 for Mesoamerican populations. WAC7.1 co-locates with the ASP locus (0–1.5 Mb) associated with seed coat luster: Mature dry black bean seeds are either opaque (dull) or shiny (glossy) (Cichy et al., 2014). The Asp gene is the major determinant of water uptake in black beans. The Asp gene influences the thickness and uniformity of the epicuticular wax layer such that shiny-seeded beans have a thick and more uniform wax layer than opaque-seeded beans. The effect on water uptake is hypothesized to be related to the unevenness of the surface of the opaque beans (Sandhu et al., 2018).

The QTL CKT2.1 and CKT3.1 were identified in the MIP panel and the MAGIC population, respectively. Both QTL were previously reported in the Andean panel ADP (Cichy et al., 2015). In CKT3.1, the founder lines SEN56, INB841, INB827, MIB778, and SXB412 display the desirable negative allelic effects diminishing values for this trait. These five founders were reported to bear introgressions from the Andean genepool at this genomic position (Lobaton et al., 2018). This suggests that alleles of Andean origin contribute to favorable cooking time in these breeding lines.

Several studies have tried to identify the genetic characteristics of CKT and WAC in an effort to unravel their genetic architecture. In all cases, they confirm a relatively high heritability. Some reports indicate that both traits can be controlled by a small number of genes (Elia et al., 1997; Jacinto-Hernandez et al., 2003; Arns et al., 2018), while others indicate that CKT may be under the control of multiple genes at the same time (Vasconcelos et al., 2012; Cichy et al., 2015). The phenotypic variation observed here for those traits support a quantitative mode of inheritance. Even though several QTL were found in this study, the average proportion of explained variance is 23%, reaching a maximum value of 34%. In that sense, an important part of the genetic effects is not captured. It is questionable that these QTL are sufficient to guide a breeding program. None of them were identified across all populations, and potential GxE effects should be studied, though GxE of cooking time has been reported to be limited (Katuuramu et al., 2018; Cichy et al., 2019; Katuuramu et al., 2020).

Given that CKT and WAC appear to have a partially quantitative mode of inheritance, we evaluated to what extent genomic prediction models can capture its genetic variability. Prediction accuracies for CKT ranged from 0.18 to 0.52, suitable for breeding in the MAGIC population, but not so for the MIP panel. Higher accuracies were observed for SdW, ranging from 0.52 to 0.64, close to previously reported values for this trait (Keller et al., 2020). Similarly, higher PAs were reported in common bean for nematode response (Wen et al., 2019). PAs for some agronomic traits were reported to follow the pattern of trait heritabilities, usually ranging 10–20 points below the heritability (Keller et al., 2020). However, this pattern was not observed on individual predictions of CKT or WAC, where PAs were often quite low. Similarly, the PAs in the cross-prediction scenario using different training and validation datasets were even lower than the single-trait prediction scenario. It is not clear at this point why accuracies are not well linked to trait heritabilites as observed in most other cases. We tested several GP models that are based either on additive effects only (Bayes A, B, C, BayesRR, BLasso, and GBLUP) or additive and non-additive effects (semiparametric RKHS) (Figure 7). These results indicate that the genetics of this trait may not be well represented in any of the tested GP models. Even so, the results of prediction ability in some populations seems suitable to be employed in breeding considering that CKT is a complex trait, which allows taking the first steps of genomic prediction and genomic selection in breeding programs focused on seed quality.

In this work, we compared different population types, using constructed bi-parental and eight-parental RIL populations besides two different breeding panels. All population types appear basically suitable for identifying genetic variability, for genetic mapping, and GP. RIL populations performed somewhat better for predicting CKT and WAC. This was not observed in studies with other traits comparing GP in MAGIC population and VEF panel (Keller et al., 2020). Panels of elite breeding lines provide more relevant variability that can be directly applied in germplasm improvement; hence, this information is more valuable for breeders.



CONCLUSION

This study evaluated the genetic architecture of cooking time and water absorption capacity using and integrating different tools and methodologies. To our knowledge, this study used the highest genetic variability studied so far in these traits in common bean, using four different populations with lines belonging to both Andean and Mesoamerican gene-pools. The presented results validate the advantage of combining GWAS and QTL analyses to find loci that controlled a complex trait. We identified fast cooking lines in every population evaluated with a high potential to be implemented in a breeding program with perspectives to different markets. Different QTL for the Andean and Mesoamerican gene-pool were located in distinct regions of the genome, suggesting differential genetic control in each of the pools for the traits of interest. Genomic selection looks to be a promising tool in several of the evaluated populations; offspring populations need to be evaluated to see if the understanding of variation in accuracy can be improved in the future. Genomic selection is particularly promising if the investment for genotyping can be used to predict several traits at a time, in which case also a lower accuracy trait can be added to a selection index.
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Supplementary Table 4 | Identified QTL for cooking time (CKT) and water absorption capacity (WAC) in the MAGIC population based on haplotype prediction using composite interval mapping with the procedure for additive effects (ICIM-ADD). The additive effect and mean for the haplotype’s groups are shown.

Supplementary Table 5 | Complete GWAS results for all markers used in association analyses for cooking time, evaluating the MAGIC population, VEF panel and MIP panel.

Supplementary Table 6 | Complete GWAS results for all markers used in association analyses for water absorption capacity, evaluating the MAGIC population, VEF panel and MIP panel.
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Supplementary Document 1 | Hardware and software design of cooking time measure machine.


FOOTNOTES

1https://hudsonalpha.org/

2https://www.biotech.cornell.edu/core-facilities-brc/services


REFERENCES

Aggarwal, A., Rehm, C., Monsivais, P., and Drewnowski, A. (2016). Importance of taste, nutrition, cost and convenience in relation to diet quallity: evidence of nutrition resilience among US adults using national health and nutrition examination survey (NHANES) 2007 - 2010. Prev. Med. 90, 184–192. doi: 10.1016/j.physbeh.2017.03.040

Arns, F., Ribeiro, N., Mezzomo, H., Steckling, S., Kläsener, G., and Casagrande, C. (2018). Combined selection in carioca beans for grain size, slow darkening and fast-cooking after storage times. Euphytica 214:66. doi: 10.1007/s10681-018-2149-8

Arruda, B., Guidolin, A., Meirelles, J., and Battilana, J. (2012). Environment is crucial to the cooking time of beans. Food Sci. Technol. 32, 573–578. doi: 10.1590/S0101-20612012005000078

Bandillo, N., Raghavan, C., Muyco, P., Sevilla, M. A., Lobina, I., Dilla-Ermita, C., et al. (2013). Multi-parent advanced generation inter-cross (MAGIC) populations in rice: progress and potential for genetics research and breeding. Rice 6:1. doi: 10.1186/1939-8433-6-1

Bates, D., Mächler, M., Bolker, B., and Walker, S. (2015). Fitting linear mixed-effects models using Lme4. J. Stat. Softw. 67, 1–48. doi: 10.18637/jss.v067.i01

Beebe, S. (2012). Common bean breeding in the tropics. Plant Breed. Rev. 36, 357–426. doi: 10.1002/9781118358566

Berry, M., Izquierdo, P., Jeffery, H., Shaw, S., Nchimbi-Msolla, S., and Cichy, K. (2020). QTL Analysis of cooking time and quality traits in dry bean (Phaseolus Vulgaris L.). Theor. Appl. Genet. 133, 2291–2305. doi: 10.1007/s00122-020-03598-w

Blair, M. W., Buendía, H., Giraldo, M., Métais, I., and Peltier, D. (2008). Characterization of AT-rich microsatellites in common bean (Phaseolus Vulgaris L.). Theor. Appl. Genet. 118, 91–103. doi: 10.1007/s00122-008-0879-z

Blair, M. W., Giraldo, M., Buendía, H., Tovar, E., Duque, M., and Beebe, S. (2006). Microsatellite marker diversity in common bean (Phaseolus Vulgaris L.). Theor. Appl. Genet. 113, 100–109. doi: 10.1007/s00122-006-0276-4

Blair, M. W., Pedraza, F., Buendia, H., Gaitán-Solís, E., Beebe, S., Gepts, P., et al. (2003). Development of a genome-wide anchored microsatellite map for common bean (Phaseolus Vulgaris L.). Theor. Appl. Genet. 107, 1362–1374. doi: 10.1007/s00122-003-1398-6

Bolger, A., Lohse, M., and Usadel, B. (2014). Trimmomatic: a flexible trimmer for Illumina sequence data. Bioinformatics 30, 2114–2120. doi: 10.1093/bioinformatics/btu170

Broughton, W. J., Hernandez, G., Blair, M., Beebe, S., Gepts, P., and Vanderleyden, J. (2003). Beans (Phaseolus Spp.) - model food legumes. Plant Soil 252, 55–128. doi: 10.1023/A:1024146710611

Carrigan, M., and Szmigin, I. (2006). Mothers of invention’: maternal empowerment and convenience consumption. Eur. J. Mark. 40, 1122–1142. doi: 10.1108/03090560610681041

Carvalho, B., Patto, M., Vieira, I., and Barbosa, A. (2017). New strategy for evaluating grain cooking quality of progenies in dry bean breeding programs. Crop Breed. Appl. Biotechnol. 17, 115–123. doi: 10.1590/1984-70332017v17n2a18

Chigwedere, C., Olaoye, T., Kyomugasho, C., Kermani, Z., Pallares, A., Van Loey, A., et al. (2018). Mechanistic insight into softening of canadian wonder common beans (Phaseolus Vulgaris) during cooking. Food Res. Int. 106, 522–531. doi: 10.1016/j.foodres.2018.01.016

Chinedum, E., Sanni, S., Theressa, N., and Ebere, A. (2018). Effect of domestic cooking on the starch digestibility, predicted glycemic indices, polyphenol contents and alpha amylase inhibitory properties of beans (Phaseolis Vulgaris) and breadfruit (Treculia Africana). Int. J. Biol. Macromol. 106, 200–206. doi: 10.1016/j.ijbiomac.2017.08.005

Cichy, K., Fernandez, A., Kilian, A., Kelly, J., Galeano, C., Shaw, S., et al. (2014). QTL analysis of canning quality and color retention in black beans (Phaseolus Vulgaris L.). Mol. Breed. 33, 139–154. doi: 10.1007/s11032-013-9940-y

Cichy, K., Wiesinger, J., Berry, M., Nchimbi-Msolla, S., Fourie, D., Porch, T., et al. (2019). The role of genotype and production environment in determining the cooking time of dry beans (Phaseolus Vulgaris L.). Legume Sci. 1:e13. doi: 10.1002/leg3.13

Cichy, K., Wiesinger, J., and Mendoza, F. (2015). Genetic diversity and genome-wide association analysis of cooking time in dry bean (Phaseolus Vulgaris L.). Theor. Appl. Genet. 128, 1555–1567. doi: 10.1007/s00122-015-2531-z

Coelho, C., Bellato, C., Pires, J., Marcos, E., and Tsai, S. (2007). Effect of phytate and storage conditions on the development of the ‘Hard-to-Cook’ phenomenon in common beans. J. Amer. Soc. Hort. Sci. 87, 1237–1243.

Cominelli, E., Galimberti, M., Pongrac, P., Landoni, M., Losa, A., Paolo, D., et al. (2020). Calcium redistribution contributes to the hard-to-cook phenotype and increases PHA-L lectin thermal stability in common bean low phytic acid 1 mutant seeds. Food Chem. 321:126680. doi: 10.1016/j.foodchem.2020.126680

Crossa, J., Pérez-Rodríguez, P., Cuevas, J., Montesinos-López, O., Jarquín, D., de los Campos, G., et al. (2017). Genomic selection in plant breeding: methods, models, and perspectives. Trends Plant Sci. 22, 961–975. doi: 10.1016/j.tplants.2017.08.011

Cullis, B., Smith, A., and Coombes, N. (2006). On the design of early generation variety trials with correlated data. J. Agric. Biol. Environ. Stat. 11, 381–393. doi: 10.1198/108571106X154443

De, D., Shawhatsu, N., De, N., and Ajaeroh, M. (2013). Energy-efficient cooking methods. Energy Effic. 6, 163–175. doi: 10.1007/s12053-012-9173-7

Deshpande, S., and Cheryan, M. (1986). Water uptake during cooking of dry beans (Phaseolus Vulgaris L.). Plant Foods Hum. Nutr. 36, 157–165. doi: 10.1007/BF01092032

Diaz, S., Ariza-Suarez, D., Izquierdo, P., Lobaton, J., De La Hoz, J., Acevedo, J., et al. (2020). Genetic mapping for agronomic traits in a MAGIC population of common bean (Phaseolus Vulgaris L.) under drought conditions. BMC Genomics 21:799. doi: 10.1186/s12864-020-07213-6

Elia, F., Hosfield, G., Kelly, J., and Uebersax, M. (1997). Genetic analysis and interrelationships between traits for cooking time, water absortion, and protein and tannin content of andean dry beans. J. Am. Soc. Hort. Sci. 122, 512–518. doi: 10.21273/jashs.122.4.512

ElMaki, H., Samia, M., Rahaman, A., Idris, W., Hassan, A., Babiker, E., et al. (2007). Content of Antinutritional factors and HCl-extractability of minerals from white bean (Phaseolus Vulgaris) cultivars: influence of soaking and/or cooking. Food Chem. 100, 362–368. doi: 10.1016/j.foodchem.2005.09.060

Elshire, J., Glaubitz, J., Sun, Q., Poland, J., Kawamoto, K., Buckler, E., et al. (2011). A robust, simple genotyping-by-sequencing (GBS) approach for high diversity species. PLoS One 6:e19379. doi: 10.1371/journal.pone.0019379

Galeano, C., Fernández, A., Gómez, M., and Blair, M. (2009). Single strand conformation polymorphism Based SNP and indel markers for genetic mapping and synteny analysis of common bean (Phaseolus Vulgaris L.). BMC Genomics 10:629. doi: 10.1186/1471-2164-10-629

Gil, J., Solarte, D., Lobaton, J., Mayor, V., Barrera, S., Jara, C., et al. (2019). Fine-mapping of angular leaf spot resistance gene Phg-2 in common bean and development of molecular breeding tools. Theor. Appl. Genet. 132, 2003–2016. doi: 10.1007/s00122-019-03334-z

Grubbs, F. (1950). Sample criteria for testing outlying observations. Ann. Math. Stat. 21, 27–58. doi: 10.1214/aoms/1177729885

He, Y., Wu, D., Wei, D., Fu, Y., Cui, Y., Dong, H., et al. (2017). GWAS, QTL mapping and gene expression analyses in Brassica Napus reveal genetic control of branching morphogenesis. Sci. Rep. 7:15971. doi: 10.1038/s41598-017-15976-4

Hincks, M., and Stanley, D. (1986). Multiple mechanisms of bean hardening. Int. J. Food Sci. Technol. 21, 731–750. doi: 10.1111/ijfs1986216731

Islam, M., Thyssen, G., Jenkins, J., Zeng, L., Delhom, C., McCarty, J., et al. (2016). A MAGIC Population-based genome-wide association study reveals functional association of GhRBB1_A07 gene with superior fiber quality in cotton. BMC Genomics 17:903. doi: 10.1186/s12864-016-3249-2

Jacinto-Hernandez, C., Azpiroz-Rivero, S., Acosta-Gallegos, J., Hernandez-Sanchez, H., and Bernal-Lugo, I. (2003). Genetic analysis and random amplified polymorphic DNA markers associated with cooking time in common bean. Crop Sci. 43, 329–332. doi: 10.2135/cropsci2003.0329

Johnson, R., Nelson, G., Troyer, J., Lautenberger, J., Kessing, B., Winkler, C., et al. (2010). Accounting for multiple comparisons in a genome-wide association study (GWAS). BMC Genomics 11:724. doi: 10.1186/1471-2164-11-724

Katuuramu, D., Hart, J., Porch, T., Grusak, M., Glahn, R., and Cichy, K. (2018). Genome-wide association analysis of nutritional composition-related traits and iron bioavailability in cooked dry beans (Phaseolus Vulgaris L.). Mol. Breed. 38:44. doi: 10.1007/s11032-018-0798-x

Katuuramu, D., Luyima, G., Nkalubo, S., Wiesinger, J., Kelly, J., and Cichy, K. (2020). On-farm multi-location evaluation of genotype by environment interactions for seed yield and cooking time in common bean. Sci. Rep. 10:3628. doi: 10.1038/s41598-020-60087-2

Keller, B., Ariza-Suarez, D., de la Hoz, J., Aparicio, J., Portilla-Benavides, A., Buendia, H., et al. (2020). Genomic prediction of agronomic traits in common bean (Phaseolus vulgaris L.) under environmental stress. Front. Plant Sci. 11:1001. doi: 10.3389/fpls2020.01001

Kinyanjui, P., Njoroge, D., Makokha, A., Christiaens, S., Sila, D., and Hendrickxm, M. (2017). Quantifying the effects of postharvest storage and soaking pretreatments on the cooking quality of common beans (Phaseolus Vulgaris). J. Food Process. Preserv. 41:e13036. doi: 10.1111/jfpp.13036

Klasen, J., Barbez, E., Meier, L., Meinshausen, N., Bühlmann, P., Koornneef, M., et al. (2016). A multi-marker association method for genome-wide association studies without the need for population structure correction. Nat. Commun. 7:13299. doi: 10.1038/ncomms13299

Komsta, L. (2011). R Package “Outliers”. Available online at: http://www.komsta.net/ (accessed August, 2019).

Kover, P., Valdar, W., Trakalo, J., Scarcelli, N., Ehrenreich, I., Purugganan, M., et al. (2009). A multiparent advanced generation inter-cross to fine- map quantitative traits in Arabidopsis Thaliana. PLoS Genet. 5:e1000551. doi: 10.1371/journal.pgen.1000551

Langmead, B., and Salzberg, S. (2012). Fast-gapped-read alignment with Bowtie2. Nat. Methods 9, 357–359. doi: 10.1038/nmeth.1923.Fast

Lobaton, J., Miller, T., Gil, J., Ariza, D., de la Hoz, J., Soler, A., et al. (2018). Resequencing of common bean identifies regions of inter-gene pool introgression and provides comprehensive resources for molecular breeding. Plant Genome 11:170068. doi: 10.3835/plantgenome2017.08.0068

Lorieux, M. (2012). MapDisto: fast and efficient computation of genetic linkage maps. Mol. Breed. 30, 1231–1235. doi: 10.1007/s11032-012-9706-y

Masangano, C., and Miles, C. (2004). Factors influencing farmers’ adoption of kalima bean (Phaseolus Vulgaris L.) variety in malawi. J. Sustain. Agric. 24, 117–129. doi: 10.1300/J064v24n02

Meng, L., Li, H., Zhang, L., and Wang, J. (2015). QTL IciMapping: integrated software for genetic linkage map construction and quantitative trait locus mapping in biparental populations. Crop J. 3, 269–283. doi: 10.1016/j.cj.2015.01.001

Minamikawa, M., Nonaka, K., Kaminuma, E., Kajiya-Kanegae, H., Onogi, A., Goto, S., et al. (2017). Genome-wide association study and genomic prediction in citrus: potential of genomics-assisted breeding for fruit quality traits. Sci. Rep. 7:4721. doi: 10.1038/s41598-017-05100-x

Mkanda, A., Minnaar, A., and de Kock, H. (2007). Relating consumer preferences to sensory and physicochemical propierties of dry beans (Phaseolus Vulgaris). J. Sci. Food Agric. 87, 2868–2879.

Muleta, K., Bulli, P., Zhang, Z., Chen, X., and Pumphrey, M. (2017). Unlocking diversity in germplasm collections via genomic selection: a case study based on quantitative adult plant resistance to stripe rust in spring wheat. Plant Genome 10, 1–15. doi: 10.3835/plantgenome2016.12.0124

Perea, C., De La Hoz, J., Cruz, D., Lobaton, J., Izquierdo, P., Quintero, J., et al. (2016). Bioinformatic analysis of genotype by sequencing (GBS) data with NGSEP. BMC Genomics 17:498. doi: 10.1186/s12864-016-2827-7

Pérez, P., and De Los Campos, G. (2014). Genome-wide regression and prediction with the BGLR statistical package. Genetics 198, 483–495. doi: 10.1534/genetics.114.164442

Pérez-Vega, E., Pañeda, A., Rodríguez-Suárez, C., Campa, A., Giraldez, R., and Ferreira, J. (2010). “Mapping of QTLs for morpho-agronomic and seed quality traits in a RIL population of common bean (Phaseolus Vulgaris L.). Theor. Appl. Genet. 120, 1367–1380. doi: 10.1007/s00122-010-1261-5

Pujolà, M., Farreras, A., and Casañas, F. (2007). Protein and starch content of raw, soaked and cooked beans (Phaseolus Vulgaris L.). Food Chem. 102, 1034–1041. doi: 10.1016/j.foodchem.2006.06.039

Reyes-Moreno, C., Paredes-López, O., and Gonzalez, E. (1993). Hard-to-cook Phenomenon in common beans — a review. Crit. Rev. Food Sci. Nutr. 33, 227–286. doi: 10.1080/10408399309527621

Ribeiro, N., Rodrigues, J., Prigol, P., Nogueira, C., Storck, L., and Muller Gruhn, E. (2014). Evaluation of special grains bean lines for grain yield, cooking time and mineral concentrations. Crop Breed. Appl. Biotechnol. 14, 15–22. doi: 10.1590/S1984-70332014000100003

Rodrigues, J., Ribeiro, N., Grigoletto, P., Filho, A., and Camacho Garcia, D. (2005). Correlação entre absorção de água e tempo de cozimento de cultivares de feijão. Ciênc. Rural 35, 209–214. doi: 10.1590/S0103-84782005000100034

Sandhu, K., You, F., Conner, R., Balasubramanian, P., and Hou, A. (2018). Genetic analysis and QTL mapping of the seed hardness trait in a black common bean (Phaseolus Vulgaris) recombinant inbred line (RIL) population. Mol. Breed. 38:34. doi: 10.1007/s11032-018-0789-y

Schmutz, J., McClean, P., Mamidi, S., Albert Wu, G., Cannon, S., Grimwood, J., et al. (2014). A reference genome for common bean and genome-wide analysis of dual domestications. Nat. Genet. 46, 707–713. doi: 10.1038/ng.3008

Shiga, T., Cordenunsi, B., and Lajolo, F. (2009). Effect of cooking on non-starch polysaccharides of hard-to-cook beans. Carbohydr. Polym. 76, 100–109. doi: 10.1016/j.carbpol.2008.09.035

Smith, K. (2006). Health Impacts of Household Fuelwood Use in Developing Countries. Available online at: http://www.fao.org/docrep/009/a0789e/a0789e09.htm (accessed August, 2019).

Spindel, J., Begum, H., Akdemir, D., Virk, P., Collard, B., Redoña, E., et al. (2015). Genomic selection and association mapping in rice (Oryza sativa): effect of trait genetic architecture, training population composition, marker number and statistical model on accuracy of rice genomic selection in elite, tropical rice breeding lines. PLoS Genet. 11:e1004982. doi: 10.5061/dryad.7369p

Stanley, D., Michaels, T., Plhak, L., and Caldwell, K. (1990). Storage-induced hardening in 20 common bean cultivars. J. Food Qual. 13, 233–247. doi: 10.1111/j.1745-4557.1990.tb00020.x

Tang, Y., Liu, X., Wang, J., Li, M., Wang, Q., Tian, F., et al. (2016). GAPIT version 2: an enhanced integrated tool for genomic association and prediction. Plant Genome 9, 1–9. doi: 10.3835/plantgenome2015.11.0120

Tello, D., Gil, J., Loaiza, C., Riascos, J., Cardozo, N., and Duitama, J. (2019). NGSEP3: accurate variant calling across species and sequencing protocols. Bioinformatics 35, 4716–4723. doi: 10.1093/bioinformatics/btz275

Ternier, S. (2010). “Understanding and measuring cooking skills and knowledge as factors influencing convenience food purchases and consumption. SURG J. 3, 69–76. doi: 10.21083/surg.v3i2.1122

Turner, S. (2018). Qqman: an r package for visualizing GWAS results using Q-Q and manhattan plots. J. Open Source Softw. 3:731. doi: 10.21105/joss.00731

VanRaden, P. (2008). Efficient methods to compute genomic predictions. J. Dairy Sci. 91, 4414–4423. doi: 10.3168/jds.2007-0980

Vasconcelos, G., Nascimento, R., Bassinello, P., Brondani, C., Cunha Melo, L., Sibov, S., et al. (2012). QTL mapping for the cooking time of common beans. Euphytica 186, 779–792. doi: 10.1007/s10681-011-0587-7

Voorrips, R. (2002). MapChart: software for the graphical presentation of linkage maps and QTLs. J. Hered. 93, 77–78. doi: 10.1093/jhered/93.1.77

Wang, N., and Daun, J. (2005). Determination of cooking times of pulses using an automated mattson cooker apparatus. J. Sci. Food Agric. 85, 1631–1635. doi: 10.1002/jsfa.2134

Wang, N., Hatcher, D., Tyler, R., Toews, R., and Gawalko, E. (2010). Effect of cooking on the composition of beans (Phaseolus Vulgaris L.) and chickpeas (Cicer Arietinum L.). Food Res. Int. 43, 589–594. doi: 10.1016/j.foodres.2009.07.012

Wani, I., Sogi, D., Wani, A., and Gill, B. (2017). Physical and cooking characteristics of some indian kidney bean (Phaseolus Vulgaris L.) cultivars. J. Saudi Soc. Agric. Sci. 16, 7–15. doi: 10.1016/j.jssas.2014.12.002

Wen, L., Chang, H., Brown, P., Domier, L., and Hartman, G. (2019). Genome-wide association and genomic prediction identifies soybean cyst nematode resistance in common bean including a syntenic region to soybean Rhg1 locus. Hortic. Res. 6:9. doi: 10.1038/s41438-018-0085-3

Wiesinger, J., Cichy, K., Glahn, R., Grusak, M., Brick, M., Thompson, H., et al. (2016). Demonstrating a nutritional advantage to the fast-cooking dry bean (Phaseolus Vulgaris L.). J. Agric. Food Chem. 64, 8592–8603. doi: 10.1021/acs.jafc.6b03100

Wiesinger, J., Cichy, K., Tako, E., and Glahn, R. (2018). The fast cooking and enhanced iron bioavailability properties of the manteca yellow bean (Phaseolus Vulgaris L.). Nutrients 10:1609. doi: 10.3390/nu10111609

Yasmin, A., Zeb, A., Khalil, A., Din Paracha, G., and Khattak, A. (2008). Effect of processing on anti-nutritional factors of red kidney bean (Phaseolus Vulgaris) grains. Food Bioproc. Technol. 1, 415–419. doi: 10.1007/s11947-008-0125-3

Zhang, L., Meng, L., and Wang, W. (2019). Linkage analysis and integrated software GAPL for pure-line populations derived from four-way and eight-way crosses. Crop J. 7, 283–293. doi: 10.1016/j.cj.2018.10.006

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Diaz, Ariza-Suarez, Ramdeen, Aparicio, Arunachalam, Hernandez, Diaz, Ruiz, Piepho and Raatz. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.











	 
	ORIGINAL RESEARCH
published: 16 February 2021
doi: 10.3389/fpls.2021.620544





[image: image]

Genome-Wide Analysis of the C2 Domain Family in Soybean and Identification of a Putative Abiotic Stress Response Gene GmC2-148

Yue Sun1,2†, Juan-Ying Zhao2†, Yi-Tong Li2†, Pei-Gen Zhang1, Shu-Ping Wang1, Jun Guo3, Jun Chen2, Yong-Bin Zhou2, Ming Chen2, You-Zhi Ma2, Zheng-Wu Fang1* and Zhao-Shi Xu2*

1College of Agriculture, Yangtze University, Hubei Collaborative Innovation Center for Grain Industry, Engineering Research Center of Ecology and Agricultural Use of Wetland, Ministry of Education, Jingzhou, China

2Institute of Crop Science, Chinese Academy of Agricultural Sciences (CAAS), National Key Facility for Crop Gene Resources and Genetic Improvement, Key Laboratory of Biology and Genetic Improvement of Triticeae Crops, Ministry of Agriculture, Beijing, China

3State Key Laboratory of Crop Stress Biology for Arid Areas, College of Plant Protection, Northwest A&F University, Shaanxi, China

Edited by:
Jose C. Jimenez-Lopez, Estación Experimental de Zaidín (CSIC), Spain

Reviewed by:
Xiaoli Sun, Heilongjiang Bayi Agricultural University, China
Jin-Song Zhang, Institute of Genetics and Developmental Biology (CAS), China

*Correspondence: Zheng-Wu Fang, fangzhengwu88@163.com; Zhao-Shi Xu, xuzhaoshi@caas.cn

†These authors have contributed equally to this work

Specialty section: This article was submitted to Plant Abiotic Stress, a section of the journal Frontiers in Plant Science

Received: 23 October 2020
Accepted: 05 January 2021
Published: 16 February 2021

Citation: Sun Y, Zhao J-Y, Li Y-T, Zhang P-G, Wang S-P, Guo J, Chen J, Zhou Y-B, Chen M, Ma Y-Z, Fang Z-W and Xu Z-S (2021) Genome-Wide Analysis of the C2 Domain Family in Soybean and Identification of a Putative Abiotic Stress Response Gene GmC2-148. Front. Plant Sci. 12:620544. doi: 10.3389/fpls.2021.620544

Plant C2 domain proteins play essential biological functions in numerous plants. In this study, 180 soybean C2 domain genes were identified by screening. Phylogenetic relationship analysis revealed that C2 domain genes fell into three distinct groups with diverged gene structure and conserved functional domain. Chromosomal location analysis indicated that C2 domain genes mapped to 20 chromosomes. The transcript profiles based on RNA-seq data showed that GmC2-58, GmC2-88, and GmC2-148 had higher levels of expression under salt, drought, and abscisic acid (ABA) treatments. GmC2-148, encoding a cell membrane-localized protein, had the highest level of response to various treatments according to real-time quantitative polymerase chain reaction (RT-qPCR) analysis. Under salt and drought stresses, the soybean plants with GmC2-148 transgenic hairy roots showed delayed leaf rolling, a higher content of proline (Pro), and lower contents of H2O2, O2– and malondialdehyde (MDA) compared to those of the empty vector (EV) plants. The results of transgenic Arabidopsis in salt and drought treatments were consistent with those in soybean treatments. In addition, the soybean plants with GmC2-148 transgenic hairy roots increased transcript levels of several abiotic stress-related marker genes, including COR47, NCDE3, NAC11, WRKY13, DREB2A, MYB84, bZIP44, and KIN1 which resulted in enhanced abiotic stress tolerance in soybean. These results indicate that C2 domain genes are involved in response to salt and drought stresses, and this study provides a genome-wide analysis of the C2 domain family in soybean.

Keywords: C2 domain protein, drought tolerance, salt tolerance, Arabidopsis, soybean


INTRODUCTION

Environmental stresses caused by such factors as salt and drought significantly affect plant growth and metabolic processes, threaten the survival of plants, and often lead to reduction in yield (Bohnert et al., 1995). In response to stress, plants have developed suitable transduction pathways and a variety of tools to resist cell damage caused by stress (Chenu et al., 2008).

Many gene families related to abiotic stress have been identified, including regulatory factors and regulatory proteins, such as NAC, AP2/ERF, MYB, MYC transcription factors (Zhao et al., 2017), and C2 domain proteins, that are involved in plant signaling pathways (Liu et al., 2019). Many intracellular and extracellular proteins are partially or entirely composed of protein modules. The C2 domain is a typical intracellular protein module (Chapman et al., 1996). Being a Ca2+-dependent membrane targeting domain, this domain shows Ca2+-dependent phospholipid binding activity and a higher sensitivity to salt and drought stresses (Banci et al., 2002). The Ca2+ binding sites of most C2 domain proteins are associated with the presence of five aspartic acid residues, which are highly conserved in plants and animals (Lopez-Nicolas et al., 2006).

It is common knowledge that Ca2+ is widespread across in plants as a subordinate messenger and is involved in plant environmental response, growth, development and hormonal signaling (Cho et al., 2016). In recent years, most research have indicated that Ca2+ signaling takes part in plant answers to abioticstresses, including salt and drought stresses (Pak Dek et al., 2020). When Ca2+ binding proteins are bound to Ca2+, these proteins help transmit a signal to a downstream signaling pathway to induce expression of stress response genes. Four main Ca2+-binding proteins have been identified in the reaction of plants to modification in the exterior surroundings (Molz et al., 1996).

In plants, C2 domain genes play important roles, but they vary from species to species (Corbalan-Garcia et al., 2003). It is reported that Cmpp16-1, a C2 domain gene identified in pumpkin, was associated with RNA delivery (Ramirez-Ortega et al., 2014). Another C2 domain gene, OsERG1, was identified from rice suspension-cultured cells treated with fungal elicitors and reportedly respond to abiotic stresses and membrane translocation in a Ca2+-dependent manner (Kang et al., 2013). In recent years, the proteins of C2 domain family have been recognized as innovative monitoring proteins involved in a variety of abiotic stresses in plants. Three C2 domain proteins, containing the barley HvC2d1 (Ouelhadj et al., 2006), mung bean VrPLC3 (Wang, 2002; Vasseur et al., 2014), and Arabidopsis SYT1 proteins (Yamazaki et al., 2008) were all involved in stresses reaction through a Ca2+-dependent signaling-pathway. In pepper, a gene encoding a C2 domain protein was considerably upregulated under abiotic stresses, containing salt stress (Kim et al., 2008). In transgenic Arabidopsis, overexpression of OsSMCP1 augmented tolerance to stresses compared to the control group (Yokotani et al., 2009). Together these are some of the studies in the literature that demonstrate the significant roles of C2 domain genes in numerous biological processes, so it is of great importance to study the functions of the C2 domain genes in plants (Nalefski and Falke, 1996). Although the C2 domain family has been analyzed in several plant species, no systematic investigations have been conducted in soybean (Glycine max).

Soybean is both a major global cereal crop and an essential tool in plant research. Particularly for countries such as China, soybean is a vital economic crop for cooking oil, soy products, soy sauce and protein extracts (Cerezini et al., 2020). However, in recent years shortages of water resources have exacerbated drought stress in plants which negatively affect crop cultivation and production in China (Kim et al., 2020). Thus, researchers have been employing molecular biology and genetic approaches to improve soybean yield and quality by enhancing its stress tolerance. Recently, with the expansion of biotechnology, it is effective to predict the gene function of a large gene family through genome-wide identification and analysis (Agarwal et al., 2019). Thus, we endeavored to systematically study the C2 domain family in soybean, given our current knowledge of its importance in plant stress tolerance and the availability of genomic information.

In this study, we identified 180 soybean C2 domain genes and analyzed their phylogenetic relationship, chromosomal distributions, motif compositions, cis-elements, and expression patterns in various treatments. To establish the role of the soybean C2 domain genes in response to stresses, we evaluated their response to various treatments, which include salt and drought stresses, as well as ABA treatment. Using real-time quantitative polymerase chain reaction (RT-qPCR) analysis, we revealed a gene, GmC2-148, with the strongest responses to these treatments. We simultaneously verified the resistance of GmC2-148 to abiotic stresses in soybean and Arabidopsis demonstrated that GmC2-148 possibly will improve acceptance to salt and drought stresses. The results presented in this report will expand our knowledge of the C2 domain family in soybean.



MATERIALS AND METHODS


Identification and Sequence Analysis of C2 Domain Genes

Protein sequences of the entire C2 domain in soybean and Arabidopsis were attained from Phytozome1. We downloaded the Hidden Markov model (HMM) profiles of the C2 domain (PF00168) to search C2 domain genes in the soybean dataset using the software HMMER 3.0 (HMMER2) with a threshold of e-value < e–5. The CDD3, Pfam4, and SMART5 databases were used to determine the conservative C2 domain genes. Calculation biophysical properties of C2 domain genes using the online server tool ExPASy6.



Phylogenetic Relationship, Chromosomal Distribution, and Gene Duplication of C2 Domain Genes

Multiple sequence alignment of the C2 domain genes from soybean and Arabidopsis was performed by ClustalW27. Using pairwise distances and the neighbor-joining (NJ) algorithm, we constructed a phylogenetic tree by MEGA7.0 with 1,000 bootstrap. All C2 domain genes were separately mapped on the 20 soybean chromosomes based on information from the Phytozome database. Multiple collinear scanning toolkits (MCScanX8) with the default parameters were used to analyze the gene replication events.



Gene Structure, Motif Composition and cis-Acting Element, Tissue-Specific Expression Patterns and cis-Acting Element Analyses of C2 Domain Genes

The gene structure map is generated from the online website9. Motif information was obtained by MEME10. Then we imported the images generated by the online websites into TBtools11 to generate a cluster composition (Chen et al., 2020). As for the analysis of tissue expression pattern, we uploaded the information of C2 domain genes to the online website soybase12 and drew the heat map of gene expression patterns in different tissues by TBtools. Another online tool, PLACE13, was applied to predict the soybean C2 domain gene promoters. We selected the 1,500 bp upstream from the ATG start codon of GmC2-58, GmC2-88, and GmC2-148 to analyze their cis-acting elements. The genes were submitted to PLACE to identify the cis-acting elements that are related to abiotic stresses.



RNA Extraction

We cultivated 10 “Williams 82” soybean seeds in a 12 cm × 12 cm pot filled with vermiculite and soil at a 1:3 ratio and established a total of 18 pots for all treatments. Fresh soybean leaves of 10-day-old plants were obtained to extract RNA after individuals were exposed to the various treatments. For the drought treatment, soybean seedlings were dried on filter paper before obtaining 0.1 g of leaf tissue at different time periods 0, 1, 2, 4, 8, 12, and 24 h. We pulled the soybean seedlings out of the soil and put them in a cup for another treatment. The salt, ABA and BR treatments of soybean seedlings contained 200 mM NaCl, 100 μM ABA and 100 μM BR, respectively. Additionally, we established a high temperature treatment by putting soybean seedlings in an oven set at 45°C and a low temperature treatment by putting soybean seedlings in a refrigerator at 4°C. Sampling of 0.1 g of leaf tissue occurred at the same time period as sampling occurred in the drought treatment.

The RNA of soybean roots treated with salt and dry pot culture was extracted and reverse transcribed to analyze the expression level of salt and drought related marker genes. We used the RNA prep plant kit produced by (TianGen, China) and the cDNA synthesized kit (Transgen, China) to obtain cDNA for follow-up experiments. The concentration of cDNA was diluted to about 200 ng/ul.



Analyses of C2 Domain Gene Expression Patterns in Various Treatments

The expression levels of three C2 domain genes, GmC2-58, GmC2-88, and GmC2-148 exposed to the various treatments were analyzed in soybean. RT-qPCR was accompanied with an ABI7500 real-time PCR system (ABI, United States) using TransStart Top Green qPCR SuperMix (Transgen, China). The data of each gene expression is calculated by using the method of 2−ΔΔCt method. Expression of GmC2-58, GmC2-88, and GmC2-148 were measured relative to the control (0 h). Using actin gene as internal control, the template cDNA was normalized. The total volume containing 2 × Taq PCR Master Mix was 20 μl (TianGen, China). The primer sequences used in this paper are all shown in the Supplementary Figure 2.



Gene Ontology Annotation

According to Conesa and Gotz (2008), we used the on line website Blast2GO14 to annotate and analyze the C2 domain family.



Subcellular Localization

We constructed an expression vector with green fluorescent protein (GFP) marker for subsequent subcellular localization analysis as described earlier (Cui et al., 2019). The coding sequence length (CDS) of GmC2-148 was specifically amplified by PCR, then the correctly sequenced plasmid was amplified with the splice primer with GFP, and transformed in Escherichia coli to extract the fusion plasmid of GmC2-148-GFP. The recombinant plasmid of GmC2-148-GFP was transformed into Arabidopsis protoplasts using PEG4000-mediated method (Momota et al., 2020). After incubating in the dark at 23°C for 18–24 h, the protoplasts were detected by laser confocal microscope (Carl Zeiss LSM 700, Germany).



Agrobacterium rhizogenes-Mediated Transformation of Soybean Hairy Roots

To generate the soybean plants with GmC2-148 transgenic hairy roots, the GmC2-148-3301 recombinant vector and empty vector (EV) were introduced into Agrobacterium competent cells of strain K599 and then transformed into soybean hairy roots by A. rhizogenes-mediated transformation as described earlier (Kereszt et al., 2007). We covered each infected soybean plant with a transparent plastic cup that was 25cm high and 8cm wide (at the bottom) to maintain the temperature at 25°C and air humidity at 70%, and the gaps in cups were filled with soil. After 2 weeks, hairy roots were observed at the infected site on the outside of the plastic cup, and then the main root 1 cm below the infected site was removed. Four seedlings were transplanted into a pot, totaling 24 pots containing mixed soil (1:1 vermiculite/humus) and then cultured at 25°C and a 16 h light/8 h dark photoperiod in a greenhouse.



Transformation of Arabidopsis and Propagation of Positive Seedlings

We ligated the CDS sequence of GmC2-148 to vector pCAMBIA1302 to construct the transgenic vector of GmC2-148 in Arabidopsis. After being transformed into E. coli and sequenced rightly, the plasmid was extracted and transformed by Agrobacterium competent cell GV3101. The OD600 value of Arabidopsis infection solution was adjusted to 0.8, then the inflorescence of Arabidopsis was soaked in the infection solution for 3 min, repeated twice, and the second infection was carried out 1 week after infection. Two weeks after infection, DNA was extracted from the leaves of Arabidopsis for positive detection, and RNA was extracted to detect the expression level. After harvesting the seeds of Arabidopsis positive lines with high expression level, the seedlings were screened on the medium of hygromycin, then planted and cultured to T2 generation for experiment.



Salt and Drought Tolerance Analyses

For the salt stress assay of soybean, EV and the soybean plants with GmC2-148 transgenic hairy roots were treated with 250 mM NaCl solution for 7 days. For the drought stress assay, EV and the soybean plants with GmC2-148 transgenic hairy roots were grown while watering was withheld for 7 days. After the drought treatment, we re-watered soybean plants for 3 days and then observed their growth. A control was also established for both treatments where plants were watered with 250 ml of water per pot three times a week.

As for experiment on salt treatment of Arabidopsis, wild type (WT) and GmC2-148 transgenic plants were treated with 250 mM NaCl solution for 7 days. During the drought treatment, Arabidopsis were grown while watering was withheld for 10 days. In the Arabidopsis root length experiment, we used 6 and 9% (w/v) polyethylene glycol (PEG) to simulate drought, and treated Arabidopsis with 90 and 110 mM NaCl, 10 and 12 μM ABA to observe the root length phenotype.



Measurements of Malondialdehyde, Proline, H2O2, and O2– Contents

During this study, we measured malondialdehyde (MDA), Pro, H2O2, and O2– contents from soybean leaves after the salt and drought stress treatments. For each physiological index, we sampled leaves from three individuals. Contents of MDA, Pro, H2O2, and O2– were measured 0.1 g from leaf samples follow the instructions of the kit (Solarbio, China). Determination of absorbance value by Varioskan LUX multimode enzyme labeling instrument (Thermo Fisher Scientific, United States).



Measurements of Chlorophyll Content and Electrical Conductivity

To determine the content of chlorophyll, took 0.1 g from soybean leaves and cut them up, placed in a centrifuge tube, and filled up to 10 ml with 80% acetone solution before placing the tube in the dark for 24 h. The chlorophyll extract’s reflectance was then measured at wavelengths of 665 and 649 nm to determine the chlorophyll content. An 80% acetone solution was used as the control.

To prepare materials for measurement of electrical conductivity, plant leaves of the same size were cleaned with paper and any water remaining on their surfaces was absorbed with filter paper. Then we cut the leaves into pieces of the same size, mixed them evenly and took 0.1 g of the cut pieces to soak them in 10 ml water for 12 h. Next, we measured the conductivity R1 of the solution of steeped leaf sample with a conductivity meter then putting samples in boiling water for 30 min and then cooling them to 25°C. We then measured R2 to calculate relative conductivity of samples based on the following equation: R1/R2 × 100%.



Nitrogen Blue Tetrazole and Trypan Blue Staining

Individual intact leaf samples from salt and drought stressed soybean and a control soybean group of plants were used in two staining procedures to observe the degree of damage to the leaves. For Nitrogen Blue Tetrazole (NBT) staining, the cut leaves were soaked in NBT solution for 14 h, and then immersed in 75% ethanol for decoloration until the sample became transparent. For trypan blue staining, we first prepared 10 ml of 0.4% trypan blue solution that was filtered and sterilized before adding 90 ml 1 × PBS solution. The leaves were placed in 100 ml of the mixed solution and kept at 37°C in the dark for 24 h. Dyed leaves were then added to a 1:3 ethanol:glacial acetic acid solution to decolorize leaves at 37°C in the dark for 24 h until the samples became transparent.



Measurements of Relative Water Content

Relative water content was determined using the following equation: relative water content (%) = (fresh weight − dry weight)/(saturated fresh weight − dry weight) × 100%. Soybean leaves were cut into pieces and then weighed to obtain fresh weight. They were subsequently soaked for a few hours until the leaves were saturated with water. Then their leaf surfaces were dried with absorbent paper and the leaves were weighed immediately to obtain their saturated fresh weight. The same leaves were then oven-dried at about 70–80°C for 2 days until they reached a constant weight. Dried samples were placed them on a table at 25°C for 2 h before measuring the dry weight (Li et al., 2020).



RESULTS


Identification and Phylogenetic Analysis of C2 Domain Genes in the Soybean Genome

We found 196 potential C2 domain genes in the soybean genome (G. max Wm82.a2.v1). After screening from SMART and Pfam databases, we identified 180 C2 domain family members in soybean. The statistical results exhibited that the amino acid sequence length of the 180 C2 domain genes varied from the shortest of 128 amino acids to the longest of 1,181 amino acids, and the length of CDS varied from 384 to 3,543. The isoelectric point (pI) varied from 4.8 to 5.32, and the molecular weights (MW) ranged from 27.9 to 292.5 kDa (Supplementary Table 1). We constructed an unrooted NJ phylogenetic tree to analyze the evolutionary relationships in the C2 domain family. The tree, constructed using the 180 soybean C2 domain genes and included 102 Arabidopsis C2 domain genes, classified the proteins into three major groups (I–III) and six subgroups (Ia, Ib, IIa, IIb, IIIa, and IIIb) according to their genetic relationships (Figure 1).
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FIGURE 1. Phylogenetic relationship of C2 domain genes between soybean and Arabidopsis. The phylogenetic tree was generated by comparison of the C2 domain amino acid sequences in MEGA 7. The neighbor-joining method was used and the bootstrap value was set to 1,000. All the genes were divided into three groups, I, II, and III.




Chromosomal Distribution and Gene Duplication of C2 Domain Genes

The chromosome information of C2 domain genes was extracted and the chromosomal positions indicated that the 180 C2 domain genes were unequally distributed in 20 soybean chromosomes (Supplementary Figure 1). Each chromosome contained ≥1 C2 domain gene. Chromosome 7 contained the highest number of C2 domain genes, while chromosomes11, 16, and 20 contained the lowest numbers of C2 domain genes. In order to disclose the extension mechanism of the C2 domain family, all soybean replication data files are filtered by MCScanX (Figure 2). Fragmented duplicated genes were the most frequently found on chromosome 8, followed by chromosome 7, whereas there were no pairs of duplicated fragmented genes on chromosome 16.
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FIGURE 2. Orthologous relationships of 180 C2 domain genes in soybean. Numbers along each chromosome box indicate sequence lengths in mega bases. Lines between two chromosomes represent the syntonic relationships.




Gene Structure and Motif Composition of Soybean C2 Domain Genes

To further understand the evolutionary relationship of the 180 C2 domain genes, we identified structural features and motifs of the C2 domain genes from soybean, including the locations of exons and introns and conserved motifs (Figure 3). According to our statistics, the number of introns in C2 domain family genes is varied from 1 to 18 and the number of introns considerably varied among the C2 domain genes. Most C2 domain genes in group Ia and IIa contain 8 introns, GmC2-70 in group Ia has the largest number of introns, containing 18 introns, GmC2-102 in group IIa has the largest number of introns, containing 17 introns. Most C2 domain genes in group Ib contain 15 introns, while most C2 domain genes in group IIb contain 9 introns. Most of the genes in group IIIa and IIIb have no introns. Also, the number of motifs contained in different genes varied greatly. Among the C2 domain genes, 44 had 1 motif, 34 had 2 motifs and 32 had 3 motifs, respectively accounting for 24.5, 18.8, and 17.7% of the total number of C2 domain genes. As for motif, group Ia containing motif 2 or 7, C2 domain genes in group Ib containing motif 7, most C2 domain genes in group IIa containing motif 7 and 9, group IIb containing motif 6 and 7, group IIIa and some C2 domain genes in group IIIb contained one motif 7, and the rest of the group IIIb genes contained other eight different motifs. Ten motifs are shown in the table (Table 1).
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FIGURE 3. Motif and gene structure analyses of 180 C2 domain genes. The gene sequences of 180 C2 domain genes were analyzed with online tools. The maximum number for motif is 10. There are great differences in the number of motifs and intron-exons in different genes.



TABLE 1. Information about 10 motifs of C2 domain family.
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Transcript Profiles of Soybean C2 Domain Genes in Response to Multiple Abiotic Stresses

The date of C2 domain genes differentially expressed under NaCl, drought and ABA treatments are from the RNA-seq results of our laboratory, which have been used in the paper by Shi et al. This RNA-Seq date comes from 10-day-old soybean seedlings that were subjected to NaCl, drought and ABA treatments (Shi et al., 2018). To study the soybean C2 domain genes in response to these treatments, we investigated the transcript profiles of them. Because under abiotic stress, compared with the other two groups, group I had the largest number of gene responses, implying that C2 domain genes in group I are more likely involved in soybean reaction to abiotic stress. Hence, we used a heat map to visually analyze the expression patterns of these potential stress-related genes in group I. The results presented that most of the soybean C2 domain genes in group I showed varying degrees of response to stress. What is more, we found that GmC2-58, GmC2-88, and GmC2-148 all exhibited greater levels of expression in response to the stress treatments, so then we selected these three genes for further investigation (Figure 4).
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FIGURE 4. RNA-seq analyses of the C2 domain genes from group I under various treatments. (A) Salt treatment transcript profiles, (B) Drought treatment transcript profiles, (C) ABA treatment transcript profiles. The heat map was produced by TBtools software, and different colors on the scale bar represent different transcript levels.




Tissue-Specific Expression Patterns of C2 Domain Genes

To comprehend the tissue-specific expression patterns of soybean C2 domain genes, their expression profiles in different tissues were obtained from the soybean database. We explored profiles of the C2 domain genes from group I in various tissues because they showed the highest responses in stressful abiotic conditions, and the hierarchical grouping of tissue-specific expression patterns could reflect the expression of these genes under normal conditions (Figure 5). Expression data displayed most soybean C2 domain genes showed diverse transcript levels in various tissues. In particular, GmC2-58, GmC2-88, and GmC2-148 all produced higher expression levels in roots, the important vegetative organ that functions to absorb water and inorganic salts from the soil, suggesting that the selected genes may have an important role in plant growth. The relevant data expressed by the organization are shown in the Supplementary Table 6.
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FIGURE 5. Tissue-specific heat map of expression profiles (in log10-based FPKM) of C2 domain genes in group I. The expression levels of different transcripts are represented by the color bar; red indicates high expression levels, while blue indicates low expression levels.




Promoter Regions of C2 Domain Genes Contain Various Stress Response Elements

In order to further elucidate the regulatory mechanism of C2 domain genes, we isolated the promoter regions of three selected genes GmC2-58, GmC2-88, and GmC2-148. The salt-responsive element GT1 and ABA-responsive element ABRE4 are two types of cis-elements associated to abiotic stress (Yang et al., 2020). We found these two elements, as well as the GA-responsive element W-BOX (Dhatterwal et al., 2019), drought-responsive elements MYB and DPBF (Carre and Kim, 2002), and wound-responsive element MYC (Ciznadija et al., 2009) were located within our three selected genes. These results further supported that C2 domain genes may confer abiotic stress tolerance to soybean.



Gene Ontology Annotation

To better understand the possible biological function of C2 domain genes, Blast2GO software were used to performed the GO ontology annotation (Supplementary Figure 3). According to the GO annotation results, the C2 domain proteins were annotated in various biological processes, including response to stress, negative regulation of cell death, intracellular signal transduction, phosphatidylcholine metabolic process, and lipid catabolic process. There were 134 C2 domain proteins were predicted to be related to molecular functions, such as calcium ion binding, calcium-dependent phospholipid binding, lipid binding, N-acylphosphatidylethanolamine-specific phospholipase D activity, signal transducer activity and GTPase activator activity. Finally, 105 C2 domain proteins were belonged to cellular components, which were located to integral component of membrane, membrane, intracellular, endoplasmic reticulum and plasma membrane. Through the GO annotation of C2 domain family, it is found that most of C2 domain genes respond to stress and depend on calcium phospholipid binding. This analysis is helpful for us to further understand and analyze C2 domain family.



Responses of Soybean C2 Domain Genes to Various Treatments

To further illuminate salt and drought stress responses of C2 domain genes, GmC2-58, GmC2-88, and GmC2-148 were investigated by RT-qPCR from soybean seedlings exposed to salt, drought and ABA treatments (Figure 6). Among the three genes, GmC2-148 obtained the highest expression levels in the various treatments, thus it was selected for subsequent experiments. In order to verify that GmC2-148 could respond to a variety of treatments, we performed RT-qPCR on soybean exposed to additional treatments of high temperature, low temperature and external spraying of BR (Figure 6). In all of these additional treatments, GmC2-148, again showed high levels of expression, further supporting that C2 domain genes respond to various treatments.
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FIGURE 6. Expression patterns obtained by RT-qPCR of the three selected C2 domain genes from soybean exposed to salt, drought, and ABA treatments. (A) Durations of salt treatment exposure were 0, 1, 2, 4, 8, 12, and 24 h. (B) Drought treatment durations were 0, 1, 2, 4, 8, 12, and 24 h. (C) ABA-treated leaves were sampled at the same times as the samples for the salt and drought treatments. (D) Expression patterns of GmC2-148 under heat, cold and BR treatments by RT-qPCR. The vertical coordinates are fold changes, and the horizontal ordinates are treatment times. The actin gene was used as an internal reference. Data are means of three biological repeats ± SD.




Subcellular Localization

Through online website analysis, we found that GmC2-148 is a transmembrane protein with typical C2 domain (Supplementary Figures 4,5). To scrutinize the subcellular localization of GmC2-148, we prepared protoplasts from Arabidopsis and carried out subcellular localization experiments. The 16318hGFP was used as a control, GFP fluorescence was observed throughout cells. Meanwhile the GmC2-148-GFP fusion protein was mainly localized in cell membrane indicating that GmC2-148 was located in the cytomembrane (Figure 7).
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FIGURE 7. Localization of C2 domain protein GmC2-148 in Arabidopsis protoplasts. The images of the construct transferred into Arabidopsis protoplasts were observed under a laser scanning confocal microscope. Bar = 10 μm.




The Soybean Plants With GmC2-148 Transgenic Hairy Roots Significantly Improved Salt Tolerance in Soybean Hairy Roots

To further explore the biological function of the C2 domain gene GmC2-148 in salt response, we carried out salt treatment on EV and the soybean plants with GmC2-148 transgenic hairy roots to observe the phenotype and mark data statistics. When under normal growth conditions, no significant differences were observed between the EV and the soybean plants with GmC2-148 transgenic hairy roots. In contrast, apparent differences were found in the growth and physiology between the EV and the soybean plants with GmC2-148 transgenic hairy roots after salt treatment for several days. Compared with the control group, the salt treatment group clearly exhibited curled and yellow leaves and a lower number of green leaves. Additional physiological data differed between control and treatment plants. The soybean plants with GmC2-148 transgenic hairy roots leaves showed delayed leaf rolling, higher Pro content, and lower contents of MDA, H2O2, and O2– compared with those of the EV control plants. The results of NBT and trypan blue-staining of leaves and other physiological indexes, such as electrical conductivity, chlorophyll content, survival rate, and relative water content, also showed that the resistance of the soybean plants with GmC2-148 transgenic hairy roots under salt stress was significantly better than that of EV control plants (Figure 8). At the same time, the root length of the soybean plants with GmC2-148 transgenic hairy roots after salt treatment was significantly longer than that of EV, because the root is an important organ for plants to absorb nutrients (Figure 10). The results of leaf staining and other physiological indicators also verify that the soybean plants with GmC2-148 transgenic hairy roots may enhance soybean resistance to salt treatment.
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FIGURE 8. Salt stress analyses of EV and the soybean plants with GmC2-148 transgenic hairy roots. (A) Phenotypes of EV and the soybean plants with GmC2-148 transgenic hairy roots under control and salt treatments. (B) NBT and (C) Trypan blue staining of EV and the soybean plants with GmC2-148 transgenic hairy roots under control and salt treatments; dead cells stain, while living cells do not stain. (D) MDA content, (E) Pro content, (F) H2O2 content, (G) O2− content, (H) electrical conductivity, (I) chlorophyll content, (J) survival rate, and (K) relative water content of EV and the soybean plants with GmC2-148 transgenic hairy roots under normal and salt conditions. Data are means ± SD obtained from three biological replicates. Significant differences determined by ANOVA at *p < 0.05 and **p < 0.01.




The Soybean Plants With GmC2-148 Transgenic Hairy Roots Significantly Improved Drought Tolerance in Soybean Hairy Roots

To determine the roles of GmC2-148 in drought response, a drought treatment was carried out on EV and the soybean plants with GmC2-148 transgenic hairy roots. Similarly, we found that there was no noteworthy difference between EV and the soybean plants with GmC2-148 transgenic hairy roots under normal growth conditions, but the leaf wilting and shedding of EV was more serious than that of the soybean plants with GmC2-148 transgenic hairy roots under drought conditions, indicating that the soybean plants with GmC2-148 transgenic hairy roots had stronger stress resistance under drought conditions. Similar to the salt stress treatment, the soybean plants with GmC2-148 transgenic hairy roots accumulated more Pro and had lower MDA, H2O2, and O2– contents (Figure 9). The results of NBT and trypan blue-staining of leaves and other physiological indicators measured after drought stress treatment verified that the soybean plants with GmC2-148 transgenic hairy roots heightened soybean resistance to drought stress. Correspondingly, the root length of the soybean plants with GmC2-148 transgenic hairy roots was considerably longer than that of EV after drought treatment (Figure 10).


[image: image]

FIGURE 9. Root length investigations of EV and the soybean plants with GmC2-148 transgenic hairy roots. (A–C) Root length pictures of EV and the soybean plants with GmC2-148 transgenic hairy roots after salt and drought treatments. (D) Fresh weight of root after salt treatment. (E) Fresh weight of root after drought treatment. (F) Root length after salt treatment. (G) Root length after drought treatment. *p < 0.05 and **p < 0.01.
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FIGURE 10. Drought stress investigations of EV and the soybean plants with GmC2-148 transgenic hairy roots. (A) Phenotypes of EV and the soybean plants with GmC2-148 transgenic hairy roots under control and drought treatments. (B) NBT and (C) Trypan blue staining of EV and the soybean plants with GmC2-148 transgenic hairy roots under control and drought treatments; dead cells can be stained, while living cells cannot. (D) MDA content, (E) Pro content, (F) H2O2 content, (G) O2− content, (H) electrical conductivity, (I) chlorophyll content, (J) survival rate, and (K) relative water content of EV and the soybean plants with GmC2-148 transgenic hairy roots under normal and drought conditions. Data shown are means ± SD obtained from three biological replicates. Significant differences determined by ANOVA. *p < 0.05 and **p < 0.01.




GmC2-148 Conferred Salt and Drought Tolerance in Arabidopsis

In Arabidopsis, we also verified the GmC2-148 transgenic plants resistance to abiotic stress. After Arabidopsis grown in 25°C and 70% humidity greenhouse for 7 days, and then treated them with salt and drought treatment respectively. In the root length experiment of Arabidopsis (Figure 11), the root length of transgenic plants treated with NaCl, PEG and ABA were longer than those of WT, indicating that GmC2-148 improved the ability of Arabidopsis root to resist abiotic stress. As shown by Figure 12, the growth status of GmC2-148 transgenic plants in Arabidopsis after adverse treatments was considerably better than that of WT, and the physiological indicators, survival rate, MDA and Pro also substantiated our results, showing that GmC2-148 transgenic plants augmented the resistance of Arabidopsis to abiotic stress.
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FIGURE 11. Root length investigations of EV and GmC2-148 transgenic Arabidopsis. (A–C) Root length of transgenic plants and WT after NaCl, PEG and ABA treatments. (D) Statistics of root length data of transgenic plants and WT after salt treatment. (E) Root length of transgenic Arabidopsis and WT after PEG treatment. (F) Root length of transgenic Arabidopsis and WT after ABA treatment. *p < 0.05 and **p < 0.01.
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FIGURE 12. Phenotypic investigations of Arabidopsis after salt and drought treatments. (A) Phenotypes of EV and GmC2-148 transgenic Arabidopsis plants under salt and drought treatments. (B) Statistics on the survival rate of transgenic plants and WT after salt and drought treatment. (C) MDA content of Arabidopsis after salt and drought treatments. (D) Pro content in transgenic Arabidopsis and WT after abiotic treatments.




The Soybean Plants With GmC2-148 Transgenic Hairy Roots Increased Transcripts of Abiotic Stress-Related Marker Genes

Several genes, COR47 (Guo et al., 1992), NCDE3 (Pandey and Gautam, 2020), NAC11 (An et al., 2018), WRKY13 (Xiao et al., 2013), DREB2A (Agarwal et al., 2007), MYB84 (Agarwal et al., 2020), bZIP44 (Yang et al., 2019), and KIN1 (Wang et al., 1995) play significant roles in salt and drought stresses. Analysis of the transcripts of these marker genes between EV and the soybean plants with GmC2-148 transgenic hairy roots revealed that the soybean plants with GmC2-148 transgenic hairy roots produced more transcripts of all of these genes under abiotic stress conditions (Figure 13). Thus the relationship between these marker genes and C2 domain family in resisting abiotic stress is worthy of further study.
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FIGURE 13. The soybean plants with GmC2-148 transgenic hairy roots revealed greater levels of transcription of salt and drought-stress marker genes (A–H). Two-week-old soybean seedlings were obtained for RT-qPCR analyses. The actin gene was used as an internal control. Data shown are means ± SD obtained from three biological replicates.




DISCUSSION

C2 domain proteins are abundant, however, their functions are still elusive (Antal et al., 2015). In order to gain more insights, we analyzed abiotic stress responses of C2 domain genes by obtaining transcriptome data from soybean exposed to salt, drought, and ABA treatments. To clarify the functions of C2 domain genes, we isolated and identified the GmC2-148 gene from 180 soybean C2 domain genes. The observed phenotypes and potential molecular mechanisms of GmC2-148 demonstrate that this gene improved salt and drought tolerance in soybean.

When plants are subjected to various stresses, a large amount of active oxygen is produced. A primary mechanism of harm to plants is the imbalance of the production and removal of active oxygen in the plant body (Adamipour et al., 2020). The imbalance between systems may cause excessive accumulation of reactive oxygen species, which in turn damages proteins, membrane lipids and other cellular components, as well as causes oxidative damage to plants. Our results showed that GmC2-148 showed strong responses to the salt, drought, and ABA treatments, as well as displayed a certain degree of response to BR. As reported, BR can enhance plant resistance to abiotic stresses through its effect on cell membranes (Marin-de la Rosa et al., 2019), and GmC2-148 protein is located in on the cell membrane. We suspect that the response of GmC2-148 to abiotic stresses may be involved in the BR signaling pathway. Brassinolide is a sterol plant hormone that participates in plant growth, various physiological reactions and resistance to oxidative stress development and various physiological reactions. It is also plays an essential role in plant resistance to oxidative stress. Reportedly, BR enhances the tolerance to oxidative stress by promoting the synthesis of another plant hormone, ABA, and inducing the antioxidant defense system. However, it is not clear how BR interacts with ABA to enhance C2 domain proteins in regards to plant tolerance to oxidative stress. Our research found that the gene expression levels of GmC2-148 were simultaneously induced by BR and ABA. Therefore, we assume that C2 domain proteins may be involved in the crosstalk of various stresses and hormones in plants.

The plant root functions to absorb water and minerals provide them to stems and leaves, while storing nutrients (Zhao et al., 2020). In order to maintain and improve plant vigor in salt and drought conditions and thus increase chances of survival, roots help maintain ion balance by controlling ion migration into or out of cells through the cell membrane. A large number of studies have shown that the expression of C2 domain genes are unlike in diverse plants, for example, CaSRC2-1 was mainly expressed in roots (Kim et al., 2008). Yang et al. (2008) found that rice OsPBP1 expression was highest in non-pollinated pistils. We found the expression of GmC2-148 was highest in roots (Figure 5). These results altogether suggest that C2 domain genes have different tissue specificities. We observed root length of the soybean plants with GmC2-148 transgenic hairy roots were significantly longer than that of EV after salt and drought treatments (Figure 10), indicating that C2 domain genes respond to abiotic stresses and may enhance soybean’s ability to resist abiotic stresses. We suspect that GmC2-148 can increase the osmotic balance of water and the balance of anions and cations in cells throughout the root under stressful circumstances, which can improve salt and drought tolerance in soybean. We also did root length experiments in Arabidopsis under NaCl, PEG and ABA treatments to verify the function of GmC2-148 (Figure 11). The results showed that the GmC2-148 transgenic plants in Arabidopsis improved the growth status of Arabidopsis compared with WT under these conditions. Shinozaki et al. have studied in detail the regulation of gene expression in Arabidopsis under abiotic stresses. They believe that there are at least four independent signal transduction pathways between the initial signal of dehydration stress and gene expression 2 are ABA-dependent and 2 are ABA-independent (Nakashima and Yamaguchi-Shinozaki, 2013). We speculate that C2 domain family members are ABA-dependent under abiotic stresses and gene expression. So the longer roots of Arabidopsis after ABA treatment compared to control WT suggested that the GmC2-148 may act in stress tolerance through/reduction of ABA signaling or responses. The relationship between C2 domain genes and ABA will be the focus of our next experimental study.

In plants, the C2 domain proteins are reportedly involved in diverse processes, including abiotic stress, pollen fertility, and membrane targeting and leaf senescence in a Ca2+-dependent manner (Kang et al., 2013). Previous studies have shown that C2 domain proteins can interact with Ca2+ ions because of their five conserved aspartic acid (Asp) residues (Rizo and Sudhof, 1998). As report goes that Ca2+ plays a vital role as a second messenger in response to abiotic stresses (Zheng et al., 2014). Elevation of cytosolic Ca2+ is induced by salt and high osmotic pressure, and the elevated level is connected to the expression of stress-responsive genes (Zhao et al., 2010). Through our research we found that although plant C2 domain genes are not well known, a number of reports suggested their function participation in Ca2+ signaling (Xie et al., 2011). The SYT1, an Arabidopsis C2 domain protein, involved in response to freeze stress with Ca2+-dependent manner (Yamazaki et al., 2008). In this study, the mode of binding between C2 domain protein GmC2-148 and Ca2+ needs further elaboration.



CONCLUSION

In the present study, we implemented a genome-wide analysis of the C2 domain gene family in soybean. A total of 180 C2 domain genes were identified based on the conserved C2 domain, and the genes were classified into three major groups, I, II, and III. Most members of group I responded to salt, drought and ABA treatments. GmC2-148, encoding a cell membrane-localized protein, is a positive regulator of plant tolerance to salt and drought stresses by activating abiotic stress-related genes. However, further study is needed to determine the specific functions of the C2 domain genes. To sum up, the present study investigates the importance of C2 domain genes in abiotic stress-tolerance in soybean.
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Forage quality determined mainly by protein content and fiber composition has a crucial influence on digestibility and nutrition intake for animal feeding. To explore the genetic basis of quality traits, we conducted QTL mapping based on the phenotypic data of crude protein (CP), neutral detergent fiber (NDF), acid detergent fiber (ADF), and lignin of an F1 alfalfa population generated by crossing of two alfalfa parents with significant difference in quality. In total, 83 QTLs were identified with contribution to the phenotypic variation (PVE) ranging from 1.45 to 14.35%. Among them, 47 QTLs interacted significantly with environment and 12 QTLs were associated with more than one trait. Epistatic effect was also detected for 73 pairs of QTLs with PVE of 1.08–14.06%. The results suggested that the inheritance of quality-related traits was jointly affected by additive, epistasis and environment. In addition, 83.33% of the co-localized QTLs were shared by ADF and NDF with the same genetic direction, while the additive effect of crude protein-associated QTLs was opposite to that fiber composition on the same locus, suggesting that the loci may antagonistically contribute to protein content and fiber composition. Further analysis of a QTL related to all the three traits of fiber composition (qNDF1C, qADF1C-2, and qlignin1C-2) showed that five candidate genes were homologs of cellulose synthase-like protein A1 in Medicago truncatula, indicating the potential role in fiber synthesis. For the protein-associated loci we identified, qCP4C-1 was located in the shortest region (chr 4.3 39.3–39.4 Mb), and two of the seven corresponding genes in this region were predicted to be E3 ubiquitin-protein ligase in protein metabolism. Therefore, our results provide some reliable regions significantly associated with alfalfa quality, and identification of the key genes would facilitate marker-assisted selection for favorable alleles in breeding program of alfalfa quality improvement.

Keywords: crude protein, fiber composition, quality, QTL mapping, Medicago sativa L.


INTRODUCTION

Crude protein and fiber components are two key indicators of forage quality, which affects digestibility and nutrition intake for animal feeding. Perennial legume alfalfa (Medicago sativa L.) has become an important forage in the diet of ruminants due to its high protein content (15–20%), as well as vitamins and minerals (Annicchiarico et al., 2015). Improvement of alfalfa’s protein content lowers the cost of raising of ruminants. Generally, fiber component of alfalfa is consisted of neutral detergent fiber (NDF), acid detergent fiber (ADF), and lignin. Among them, NDF is negatively correlated with feed intake of animals (Oba and Allen, 1999), and high content of ADF or lignin lowers digestibility (Sarwar et al., 1999). Therefore, breeding alfalfa new varieties with improved quality has been a major focus of the forage breeders worldwide.

Forage quality is affected by both genetic and environmental factors (Griffin et al., 1994; Palmonari et al., 2014; Liu et al., 2018; Yang et al., 2019). A lot of progress has been made in improving alfalfa quality by genetic manipulation and optimization of cultivation strategy. For example, protein content in alfalfa was increased by overexpressing of glutamate synthase or glutamine synthase, two enzymes involving in ammonium assimilation (Vance et al., 1995; Kaur et al., 2019). Reduction of lignin content was achieved by down-regulating lignin synthesis genes such as, hydroxycinnamoyl -CoA:shikimate hydroxycinnamoyl transferase (HCT), coumarate 3-hydroxylase (C3H), cinnamyl alcohol dehydrogenase (CAD), caffeic acid 3-O-methyltransferase (COMT), and caffeoyl CoA 3-O-methyltransferase (CCoAOMT) (Baucher et al., 1999; Marita et al., 2003; Nakashima et al., 2008; Tong et al., 2015; Gallego-Giraldo et al., 2016). In addition, suitable field management of seasonal fertilization and irrigation, is beneficial for alfalfa growth and enables a better balance of protein and fiber content (Bacenetti et al., 2018).

Since the proposal of QTL interval mapping (IM) in 1989 (Lander and Botstein, 1989), QTL mapping has become a focus of quantitative genetics research. There have been a number of QTL studies in other crops, such as rice and soybean, for these quality-related traits (Zhang et al., 2008, 2018; Warrington et al., 2015; Bazrkarkhatibani et al., 2019). For example, 47 QTLs related to fiber were identified in a corn RIL population (Li et al., 2017), and 14 QTLs related to grain protein content were mapped in a rice BC3F4 population, and gluten family genes were identified from qGPC1.1 (Chattopadhyay et al., 2019).

QTL research in alfalfa is rather slow primarily due to its nature of heterozygosity and autotetraploidy which hampers the construction of genetic maps. It has been documented that the linkage distance between molecular markers could be estimated using single dose alleles (SDA) with a separation ratio of 1:1 in alfalfa (Brouwer and Osborn, 1999). Based on SDA, using this method, a series of alfalfa genetic maps containing eight chromosomes have been constructed (Sledge et al., 2005). In 2014, a saturated genetic linkage map was developed using 3,591 single nucleotide polymorphism (SNP) markers of alfalfa (Li et al., 2014). Some of the linkage maps have been applied to analyze the agriculturally important traits especially yield, fall dormancy and stress tolerance to advert environmental conditions (Ray et al., 2015; Adhikari et al., 2018; Zhang et al., 2019). Used the method described by Zhang et al. (2020), we previously also constructed an alfalfa linkage map containing 3,818 SNP markers obtained by genotyping-by-sequencing (GBS) of an F1 population of about 392 individual plants. To identified the key QTLs or candidate genes associated with alfalfa quality, here we conducted QTL mapping based on our 3-year data of crude protein content and fiber composition of the F1 population. Our results provide useful information on reliable candidate locus for alfalfa quality improvement.



MATERIALS AND METHODS


Plant Materials and Growth Conditions

Alfalfa materials used in this study were an F1 population of 392 individuals generated by crossing of a landrace “Cangzhou” (the paternal parent) with Zhongmu No.1 (the maternal parent) as described previously (Zhang et al., 2020).

The field trials were conducted at the research base of the Chinese Academy of Agricultural Sciences in Langfang, Hebei province. The average temperature annually is 11.9°C, the average temperature in the coldest month (January) is −4.7°C, and in the hottest month (July) is 26.2°C. The annual precipitation is 554.9 mm. The soil is medium loam with 1.69% organic matter and a pH of 7.37.



Phenotyping

Seedlings including F1 population and the parental plants were cultured in greenhouse under conditions of 16 h day/8 h night, 22°C, and 40% relative humidity. Clones were generated via stem cuttings and transplanted into field in early April of 2014 with three clones as replicates randomly planted in three adjacent blocks. Row spacing is 100 cm and column spacing 80 cm. Plants were clipped late fall with the ground retention height of 5 cm. No application of fertilizer or irrigation was carried out for the field.

The first cut of 2016, 2019, and 2020 with a height of ground stubble at 5 cm was used for phenotypic data collection. Samples were oven-dried (60°C, 24 h), and ground to pass through a 1-mm sieve. The content of crude protein, NDF, ADF, and lignin was measured using near-infrared reflectance spectroscopy (Foss NIRS 1650) with an analytical model corrected by chemically measured data of 20 alfalfa samples. SAS 9.4 was performed to analyze the mean comparison of the parental phenotypic data and the normal distribution test (variation range, mean, variance, skewness, and kurtosis) and correlation analysis for the crude protein, NDF, ADF, and lignin of F1 population. The frequency distribution of the F1 population phenotypic data was plotted using SPSS 18.0 (Baarda and van Dijkum, 2019). The broad sense heritability (H2) of each trait was calculated using the ANOVA function of the software QTL-IciMapping (Meng et al., 2015).



QTL Analysis

Raw data of Genotyping-by-Sequencing (GBS) were submitted to the NCBI Sequence Read Archive with bioproject ID: PRJNA5228871.

The genetic linkage map was constructed as has been described by our previous study (Zhang et al., 2020). Since our population is a pseudo-testcross F1 population, we constructed linkage map separately in maternal and paternal parents (Grattapaglia, 1997).

For environmental effect, best linear unbiased prediction (BLUP) was calculated by ANOVA model of IciMapping (ICIM) (Malosetti et al., 2004; Messmer et al., 2009). Additive QTLs were detected using Biparental Populations (BIP) function of ICIM and mapped by ICIM-ADD with Likehood of odd (LOD) threshold of 2.5 for significance. The additive QTL result was graphically represented using MapChart (Voorrips, 2002). Additive QTLs interacting with environment were identified by MET (QTL by Environment Interactions for Multi-Environment Trials) model of ICIM, the threshold was set to 2.5. For epistatic QTLs, BIP-ICIM-EPI model was used, the LOD threshold was set to 5.0 (Li et al., 2007; Meng et al., 2015).



RESULTS


Analysis of the Phenotypic Variations

For evaluation of alfalfa quality, phenotypic data including crude protein and fiber composition of F1 population and its two parental plants were measured in 2016, 2019, and 2020. According to the t-test, the crude protein content of the parental parent was significantly higher than that of the maternal parent (21.19 vs. 18.83%; 22.32 vs. 19.27%) in 2016 and 2019 (P < 0.01). In contrast, the content of NDF, ADF, and lignin of the paternal parent was significantly lower than that in the maternal parent tested in the 3 years (P < 0.01) except lignin in 2020 (Supplementary Table 1). The results demonstrated that the paternal parent was superior to the maternal one in quality. A frequency distribution histogram based on the F1 population quality data showed transgressive segregation in the F1 population with a continuous distribution (Figure 1), indicating that the quality indexes used here were quantitative traits. The phenotypic variation we observed is consistent with the previous reports (Julier et al., 2000; Wang et al., 2016; Biazzi et al., 2017). The variation over years suggested that these traits are affected by the environment.


[image: image]

FIGURE 1. Frequency distribution histogram of F1 population quality traits in 2016, 2019, and 2020. The black solid line is the normal distribution curve. The traits are include the following: (A) CP in 2016; (B) NDF in 2016; (C) ADF in 2016; (D) lignin in 2016; (E) CP in 2019; (F) NDF in 2019; (G) ADF in 2019; (H) lignin in 2019; (I) CP in 2020; (J) NDF in 2020; (K) ADF in 2020; (L) lignin in 2020; (M) CP of BLUP; (N) NDF of BLUP; (O) ADF of BLUP; and (P) lignin of BLUP.




Analysis of Correlation Coefficiency and the Broad-Sense Heritability in F1 Population

The correlation coefficient was calculated using the BLUP value. As shown in Table 1, the three indexes for fiber composition were positively correlated and the correlation coefficient ranged from 0.40–0.68 (P < 0.01) with the highest between NDF and ADF. Crude protein was negatively correlated with both ADF (−0.49) and Lignin (−0.17) for P < 0.01, but not with NDF (P > 0.05). The calculation of the broad-sense heritability showed a relatively higher value for NDF (0.56) and lower one for lignin (0.46) (Table 1).


TABLE 1. Correlation coefficiency and the broad-sense heritability in the F1 population.
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Mappping of QTLs Associated With Crude Protein and Fiber Composition

Based on the data of crude protein and fiber composition of the F1 population and its parental plants collected in 2016, 2019, and 2020, QTL mapping was performed using the alfalfa linkage map we previously constructed (Zhang et al., 2020). In total, we detected 83 QTLs related to either protein content or fiber composition with 31, 15, and 17 loci from the year of 2016, 2019, and 2020, respectively, and the rest were detected using BLUP values.

For crude protein, a total of 23 QTLs were mapped including seven QTLs identified using BLUP values (Table 2 and Supplementary Table 2). The LOD values ranged from 2.62 to 10.24, the percentage of phenotypic variation explained by QTL (PVE) was 1.45–11.34%, and the additive effect value of −0.87 to 1.32. QTL qCP7D, had the highest LOD value (Supplementary Table 2), and QTL located on the chromosome 5B (qCP5B) had the highest PVE and additive effect values (Table 2).


TABLE 2. Maternal QTL mapping results.

[image: Table 2]QTLs associated with fiber composition were separately identified based on our evaluation of NDF, ADF, and lignin content. For NDF-related QTLs, the 29 loci with 12 mapped in the paternal and 17 in the maternal parent were located on 18 linkage groups with PVE varying from 2.18–6.27% (Table 2 and Supplementary Table 2). The number of QTLs we discovered varied in the test years with a double amount mapped in 2016 compared with the 2019 and 2020. Additive effect of half the loci (14 out of 29) was positive and the other half (15 out of 29) negative, suggesting they were inherited from the maternal and paternal parent, respectively.

For QTLs associated with ADF, in total, 18 QTLs locating on 12 different linkage groups were discovered to be associated with ADF (Table 2 and Supplementary Table 2). In 2016, 8 QTLs were mapped, and additive effect of five loci was negative with PVE of 4.06 and 4.12%. Using, BLUP values of ADF, four QTLs were detected with three from the maternal parent.

For lignin-associated QTLs, a total of 13 QTLs were discovered on 10 linkage groups (Table 2 and Supplementary Table 2). Their LOD values ranged from 2.55 to 11.75. PVE of 3.01–14.35%, and additive effect of −0.72 to 0.63. QTL qlignin6D-2 had the highest LOD and PVE of 11.75 and 14.35, respectively. QTL qlignin5B locating on chromosome 5B had the highest additive effect.



QTLs Associated With Multiple Traits

Our results showed that 83 QTLs were detected to be associated with the content of protein or fiber in alfalfa. Among them, 12 QTLs were found to be associated with more than one trait, and seven loci were distributed on the maternal linkage map and five on the paternal one (Figure 2 and Supplementary Figure 1). QTL qlignin6D-2, which was associated with both lignin and crude protein, has the biggest LOD and PVE (Table 2), suggesting this QTL may contain key genes that can significantly affect lignin content.
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FIGURE 2. Quality-related QTL across the 32 linkage groups from a genetic map of maternal parent. The ruler on the left side represents the relative position of SNP on the chromosome. The small colored blocks represent QTL intervals. Black, QTLs in 2016; red, QTLs in 2019; green, QTLs in 2020; BLUP, QTLs of BLUP. The QTL in the box means it has been reported, qCP5A-2 (Biazzi et al., 2017); qNDF8B and qADF8B (Sakiroglu and Brummer, 2017).


83.33% (10 out of 12) of the QTLs were co-localized by ADF and NDF (Figure 2 and Supplementary Figure 1), indicating that both indexes contribute to fiber connect in alfalfa. Among them, three loci were identified to be associated with ADF, NDF, and lignin simultaneously, suggesting the higher reliability of these loci as candidates for further investigation of alfalfa fiber composition. The rest two co-localized QTLs were related to crude protein and NDF (Figure 2 and Supplementary Figure 1). Interestingly, the values of addition effect for individual QTL co-localized by fiber composition were unanimously negative or positive, suggesting that thy shared the same genetic direction. In contrast, the additive effect for QTLs associated with both crude protein and fiber composition were opposite, suggesting that the loci may antagonistically contribute to the two traits.



Analysis of Additive QTLs Interacted With the Environment

We also analyzed effect of environment by measuring the interaction effects. Among the 83 quality related QTLs, 47 were identified as interacting with the environment (Table 2 and Supplementary Table 2). The additive QTL × environment interaction effect (AE) of 24 loci was positive (0.05 ∼ 0.49), suggesting an increase of the phenotypic value of the corresponding trait, and the rest 23 were negative (−0.02 ∼ −0.55). PVE of AE was ranged from 0.10 ∼ 3.84%, suggesting these interaction effects have less effect on the phenotype.



Analysis of Epistatic QTLs

To explore the interaction between QTLs, we analyzed epistasis effect. In total, 73 epistatic QTL pairs (epQTLs) were detected with PVE ranging from 1.08 to 14.06%, and 31 pairs were identified using the BLUP values. No additive QTLs were found to be affected by other QTLs. 73 epQTLs all independently affected the phenotype, and these loci were distributed on 29 linkage groups except 2B, 3B, and 5A (Supplementary Tables 3, 4, Figure 3, and Supplementary Figure 2). Eleven pairs were associated with crude protein, eight with NDF, 17 with ADF, and 37 with lignin, respectively. A total of 25 epQTLs showed positive effects (0.12 ∼ 1.62), indicated that they could increase the phenotypic value independently from additive QTL, and 37 pairs showed negative effect (−0.11 ∼ −3.06), showed that they could reduce the phenotypic value independently. ep-QTL (eqNDF1C-eqNDF5B) associated with NDF had the highest PVE of 11.18%. In addition, 43 pairs of epistatic QTLs were identified at similar positions on the same chromosome, suggesting that most quality-related gene regulatory factors exist nearby. Moreover, we also identified the co-localized regions of two epistatic QTLs for different traits, which showed these loci may contribute to the two traits. The co-localized regions: (1) The region between markers TP6403 and TP71156 and the region between markers TP71156 and TP57346 on chromosome 1 (linkage group 1C) were associated with crude protein and lignin. (2) The region (TP49934-TP25688) on chromosome 1 (linkage group 1C) and the region (TP19263-TP27443) on chromosome 4 (linkage group 4D) were associated with NDF and ADF.
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FIGURE 3. Cyclic diagram of epistatic QTLs for quality-related traits of the maternal parent. The dotted lines indicate the interacting SNP marker pairs mapped on the same or different linkage group with corresponding LOD scores owing to their epistatic effects. Marker position (cM) is mentioned inside the oval located on linkage group.




Analysis of Potential Candidate Genes

To search candidate genes, sequences of the markers flanking our additive QTLs were used to perform BLAST against the Medicago truncatula genome. Because of the genetic difference between Medicago truncatula and Medicago sativa, limited markers were matched. Among them, the region of qNDF1C, which co-localized with qADF1C and qlignin1C, contains eight related genes, five annotated as cellulose synthase-like protein A1 (Table 3). Consistently, a NDF-associated SNP was detected on this locus by Li et al. (2011). Genetic manipulation of the candidate genes would help to elucidate their role in alfalfa quality formation.


TABLE 3. Annotated genes associated with related traits in the detected region.

[image: Table 3]We also referenced the alfalfa genome (Chen et al., 2020) using TBtools to do BLAST. Six QTLs were matched on six chromosomal regions and the corresponding genes within these regions were listed (Supplementary Tables 5–10). The narrowest region (qCP4C-1) encoded seven genes, and two were predicted to be E3 ubiquitin-protein ligase SDIR1 and E3 ubiquitin-protein ligase RDUF2 (Table 3), which have been proven to be closely related to the degradation of plant proteins (Holdsworth et al., 2020). More effort are needed to align the QTLs in future.



DISCUSSION

Alfalfa (Medicago sativa L.) known as the “queen of forage” has been cultivated worldwide due to its high nutritional quality as animal feed, and become the fourth most valuable field crop in the United States. Alfalfa quality determined mainly by protein content and fiber composition affects the digestibility and nutrition intake for animal feeding. Improving alfalfa quality by increasing crude protein or reducing fiber content has benefited animal husbandry (Koçer et al., 2018). Using QTL mapping combined with high throughput genotyping technology, we identified 83 regions associated with crude protein, fiber or lignin based on the phenotypic data of an F1 population established by crossing two alfalfa parents with significant difference in quality.

It has been documented that analysis of multiple effects including additive effect, epistatic effect, and QTL × environment interaction effect helps to avoid an underestimation of the total genetic impact of a trait (Patil et al., 2013; Chattopadhyay and Behera, 2019). We found that 60.26% (47 out of 83) of additive QTLs interacted with the environment, and 73 pairs regions had epistatic effect, which suggested the complexity of alfalfa quality traits. This phenomenon was also found in the QTL identification of rice grain protein content (Chattopadhyay et al., 2019). Future research of different mapping groups with phenotypic data from multiple temporal and spatial collection would be effective.

Previous study revealed that the QTLs of NDF, ADF, and lignin in alfalfa have co-localizations on chromosomes 1 and 3 (Wang et al., 2016). We identified 12 QTLs associated with multiple traits and they distribute on chromosomes 1, 4, 5, 6, 7, and 8. The poor continuity of QTL mapping has been reported in crop yield studies of rice (Agrama et al., 2007; Zhang et al., 2014), probably due to the difference of populations used for the studies, as well as the number of markers available. Colocalization and pleiotropic associations have been reported to help reveal important genomic regions or genes associated with the target traits (Huang et al., 2015). Although the 12 co-localized regions scattered on six linage groups, the traits for fiber composition, including ADF, NDF, and lignin, were found unanimously sharing either negative or positive values of addition effect, indicating the similar genetic contribution of the loci to these traits. In contrast, the two QTLs co-localized by crude protein and NDF/ADF had the opposite additive effect. For example, the additive effect of a QTL associated with crude protein, NDF, and ADF in linkage group 6C, was 0.3391, −0.8079, and −0.6446, respectively, implying that the QTL antagonistically contributes to protein content and fiber composition. The findings are consistent with the correlation analysis between these traits. Supportively, down-regulation of lignin synthesis gene hydroxycinnamoyl CoA: shikimate hydroxycinnamoyl transferase in transgenic alfalfa could reduce NDF and ADF (Shadle et al., 2007). The colocalized QTLs may be applied in improvement of multiple traits simultaneously.

Four of the 83 QTLs we identified here have been documented to be associated with alfalfa quality (Li et al., 2011; Espinoza and Julier, 2013; Biazzi et al., 2017; Sakiroglu and Brummer, 2017). For example, A SNP associated with NDF in Li’s report shared the same region with qNDF1C, and the QTL was co-localized by qADF1C-2 and qlignin1C-2. The shortest region of a QTL related to protein content has two E3 ubiquitin-protein ligases, which mediate the polyubiquitination of lysine and cysteine residues on target proteins, and have been proven to play an important role as regulators of protein trafficking and degradation. These findings are in supportive of our association analysis of alfalfa quality QTLs, and the loci are worthy of further investigation. Narrow down of the regions covered by our QTLs would specify more candidates potentially contributing to alfalfa quality formation. An increase of sequencing coverage, enrichment of markers and application of higher density linkage maps would facilitate marker-assisted selection for favorable alleles in breeding alfalfa varieties with improved quality.



CONCLUSION

The identified QTLs associated with quality-related traits provide important information for understanding the genetic controls of alfalfa quality. The results of this study could be used for molecular marker-assisted selection, dramatically improving the quality of alfalfa by molecular means.
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Supplementary Figure 1 | Quality-related QTLs across the 32 linkage groups from a genetic map of the paternal parent. The ruler on the left side represents the relative position of SNP on the chromosome. The small colored blocks represent QTL intervals. Black, QTLs in 2016; red, QTLs in 2019; green, QTLs in 2020; BLUP, QTLs of BLUP.

Supplementary Figure 2 | Cyclic diagram of epistatic QTLs for quality-related traits of the paternal parent. The dotted lines indicate the interacting SNP marker pairs mapped on the same or different linkage group with corresponding LOD scores owing to their epistatic effects. Marker position (cM) is mentioned inside the oval located on linkage group. The QTL in the box means it has been reported, qNDF1C, qADF1C-2, and qlignin1C-2 (Li et al., 2011); qNDF7D and qADF7D (Espinoza and Julier, 2013).
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Developing high yielding cultivars with outstanding quality traits are perpetual objectives throughout crop breeding operations. Confoundingly, both of these breeding objectives typically involve working with complex quantitative traits that can be affected by genetic and environmental factors. Establishing correlations of these complex traits with more easily identifiable and highly heritable traits can simplify breeding processes. In this study, two parental soybean genotypes contrasting in seed hilum size, yield, and seed quality, as well as 175 F9 recombinant inbred lines (RILs) derived from these parents, were grown in 3 years. The h2b of four hilum size, two quality and two yield traits, ranged from 0.72 to 0.87. The four observed hilum size traits exhibited significant correlation (P < 0.05) with most of seed yield and quality traits, as indicated by correlation coefficients varying from -0.35 to 0.42, which suggests that hilum size could be considered as a proxy trait for soybean yield and quality. Interestingly, among 53 significant quantitative trait loci (QTLs) with logarithm of odds (LOD) values ranging from 2.51 to 6.69 and accounting for 6.40–16.10% of genetic variation, three loci encoding hilum size, qSH6.2, qSH8, and qSH10, colocated with QTLs for seed yield and quality traits, demonstrating that genes impacting seed hilum size colocalize in part with genes acting on soybean yield and quality. As a result of the breeding efforts and field observations described in this work, it is reasonable to conclude that optimizing hilum size through selection focused on a few QTLs may be useful for breeding new high yielding soybean varieties with favorable quality characteristics.
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KEY MESSAGE

Hilum size could be used as a proxy trait for breeding soybean cultivars with high yielding and outstanding quality in field condition.



INTRODUCTION

Soybean (Glycine max L. Merr.) is one of the most widely cultivated crops worldwide, with its protein- and oil-rich beans and contributing about 69% of the protein and 30% of the oil consumed by humans and livestock (Van and McHale, 2017). Consequently, improvements in bean yield and quality traits are perennially targeted as primary objectives in soybean breeding programs across the globe. However, yield and quality traits are complex, quantitative traits that are impacted by both genetic and environmental factors (Li et al., 2008). The continuous nature of these traits and marginal variation among top performing lines can make it difficult to differentiate individual lines in field experiments. In some cases, traits with simpler genetic components, or that are more robust under field conditions, can be used as proxy traits for yield and quality traits. For instance, soybean yield has been associated with seed size and individual plant architecture (Hartung et al., 1981). In other words, soybean plants with ideal shoot architectures and suitable seed sizes are more likely to produce high yields in larger-scale production. In situations such as this, breeders successfully improved soybean yield and quality by evaluating a relatively simple set of traits that are mainly controlled by few genetic loci and/or less affected by the environment. For example, relevant soybean growth characteristics were found to be largely controlled by only two genetic loci, Dt1 and Dt2, which have been proven to play critical roles in remolding plant shoot architecture and enhancing soybean field yield (Bernard, 1972; Cober and Morrison, 2010). Therefore, characterization of the genetic basis of relatively simple traits and their roles in improving soybean field yield and quality traits may facilitate soybean breeding, especially in programs incorporating marker-assisted selection (MAS).

In soybean, the hilum, which connects the pod wall with the seed coat, provides a pathway for delivering nutrients and photosynthates to the developing embryo and is, therefore, a critical tissue for seed development (Hardham, 1976; Thorne, 1981). Several reports have begun to outline just how important this connection is. For one, the major and minor hilum axes lengths have been positively correlated with protein content and individual seed weight (Barion et al., 2016). Plus, plant seeds with intact hilums exhibit relatively high seed vigor (Kumar et al., 2019), whereas plants with injured hilums produce poor quality seeds that are susceptible to significant yield losses, possibly due to bacterial infections and reduced nutrient flows (Hsieh et al., 2005). In addition, the seed hilum is also the channel for water uptake and efflux during germination (Pietrzak et al., 2002; Zhang et al., 2004; Muramatsu et al., 2008; Jaganathan et al., 2019) and as the seed matures (Hyde, 1954). Furthermore, hilum attributes might have been selected during domestication, since this tissue serves as a hygroscopically activated valve in the impermeable epidermis of the testa, which is critical for seed dormancy (Hyde, 1954). Corroborating evidence has also been produced in more invasive experiments in which exposure of the hilum to moderate doses of ionizing radiation led to genomic mutations (Arase et al., 2011) and alterations in seed growth and development (Li et al., 2011). Overall, previous studies have determined that hilum morphology and health significantly influence seed weight and quality. Unfortunately, the hilum, as a relatively simple trait, has not attracted more attention from breeders, as the currently available data do not provide useful information about the genetic basis for seed hilum roles in improving soybean yield and seed quality in field conditions. In initiating this present work, we decided that determining the genetic basis of hilum traits and exploring genetic resources available for controlling soybean seed hilum morphology might facilitate MAS breeding efforts aimed at improving soybean yield and seed quality in agricultural settings.

In this study, two soybean cultivars with contrasting phenotypes in seed yield, seed quality, and hilum traits were crossed to construct a genetic population consisting of 175 F9:11 recombinant inbred lines (RILs). The parents and their offspring were evaluated in 3 years of field experiments to determine (1) if seed hilum traits are correlated with yield and quality traits and, if so, then (2) what is the common genetic basis. In short, the objective of this study is to explore the common genetic basis underlying seed hilum size, yield, and quality traits in soybean, which possibly can be used as a proxy trait in soybean breeding program.



MATERIALS AND METHODS


Plant Materials and Field Conditions

The two parental soybean cultivars used in this study, JD12 and NF58, contrast in hilum size, yield, and quality traits and were, therefore, employed to construct a RIL population consisting of 175 F9 individual plants produced through single seed descent (SSD). The tested traits of this population were evaluated in field conditions. The field trial was carried out from 2014 to 2016 at the Dishang experiment farm (E 114.48°, N 38.03°) of the Institute of Cereal and Oil Crops, Hebei Academy of Agricultural and Forestry Sciences, Shijiazhuang City, China. Soil at the experiment site belongs to the Fluventic Ustochrept family of soils. Basic characteristics of the top 25 cm of soil at this location were measured in 2014 as follows: pH, 8.2; organic matter, 19.3 g kg–1; available P (Olsen-P), 14.9 mg kg–1; available N, 79.4 mg kg–1; and available K, 161.3 mg kg–1. The previous crop was wheat, and the field was supplied with 900 kg/ha of compound fertilizer (N/P2O5/K2O = 15:15:15) as basic fertilizer and 400 kg/ha of urea as additional fertilizer during the soybean seedling elongation stage. Following local practices, no additional fertilizer was supplied during soybean growth. Irrigated water was applied one to two times according to the requirements of plants throughout development. The RILs and parental genotypes were planted in randomized complete blocks. Each parental and RIL line was grown in three replications. Twenty plants were grown in each 2 m rows spaced 0.5 m apart. This population was further used to construct a genetic linkage map to detect quantitative trait loci (QTLs) associated with hilum size as well as seed yield and quality traits.



Plant Sampling and Measurements

When 95% of the pods have reached their mature pod color, 10 representative plants were randomly selected from the middle of each row and pooled to evaluate the average of plant seed weight (PSW) whenever seed water content was reduced to values below 11%. One hundred ten seeds were also randomly selected from each plot to measure 100 seed weight (100SW), along with seed hilum length (SHL) and seed hilum width (SHW), by manual measurements. In order to describe the relative size of the hilum, the seed hilum area (SHA) and percentage of seed hilum area in seed projected area (PSHA) were also evaluated by the following formula: SHA = SHL × SHW × π/4 and PSHA = SHA/(SL × SW × π/4). In addition, approximately 20 g of seeds were also randomly selected from each plot for evaluating protein content (PC) and oil content (OC) using a MATRIX-I (BRUKER, Germany) NIR spectrometer (Jiang et al., 2011).



Statistical Analysis

Seed hilum, yield, and quality trait data from field trials were used for genetic analysis conducted in R using the Performance Analytics package (Peterson et al., 2018), and correlations were assessed using Pearson’s correlation coefficient and visualized using the “corrplot” package in R. Broad sense heritability (h2b) was estimated using QTL ICIMapping V4.1 (Meng et al., 2015) for each trait according to: h2b = VG/(VG + VE), with VG and VE are genetic variance and environmental variance, respectively. The Student’s t test was used to test for significant effects of hilum traits on yield and quality traits using SPSS19 (Gray and Kinnear, 2012).



Genotyping by SoySNP50K Bead Chip and Construction of Genetic Linkage Map

DNA was isolated from the leaf tissue of each RIL and parent, which was then genotyped with the SoySNP50K Bead Chip as described by Song (Song et al., 2013). Alleles with single-nucleotide polymorphisms (SNPs) were called using the Genome Studio Genotyping Module v1.8.4 (Illumina, Inc. San Diego, CA). SNPs included in further analysis were those that fell into two or three discrete clusters in a SNP Graph Alt and which had both alleles present with high signal intensities (Song et al., 2013). Chi-square (χ2) tests were conducted for all SNPs to detect segregation distortion. SNPs with segregation distortion were removed from further analysis. After filtering, qualified SNP markers were then used to construct genetic linkage maps using IciMapping V4.1 (Meng et al., 2015) described in Yang et al. (2017).



QTL Detection and Comparison

The multiple QTL mapping (MQM) method in MapQTL6.0 (Van Ooijen and Kyazma, 2011) was used to map QTLs associated with hilum, quality, and yield traits. The logarithm of odds (LOD) threshold was set to 2.5 for declaring significant QTLs. Randomization in a total of 1000 permutations with a P value threshold of 0.05 was used to verify LOD values. Hilum QTLs associated with quality and yield QTLs were identified as those that are linked closely enough to contain overlapping regions when QTLs were integrated and drawn in MapChart2.2 (Voorrips, 2002).



RESULTS


Phenotypic Evaluation of the Two Parents

Before outlining the genetic basis of the traits tested herein, the two parents were first evaluated for phenotypic variation. Observed results from the field revealed that the two parents, JD12 and NF58, contrasted in hilum size, yield, and quality performance but did not significantly vary in HW and PSHA (Figure 1). JD12 had larger SHA values than NF58 (Figure 1D) due to longer SHL values (Figure 1B). However, that trend did not transfer to PSHA, which did not vary between the two parents (Figure 1E) because JD12 produced larger seeds than NF58, as indicated by a 42.54% higher 100SW for JD12 than for NF58 (Figure 1I). In addition, significant variation (P < 0.001) was also observed in PC (Figure 1F) and OC (Figure 1G), as well as in PSW (Figure 1H). Considering the importance of the hilum in seed development, variation in hilum size might contribute to variation in yield and quality traits between the two parents, which was further examined in the following analysis.
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FIGURE 1. Comparison of hilum traits between soybean parent lines JD12 and NF58. (A) Photos of JD12 and NF58 seeds. (B) Seed hilum length (SHL). (C) Seed hilum width (SHW). (D) Seed hilum area (SHA). (E) Percentage of hilum area in seed projected area (PSHA). (F) Protein content (PC). (G) Oil content (OC). (H) Plant seed weight (PSW). (I) Hundred seed weight (100SW). Bars represent means ± SE from 15 replications. Asterisks indicate significant differences between JD12 and NF58 in the Student’s t test at the *P = 0.05, **P = 0.01, and ***P = 0.001 levels.




Phenotypic Variation Among RILs

In order to identify QTLs for the eight tested traits, including four associated with seed hilum size, two with seed quality, and two with seed yield, the phenotypic variation of these traits was evaluated under field conditions from 2014 to 2016, with the results being summarized in Table 1. Significant phenotypic variation and extensive transgressive heritability among the observed 175 F9 soybean RILs was observed for each of the eight tested traits. The mean population value for each trait fell between the average parent values, while the maximum and minimum value fell beyond the extremes of the parent values. These results strongly indicate the presence of genetic variation between these two parents, which is necessary for follow QTL analysis. According to Kurtosis and Skewness values calculated over the 3 years of data, all eight tested fit into normal distributions (Table 1 and Figure 2). Meanwhile, broad-sense heritability (h2b) for the eight traits observed over 3 years of field experiments varied from 0.72 to 0.87 (Table 1), indicating that the phenotypic variation observed among RILs in this population was mainly derived from genetic variation. While neither SHW nor PSHA varied significantly between parents (Figures 1C,E), the yearly coefficient of variation for these traits varied from 5.88 to 7.54 and 10.25 to 12.07 for SHW and PSHA (Table 1), respectively, which strongly suggests that genetic variation underlies these traits that have not yet been fixed in this population. In short, these results demonstrate that significant variation was observed among the RILs observed here under field conditions, which is necessary to further identify QTLs for these tested traits in soybean.


TABLE 1. Phenotypic variation and genetic analysis of eight traits using 175 soybean recombinant inbred lines (RILs) observed under natural conditions.
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FIGURE 2. Correlation analysis among hilum, quality, and yield traits. Histograms with fitting curves of traits are graphed in the diagonal. Above the diagonal are correlation coefficients with significant levels. Below the diagonal are scatter plots with fitting curves. Red asterisks indicate significant correlations at the *P = 0.05, **P = 0.011, and ***P = 0.001 levels.




Correlation Analysis of Tested Traits

To further determine whether hilum size can be a proxy trait in efforts to improve soybean seed yield or quality, correlation analysis was performed for the tested traits. In this analysis, values for the four hilum size traits were significantly correlated with those observed for most of the seed yield and quality traits (Figure 2). For instance, both SHL and SHW were correlated with PC, OC, and 100SW, with absoluter values ranging from 0.18 to 0.42 (P < 0.05). Moreover, relative higher correlation coefficients of SHW than that of SHL suggest that SHW might play more important roles than SHL in enhancing both seed yield and quality traits. Interestingly, SHA and PSHA played contrasting roles in improving seed yield and quality traits. For example, relatively large SHA values were associated with significantly enhanced (P < 0.001) 100SW (r = 0.38) and PC (r = 0.25) values but reduced OC (r = −0.28) values (P < 0.001). In contrast, PSHA had a significant negative impact (P < 0.001) on both PSW (r = −0.25) and 100SW (r = −0.35) but no effect on PC or OC values (P > 0.05). Taken together, these results suggest that incorporating hilum measurements into soybean selection efforts may contribute to programs seeking to breed high yielding or high-quality soybean cultivars.



Construction of Genetic Linkage Maps

After filtering as described in Materials and Methods, 6407 SNPs remained for mapping. The constructed genetic linkage map covered 2621.6 cM with an average length of 133.7 cM per linkage group. Chromosome 13, at 271.0 cM, was the longest, and chromosome 16 was the shortest at 91.9 cM. The average number of SNPs on each linkage group was 320, with chromosome 18 having the most at 600 SNPs and chromosome 16 harboring the fewest at 143 SNPs. The average distance between adjacent SNPs was 0.42 cM, with these average distances varying between 0.22 cM on chromosome 16 and 0.64 cM on chromosome 16.

To check the accuracy of constructed linkage maps, the pubescence color trait controlled by the T gene (Toda et al., 2002) was also mapped. As expected, the T locus mapped to chromosome 6 between the 17,617,727 and 24,186,496 bp positions with an LOD value of 21.46. This result is consistent with the results of genome-wide association study (GWAS) displayed on www.soybase.org, which verifies that the linkage map constructed in this study was accurate and useful in further studies.



Identification of QTLs for Hilum, Quality, and Yield Traits

In order to facilitate further MAS breeding, QTL analysis was performed for hilum, quality, and yield traits. This analysis returned a total of 53 significant QTLs for the tested traits, including 28 for hilum size traits, 12 for seed quality traits, and 13 for yield traits. For QTLs associated with hilum size, the phenotypic variation explained (PVE) values varied from 6.50 to 15.60%, and the LOD values ranged from 2.55 to 6.46 (Table 2). According to the genetic distances, these QTLs could be grouped into 11 loci; two of these, qSH6.2 and qSH8, were stable loci over the 3 years of experimentation with PEV and LOD values of 7.30–15.60 and 2.88–6.43, respectively. For quality traits, the 12 significant QTLs detected in 3 years of field trials were localized to eight unique loci producing LOD and PVE values of 2.51–4.72 and 6.40–11.70, respectively (Table 3). However, most of these loci produced significant effects in only 1 or 2 years of trials. The exception was qQ8, with LOD and PVE values that peaked in the third year at 4.72 and 11.70, respectively. The combination of high LOD and PVE values being observed for all 3 years suggests that qQ8 could be an important genetic determinant of protein and oil content in soybean. The 13 significant QTLs for yield traits were detected from seven unique loci explaining 6.70–16.10% of the phenotypic variation (Table 4). Among these loci associated with yield, only one locus, qGY6.2, with LOD values of 3.61–6.69 and explaining 9.10–16.10% of the phenotypic variation, could be detected in each of the 3 years of field trials. In summary, all of the results presented above suggest that, while all three of the tested traits were mainly impacted by minor QTLs that were sensitive to environmental conditions, the field trials still revealed four stable loci, namely, qSH6.2, qSH8, qQ8, and qGY6.2. These loci are good candidates for targeting in future soybean MAS breeding programs aiming to improve yield or quality.


TABLE 2. Putative quantitative trait loci (QTLs) for soybean seed hilum traits detected in a population of contrasting soybean parents and 175 recombinant inbred lines (RILs) reared under field conditions.
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TABLE 3. Putative quantitative trait loci (QTLs) for soybean quality traits detected in a population of contrasting soybean parents and 175 recombinant inbred lines (RILs) reared under field conditions.
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TABLE 4. Putative quantitative trait loci (QTLs) for soybean yield traits detected in a population of contrasting soybean parents and 175 recombinant inbred lines (RILs) reared under field conditions.
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Overlapping Genetic Regions of Hilum, Quality and Yield Traits

One of the main objectives of this study is to identify genetic elements that affect all three categories of observed traits, hilum size, yield, and quality traits. Therefore, the confidence intervals for QTLs were projected on a genetic map. This revealed three overlapping regions located on Chr06, Chr08, and Chr10 (Figure 3). One of the two stable QTLs for hilum size, qSH6.2, colocated with qGY6.1 on Chr06, and qSHW6, which contributed the highest LOD and PVE values to qSH6.2 effects (Table 2), is also associated with qGY6.1. This colocalization coincided with the result that both PSW and 100SW were most highly correlated with SHW (Figure 2). Meanwhile, the other stable QTL for hilum size, qSH8, colocated with qQ8 on Chr08, and qSHL8, which contributed the highest LOD and PVE values to qSH8 (Table 2), was also closely aligned with qQ8. Another region of colocalization on Chr10 contained qSH10, qQ10, and qGY10. However, qSH10, qQ10, and qGY10 were not stable QTLs across all 3 years of field trials. This region of colocated QTLs, therefore, should be further evaluated before including it in MAS breeding. At any rate, the overlapping of stable QTLs that was observed strongly suggests that SHW might be a good predictor of the seed yield, while SHL might be a good predictor of the seed quality, both of which could be considered in further soybean breeding efforts.
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FIGURE 3. Genetic maps of loci associated with hilum size, seed quality, and soybean yield on chromosomes 6, 8, and 10. Colored and bold fonts represent loci for identified genes. Black, blue, and red blocks represent hilum, quality, and yield loci, respectively. Projected regions are highlighted in corresponding colors. Markers in different colors indicate corresponding markers on chromosomes and in projection regions.




DISCUSSION

Soybean yield and quality are complex agronomic traits resulting from complex effects of many environmental and genetic factors (Li et al., 2008). In traditional breeding programs, successful breeding of high yielding cultivars with protein- or oil-rich seeds required many years of accumulated breeding experience. For example, in order to effectively select elite, high yielding soybean varieties, traditional breeding programs would rely on experienced breeders to comprehensively evaluate highly correlated traits, such as plant height, time to flowering time, time to maturity, and branch number, which have been identified over years of observation and which are now known to be physiologically associated with yield (Kato et al., 2018; Sun et al., 2019; Liu et al., 2020). Moreover, these accumulated experiences were mainly passed on orally, so new breeders needed many years of practice to fully comprehend breeding programs.

Other traits, such as seed oil and protein content, cannot be directly evaluated in the field, and known correlations with visible traits were previously non-existent. As a result, quality traits, such as protein and oil content, were rarely considered in traditional breeding operations, which increases the difficulty of breeding cultivars producing high quality seed.

Given this background of difficulties in breeding for yield and seed quality traits directly, breeders have incorporated the strategy of identifying stable and readily observable traits that are highly correlated with soybean yield and seed quality traits, especially new breeders. Although the seed hilum, which is easily evaluated and has proven to be critical for seed development and yield production (Hardham, 1976; Thorne, 1981), breeders have not until now considered it as proxy trait in efforts to improve soybean yield and quality because the genetic basis of seed hilum development and morphology were largely unknown.

In this study, the correlation of seed hilum size with soybean yield and quality traits was first determined under field conditions across three consecutive years of cultivation. Relatively higher heritability values (h2b = 0.72–0.90) for hilum traits were observed over these 3 years, which suggests that parameters of hilum morphology are stable traits with low sensitivity to environmental effects. Plus, most of the tested hilum size traits were significantly (P < 0.05) and highly correlated with both seed yield (|r| = 0.13–0.42) and quality traits (|r| = 0.18–0.28). Taken together, these results demonstrate that hilum size can be used as a simple correlated trait in efforts to breed higher yielding or improved quality varieties.

Numerous studies have been conducted with traits that are readily visible on soybean seeds, such as seed coat color, hilum color, and coat cracking, and which can have considerable impacts on commercial value (Oyoo et al., 2010; Guo and Qiu, 2013; Sonah et al., 2015; Cho et al., 2017; Saruta et al., 2019). Interestingly, some of these visual traits are also highly correlated with seed yield and/or quality traits. For example, seed coat cracking under low-temperature conditions can be significantly inhibited by the T gene responsible for pubescence color, along with the maturity genes, E1 and E5 (Yang et al., 2002), and the T and E2 loci have also been associated with the severity of seed coat cracking induced by pod removal (Yang et al., 2002). In another work, hilum color was closely correlated with seed isoflavone abundance in a set of 17 contrasting soybean varieties (Barion et al., 2016). Hilum color has also been associated with seed size and yield in work where soybean varieties with large seeds and lighter colored hilums produced high seed yields in field conditions (Ladia et al., 2019). In addition, soybeans with brown hilums have been found on average to grow more vigorously and be tolerant of cold weather stress than soybeans with yellow hilums (Kurosaki et al., 2004), with the two hilum color associated loci, Hilum color 2-g1 and Hilum color 2-g2.1, being localized to Chr06 and Chr08 (Sonah et al., 2015).

In this study, we identified 11 loci impacting seed hilum size, three of these, qSH6.2, qSH8, and qSH10, colocated with loci affecting seed yield and quality traits. Interestingly, based on the physical positions of flanking markers, qSH6.2 mapped closely with the T locus (Hilum color 2-g1) and qSH10 mapped closely with E2. Meanwhile, a recent report revealed that two Clark isolines with contrasted genotype at T locus displayed significant different in phenotype of hilum size (Zabala et al., 2020). Therefore, we hypothesize that qSH6.2 and qSH10 might be regulated by T and E2, respectively. Testing of this hypothesis fell beyond the scope of this work and will require further investigation. In contrast to qSH6.2 and qSH10, qSH8, which was mapped to Chr08:44057851–45270892, did not colocalize with any well-known gene locus, suggesting that this might be a novel avenue to explore in attempts to breed high yielding or high quality soybean varieties.

In summary, we provide a preliminary description here of potential roles for genetic elements associated with seed hilum size in breeding programs aimed at improving soybean yield and seed quality. The observations reported herein identified three genetic loci that might be valuable in MAS breeding efforts.
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Phospholipase C (PLC) performs significant functions in a variety of biological processes, including plant growth and development. The PLC family of enzymes principally catalyze the hydrolysis of phospholipids in organisms. This exhaustive exploration of soybean GmPLC members using genome databases resulted in the identification of 15 phosphatidylinositol-specific PLC (GmPI-PLC) and 9 phosphatidylcholine-hydrolyzing PLC (GmNPC) genes. Chromosomal location analysis indicated that GmPLC genes mapped to 10 of the 20 soybean chromosomes. Phylogenetic relationship analysis revealed that GmPLC genes distributed into two groups in soybean, the PI-PLC and NPC groups. The expression patterns and tissue expression analysis showed that GmPLCs were differentially expressed in response to abiotic stresses. GmPI-PLC7 was selected to further explore the role of PLC in soybean response to drought and salt stresses by a series of experiments. Compared with the transgenic empty vector (EV) control lines, over-expression of GmPI-PLC7 (OE) conferred higher drought and salt tolerance in soybean, while the GmPI-PLC7-RNAi (RNAi) lines exhibited the opposite phenotypes. Plant tissue staining and physiological parameters observed from drought- and salt-stressed plants showed that stress increased the contents of chlorophyll, oxygen free radical (O2–), hydrogen peroxide (H2O2) and NADH oxidase (NOX) to amounts higher than those observed in non-stressed plants. This study provides new insights in the functional analysis of GmPLC genes in response to abiotic stresses.
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INTRODUCTION

Plants inhabit widely varying environments and are affected by abiotic and biotic factors such as water, temperature, herbivore attacks and disease threats. Drought and salt are important factors that affect the production of crops because these two environmental stresses significantly impact plant reproduction. Drought- and salt-stressed soybean, for example, produce fewer pods and seeds per plant, and consequently reduce its yield and economically diminish the industrial production of soybeans (Wang et al., 2015a). In recent years, crop scientists have become very interested in the study of signal transduction pathways related to plant stress response. A particular focus has been on phospholipase C (PLC) because it is a very important enzyme in signal transduction pathways; many experts and scholars have directed their research on PLCs in association with plant tolerance to stress.

In response to various stresses, diverse signaling pathways are activated in plants, including Calcium ion (Ca2+), protein phosphatase, protein kinase and lipid signaling cascades. At present, plant lipid signal transmission is a relatively important area of research, including phosphatidic acid (PA) signaling (Berridge, 1993; Meijer and Munnik, 2003). Different PA generators are activated in stress response and PLCs contribute to PA response to stress (Meijer and Munnik, 2003). Phospholipases can be roughly divided into four categories, phospholipase A1 (PLA1), phospholipase A2 (PLA2), PLC and phospholipase D (PLD) (Hong et al., 2016), based on the different cleavage sites of phospholipids that are hydrolyzed by a phospholipase. As a key enzyme in signal transduction pathways, PLC mainly catalyzes the hydrolysis of phospholipids in organisms.

The PLC-mediated signaling pathway is one of the classic pathways of cell signaling pathways (Kadamur and Ross, 2013). In plants and animals, the PLC family is a multi-gene family whose genes have various functions (Nakamura et al., 2005; Peters et al., 2010). Based on their affinities to different substrates, PLCs are divided into two major groups in plants, phosphatidylinositol-specific PLC (PI-PLC) (Vossen et al., 2010) and phosphatidylcholine-PLC (PC-PLC), the latter of which basically hydrolyze phosphatidylcholine (PC) and other lipids and is also called non-specific phospholipase C (NPC) (Nakamura et al., 2005; Peters et al., 2010). Although the structures of certain PI-PLCs have been described in plants, knowledge about the structure of NPCs is lacking.

Phosphatidylinositol-specific PLC specifically recognizes phospholipids and consists of a catalytic PI-PLC-X (PF00388) domain, PI-PLC-Y (PF00387) domain, Ca2+/phospholipid-binding C2 domain (PF00168) and EF hand-like domain (PF09279). These structures of PI-PLC are present in all organisms and exhibit minimal differences in performing different functions (Rupwate and Rajasekharan, 2012). The EF chiral domain is located at the N-terminus of the PI-PLC sequence and contains four helix-loop-helixes which specifically recognize and bind to its substrate phosphatidylinositol 4,5-bisphosphate (PIP2) (Nomikos et al., 2015). When plants are subjected to external stresses, the EF chiral domain regulates the function of the reduced coenzyme II oxidase respiratory burst oxidase homolog protein D (RBOHD), an oxidase of nicotinamide adenine dinucleotide phosphate (Yasuhiro et al., 2015). The C2 domain is located at the C-terminus of PI-PLC and mainly functions to combine with Ca2+ to trigger the hydrophobicity of PLC, and thus it improves the hydrolysis efficiency of phospholipids (Hunt et al., 2004). The X and Y catalytic domains are located between the N-terminus and C-terminus of the PLC sequence. They are the two most conserved domains of PLC and are the crucial domains of PLC’s catalytic function. These domains can also mediate PLC-targeted membrane localization by electrostatic interactions (Nomikos, 2015).

The first functional PI-PLC cloned from plants was from Arabidopsis (Hirayama et al., 1995). According to genomic analyses, there are nine PI-PLCs and six NPCs in Arabidopsis (Pical, 2002; Jessica et al., 2004; Tasma et al., 2008). Additionally, six PI-PLC members have been identified in tobacco (Nakamura et al., 2005), and many more PLCs have been found in other plants (Mcmurray and Irvine, 1988; Einspahr et al., 1989; Hirayama et al., 1995; Shi et al., 1995; Song and Goodman, 2002; Venkataraman et al., 2003; Yun et al., 2004; Das et al., 2005; Zhai et al., 2005; Dowd et al., 2006).

Phospholipase C is involved in biotic and abiotic stress response in plants (Luo et al., 2005; Kalachova et al., 2016). For example, the expression of AtPLC1 in Arabidopsis can be induced by abiotic stresses, such as low temperature, drought and salt (Hirayama et al., 1995). There is a differential requirement of PLC for the tomato immune response and that SiPLC4 is specifically required for Cf-4 function, while SiPLC6 may be a more general constituent of the hypersensitive response (HR) protein signaling (Vossen et al., 2010). PLC pathway participates stress-induced Ca2+ signals and confers salt tolerance to rice (Li et al., 2017). In addition, the basal level of expression of most Arabidopsis dehydration resistance element binding protein 2 (DREB2) genes were negatively regulated by PI-PLC. The DREB2 genes play important roles in plant response to environmental stresses, including dehydration (Liu et al., 1998; Ruelland et al., 2013). One of the most important mechanisms by which a plant responds to signals of abiotic stress is to induce the expression of stress-related genes (Kalachova et al., 2016). Under drought stress, the transcription levels of StPLC1 and StPLC2 in potato leaves are elevated, while the level of StPLC3 are unchanged (Kopka, 1998). Under drought stress, the expression levels of TaPLC1 in wheat rapidly increased compared to that of TaPLC1 under the non-drought treatment (Zhang et al., 2014). These different expression levels indicated that different cis-elements and trans-acting factors might regulate the expression levels of phospholipase C homologs and that various PLCs have specific functions. In recent years, some studies have shown that PLC is also involved in the regulation of hormone signaling pathways in various plants (Meijer and Munnik, 2003; Kalachova et al., 2016). In Arabidopsis, PLC promoted ABA-induced stomatal closure; the PLC specific inhibitor U73122 can inhibit ABA-induced stomatal closure and changes in Ca2+ content (Drøbak, 1992). In addition, NPC, a non-specific plant phospholipid enzyme, is homologous to bacterial PI-PLC and can response to lipid signals (Pokotylo et al., 2013). Especially in recent years, NPC family research has made significant progress, which involves various aspects of plant growth and development (Nakamura and Ngo, 2020).

Soybean (Glycine max) is an important oil and protein crop whose growth and productivity are adversely affected by soil drought and salt (Wang et al., 2015b). In addition, soybean seed is the most important protein source used to feed farm animals. It represents two-thirds of the total world output of protein feedstuffs (Whitham et al., 2016). Previous studies highlighted the role of PLC genes in plant growth and development and that several PLC genes were involved in abiotic stresses. Although the PLC gene family has been analyzed in several plant species, no systematic investigation has been conducted using soybean, and little information is available about the function of GmPLCs in abiotic stress responses. Given the significance of this gene family, a genomic-wide identification of GmPLCs was performed in the current study, including investigations into phylogenetic relationships, chromosomal locations, gene duplications and expression profiles of these genes. In addition, we determined the function of GmPI-PLC7 in soybean. The results indicated that over-expression (OE) of GmPI-PLC7 increased soybean tolerance to drought stress. Our study provides insights into understanding the genetic basis of GmPLC in abiotic stress response.



MATERIALS AND METHODS


Identification of Soybean GmPLC Members

Identification of the soybean PLC gene family was performed according to the method described previously (Amarjeet et al., 2013; Su et al., 2020), with some revisions. The putative GmPLC gene family members were identified in the soybean gene family databases Phytozome v12 and SoyBase (Goodstein et al., 2012), using keywords such as “phospholipase C,” “phosphatidylinositol phospholipase C,” and “phosphoesterase.” We verified identifications using the phospholipase C domain in the SMART database (Letunic et al., 2012). Hidden Markov Model profiles using default parameters (E-value < e−20) were acquired for different PLC classes from the Simple Modular Architecture Research Tool (SMART) database and used to scan the protein database Soy Base (Finn et al., 2011). Arabidopsis PLCs were obtained from TAIR (The Arabidopsis Information Resource) and were used to BLASTP soybean homologous sequences in Phytozome v12. The putative GmPLC sequences having higher homology with Arabidopsis PLC were obtained for further analysis. After the integration of results from all these databases, unique sequences (with unique locus IDs) were selected to remove redundancies. All the sequences were verified to have the conserved domains and motifs from relevant sequences in the Inter Pro and Pfam databases (Axelrod et al., 2010).



Chromosomal Location and Phylogenetic Analysis

The position information of GmPLCs on the soybean chromosome were obtained from the Phytozome database and were visualized with the online tool Map Gen 2 Chromosome v2. For the phylogenetic analysis, the protein sequences of the verified PLC candidates from rice, Arabidopsis and soybean were used for multiple sequence alignment by employing Clustal X (version 2.0). An un-rooted phylogenetic tree was constructed to analyze the evolutionary relationships of the PLC genes. The phylogenic tree was constructed by MEGA 7.0 software with the neighbor-joining (NJ) method. We estimated the confidence levels with bootstrap analyses of 1000 replicates, and the default values were set for all the parameters. We didn’t use outlier to construct the tree and didn’t find the setting of outlier in MEGA7.0 software.



Multiple Sequence Alignment and Conserved Motifs Analysis

Position and sequence information of GmPLC genes were used to align sequences using the DNAman software and Multiple Em for Motif Elicitation (MEME). The coding sequences and the genomic DNA sequences of GmPLCs were obtained from SoyBase. The exon/intron gene boundaries were examined using the Gene Structure Display Server 2.0 (GSDS) tool (Hu et al., 2015).



Tissue-Specific Expression Patterns of GmPLC Genes in Soybean

Transcription data were obtained from Phytozome v12 to analyze the tissue expression patterns of GmPLCs. HemI software was used to visualize the hierarchical clustering of all the GmPLCs.



Promoter Sequence Analysis

The 2.0-kb 5′ sequences upstream of GmPLC genes were extracted from the Phytozome database as regulatory promoter regions. Putative cis-acting elements were analyzed using the Plant CARE database (Rombauts et al., 1999). The cis-acting element boundaries were examined using the GSDS tool (Hu et al., 2015).



Plant Materials and Treatments

Soybean (Williams 82) was used to analyze the expression pattern of GmPLC genes. Seedlings were grown in pots in a greenhouse with a 16 h-light/8 h-dark photoperiod, 28/20°C day/night temperatures, and 70% relative humidity. The 14-day-old seedlings were subjected to drought, mannitol (to simulate osmotic stress) and melatonin treatments. For the drought treatment, soybean plants were removed from soil and put on filter paper; for the mannitol treatment, the roots of soybean were soaked in 150 μM mannitol solution; and for the melatonin treatment, the leaves were subjected to 150 μM melatonin solution. The leaves of seedlings were collected at 0, 0.5, 1, 2, 4, 8, 12, 24, and 48 h after initiation of treatments. All samples were frozen expeditiously in liquid nitrogen and then stored at −80°C for RNA extraction (Xu et al., 2008).



RNA Extraction and Quantitative Real-Time PCR

Total RNA was extracted from soybean leaves of seedlings subjected to one of the three treatments described above using the manufacturer’s protocol (TIANGEN, China), and the RNA was treated with DNase I (TaKaRa, Japan) to exclude genomic DNA contamination, according to the manufacturer’s instructions. Approximately 3 μg of purified total RNA from each sample was used in reverse transcription using TransScript One-Step gDNA Removal and cDNA Synthesis Super Mix (TransGen Biotech, Beijing, China) and then samples were kept at −20°C. The Quantitative Real-Time PCR (qRT-PCR) was performed with Super Mix (TransGen Biotech, Beijing, China) on an ABI Prism 7500 system (Applied Biosystems, Foster City, CA, United States), and each qRT-PCR reaction was repeated three times. Data analysis was conducted by the 2–ΔΔCT method. The primers used for qRT-PCR are listed in Supplementary Tables 1 and 5.



Agrobacterium rhizogenes-Mediated Transformation of Soybean Hairy Roots

We generated GmPI-PLC7-over-expressing (GmPI-PLC7-OE) soybean hairy roots. The sequences of GmPI-PLC7 were assembled with the plant transformation vector pCAMBIA3301 and the CaMV 35S promoter. For the construction of the RNAi vector, a 463-bp fragment including the first intron sequence and its reverse complement sequence were synthesized (Biomed, Beijing, China) and cloned into pCAMBIA3301 to generate the pCAMBIA3301-GmPI-PLC7-RNAi vector. All recombinant vectors were transformed into soybean hairy roots by the A. rhizogenes-mediated method as described previously (Wang et al., 2009; Du et al., 2018). The injected plants were transferred to a greenhouse with high humidity until the hairy roots were produced at the infection site. The original main roots were cut off from 0.5 cm below the infection site. Seedlings were transplanted into fertilized soil and cultured in the greenhouse for a week at 25°C and a 16 h light/8 h dark photoperiod (Kereszt et al., 2007). After verification, positive soybean hair roots were used for abiotic stress assays, and we have changed references with more detailed methods descriptions of transformed Soybean Hairy Roots. There were five lines in a pot and six biological replicates of each stress treatment.



Drought and NaCl Tolerant Assays

For the drought treatment, 2-week-old soybean plants with transgenic hairy roots were subjected to dehydration for 16 days. For the salt treatment, 2-week-old soybean plants with transgenic hairy roots were treated with 250 mM NaCl solution for 7 days (Wang et al., 2017).



Measurement of Proline, Malondialdehyde (MDA), Oxygen Free Radical (O2–) and Hydrogen Peroxide (H2O2) Contents

The contents of proline, MDA, and H2O2 and O2– were assessed in transgenic, GmPI-PLC7-OE (OE), empty vector (EV), and GmPI-PLC7-RNAi (RNAi) lines of plants with the corresponding assay kit (Cominbio, Suzhou, China) based on the manufacturer’s protocols (Du et al., 2018).



Leaf-Staining by 3,3-Diaminobenzidine (DAB), Nitro Blue Tetrazolium (NBT) or Trypan Blue

After drought treatment for 7 days or salt treatment for 3 days, leaves from transgenic soybean plants were used for staining. For the DAB staining, the samples were immersed in DAB solution (Solarbio, China) for 18 h and then transferred to a boiled solution of a ratio of alcohol to glycerin of 3:1 until leaves became white in color. For the NBT staining, the samples were immersed in NBT staining solution (Solarbio, China) for 14 h and then transferred to a boiled solution of three-parts alcohol to one-part glycerin to decolor the leaves to a white color (Du et al., 2018). For the trypan blue staining, plants were subjected to drought for 7 days, and then the samples were immersed in 0.4% trypan blue (Solarbio, China) solution for 12 h followed by decoloring in acetic acid until the leaves became white.



Statistical Analysis

All treatments in each of the phenotypic measurements and qPCR expression analysis described above had at least three independent replicates. Values are means ± standard deviations (SD) and variance analysis was performed based on the Student’s test at p = 0.05.




RESULTS


Identification of GmPLCs in Soybean

Twenty-four GmPLCs, were identified based on the unique conserved domains (X and Y domains). The sizes and physical and chemical properties varied among different GmPLC proteins. The statistical results illustrated that the protein size of 15 GmPI-PLC proteins ranged from 376 to 629 amino acids, the isoelectric points (pI) varied from 5.70 to 9.45, and the molecular weights (MW) ranged from 42.7 to 70.9 kDa, whereas the protein lengths of nine NPCs ranged from 311 to 801 amino acids, the pI varied from 5.23 to 7.78 and the MW ranged from 33.4 to 59.7 kDa. The 15 GmPI-PLCs and 9 GmNPCs were named as GmPI-PLC1 to GmPI-PLC15 and GmNPC1 to GmNPC9, respectively, according to their chromosomal locations (Supplementary Table 2).



Chromosomal Location and Phylogenetic Analysis

The PLC genes were distributed on 10 of the 20 total chromosomes in soybean. Soybean chromosome 14 contained the most GmPI-PLCs, whereas chromosomes 2, 11 and 18 contained the comparable number of GmPI-PLC genes. GmNPC genes were evenly distributed across nine of the chromosomes (Figure 1).
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FIGURE 1. Chromosomal distribution of the identified 15 GmPI-PLC genes and 9 GmNPC genes in soybean. The members of GmPLC genes were distributed on different chromosomes (Chr). The gray bars represent the Chrs, and the Chr numbers are shown above the bars. Bars are not drawn to scale. The numbers on the left side of the bars show the distances in megabases (Mb) between neighboring genes.


To analyze the evolutionary relationships of PLC proteins, the PLC proteins from soybean and other organisms were aligned and used for a phylogenetic analysis. All of 24, 14, and 9 PLCs from soybean, Arabidopsis and rice, respectively, were used for the construction of the phylogenetic tree through the MEGA 7.0 software (Figure 2). The PLC proteins in soybean could be grouped as two distinct clusters GmPI-PLC and GmNPC, and 15 GmPI-PLC proteins were divided into three major clades, which corresponds to phylogenetic results in previous reports (Supplementary Figure 1 and Table 3).


[image: image]

FIGURE 2. Phylogenetic relationships of the PI-PLC and NPC gene families in soybean, rice and Arabidopsis. The complete amino acid sequences of the PLC proteins were aligned by Clustal W and maximum-likelihood estimation with MEGA7. Two discrete groups are highlighted in different colors.




Multiple Sequence Alignment

The three conserved regions of the GmPI-PLC proteins were distributed on the front, middle, and rear segments of the protein sequence, and the conserved regions of GmNPCs were distributed in the middle of the amino acid sequences (Figures 3, 4).
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FIGURE 3. Multiple sequence alignment of 15 GmPI-PLC proteins from soybean using DNAMAN. Navy blue, red and light blue shading, respectively, represent amino acids with 100, >75, and 50% similarity of amino acids.
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FIGURE 4. Multiple sequence alignment of nine GmNPC proteins from soybean by DNAMAN. Navy blue, red and light-blue shading, respectively, represent amino acids with 100, >75, and 50% similarity of amino acids.




Gene Structure Analysis of GmPLCs in Soybean

Research suggests that the evolution of multi-gene families leads to diversity in genetic structure. The exon/intron structures of GmPLC genes are shown in Figure 6. The exon-intron organization of the 24 GmPLC genes was examined to obtain information on the structure, diversity, and evolution of the PLC families in soybean. The PLC family members of soybean all contained nine exons except for GmPLC1, and the number of introns in NPC family members were from 2–4 (Figure 5 and Supplementary Table 2).
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FIGURE 5. Structural analysis of GmPLC genes. The phylogenetic tree was constructed via MEGA7.0 software; the different classes of GmPLC genes make up separate clades. Introns and exons are indicated by black lines and blue boxes, respectively. The lengths of introns and exons of each gene are displayed proportionally.
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FIGURE 6. Schematic representation of the 10 conserved motifs in GmPLC proteins. Putative motifs of each GmPLC gene were determined by the MEME program and TBtools software. Each motif is indicated by a different colored box. The lengths of proteins can be estimated using the scale at the bottom.




Analysis of GmPLC Motif Sequences in Soybean

In addition to the exon/intron pattern, conserved motifs could also be important for the various functions of GmPLC genes. We determined 10 different conserved motifs (Figure 6), and the results demonstrated that genes members of the same subfamily shared an analogous motif structure. The amounts of each conserved motif are shown in Supplementary Table 2. Notably, the GmPI-PLC genes had more motifs than the GmNPC genes had, and the same regions often were composed of proteins with higher homology, which corresponds to the phylogenetic analysis.



Tissue-Specific Expression Patterns of GmPLC Genes in Soybean

To gain insight into the gene expression patterns in soybean growth and development, we used the relative transcript abundance of the GmPLC genes in 10 types of tissues (flower, leaf, pod, root, seed, stem, bud, meristem, root hair, and nodule) from publicly available transcriptome data in the Phytozome database. GmPLCs transcripts were detected in the various tissues (Figure 7 and Supplementary Table 4). A total of 24 GmPLC genes were expressed in tissues, whereas GmPI-PLC7 were expressed in all selected tissues. Additionally, the expression patterns among the GmPLCs differed in the same tissues. For example, GmPI-PLC4, GmPI-PLC7, GmPI-PLC14, GmNPC4, and GmNPC7 were highly expressed in most tissues. The expression of GmPI-PLC13, GmNPC2 and GmNPC9 were high in flowers, GmNPC2 was expressed strongly in roots, and GmPI-PLC9 and GmNPC9 transcription were enriched in pods. The expression of GmPI-PLC1, GmPI-PLC11, GmNPC5, and GmNPC8 were low in all tissues. These transcriptional patterns demonstrated that the expression of these genes might be governed by diverse and potentially tissue-dependent regulatory mechanisms.
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FIGURE 7. Tissue-specific expression patterns of GmPLC genes in different soybean tissues: flower, leaves, pod, root, seed, stem, bud, meristem, root hairs, and nodules. Color bar at the top represents log2 (FPKM) expression values where low to high expression values are, respectively, represented by blue to red colors.




Expression Pattern Analysis of GmPLC Genes and Abiotic Stress

The analysis of qRT-PCR results show that the expression patterns of GmPLC genes varied in response to an abiotic stress of drought, mannitol or melatonin treatment. Among the varied responses of genes in the GmPLC gene families, GmPI-PLC6, GmPI-PLC7, GmNPC1, GmNPC2, GmNPC4, GmNPC6, and GmNPC7 expression increased at the early stage and then declined at the later stage of treatment (Treatment response was divided into stages, “early” was 1–2 h, “mid” was 4–8 h, and “late” was 9–12 h after initiation treatment.). Under drought stress, the transcription of GmPI-PLC6, GmPI-PLC7, GmNPC1, GmNPC2, GmNPC5, and GmNPC7 were up-regulated by 3–5-fold (Figure 8). Mannitol treatment significantly induced the transcription of four GmPLC genes at 4 h after treatment; the expression of GmPI-PLC6, GmPI-PLC7, GmPI-PLC9 and GmPI-PLC14 were upregulated by 3–5-fold (Figure 9). With regard to the melatonin treatment, three GmPLCs (GmPI-PLC13, GmNPC4, and GmNPC7), two GmPLCs (GmPI-PLC7 and GmNPC6) and five GmPLCs (GmPI-PLC10, GmNPC5, GmNPC6, GmNPC8, and GmNPC9) were most strongly upregulated (>three-fold change) at 2, 4, and 8 h, respectively (Figure 10). The expression level of GmPI-PLC7 increased under the drought, mannitol and melatonin treatments (3. 77-, 4. 21-, and 4.52-fold, respectively).
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FIGURE 8. Expression patterns of all GmPLC genes in response to drought treatment obtained by qRT-PCR. The actin gene was used as an internal control. The data shown are means ± SD obtained from three biological replicates. ANOVA was used to determine significant differences (*P < 0.05, **P < 0.01).
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FIGURE 9. Expression patterns of all GmPLC genes in response to mannitol treatment obtained by qRT-PCR. The actin gene was used as an internal control. The data are means ± SD obtained from three biological replicates. ANOVA was used to determine significant differences (*P < 0.05, **P < 0.01).



[image: image]

FIGURE 10. Expression patterns of all GmPLC genes in response to melatonin treatment obtained by qRT-PCR. The actin gene was used as an internal control. The data are means ± SD obtained from three biological replicates. ANOVA was used to determine significant differences (*P < 0.05, **P < 0.01).




GmPI-PLC7 Improved Drought Tolerance in Soybean Transformants

To understand how the GmPI-PLC7 gene affects the physiological changes of soybean under drought stress, the OE, EV and RNAi lines of soybean transformed by A. rhizogenes were examined. No significant differences were observed between OE, EV and RNAi lines under normal growth conditions. After drought treatment for 7 days, leaves of the RNAi lines were wilting; after 16 days of drought treatment, leaves of the EV and RNAi lines were severely dehydrated-looking (Figure 11A). The survival rates of the OE, EV and RNAi lines were 100.00, 77.33, and 33.30%, respectively (Supplementary Figure 2A). After 16 days of drought exposure, the stressed phenotypes (seedlings with wrinkled leaves) from each line were selected for DAB, NBT, and trypan blue staining, and the results showed that large amounts of reactive oxygen species (ROS) accumulated in EV and RNAi lines during drought stress compared with that of OE lines (Figures 11B–D). Additionally, H2O2, O2– and MDA contents were significantly higher in EV and RNAi lines under drought treatment than the respective contents in OE lines (Figures 11E,F,I). Higher levels of NOX activity and relative water contents were observed in RNAi lines (Figures 11G,K) than those in OE lines. Furthermore, under drought treatment, Pro, and chlorophyll contents were lower in EV and RNAi lines than those in OE lines (Figures 11H,J). These results indicated that GmPI-PLC7 decreased the damage caused by drought treatment and improved drought tolerance in transformed soybean seedlings.
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FIGURE 11. GmPI-PLC7 improves drought tolerance in transgenic soybean hairy roots. Images of salinity-resistant phenotypes of OE, EV and RNAi lines sampled over time while subjected to drought (A). NBT (B) and DAB (C) staining of the leaves of OE, EV and RNAi lines after drought or no-drought treatment for 7 days. The depth of color shows the concentrations of H2O2 and O2– in the leaves (B,C). The contents of H2O2 (E) and O2– (F) in the leaves of OE, EV and RNAi lines after drought or no-drought treatment for 16 days. Trypan blue staining of soybean plant leaves deprived of irrigation for a week (D); dead cells can be stained, while living cells cannot. The NOX (G), proline (H), MDA (I), chlorophyll (J), and relative water contents (K) detected in leaves of OE, EV, and RNAi lines subjected to a 250-mM NaCl treatment or the control condition for 7 days. The data are means ± SDs of three replicates. ANOVA was used to determine significant differences (*P < 0.05, **P < 0.01).




GmPI-PLC7 Improved Salt Tolerance in Soybean Transformants

The OE, EV, and RNAi lines were used to further determine the role of GmPI-PLC7 in stress response to salt treatment. No significant differences were observed between OE, EV and RNAi lines under normal growth conditions. Under the 250-mM NaCl treatment, the RNAi lines showed stressed phenotypes of wrinkled leaves after 7 days of salt treatment, and severely dehydrated leaves were observed in both EV and RNAi lines after 7 days of salt treatment (Figure 12A). The survival rates of the OE, EV, and RNAi lines were 100.00, 67.33, and 40%, respectively (Supplementary Figure 2C). After 7 days of stress treatment, each line was DAB-, NBT-, and trypan blue-stained to evaluate the accumulation of ROS. The results showed that greater amounts of ROS accumulated in EV and RNAi lines than compared with amounts accumulated in OE lines during the salt stress (Figures 12B–D). Additionally, the H2O2, O2– and MDA contents were significantly higher in EV and RNAi lines than in OE lines under salt stress (Figures 12E,F,I). Meanwhile, levels of NOX activity were higher in EV and RNAi lines (Figure 12G) than in OE lines. Moreover, the Pro, chlorophyll, and relative electrical conductivity levels were significantly lower in EV and RNAi lines than in OE lines (Figures 12H,J,K). Collectively, these results indicated that OE of GmPI-PLC7 lead to greater salt tolerance, whereas RNAi lines resulted in salt sensitivity, suggesting that GmPI-PLC7 plays a positive regulatory role in salt-stress response in soybean seedlings (Supplementary Figure 2B,D).
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FIGURE 12. GmPI-PLC7 improves salt-stress tolerance in transgenic soybean hairy roots. Images of salinity-resistant phenotypes of OE, EV and RNAi lines exposed to a salt treatment over time (A). DAB (B) and NBT (C) staining of leaves of OE, EV and RNAi lines after the 250-mM NaCl or control treatment for 3 days. The depth of color shows the concentrations of H2O2 and O2– in the leaves (B,C). The contents of H2O2 (E) and O2– (F) in the leaves of OE, EV and RNAi lines after the 250-mM NaCl or control treatment for 3 days. Trypan blue staining of soybean plant leaves deprived of irrigation for a week (D); dead cells can be stained, while living cells cannot. The NOX (G), proline (H) and MDA (I), chlorophyll (J), and relative electrical conductivity (K) detected in leaves of OE, EV and RNAi lines exposed to the 250-mM NaCl or control treatment 3 days. The data are means ± SDs of three replicates. ANOVA was used to determine significant differences (*P < 0.05, **P < 0.01).




GmPI-PLC7 Activated Stress-Responsive Genes in Soybean

To elucidate the possible molecular mechanisms of GmPI-PLC7 in stress responses, the expression of drought- and salt-responsive marker genes GmMAPK15, GmZIP2, GmRLK15, GmCAT5, GmNHX1, GmNAC18, GmCAT2, GmRD29A, GmSOS1, GmMYB118, GmDREB2, and GmCRK28 were investigated in GmPI-PLC7-OE, EV-control and GmPI-PLC7-RNAi lines. Analysis of qRT-PCR data revealed that there were no significant differences in expression levels of all stress-responsive genes between the OE, EV and RNAi lines under normal growth conditions (Figures 13A–P). Under drought conditions, the expression levels of GmRLK15, GmCAT5, GmCAT2, GmMYB118, GmDREB2, and GmWRKY27 in OE lines were significantly higher than those in EV and RNAi lines (Figures 13A–G). And the transcriptional expression level of GmNAC18 was significantly greater in EV and RNAi lines than in OE lines. In addition, over-expressed GmPI-PLC7 can increase the expression levels of GmSOS1, GmRLK15, GmCAT5, GmDREB2, GmCRK28, and WRKY27 in seedlings exposed to salt stress, but the expression of GmNAC18 was significantly suppressed in the OE lines and markedly increased in the RNAi lines compared to that of the EV lines (Figures 1I–O). These results indicated that overexpression of GmPI-PLC7 may activate the expression of drought- or salt-responsive genes to meditate stress responses; however, the underlying molecular mechanism needs to be further explored (Supplementary Figure 3).
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FIGURE 13. GmPI-PLC7 regulates stress-responsive gene expression in transgenic soybean plants. The expression levels of stress-related genes in the transgenic soybean plants under drought stress (A–G), respectively. The expression levels of stress-related genes in the transgenic soybean plants under salt stress (I–O), respectively. The expression levels of GmPI-PLC7 in the transgenic soybean plants under drought stress (H). The expression levels of GmPI-PLC7 in the transgenic soybean plants under salt stress (P). The data are means ± SDs of three replicates. ANOVA was used to determine significant differences (*P < 0.05, **P < 0.01).





DISCUSSION

The PLC family of phospholipid hydrolases were first discovered in animals (Mayer et al., 1988). In recent years, PLCs have been extensively studied in various plants. This paper aimed to identify GmPLC members and revealed 24 PLC genes in soybean. GmPLC genes can be divided into two groups, PI-PLC and NPC, and PI-PLCs are reported as the major members of PLCs in plants (Kopka, 1998; Tasma et al., 2008; Nakamura and Sano, 2009). Our multiple-sequence analysis revealed that the characteristic PI-PLC-X and PI-PLC-Y domains and phospholipid-binding C2 domain were present in all GmPI-PLC members except GmPI-PLC11. Notably, an EF hand-like motif was found in five GmPI-PLC members (GmPI-PLC1, GmPI-PLC4, GmPI-PLC7, GmPI-PLC8, and GmPI-PLC13). Studies have shown that EF-hand motifs and the C2 domain may interact to facilitate membrane targeting and catalytic activity (Nomikos et al., 2015).

Intron gains and losses occur at low rates during the evolution of genomesand have significant impacts on structural and functional differentiation (Xu and Dunbrack, 2012). A previous study revealed that intron losses exceeded intron gains in rice and Arabidopsis at low rates (Roy and Penny, 2007). Structural analysis of GmPLCs revealed that all but one (GmPI-PLC1) of the PI-PLC members contained nine introns, and the intron-exon pattern was conserved in soybean. NPC members contained 2–4 introns in both soybean and Arabidopsis. Members of NPCs have been divided into two groups (I and II) based on the number of introns in Arabidopsis (Xu and Dunbrack, 2012); however, the two groups were not observed in GmNPCs. In brief, GmPLCs in the same clade have similar intron-exon combinations, which were similar to the findings of Arabidopsis and rice studies, suggesting that PLCs may perform similar functions across species. A limitation of this study is that only 24 genes were used in our analysis so the conclusions cannot fully elucidate the evolutionary characteristics of the introns. Therefore, there is still much room for improvement in determining the mechanisms of intron evolution in PLC.

The expression of genes usually reflects the potential functions of the genes. For example, the expression of the AtPI-PLC2 gene is involved in reproductive organ development (Li et al., 2015), and the expression of the AtPI-PLC3, AtPI-PLC9, and AtNPC1 genes are important for heat tolerance (Kang et al., 2014; Pejchar et al., 2015), whereas the AtNPC4 and AtNPC5 genes are essential for salt stress response (Kocourková et al., 2011; Peters et al., 2014). In rice, OsPI-PLC1 is associated with disease resistance and SIPLC4/6 have distinct functions in Cf-4-mediated disease resistance (Song and Goodman, 2002). These studies indicate that the expression of the large number of PLCs could be induced by hormones, chemicals, environmental stresses and pathogen infection.

The expression patterns of GmPLCs in different tissues in response to abiotic stress conditions have been studied in several species. Previous studies reported that different PLC genes were differentially expressed and played diverse physiological roles. For example, the expression levels of StPLC1 and StPLC2 in potato leaves increased significantly, while the level of StPLC3 remained unaltered (Kopka, 1998). GmPI-PLCs were clearly expressed in various tissues and significantly increased under various stresses (Figure 7), indicating that PI-PLCs may play important roles in plant growth and abiotic stress-response. Our results matched those observed in earlier studies where most GmPLCs exhibited only background levels of expression under normal abiotic conditions, while the same GmPLCs could be induced by a variety of abiotic stresses. For example, GmPI-PLC1, GmPI-PLC3, and GmNPC8 were only slightly expressed in normal conditions, while high expression levels were observed after drought treatment. In addition, the expression level of GmPI-PLC7 increased significantly due to the drought, mannitol and melatonin treatments (Figures 8–10).

Gene duplication is a major mechanism in expanding functional diversity, which facilitates plant adaptations to their diverse environments (Schmutz et al., 2010), and functionally different duplicated-genes are more likely to be preserved during evolution (Schlueter et al., 2007). In addition, tandemly duplicated genes can produce rapid differentiation in gene expression, while some duplicated genes tend to maintain the same expression patterns (Ganko et al., 2007). Our results showed that duplicated genes exhibited diverse expression patterns (Figures 8–10).

Previous studies showed that PLC’s involvement in plant development and ABA signaling, in Arabidopsis, AtPLC3 improved the drought tolerance by promoting root development, seed germination and stomatal opening (Zhang et al., 2018). In addition, ABA signaling occurring at the plasma membrane may be mediated by C2 domain proteins (Rodriguez et al., 2014). In this study, the C2 domain was identified in GmPI-PLCs, which showed that GmPI-PLCs may have participated in the regulation of the ABA signaling pathway in soybean. However, osmotic and temperature stresses can also induce various lipid signals (Hou et al., 2016). In the salt overly sensitive (SOS) pathway, the cytosolic Ca2+ signal was detected by a calcium-binding protein named EF-hand SOS3 in plants exposed to salt treatment (Xiong et al., 2002). In our study, the GmPI-PLC7 genes have an EF-hand domain, therefore we inferred that the PLC genes may improve soybean tolerance to salt stress by participating in the SOS signaling pathway (Xiong et al., 2002). In Arabidopsis, background expression levels of DREB2 genes were negatively regulated by PI-PLC (Ruelland et al., 2013). In our study, the analysis of cis-acting elements suggested that the PLC genes might be involved in responses to abiotic stresses (Supplementary Figure 4). The water loss measurements of detached leaves as ABA-related experimental data proved that GmPI-PLC7 improves the drought tolerance of soybeans (Figure 11K). It is worth noting that the expression of GmDREB2 were induced by both ABA-independent and ABA-dependent regulatory pathways (Chen et al., 2007). GmNAC was induced by dehydration and ABA, and regulated drought response in an ABA-dependent manner (Tran et al., 2009). The transcript levels of 13 known abiotic stress-responsive genes (Related to drought, salt, and ABA) were analyzed in our transgenic and control soybean plants under the drought- and salt-stress treatment (Figure 13). Among them, transcription of GmRLK15, GmCAT5, GmNAC18, GmCAT2, GmDREB2, and GmWRKY27 were significantly higher than that in the control lines under drought stress, while transcription of GmRLK15, GmCAT5, GmNAC18, GmSOS1, GmDREB2, GmCRK28, and WRKY27 were clearly higher than that in the control lines under salt stress. These results altogether showed that GmPI-PLC7 participated in soybean response to abiotic stresses.

In summary, GmPI-PLC7 may enhance drought and salt tolerance in soybean through the ABA signaling pathway and the SOS-related calcium-signaling pathway. Fully elucidating its role in these pathways still requires further research.



CONCLUSION

In our study, 15 GmPI-PLC genes and 9 GmNPC genes were identified in soybean. GmPI-PLC7 enhanced the drought and salt tolerance of soybeans most likely through the ABA signaling pathway and the SOS-related Ca2+-signaling pathway, respectively.
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Micronutrient malnutrition is one of the main public health problems in many parts of the world. This problem raises the attention of all valuable sources of micronutrients for the human diet, such as common bean (Phaseolus vulgaris L.). In this research, a panel of 174 accessions representing Croatian common bean landraces was phenotyped for seed content of eight nutrients (N, P, K, Ca, Mg, Fe, Zn, and Mn), and genotyped using 6,311 high-quality DArTseq-derived SNP markers. A genome-wide association study (GWAS) was then performed to identify new genetic sources for improving seed mineral content. Twenty-two quantitative trait nucleotides (QTN) associated with seed nitrogen content were discovered on chromosomes Pv01, Pv02, Pv03, Pv05, Pv07, Pv08, and Pv10. Five QTNs were associated with seed phosphorus content, four on chromosome Pv07, and one on Pv08. A single significant QTN was found for seed calcium content on chromosome Pv09 and for seed magnesium content on Pv08. Finally, two QTNs associated with seed zinc content were identified on Pv06 while no QTNs were found to be associated with seed potassium, iron, or manganese content. Our results demonstrate the utility of GWAS for understanding the genetic architecture of seed nutritional traits in common bean and have utility for future enrichment of seed with macro– and micronutrients through genomics-assisted breeding.

Keywords: Phaseolus vulgaris L., landraces, DArTseq, SNP, GWAS, seed mineral content


INTRODUCTION

Micronutrient malnutrition, known as “hidden hunger,” particularly the lack of minerals such as Fe and Zn, is the main global nutritional problem (Hirschi, 2009; Diepenbrock and Gore, 2015; Semba, 2016; Yeken et al., 2018), due to great importance of micronutrients in fundamental biological functions (Tapiero et al., 2003). Common bean (Phaseolus vulgaris L.) is a species of great interest for human diet worldwide, gaining attention as functional food offering benefits for human health (Câmara et al., 2013). It provides macro- and micronutrients (especially Fe and Zn) and because of high protein content, together with other pulses common bean is known as poor man’s meat (Gouveia et al., 2014; Mahajan et al., 2017; Nwadike et al., 2018). The nutritional composition of common bean landraces depends on factors like origin, genotype and environmental conditions (Gouveia et al., 2014). Moreover, researches that have analyzed the genetic control of seed composition were mainly focused on minerals such as iron, phosphorus and zinc (Blair et al., 2009; Cichy et al., 2009), since they are among the most important nutritional deficiencies in humans.

The availability of molecular markers has enabled the determination of the origin and diversity of populations, as well as the elucidation of the genetic basis of important complex agronomic traits with increased resolution (Gioia et al., 2013; Chávez-Servia et al., 2016; Valdisser et al., 2017). For this purpose, microsatellite markers have been the most widely used markers over the past decade (Razvi et al., 2017; Valdisser et al., 2017). In recent years, single nucleotide polymorphism (SNP) markers have been developed and increasingly used for genetic and evolutionary studies, analysis of genome structure, genetic diversity analysis, genome-wide association mapping and integration of genetic maps representing a useful tool for plant breeding purposes (Goretti et al., 2014; Villordo-Pineda et al., 2015; Nemli et al., 2017; Valdisser et al., 2017). Diversity Arrays Technology (DArTseq), based on genome complexity reduction and SNP detection through hybridization of PCR fragments (Jaccoud et al., 2001), has been successfully used for the construction of dense linkage maps and quantitative trait locus QTL analysis, genome-wide association studies (GWAS) and genetic diversity studies (Valdisser et al., 2017).

Over the last decade, genome-wide association study (GWAS) has become a popular approach for studying traits of agricultural importance and has gained popularity particularly for screening a great number of accessions to gain insight into understanding the genetic basis of complex traits (Yu et al., 2006). In common bean, GWAS has been used to identify genes controlling traits such as disease resistance (Shi et al., 2011; Perseguini et al., 2016; Zuiderveen et al., 2016; Tock et al., 2017, Fritsche-Neto et al., 2019), drought-tolerance related traits (Galeano et al., 2012; Hoyos-Villegas et al., 2017), agronomic traits in general (Nemli et al., 2014; Kamfwa et al., 2015b; Moghaddam et al., 2016; Ates et al., 2018; Nascimento et al., 2018; Resende et al., 2018), nitrogen fixation (Kamfwa et al., 2015a), cooking time (Cichy et al., 2015), flooding tolerance (Soltani et al., 2017; Soltani et al., 2018), content of micronutrients (Mahajan et al., 2017; Katuuramu et al., 2018; Myers et al., 2019; Diaz et al., 2020; Erdogmus et al., 2020), and pod shattering (Rau et al., 2019).

The basic goal of GWAS is to detect markers that are either associated with a trait of interest directly or are in linkage disequilibrium (LD: non-random association of alleles at different loci in a given population) with a quantitative trait locus (QTL) that controls it. Cited GWAS studies on content of micronutrients detected numerous QTLs associated with Fe, Ca, Zn and Mn content, located an all chromosomes. Most of them represent minor genes, usually explaining around 10% or less of total phenotypic variation, with only a few exceptions. Earlier studies employing classical QTL analysis summarily detected a large number of QTLs; some of them were associated with major genes, but they were usually population or environment specific (Blair et al., 2009; Cichy et al., 2009; Blair et al., 2010, 2011). Pooling together the populations from different studies, meta-analysis resulted in the reduction of the original set of 87 detected QTLs into a set of 12 meta-QTLs, two specific for iron and zinc, and eight common for both minerals (Izquierdo et al., 2018). All discovered QTLs provide promising potential for use in plant breeding programs targeted at mineral biofortification, such as HarvestPlus (Pfeiffer and McClafferty, 2007). Newly developed biofortified cultivars exhibit potential for improving the iron status in iron-deficient individuals (Tako et al., 2015; Haas et al., 2016).

Reviewing the GWAS studies in common bean, it is possible to notice that many differences exist in applied strategy, regards the methodology in general, as well as in choices made at the different steps of the process. The markers which are in LD with QTLs controlling the analyzed trait cannot be straightforwardly identified because besides the physical linkage, LD can also be created by the genetic relatedness between individuals and/or population structure. These factors can extend LD over larger chromosomal regions, thus increasing the number of spurious associations that are most likely just false positives. This can be illustrated by the difference between uncorrected and kinship/structure corrected measures of LD (r2). While uncorrected r2 indicates strong LD even for the SNPs located on the opposite ends of the chromosome (Valdisser et al., 2017; Resende et al., 2018; Diniz et al., 2019), bias-corrected measures indicate LD decay of r2 to 0.1 at distances of approximately 250 kbp (Diaz et al., 2020), 400 kbp (Valdisser et al., 2017), 700 kbp (Resende et al., 2018), or up to 1 Mbp (Diniz et al., 2019). Therefore, the prevailing method of detecting marker-trait associations is based on a mixed linear model (MLM) proposed by Yu et al. (2006). It is also known as K + Q model because includes the fixed effect of population structure (Q) and random effect of kinship (K), and it is implemented in software packages such as TASSEL (Bradbury et al., 2007) and GAPIT (Lipka et al., 2012), providing different options for kinship/structure correction. In the next step, raw p-values were subjected to multiple testing adjustment in order to remove false positives. Some authors prefer the most stringent method of Bonferroni (Galeano et al., 2012; Kamfwa et al., 2015b; Zuiderveen et al., 2016), the others more relaxed variants of false discovery rate (FDR) adjustment (Cichy et al., 2009; Ates et al., 2018; Katuuramu et al., 2018) or using empirical distribution created by bootstrap to determine the cutoff point (Moghaddam et al., 2016; Soltani et al., 2018). Two studies (Moghaddam et al., 2016; Rau et al., 2019) combined described single-locus approach with the multilocus mixed model (MLMM) of Segura et al. (2012). MLMM is based on the same Q + K model but fitted in the stepwise procedure, adding or excluding a marker as a fixed effect (cofactor) in the model at each step.

In the present study, a panel of 174 accessions representing Croatian common bean landraces was used for GWAS based on DArTseq-derived SNP markers with the aim of identifying quantitative trait nucleotides (QTNs) associated with variation in seed content of eight nutrients (N, P, K, Ca, Mg, Fe, Zn, and Mn). The secondary aim of the study was to compare different methodology options and identify their possible pitfalls and shortcomings.



MATERIALS AND METHODS


Plant Material and Mineral Content Assessment

The study was performed using 174 accessions representing the most commonly used Croatian landraces of common bean (Carović-Stanko et al., 2017) held at the University of Zagreb Faculty of Agriculture, Department of Seed Science and Technology. The list of accessions with their passport data, phaseolin type and cluster membership is given in Supplementary Table 1. Phenotypic data on mineral content were drawn from an earlier study (Palèić et al., 2018) analyzing nitrogen (N), phosphorus (K), potassium (K), calcium (Ca), magnesium (Mg), iron (Fe), zinc (Zn), and manganese (Mn) variability in a broader panel of 226 accessions of the collection.



Genotyping and Data Preparation

Genotyping was carried out using microsatellite and DArTseq-derived SNP markers. Twenty-six microsatellite markers yielding a total of 135 alleles in the panel consisting of 174 common bean accessions were used to infer the population structure using STRUCTURE 2.3.3 software (Pritchard et al., 2000) as described in Carović-Stanko et al. (2017). Phaseolin type of each accession was determined by amplification of phaseolin sequences (Kami et al., 1995) as described in Carović-Stanko et al. (2017). DArTseq analysis was performed by Diversity Arrays Technology Pty Ltd., Bruce, Australia1. The quality of DArTseq-derived SNP markers was determined by the parameters ‘reproducibility’ (percentage of technical replicate pairs scoring identically for a given marker), ‘call-rate’ (percentage of samples for which a given marker was scored) and ‘MAF’ (minor-allele frequency) (Wenzl et al., 2004). Marker sequences were aligned against the reference genome of Phaseolus vulgaris (Schmutz et al., 2014) using BLASTN (Zhang et al., 2000). Final SNP data quality control was performed by excluding all SNPs with MAF < 0.05 and all SNPs with >0.05 heterozygotes, resulting in the final set of 6,311 high-quality DArTseq-derived SNPs. The missing SNP data were imputed by using Beagle 5.1 genotype imputation method (Browning et al., 2018). The imputed data set was then used to construct a kinship matrix by applying four methods implemented in TASSEL 5 software (Bradbury et al., 2007): (1) centered IBS (Endelman and Jannink, 2012), (2) normalized IBS (Yang et al., 2011), (3) dominance centered IBS (Muñoz et al., 2014), and (4) dominance normalized IBS (Zhu et al., 2015). Additionally, we used the corrected relatedness matrix as proposed by Diniz et al. (2019).



Linkage Disequilibrium

Non-random association between alleles at different loci was measured by r2. Besides straightforward r2, corrected measures designed to remove the bias caused by population structure (rS2), kinship (rV2) and both (rVS2) were also estimated (Mangin et al., 2012). Both measures involving kinship correction were estimated using five different kinship matrices described above. In order to visualize LD decay as a function of distance, all measures were fitted to Hill and Weir model (Hill and Weir, 1988).



Genome-Wide Association Study (GWAS)

Before carrying out the GWAS, missing phenotypic data were imputed using PHENIX method as implemented in the eponymous R package (Dahl et al., 2016). Prior to imputation, outliers were removed using the “trim” option in “phenix” (trim.sds = 1.96). GWAS was performed using both single (Yu et al., 2006) and multi-locus model approaches (Segura et al., 2012). Mixed linear models fitted in both cases included corrections for population structure and genetic relatedness (Q and K matrices). Population membership estimates were derived from microsatellite data using STRUCTURE (Pritchard et al., 2000) and the centered IBS method was used for adjustment of genetic relatedness. Single locus models were fitted in TASSEL 5 while the multi-locus models were employed in R package MLMM (Segura et al., 2012). After fitting single-locus models in TASSEL, the resulting raw p-values were subjected to multiple testing adjustment. In order to score for more potential marker-trait associations, Storey’s FDR approach was used instead of frequently applied Bonferroni correction (which tends to be too conservative). Row p-values from TASSEL were converted into Storey’s q-values using R package “qvalue” (Storey et al., 2020), and q-value of 0.2 was selected as the significance threshold. Distributions of p-values from TASSEL fits across the genome were visualized by Manhattan plots created using R package “CMplot” (Yin et al., 2020). Before creating Manhattan plots for all traits with significant SNPs, for each trait, an approximate threshold was calculated as p-value of a hypothetical SNP that would have a q-value of 0.2. A similar approximate significance threshold was created for MLMM – p-values from step zero were used to estimate p-value of hypothetic SNP that would have a q-value of approximately 0.2. The distribution of alleles across subpopulations for QTNs was visually inspected by creating violin plots.



RESULTS


Genotyping and Data Preparation

In concordance with the results described by Carović-Stanko et al. (2017), the STRUCTURE analysis based on 26 microsatellite loci identified K = 2 as the most likely number of clusters (ΔK = 20,533.24) assigning the accessions of Mesoamerican origin (phaseolin type I; “S”) to cluster A, while the accessions of Andean origin (phaseolin type II or III) formed the cluster B. At K = 3 (ΔK = 1,935.93), cluster B defined for K = 2 split up into two clusters separating the great majority of accessions of phaseolin type II (“H” or “C”) from those having phaseolin type III (“T”). At K = 3, 48 accessions (27.59%) belonged to cluster A, 29 (16.67%) to cluster B1, and 80 (45.96%) to cluster B2. For 17 accessions (9.77%), membership probabilities were lower than 75% in any of the clusters and were thus considered as “mixed origin.” Phaseolin type and cluster membership of each accession are given in Supplementary Table 1. The Q-values of each accession obtained at K = 3 were used for the control of genetic background in GWAS.

Out of 17,514 polymorphic markers 8,092 (46%) had high scoring reproducibility (>0.95), high call-rate (>0.90) and minor allele frequency (MAF) higher than 5%. From 8,092 SNP sequences, 6,599 (82%) high-quality SNPs were aligned to 11 chromosomes of common bean. The average number of SNPs per chromosome was 599.91, ranging from 403 on chromosome 4 to 834 on chromosome 2. The mean number of SNPs per Mbp was 12.85 or, on average, one SNP every 77,828 base pairs. Two hundred and eighty-eight SNPs for which more than 5% of accessions were heterozygous were removed for further analysis, and missing data were imputed for the remaining 6,311 SNPs (Supplementary Table 2).



Linkage Disequilibrium

Linkage disequilibrium, non-independence of alleles at different loci was assessed as the squared correlation between loci (r2). Bias caused by relatedness and/or population structure was removed by adjusting r2: (a) using kinship estimates (rv2), (b) using Q-values obtained by STRUCTURE (rs2), or (c) using both (rvs2). Fitted model for non-adjusted estimate r2 (Figure 1A) showed that LD decay was barely visible within 0–10 Mbp distance range, remaining above 0.3 even for pairs of loci at the opposite ends of a chromosome. On the contrary, when adjusted for population structure, LD decayed to 0.1 at an approximate distance of 4 Mbp. The r2 value of 0.1 could then be taken as an arbitrary threshold for comparison of different measures. Bias caused by relatedness was even stronger, and there was almost no difference between adjustment for kinship only and for kinship and population structure, both reaching LD decay threshold (r2 = 0.1) at approximately 1 Mbp. Both measures, rv2 and rvs2, shown on Figure 1A were based on a centered identity-by-state (IBS) kinship matrix. The rvs2 based on centered IBS was also shown in Figure 1B, in which it was compared to rvs2 values based on four other kinship matrices. Estimation curves for normalized IBS and distance-based kinships were completely overlapped, and the difference between them in comparison to centralized IBS was visible only due to magnification achieved by reducing both axes to approximately 1/10 of their total range. Two dominance-based kinship curves were completely overlapped as well, but characterized with lower decay rate, reaching 0.1 threshold at the distance of approximately 3 Mbp. The results suggested that adjustment for relatedness preferably using a centralized IBS kinship matrix was a necessary requirement for GWAS.
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FIGURE 1. Linkage disequilibrium (LD) decay as a function of distance between SNPs within a chromosome: (A) comparison of four r2 measures – rv2 and rvs2 are based on centered IBS kinship: (1) r2 = unadj, (2) rs2 = stru, (3) rv2 = kin, (4) rvs2 = kin + stru); (B) comparison of rvs2 based on five different kinship matrices: (1) dominance normalized, (2) dominance centered, (3) distance, (4) normalized, (5) centered.




Genome-Wide Association Study (GWAS)

Before carrying out the GWAS, missing phenotypic data were imputed using a centered IBS kinship matrix. Prior to imputation, outliers (>1.96 standard deviations) were trimmed, thus removing from one to ten the most extreme data points per trait. Descriptive statistics for all minerals based on imputed data set are given in Table 1.


TABLE 1. Descriptive statistics for seed mineral content in 174 Croatian common bean accessions.

[image: Table 1]The largest number of significant SNPs considered as QTN was discovered for N (Figure 2A); in total there were 22 significant QTNs on seven chromosomes. Among them, the highest observed -log10(p) peaks were observed at two pairs of QTNs located on chromosome 3 (Pv03) and chromosome 10 (Pv10), both explaining 7% of total phenotypic variation. Five QTNs were associated with P: four on chromosome 7 (Pv07) and one on chromosome 8 (Pv08) (Figure 2B), explaining 8–9% of variation. A single significant QTN was found for Ca on chromosome 9 (Pv09) (Figure 2C) and Mg on Pv08 (Figure 2D), explaining 9 and 13% of variation, respectively. Finally, two QTNs associated with Zn were located 1.4 Mbp apart from each other on Pv06 (Figure 2E), explaining 8 and 10% of variation. No QTNs were found to be associated with K, Fe, and Mn.
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FIGURE 2. Manhattan plots for significant markers detected by TASSEL: (A) N; (B) P; (C) Ca; (D) Mg; (E) Zn.


As expected, a multi-locus model fitting in MLMM resulted in much less marker-trait association discoveries. Out of 22 QTNs associated with N by TASSEL, only two were confirmed by MLMM: one out of four on Pv01 and the first of the two QTNs on Pv10. Similarly, only one QTN out of four found by TASSEL on Pv07 was associated with P. An additional discovery by MLMM is QTN associated with N on the Pv05, not previously detected by TASSEL.

Regarding the relationships between sizes of different variance components estimates obtained by MLMM, comparison of the residual sum of squares (RSS) plots for N and P (Figure 3) could be summarized in two key points: (1) population structure explained 40% of total N variation and 0% of total P variation; (2) error variation was of similar size as genetic variation in N and twice as large in P. Consequentially, despite similar relative size of genetic variation for N and P, MLMM detected three QTNs with p-values below the threshold for N, and only one for P.
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FIGURE 3. Variability breakdown at different MLMM steps for (A) N; (B) P. Structure (blue), SNPs (green), kinship (red), and error (white). Solid vertical line designates optimal step.


The summary of all marker-trait associations detected either by TASSEL or MLMM is given in Table 2. The highest overall explanatory power was recorded for the QTN Mg_8, explaining 13% of the total phenotypic variability for Mg. Instead of an individual R2 value for each marker, only a cumulative value for the full set of markers could be extracted from MLMM output. The associated markers were distributed over the whole genome, except for the chromosomes Pv04 and Pv11; N was the trait with the largest number of discovered associations, but individual effects of markers were lower than for other traits. When the TASSEL discovered a sequence of QTNs within up to 0.3 Mbp distance range, MLMM would likely retain just one of them. Finally, most of the markers were positioned closer to the chromosome ends, and just a few closer to the centromeric region.


TABLE 2. Positions of the quantitative trait nucleotides (QTNs) associated with seed mineral content in common been.

[image: Table 2]Strong effect of population structure in N, clearly visible on Figure 3, deserve to be further elucidated in conjunction with the effect of allele substitution at QTN sites. Figure 4 shows N content distribution in different allele classes for QTNs N_1.4 (a-b), N_3.1 (c-d), and N_5.1 (e-f), across whole population (a, c, e) and within subpopulations (b, d, f). Reference allele for all QTNs was always present in all subpopulations and mean N content of individuals carrying reference allele in the subpopulation A (Mesoamerican origin) is always somewhere in between means of the subpopulations B1 and B2 (Andean origin). There are the three possible scenarios for the distribution of the SNP allele. It could be present only in subpopulations of Andean origin (Figure 4B), but its positive effect observable in both B1 and B2 almost disappeared at whole population level, being masked by the effect of population structure (Figure 4A). In the second scenario, SNP allele is present only in subpopulation A (Mesoamerican) expressing a clear negative effect (Figure 4D), that gets shrunken by the effect of the population structure (Figure 4C). Finally, if the SNP allele is present in all subpopulations, its effect varies from one subpopulation to another (Figure 4F), to became almost invisible at the level of whole population (Figure 4E).
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FIGURE 4. N seed content distribution for different allele classes across the whole population (left) and within subpopulations (right; A Mesoamerican; B1 Andean; B2 Andean) for: (A,B) N_1.4; (C,D) N_3.1; (E,F) N_5.1. Diamonds designate population/subpopulation means for reference allele homozygotes (gray), SNP homozygotes (yellow), and heterozygotes (blue).




DISCUSSION


Genetic Structure and Seed Mineral Content in Common Bean

Concerning the origin of analyzed common bean accessions, we performed a model-based cluster analysis based on microsatellite markers which revealed the presence of three clusters in nearly complete congruence with the results of phaseolin type analysis. The results are consistent with previous studies showing that the European germplasm originates also from Mesoamerican and Andean gene pools, where the Andean is more prevalent (Bellucci et al., 2014). Similar results were obtained for Portuguese germplasm (Leitão et al., 2017) and the germplasm originating from countries neighboring Croatia (Bosnia and Herzegovina: 60% of the accessions of Andean origin; Serbia: 63%; Slovenia: 67%) (Maras et al., 2015).

As one of the requirements for successful GWAS, the presence of a reasonable amount of phenotypic diversity amongst genotypes in the study panel was already established in an earlier study (Palèić et al., 2018). For most of the analyzed traits, the amount of present phenotypic variability was either comparable or slightly narrower (especially if they were comprised of the accessions from regions located close to the center of origin) than variability reported for other collections. Furthermore, Croatian accessions of Mesoamerican origin had superior seed mineral content compared to those of Andean origin which was in congruence with the research of Ribeiro et al. (2012), except for iron, which is congruent to results reported by Beebe et al. (2000) and Islam et al. (2002).



Linkage Disequilibrium

The major issue in GWAS is to separate the true signal of marker-gene association from a plethora of false signals created by population structure and relatedness of individuals. The impact of kinship and population structure on LD estimates in common beans has been extensively discussed in a recent study by Diniz et al. (2019) that served as a model for designing the methodology of the present study. Despite all the differences in genetic composition and origin of studied populations (Croatian landraces vs. composite panel consisting of commercial cultivars, breeding lines, recombinant inbred lines and landraces) LD estimates from the present study have all the hallmarks of results reported by Diniz et al. (2019). The extent of bias caused by kinship and structure on LD estimates is quite similar: both studies reveal that more bias is introduced by kinship than by structure as there is only a negligible difference between rv2 and rvs2, and finally, as estimated by rvs2, LD decayed to 0.1 at a distance of approximately 1 Mbp. In addition to the conclusions of Diniz et al. (2019), the present study revealed that there is no essential difference between distance-based and centered or normalized IBS kinship estimate, as well as that all three of them outperformed both dominance-based kinship estimates. Almost identical performance of rv2 and rvs2 measures support Astle and Balding (2009) opinion that adjustment for kinship already contains the adjustment for population structure as well. Several authors have tried to resolve this issue through different modifications of the kinship matrix in order to remove information already contained in the model as fixed effects of population structure. So far, there is no consensus regards this matter, and as Gianola et al. (2016) concluded, “it is impossible to answer unambiguously the question of which approach is best.”



GWAS Methodology

There are two possible reasons for the discrepancy in the number of marker-trait associations identified by TASSEL and MLMM: (1) stepwise reduction of available genetic variability in MLMM; (2) the use of different methods for estimation of genetic and error variance.

Stepwise reduction of available genetic variability in MLMM: Single locus model used in TASSEL explores the entire genetic variability for fitting each SNP, while the multilocus model (MLMM) reduces available genetic variability for the next step by fixing selected SNP at each fitting step. At the final forward step, the genetic variability is completely exhausted; MLMM stops and runs the backward part of the stepwise fitting, as illustrated by RSS plots in Figure 3. The largest potential number of discoveries is equal to the number of steps, but the number of actual discoveries is equal to the ordinal number of the optimal step. Search for the optimal step is based on the selected threshold value, and it is aimed at finding the last (i.e., first) step in which all p-values for fixed markers are below the threshold.

The use of different methods for estimation of genetic and error variance in TASSEL and MLMM: Stepwise reduction of available genetic variability in MLMM: it is not possible to make a straightforward comparison of variance estimates from TASSEL and MLMM, because MLMM output provides only relative values of genetic and error variance, used to create RSS plots on Figure 3. At each step MLMM reports the value of “pseudo-heritability,” the ratio between genetic and sum of genetic and error variance. E.g., this estimate at step 0 for N is equal to 0.548, thus substantially larger than 0.377, the value of equivalent ratio calculated using the TASSEL null model variance estimates.

Furthermore, as the results of the TASSEL analysis were obtained by using the option to re-estimate variance estimates for each marker fit, the analysis was redone using the timesaving P3D (“population parameters previously determined”) option. P3D approach uses null model estimates for all marker fits (Zhang et al., 2010). Despite the perfect correlation between the p values obtained by the two options (“re-estimate” vs. P3D), the results were in disagreement in terms of the number of discoveries. Namely, using the selected threshold of q = 0.2, the analysis using P3D option detected no significant SNPs, because the smallest estimated q-value was as high as 0.25. It is likely that this outcome is related to panel size as well as the number of markers.

Application of stringent methods for multiple testing adjustment in the present study would result in no potential QTN finding, thus turning all of them into false negatives. Using a more relaxed approach by selecting Storey’s q-value of 0.2 as the cutoff point yielded the reported set of QTNs. It comes with the cost of 20% false positives, i.e., when the analysis of N content in TASSEL detected 22 marker-trait associations, 5 of them were actually false. Although other common bean studies used lower FDR cutoff values of 0.01–0.10 (Hoyos-Villegas et al., 2017; Ates et al., 2018; Katuuramu et al., 2018), it is not unusual to find recently published GWAS analyses in some other crops with q-value threshold of 0.2 (e.g., Muqaddasi et al., 2017; Novakazi et al., 2019). As Storey and Tibshirani (2003) have pointed out: “because significant features will likely undergo some subsequent biological verification, a q-value threshold can be phrased in practical terms as the proportion of significant features that turn out to be false leads”; significant QTNs can be treated as merely input values for further evaluation such as functional annotation.



QTN Discoveries

There are only few published GWAS analyses of nutrient content in common bean seed (that we are aware of) Two QTNs associated with seed iron content found on chromosome 6 by Diaz et al. (2020) are different from three QTNs associated with bioavailable iron found on the same chromosome by Katuuramu et al. (2018), along with two others on chromosomes 7 and 11. Zinc QTNs were found on chromosomes 6 (present study), 7 (Katuuramu et al., 2018), and 8 (Diaz et al., 2020); manganese QTNs on chromosomes 2, 3, 5, 8, and 11 (Erdogmus et al., 2020). The most abundant were calcium and nitrogen QTNs: for Ca they were found on chromosomes 1, 2, 3, 4, 8, 9, 10, and 11 (Katuuramu et al., 2018; Erdogmus et al., 2020, present study); for N on chromosomes 1, 2, 3, 5, 7, 8, 9, and 10 (Kamfwa et al., 2015a; present study). In addition to this, five phosphorus and a single magnesium QTN were discovered in the present study. According to the available information for their positions, there are no common QTNs detected in more than one study. It could be added, more as a curiosity, that QTN for nitrogen derived from atmosphere detected on chromosome 7 (at 4,048 kbp) by Kamfwa et al. (2015a) is positioned between the last two in series of four phosphorus QTNs stretching between 3,864 and 4,076 kbp on the same chromosome from the present study. The explanatory power of QTNs from all studies is relatively low; there are just a few of them that could explain more than 10% of total phenotypic variability. The single exception is the study of Mahajan et al. (2017), who reported much higher explanatory power of the discovered QTLs, but is not comparable with the others, because it was based on different type of markers (SSRs).

Classical QTL analyses also yielded numerous marker-trait associations, which can also be used for comparison with GWAS findings, knowing the approximate positions of the QTLs. This is at least possible for meta-QTLs, thanks to their physical positions provided by Izquierdo et al. (2018). Three iron and zinc QTNs found by Katuuramu et al. (2018) fall into meta-QTL intervals on chromosomes 6 and 7, but for none of them there seem to be any candidate genes (reported by either group of authors). The explanatory power of meta-QTLs is stronger than for QTNs; they explain from 10 to 27% of total phenotypic variation probably because the mapping populations are derived from crosses between two homozygous parents.

The important aggravating factor for the detection and use of marker-trait associations is the fact that a lot of them are either environment or population specific. In studies that collected phenotypic data from more than one environment, most of the QTNs were environment-specific; for example, two iron QTNs detected in two different seasons by Diaz et al. (2020), or 3/7 (Ca) and 2/10 (Mn) QTNs detected in both years on both locations by Erdogmus et al. (2020). European collections of landraces (such as this Croatian collection) usually represent a mixture of genotypes of Andean and Mesoamerican origin and some inter-genepool hybrids. The strong effect of population structure can alter the effect of allele substitution to such proportion that it can be completely hidden at the whole population level, which can somehow be related to Blair and Izquierdo (2012) conclusion that QTLs can be genepool specific and therefore not detectable in inter-genepool crosses.



Biofortification

Among the various possible strategies for use of QTNs in the biofortification breeding programs, Izquierdo et al. (2018) consider gene pyramidizing through marker-assisted selection too challenging, illustrating it by the example of stacking eight meta-QTL regions associated with both Fe and Zn in a single breeding line that has a probability of one in 256. They, therefore, suggest the genomic selection as the most promising strategy. Gains that could be achieved by allele substitution in the present study are smaller or larger than gains reported by other authors, depending on the mineral. Zn gains are larger than in Diaz et al. (2020) who reported a gain of 0.85 ppm, or Cichy et al. (2009) who reported gains of 0.6–1.5 ppm, and closer to Blair et al. (2009) who reported gains of 1.02–2.53 ppm. Ca and Mg gains are smaller than in Casañas et al. (2013) who reported gains of 0.85–11.40 g kg–1 for Ca and 0.33–0.40 g kg–1 for Mg, but for the dry weight of seed coat (in contrast to whole seed in present study). Blair et al. (2013) discuss the differences in concentrations of nutrients in seed coat and cotyledon, and conclude that they are due to different genes involved in mineral accumulation, as well as that through domestication accumulation of some nutrients shifted from seed coat to cotyledons. The achieved gains will not be fully utilized in human consumption, due to the presence of anti-nutrients, as well as due to losses during storage, processing and cooking. Besides the expected diminishing effect on the total content of nutrients, pre-soaking and cooking can as well increase the amount of bioavailable nutrients, due to a parallel decrease of the content of anti-nutrients (Fernandes et al., 2010). This is confirmed by Katuuramu et al. (2018), who analyzed mineral content of cooked beans and concluded that the results are in agreement with the studies on raw beans. Initial studies with already developed biofortified cultivars with twofold increased iron content (approximately from 50 to 100 ppm) showed only moderate increase in absorbed iron quantity, due to presence of higher levels of phytate (Petry et al., 2014; Tako et al., 2015). However, the consumption of biofortified beans can still significantly improve the iron status, as demonstrated in feeding trial (Haas et al., 2016). An alternative strategy for increasing the bioavailability of nutrients can be therefore the breeding for decreased anti-nutrient content, but just for areas with prevalent micronutrient deficiencies, while in others increased amounts of anti-nutrients like phytate might have beneficial effects on human health, reducing the risk of cancer and obesity (Blair et al., 2012).
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Abiotic stresses, such as drought and salinity, severely affects the growth, development and productivity of the plants. The Catharanthus roseus RLK1-like (CrRLK1L) protein kinase family is involved in several processes in the plant life cycle. However, there have been few studies addressing the functions of CrRLK1L proteins in soybean. In this study, 38 CrRLK1L genes were identified in the soybean genome (Glycine max Wm82.a2.v1). Phylogenetic analysis demonstrated that soybean CrRLK1L genes were grouped into clusters, cluster I, II, III. The chromosomal mapping demonstrated that 38 CrRLK1L genes were located in 14 of 20 soybean chromosomes. None were discovered on chromosomes 1, 4, 6, 7, 11, and 14. Gene structure analysis indicated that 73.6% soybean CrRLK1L genes were characterized by a lack of introns.15.7% soybean CrRLK1L genes only had one intron and 10.5% soybean CrRLK1L genes had more than one intron. Five genes were obtained from soybean drought- and salt-induced transcriptome databases and were found to be highly up-regulated. GmCrRLK1L20 was notably up-regulated under drought and salinity stresses, and was therefore studied further. Subcellular localization analysis revealed that the GmCrRLK1L20 protein was located in the cell membrane. The overexpression of the GmCrRLK1L20 gene in soybean hairy roots improved both drought tolerance and salt stresses and enhanced the expression of the stress-responsive genes GmMYB84, GmWRKY40, GmDREB-like, GmGST15, GmNAC29, and GmbZIP78. These results indicated that GmCrRLK1L20 could play a vital role in defending against drought and salinity stresses in soybean.

Keywords: CrRLK1L, genome-wide analysis, drought, salt, soybean


INTRODUCTION

Plants are sessile organisms that are subjected to both abiotic and biotic stressors during its life cycle. In order to adapt to adverse environmental factors, plants have evolved several complex signal transduction pathways and signaling mechanisms to defend against cellular damage (Ramachandra Reddy et al., 2004; Mittler, 2006). Some proteins can transmit stresses signals and regulate the expression of stresses-responsive genes, such as protein kinases, transcription factors, and protein phosphatases (Edwards et al., 2000; Shinozaki and Yamaguchi-Shinozaki, 2007; Hundertmark and Hincha, 2008). Of these proteins, protein kinases are a vital regulator that attaches to different ligands, resulting in downstream gene expression (Chinnusamy et al., 2004).

Receptor-like protein kinases (RLKs) were first identified in maize and are similar to animal receptor protein kinases in both their structure and function (Walker and Zhang, 1990). To date, approximately 600 and 1,100 RLKs have been discovered in Arabidopsis and rice, respectively (Shiu et al., 2004). RLKs consist of a protein kinase catalytic domain (PKC), a transmembrane domain (TM), and an extracellular ligand-binding domain (ECLB; Walker, 1994). The PKC is an intracellular domain and can promote or repress the expression of downstream genes by phosphorylation and dephosphorylation. The TM consists of 22–28 amino acids (aa) and transmits signals from extracellular to intracellular domains. The ECLBs identify and combine different signal molecules. However, most RLKs possess the N-terminal signal peptide (SP) in the ECLB, which is separate from epidermal growth factor-like repeats (EGFs). Based on differences in the ECLB, RLKs are mainly divided into six categories: LRR-RLKs, S-RLKs, WAK-RLKs, PR5-RLKs, CR4-RLKs, and Lectin-RLKs (Liu et al., 2017). Several studies have demonstrated that RLKs participate in almost all stages of a plant’s life cycle, including growth, development, and stresses response (Wang et al., 2008; Boisson-Dernier et al., 2011). For example, pea LecRLK (PsLecRLK) is a lectin receptor-like kinases (LecRLKs) located in the plasma membrane. Plants with PsLecRLK-overexpression displayed enhanced salt stresses tolerance (Vaid et al., 2015). FON1, a member of the LRR-RLK subfamily, can be induced by both drought and ABA treatment (Feng et al., 2014). CRLK1, a calcium-regulated RLK, responds to cold tolerance in plants (Yang et al., 2010).

Catharanthus roseus Receptor-Like Kinase 1 Like (CrRLK1L), a subfamily of RLKs, was first identified in Catharanthus roseus cell cultures (Schulze-Muth et al., 1996). CrRLK1L has one or two carbohydrate-binding malectin-like domains when compared to other RLKs in ECLBs (Boisson-Dernier et al., 2011; Lindner et al., 2012). Subsequently, CrRLK1L has been found in some plants. For example, 16, 17, and 40 members have been identified in rice, Arabidopsis, and cotton, respectively (Acharya et al., 2007; Nguyen et al., 2015; Niu et al., 2016). Several studies have demonstrated that CrRLK1L regulates protein kinase activity by intramolecular phosphorylation (Vaid et al., 2015). Some members of the CrRLK1L family play crucial roles in various kinds of cells (Lindner et al., 2012). For example, ANX1 (ANXUR1) and ANX2 (ANXUR2) are involved in pollen tube growth and development (Boisson-Dernier et al., 2009, 2013; Miyazaki et al., 2009). THE1 (THESEUS1) and HERK1 (HERCULES1) can regulate cell growth in hypocotyls and leaves (Hematy et al., 2007; Hematy and Hofte, 2008; Guo et al., 2009). Meanwhile, FERONIA (FER) is a member of the CrRLK1L subfamily and was first isolated from a pollen tube mutant (Huck et al., 2003). Previous studies demonstrated that FER responded to different hormone signals that contained auxin-mediated root hair growth in Arabidopsis (Duan et al., 2010), ethylene, and brassinosteroid (BR)-promoted hypocotyl elongation (Deslauriers and Larsen, 2010; Mao et al., 2015), and ABA-regulated abiotic stresses responses (Chen et al., 2016). Additionally, FER acts as a receptor for the Rapid Alkalization Factor (RALF) peptide ligand that causes a rapid increase in cytoplasmic calcium and inhibits cell elongation in plants (Haruta et al., 2014). Several studies demonstrated that the RALF-FER pathway leads to increases in NADPH oxidase-dependent ROS (reactive oxygen species), which regulates both cell expansion and stresses responses (Thynne et al., 2017). Based on prior research, we speculate that CrRLK1L family proteins are involved in signal transduction, and regulate cell wall integrity in different tissues.

Soybean (Glycine max L.) is a drought- and salt-tolerant dicotyledonous plant, although its growth and yield can both be severely affected by drought and salt stresses. There is little published information on the CrRLK1L gene family and how it relates to abiotic stresses mechanisms in soybeans. In this study, we identified 38 possible CrRLK1L genes in soybean and conducted analyses of their bioinformatics, including phylogenetic relationships, chromosomal location, intron–exon structure, tissue-specific expression patterns, and stresses-related cis-elements. Based on RNA-Seq and Quantitative Real-Time Polymerase Chain Reaction (qRT-PCR) methods, we further investigated GmCrRLK1L20 and whether it was significantly up-regulated when subjected to drought and salt stresses. Our results demonstrated that GmCrRLK1L20 overexpression enhanced tolerance to drought and salt stresses in soybeans. These findings provide an insight into the foundation of the GmCrRLK1L20 gene and how it functions in abiotic stresses responses.



MATERIALS AND METHODS


Plant Materials, Growth Conditions, and Stress Treatments

The soybean Williams 82 was used for the experiments conducted in this study. Seedlings were grown in pots with a humus: vermiculite ratio of 1:1 in a growth chamber with about 60% relative humidity, 28°C day/20°C night temperatures, and 14 h light/10 h dark photoperiod 16-day-old seedling were used for drought and salinity treatments. For drought treatment, the soybean seedlings at the four-leaf stage were removed from the soil and placed on filter paper for drought treatment. For salinity treatment, the soybean seedlings roots at the four-leaf stage were immersed in 200 mM NaCl solution. The samples were collected at different times of post-stress exposure for further research.



Identification of CrRLK1L Gene Family in Soybean

The sequences of previously identified CrRLK1L genes in Arabidopsis and rice were acquired from the TAIR database1 and the RGAP database (http://rice.plantbiology.msu.edu), respectively. We utilized BLASTP searches (E-value ≤ 1E-5), using the Arabidopsis CrRLK1L proteins as queries, to find the soybean CrRLK1L gene in the phytozome database2. Each candidate GmCrRLK1L protein sequence was then submitted to the online SMART tool3 to corroborate the presence of the complete CrRLK1L domains. The physicochemical parameters of the soybean GmCrRLK1L gene were obtained using the online ExPASyProtParam program4.



Multiple Sequence Alignments and Phylogenetic Tree Construction

The full-length aa sequences of CrRLK1L genes obtained for rice, Arabidopsis, and the newly identified soybean GmCrRLK1L gene were aligned using the ClustalX software with default parameters. MEGA7.0 software was used to construct an unrooted phylogenetic tree using the neighbor-joining method according to the following parameters: pairwise deletion, Poisson model, and 1,000 bootstrap replications.



Chromosomal Localization Analysis and Structural Characterization

The locations of the CrRLK1L genes on soybean chromosomes were obtained from the chromosomal loci in the Phytozome database. The exon-intron organization of soybean CrRLK1L genes were analyzed via coding sequences with corresponding full-length sequences using the online program Gene Structure Display Server (GSDS)5. The conserved motifs of the identified soybean CrRLK1L protein sequences were determined using the MEME online program6.



Expression Pattern Analysis of GmCrRLK1L Genes in Different Tissues

Transcriptome data were retrieved from the Phytozome database to analyze the expression patterns of GmCrRLK1L genes in different tissues, including seeds, roots, root hairs, stem, leaves, flowers, and nodules. The heatmap was constructed using the HemI software.



Analysis of Cis-Acting Elements in GmCrRLK1L Gene Promoters

The 2.0 kb region of 5′ UTR upstream of the soybean CrRLK1L genes obtained from the Phytozome database were submitted to PlantCARE7 to identify ten cis-elements, including ABA-responsive elements (ABRE), anaerobic induction elements (ARE), low-temperature responsiveness elements (LTR), defense and stress responsiveness elements (TC-rich repeats), wound-responsive elements (WUN-motif), MYB binding sites involved in drought-inducibility (MBS), W-Box, MYB, MYC, and DRE.



RNA Extraction and qRT-PCR

The plants at the four-leaf stage were grown in a greenhouse (light period: 14 h light/10 h dark, temperatures: 25°C day/20°C night, relative humidity: 60%). They were then taken out of the pot and washed with water. For drought treatment, the soybean seedlings at the four-leaf stage were placed on filter paper, and samples were collected at 0, 1, 2, 4, 8, 12, and 24 h of post-stress exposure. For salt treatment, the soybean seedlings at the four-leaf stage were immersed in 200 mM of NaCl, and samples were also collected at 0, 1, 2, 4, 8, 12, and 24 h of post-stress exposure. The samples were immediately frozen at −80°C in liquid nitrogen. The total RNA was extracted using a Plant Total RNA Extraction Kit according to the manufacturer’s instructions (TIANGEN). The qRT-PCR was conducted according to the method provided by the Prime Script TM RT Kit (Takara, Shiga, Japan). The primers for qRT-PCR of the five soybean GmCrRLK1L genes from the de novo soybean transcriptome sequencing were designed by Primer Premier 5.0, while the soybean actin gene was used as a control. An ABI Prism 7500 real-time PCR system (Applied Biosystems, Foster City, CA, United States) was used to perform qRT-PCR (Choi et al., 2005). The data were analyzed by the 2–ΔΔCT method (Le et al., 2011).



Subcellular Localization of GmCrRLK1L20

The full-length cDNA sequence of GmCrRLK1L20 was cloned into the N-terminus hGFP protein, which was driven by the CaMV35S promoter. The 35S:GFP vector was used as a control. The recombinant plasmid of GmCrRLK1L20-GFP was transformed into Arabidopsis protoplasts using a PEG4000-mediated method (He et al., 2016). The fluorescence signal was observed using a confocal laser scanning microscope after incubating it in darkness at 22°C for 18–20 h (Zeiss LSM 700, Oberkochen, Germany) (Riechmann et al., 2000).



Drought and Salt Stresses Assays of Soybean Hairy Root Composite Plants

Transgenic hairy root composite soybean plants were constructed using the method described by Shi et al. (2018) (Shi et al., 2018). Twelve Williams 82 soybeans were placed in each pot. Three pots formed a group. Drought treatment was conducted for 2 weeks. Under salt stresses, transgenic soybeans and EV-Control seedlings were grown in 200 mM of NaCl for four days. Both the drought and salt treatment experiments were conducted a minimum of three times. Both the treated and the untreated soybean hairy roots were washed with water for RNA isolation and physiological and biochemical experiments. The contents of Catalase (CAT), chlorophyll, Peroxidase (POD), Superoxide dismutase (SOD), Proline (Pro), relative electrical conductivity, and Malondialdehyde (MDA) were measured with the corresponding kit produced by Suzhou Comin Biotechnology Co., Ltd. (Suzhou, China) based on the manufacturer’s instructions; all data used were the average of three biological replicates.



Trypan Blue and NBT Staining

The Williams 82 seedlings with hairy roots approximately 2–5 cm in size were placed in a pot for 5 days, after which they were subjected to either 2 weeks of drought or 200 mM of NaCl for 4 days in a growth chamber. For trypan blue staining, the samples were immersed in a 0.5% Trypan blue (BioDee, China) solution for 12 h and then in 75% ethanol for decoloring until the leaves become white. For NBT staining, the samples were immersed in an NBT staining solution for 12 h and then in 75% ethanol (Wang et al., 2017) until the leaves became white. The pictures were taken with a Canon 50D (Canon, Japan) camera.



Fresh Weight of Roots

The fresh weight of GmCrRLK1L20-RNAi, GmCrRLK1L20-OE, and the EV-Control were measured under normal conditions as well as drought and salt conditions. All data used are the average of three biological replicates.



Statistical Analyses

All experiments were performed twice with at least three independent replicates. The data were assessed with the Student’s t-test using functions in Excel 2007. Vertical bars demonstrate ± SE of three biological replicates. An ANOVA test indicated that there were significant differences (∗p < 0.05, ∗∗p < 0.01).



Primers

The primers and sequences used in this study are listed in Supplementary Table 1.



RESULTS


Identification of RLK Subfamily CrRLK1L Genes in the Soybean Genome

Whole-length proteins and conserved domains of 17 Arabidopsis CrRLK1L genes were used as queries to search the soybean genome database. We identified 38 soybean CrRLK1L genes in the soybean genome, which were named GmCrRLK1L01-GmCrRLK1L38 based on their chromosomal locations (Table 1). Gene features, including the length of the aa, the protein molecular weight (MW), isoelectric point (pI), and the subcellular location were analyzed (Table 1). Of the 38 soybean CrRLK1L proteins, GmCrRLK1L02 was the smallest protein with 647 aa. The largest one was 1186 aa GmCrRLK1L36. The molecular weights (MW) of the proteins varied from 72.72 kDa GmCrRLK1L02 to 133.95 kDa GmCrRLK1L36, and the pI ranged from 5.24 GmCrRLK1L03 to 8.81 GmCrRLK1L25. Subcellular localization of each soybean CrRLK1L protein were predicted by the TargetP software of the CBS database (Yu et al., 2004). The predicted subcellular localization results indicated that 38 soybean CrRLK1L proteins were all located in the plasma membrane (PM).


TABLE 1. Features of GmCrRLK1L genes identified in soybean.
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Phylogenetic Analysis of the CrRLK1L Family in Arabidopsis, Rice, and Soybean

To investigate the evolutionary relationship among the CrRLK1L genes in soybean, Arabidopsis, and rice, an unrooted phylogenetic tree was constructed by aligning the full-length aa sequences from 38 soybean members, 17 Arabidopsis members, and 16 rice members. As shown in Figure 1, the 71 CrRLK1L genes were divided into three main groups. The soybean CrRLK1L family had 24 members in cluster II and 14 members in cluster III. The Arabidopsis CrRLK1L had 4 members in cluster I, 3 in cluster II, and 10 in cluster III. The rice CrRLK1L had 6 members in cluster II and 10 members in cluster III.
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FIGURE 1. Phylogenetic tree analysis of CrRLK1L genes. The full-length amino acid sequence of the CrRLK1L protein from Arabidopsis, rice, and soybean were aligned by Crustal W and constructed by the NJ (Neighbor-joining) method with 1,000 bootstrap replicates. Distinct subfamilies are marked by different colors.




GmCrRLK1L Gene Distribution on Soybean Chromosome

Detailed information on the location of the 38 soybean CrRLK1L genes used in this study was obtained from Phytozome (Table 1). As shown in Figure 2, 38 CrRLK1L family members are distributed on 14 of 20 soybean chromosomes, with none found on chromosomes 1, 4, 6, 7, 11, and 14. The highest number of soybean CrRLK1L genes are found on chromosome 18, while the fewest number of GmCrRLK1L genes are found on chromosomes 3, 5, 8, 15, 16, and 19. Eight soybean CrRLK1L members were located on chromosome 18, seven soybean CrRLK1L members were located on chromosome 13, four soybean CrRLK1L members were located on chromosome 12, two soybean CrRLK1L members were located on chromosomes 2, 9, 10, 17, and 20, and one soybean CrRLK1L member was located on chromosomes 3, 5, 8, 15, 16, and 19.
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FIGURE 2. Chromosome distribution of the 38 GmCrRLK1L genes. Chromosome location map drawn with MG2C software. GmCrRLK1L genes distribution on 14 soybean chromosomes.




Gene Structure and Motif Composition of Soybean CrRLK1L Genes

We examined the exon–intron organization of all identified soybean CrRLK1L genes to better understand the evolution of the soybean CrRLK1L family. As shown in Figure 3B, this included very few introns, which was similar to the previous results conducted by Li et al. (2015). However, we found that several genes contained introns: among soybean CrRLK1L genes, more than half (28 soybean CrRLK1L genes, 73.6%) were free introns. Six soybean CrRLK1L genes (15.7%) had one intron and only four soybean CrRLK1L genes (10.5%) had more than one intron: GmCrRLK1L04 (seven introns), GmCrRLK1L36 (five introns), and GmCrRLK1L31 (three introns). The MEME website was used to identify the conserved motifs of soybean CrRLK1L genes, and 10 motifs were identified (Figure 3C). The lengths of these conserved motifs ranged from 29 to 50 aa. The 10 putative motifs are displayed in Table 2. Thirty-eight soybean CrRLK1L genes contained Motif 1 and Motif 5. Motif 2 and Motif 8 were found in 37 soybean CrRLK1L genes, with the exception of GmCrRLK1L04 and GmCrRLK1L02. The majority of soybean CrRLK1L proteins (94.7%) contained Motif 3, Motif 7, and Motif 9. Meanwhile, Motif 4 and Motif 5 were found in 35 soybean CrRLK1L genes and Motif 10 was only found in 22 soybean CrRLK1L genes. Soybean CrRLK1L genes in the same groups were generally found to possess a close motif element. However, most functions of these conserved motifs have yet to be explained.
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FIGURE 3. Phylogenetic relationship, gene structure, and architecture of conserved protein motif in CrRLK1L genes from soybean. (A) The phylogenetic tree analysis of CrRLK1L genes from soybean. (B) Exon/intron organization of GmCrRLK1L genes. Yellow boxes represent exons and black lines represent introns. (C) The motif composition of soybean CrRLK1L proteins. The motif, numbers 1–10, are displayed in different color boxes. For details of motifs refer to Table 2.



TABLE 2. List of the putative motifs of GmCrRLK1L proteins.
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Expression Pattern Analysis of GmCrRLK1L Genes in Different Tissues

Different genes possess different expression abundances in different tissues or organs. This helps them adjust their physiological process. Our analyses of 38 soybean CrRLK1L gene expression patterns in seven tissues, including seeds, roots, root hairs, stems, leaves, flowers, and nodules, were conducted using known RNA-seq data from soybean genome databases. A heatmap of 38 soybean CrRLK1L genes was constructed using the HemI software. As shown in Figure 4, 32 GmCrRLK1L genes were expressed in at least one tissue, with the exception of GmCrRLK1L26, GmCrRLK1L04, GmCrRLK1L07, GmCrRLK1L20, GmCrRLK1L01, and GmCrRLK1L36. GmCrRLK1L38, GmCrRLK1L03, and GmCrRLK1L11 were only highly expressed in the flower. Approximately 11 genes (28.9%) were highly expressed in roots and root hairs, demonstrating that the soybean CrRLK1L genes could play vital roles in responding to adverse environmental factors.
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FIGURE 4. Expression profiles of soybean CrRLK1L genes from seven soybean tissues (seeds, roots, root hairs, stem, leaves, flowers, and nodules). Gene expression values are represented by different colors. The color scale is displayed at right of figure.




Stress-Related cis-Elements in Soybean CrRLK1L Genes Promoters

To further analyze possible regulatory mechanisms of soybean CrRLK1L genes among abiotic and biotic stress responses, the 2.0 kb upstream sequences from the start codon ATG of CrRLK1L genes were submitted to PlantCARE (see text footnote 7) to detect stresses-related cis-elements. Ten stresses response elements, including ABRE, MYB, MYC, ARE, LTR, W-box, WUN-motif, MBS, DRE, and TC-rich repeats were identified in these 38 soybean CrRLK1L gene promoters (Figure 5). Our results demonstrated that 38 soybean CrRLK1L genes have at least one cis-element related to stresses response, which demonstrated that soybean CrRLK1L gene expression could be associated with stresses response. For example, 36 and 29 soybean CrRLK1L genes (94.7%) have one or more MYB and MYC, respectively, and 24 soybean CrRLK1L genes possessed the ABA-responsive element. W-box, MBS, and LTR-responsive elements were found in 17, 12, and 11 soybean CrRLK1L genes, respectively. WUN-motif and TC-rich repeats were found on 13 soybean CrRLK1L genes. Seven DRE and one ARE were found on soybean CrRLK1L genes, respectively. The cis-elements analysis indicated that soybean CrRLK1L genes may be involved in different stresses responses.
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FIGURE 5. Predicted cis-elements in soybean CrRLK1L gene promoter’s region. Different cis-elements are marked by distinct color blocks and are located in relative positions on the promoter. The ABA-responsive element (ABRE), anaerobic induction element (ARE), low-temperature responsiveness element (LTR), defense and stresses responsiveness element (TC-rich repeats), wound-responsive element (WUN-motif), MYB binding site involved in drought-inducibility (MBS), W-Box, MYB, MYC, and DRE were analyzed. The upstream length to the translation starts site can be obtained using the scale at the bottom.




Expression Pattern Analysis of Five Soybean CrRLK1L Genes Under Drought and Salt Stresses Conditions

To thoroughly analyze the transcript levels of CrRLK1L genes in soybean under drought and salt stresses, we selected five CrRLK1L family members from the de novo transcriptome sequencing of soybean: GmCrRLK1L19, GmCrRLK1L20, GmCrRLK1L22, GmCrRLK1L24, and GmCrRLK1L31, which was based on the value of log2 (GH_treat/CK1_treat) and log2 (NaCl_treat/CK2_treat) > 1 (Figure 6). We also performed an expression pattern analysis of 5 CrRLK1L genes via qRT-PCR (Figure 7). These five GmCrRlLK1L genes were all upregulated under drought and salt stresses conditions (Figure 7), which was consistent with the hierarchical clustering found in expression profiles from drought and NaCl RNA-seq (Figure 6). Under drought treatment, 4 soybean CrRLK1L genes, GmCrRLK1L20, GmCrRLK1L22, GmCrRLK1L24, and GmCrRLK1L31, all peaked at 8 h (peaks of ∼ 20-, 5-, 2-, and 3-fold, observed at same time points, respectively). However, GmCrRLK1L19 peaked at 2 h (∼8-fold). Meanwhile, under NaCl condition, GmCrRLK1L22, GmCrRLK1L24, and GmCrRLK1L31 peaked at 1 h (∼6-fold), at 4 h (∼6-fold), and at 8 h (∼3-fold), respectively. GmCrRLK1L19 and GmCrRLK1L20 were all significantly upregulated (approximately 8- and 12-fold) at 12 h, respectively. By analyzing the levels of the expression pattern of GmCrRLK1L genes, we discovered that GmCrRLK1L20 had the highest expression level after 8 h of drought treatment (∼18-fold) and 12 h of high-salt conditions (∼13-fold). The qRT-PCR results showed that GmCrRLK1L20 had the highest expression level under drought and salt treatment. As such, GmCrRLK1L20 was used for further study. The expression data of the five genes were placed in the attachment Supplementary Table 3.
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FIGURE 6. Hierarchical clustering of expression profiles of 15 and 7 drought- and NaCl-responsive genes, respectively. (A) The expression level of 15 drought responsive genes. (B) The expression level of 7 NaCl responsive genes. The color scale is shown at right of figure.



[image: image]

FIGURE 7. Analysis of expression patterns of five selected CrRLK1L genes under drought and salt treatment by qRT-PCR. (A) qRT-PCR of five GmCrRLK1L genes under drought treatment. (B) qRT-PCR of five GmCrRLK1L genes under salt treatment. The soybean Actin (U60506) was used as an internal control. The X-axes and Y-axes indicate time and relative expression levels, respectively. The data represent means ± SD of three biological replications.




Subcellular Localization of GmCrRLK1L20

To analyze the subcellular localization of GmCrRLK1L20, the open reading frame (ORF) sequence (without the stop codon of the GmCrRLK1L20 gene) was fused to the N-terminal of the humanized green fluorescent protein (hGFP) reporter protein and co-transformed into Arabidopsis protoplasts to identify the localization of the GFP fluorescence signal. The 35S:GFP vector was used as a control. The fluorescence signal of GmCrRLK1L20 was specifically detected in the cell membrane using a confocal laser scanning microscope, while the GFP fluorescence signal was identified throughout the whole cell (Figure 8).
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FIGURE 8. Subcellular Localization analysis of the GmCrRLK1L20 Protein within the cell by GFP assays. 35S:GFP, control with empty vector; GmCrRLK1L20-GFP, GmCrRLK1L20-GFP fusion. Bars = 5 μm.




GmCrRLK1L20 Improved Drought and Salt Tolerance in Transgenic Soybean Hairy Roots

Of these five genes, GmCrRLK1L20 was notably upregulated under drought and salt treatment and was therefore used for further research (Figure 7). To further analyze the relationship between GmCrRLK1L20 and stresses response in soybean, we conducted transgenic soybean hairy root composite plants to identify the plant stresses resistance and discovered that the overexpression of GmCrRLK1L20 improved resistance to drought and salt (Figures 9A–C). The fresh weight of the roots was measured, which demonstrated that plants with GmCrRLK1L20-overexpression had higher root fresh weights (GmCrRLK1L20-OE) and that the GmCrRLK1L20-RNAi plants had lower fresh weights than wild-type plants (empty vector) under drought and salt stresses conditions (Figures 9H–J,R). These stressors can affect the intracellular reactive oxygen species (ROS) pathway which can produce H2O2 and O2–. Thus, we stained soybean leaves with 0.5% trypan blue and nitroblue tetrazolium (NBT) to analyze the H2O2 and O2– contents of GmCrRLK1L20-RNAi, wild-type and GmCrRLK1L20-OE plants under normal or stresses conditions. The results demonstrated that there was no difference in trypan blue and NBT staining on the plant leaves under normal growth conditions (Supplementary Figure 1). However, the brightness of the leaf color in GmCrRLK1L20-OE plants was significantly dimmer than in wild-type plants, and the leaf brightness of GmCrRLK1L20-RNAi plants was significantly higher than that of wild-type plants under drought and salt stresses conditions (Figures 9D–G). We also measured several physiological and biochemical indexes related to stresses response, including CAT, POD, SOD, Pro, MDA, Chlorophyll, and relative electrical conductivity (Figures 9K–Q). These results demonstrated that the physiological and biochemical indexes of GmCrRLK1L20-OE and GmCrRLK1L20-RNAi plants did not differ from wild-type plants under normal conditions (Figures 9K–Q). However, the GmCrRLK1L20-OE plants experienced delayed leaf wilt (Figures 9B,C) and had longer roots (Figures 9I,J), higher CAT, POD, SOD, Chlorophyll, and Pro contents (Figures 9K–O), lower relative electrical conductivity, and lower MDA contents compared to wild-type plants under drought and salt stresses conditions (Figures 9P,Q). GmCrRLK1L20-RNAi plants experienced significantly increased leaf wilt (Figures 9B,C), had shorter roots (Figures 9I,J), lower CAT, POD, SOD, Chlorophyll, and Pro contents (Figures 9K–O), higher relative electrical conductivity, and a higher MDA content (Figures 9P,Q) compared to EV plants under drought and salt stresses conditions.
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FIGURE 9. Phenotype and function analysis of soybean GmCrRLK1L20 in transgenic soybean hairy roots under drought and salt stresses conditions. (A–C) growth conditions of GmCrRLK1L20-RNAi, EV-Control (the empty plasmid of pCAMBIA3301), and GmCrRLK1L20-OE under normal, drought, and salt stresses conditions, respectively. NBT (D,F) staining of the leaves of GmCrRLK1L20-RNAi, EV-Control, and GmCrRLK1L20-OE under drought and salt conditions, respectively. The brightness of the leaf color indicates H2O2 and O2– contents (D,F). trypan blue (E,G) staining of the leaves of GmCrRLK1L20-RNAi, EV-Control, and GmCrRLK1L20-OE under drought and salt stresses conditions, respectively. Trypan blue staining demonstrates that dead cells can be stained, but living cells cannot (E,G). (H–J) The root phenotype of GmCrRLK1L20-RNAi, EV-Control, and GmCrRLK1L20-OE under normal, drought, and salt stresses conditions, respectively. (K) Catalase (CAT) content of transgenic soybean hairy root composite plants and EV-control plants under salt and drought conditions. (L) Chlorophyll content of transgenic soybean hairy root composite plants and EV-control plants under salt and drought conditions. (M) Peroxidase (POD) content of transgenic soybean hairy root composite plants and EV-control plants under salt and drought stresses conditions. (N) Superoxide dismutase (SOD) content of transgenic soybean hairy root composite plants and EV-control plants under salt and drought conditions. (O) Proline (Pro) content of transgenic soybean hairy root composite plants and EV-control plants under salt and drought conditions. (P) Relative electrical conductivity of transgenic soybean hairy root composite plants and EV-control plants under salt and drought conditions. (Q) Malondialdehyde (MDA) content of transgenic soybean hairy root composite plants and EV-control plants under salt and drought conditions. (R) Fresh weight of roots of transgenic soybean hairy root composite plants and EV-control plants under salt and drought conditions. Vertical bars demonstrate ± SE of three biological replicates. ANOVA test indicated that there were significant differences (*p < 0.05, **p < 0.01).




Analysis of Molecular Mechanism of GmCrRLK1L20 in Soybean

To further analyze the molecular mechanisms of GmCrRLK1L20 when subjected to abiotic stresses, we used qRT-PCR to assess the differential expressions of six stresses-responsive genes, GmWRKY40, GmMYB84, GmGST15, GmDREB-like, GmbZIP78, and GmNAC29 in the GmCrRLK1L20-RNAi, EV-Control, and GmCrRLK1L20-OE plants. Several studies have found that these six stresses-responsive genes were either directly or indirectly involved in abiotic stresses (Marè et al., 2004; Xiang et al., 2008; Shahnejat-Bushehri et al., 2016; Sarkar et al., 2019). Meanwhile, the six stresses-responsive genes were found to be significantly upregulated in our de novo transcriptomic soybean sequences, and the value of log2 fold change (GH_treat/CK1_treat) and (NaCl_treat/CK2_treat) of the six stresses-responsive genes varied from 3.6 to 9.5 (Supplementary Table 2). qRT-PCR assays of six stresses response-related genes were conducted after the transgenic soybean hairy root lines and EV-control plants were treated with 200 mM NaCl and 200 mM mannitol, using corresponding untreated lines. A two-fold change in expression was considered an induction of expression. These results demonstrating that expression levels of the six stresses-response genes in GmCrRLK1L20-OE plants were significantly upregulated compared to the EV-control plants under drought and salt conditions (Figure 10) and expression levels of these six stresses-response genes in the GmCrRLK1L20-RNAi were significantly down-regulated compared to the EV-control plants under drought and salt conditions (Figure 10).
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FIGURE 10. The expression levels of six stresses-responsive genes including GmWRKY40, GmMYB84, GmGST15, GmDREB-like, GmbZIP78, and GmNAC29. (A) The expression levels of six stresses-responsive genes were measured using qRT-PCR in transgenic GmCrRLK1L20 soybean hairy root plants under normal conditions. (B) The expression levels of six stresses-responsive genes were measured using qRT-PCR in transgenic GmCrRLK1L20 soybean hairy root plants under drought stresses conditions (200 mM mannitol). (C) The expression levels of six stresses-responsive genes were measured using qRT-PCR in transgenic GmCrRLK1L20 soybean hairy root plants under salt stress conditions (200 mM NaCl). RNAi, EV, and OE represent GmCrRLK1L20-RNAi, EV-Control (the empty plasmid of pCAMBIA3301), and GmCrRLK1L20-OE, respectively. Vertical bars indicate ± SE of three biological replicates. ANOVA test indicated that there were significant differences (*p < 0.05, **p < 0.01).




DISCUSSION

Catharanthus roseus RLK1-likes are a special subfamily of RLKs that are found only in plants. Previous research has demonstrated that CrRLK1L has one or two more carbohydrate-binding malectin-like domains than that of the subfamily of RLKs in ECLB (Boisson-Dernier et al., 2011; Lindner et al., 2012). We believe that CrRLK1L could have evolved special new adaptations for their environment. CrRLK1L also plays an important role in growth, development, and stresses response in certain plants (Lindner et al., 2012). However, the biological and genetic roles of CrRLK1L in soybean are still unknown. By analyzing the structural characteristics of CrRLK1L genes in soybean, we found that the majority of soybean CrRLK1L genes lacked introns and that individual members have a short intron in the 5′UTR (5′untranslational region) or 3′UTR, but that no introns exist in both the 5′UTR and 3′ UTR (Figure 3). This indicates that these genes rarely exist in the form of alternative splicing (Li et al., 2015). The fact that most soybean CrRLK1L genes lack introns could be due to selection pressures during the evolutionary process. However, several soybean CrRLK1L genes have evolved a distinct exon-intron structure with 1–10 introns, and we discovered that the soybean CrRLK1L genes that contained similar gene structure and motif elements were divided into the same subfamily (Figure 3). We conducted an additional analysis of the phylogenetic tree of CrRLK1L genes in Arabidopsis, rice, and soybean according to their conserved amino acid sequence (Figure 1). The 71 CrRLK1L genes were classified into three clusters, while a majority of soybean CrRLK1L genes are distributed in cluster II. Five CrRLK1L family members from the de novo transcriptome soybean sequencing were classified into group II, with the exception of GmCrRLK1L24.

Analysis of the phylogenetic tree demonstrated that CrRLK1Ls shared high homology with Arabidopsis FER (Figure 1). The available evidence suggests that FER plays a vital role in hormone response (Hematy et al., 2007; Hematy and Hofte, 2008; Guo et al., 2009), cell growth, and abiotic stresses in plants (Huck et al., 2003). For example, FER participates in the identification between pollen tubes and its subsidiary cell (Boisson-Dernier et al., 2009), the elongation of pollen tubes and nutrient tissue cells, and the regulation of stomatal aperture (Rotman et al., 2003; Guo et al., 2009; Kessler et al., 2010). FER can regulate the production of ROS and calcium, which serve as vital second messengers in abiotic and biotic stresses responses (Luan et al., 2009; Gilroy et al., 2016). Based on the above analysis, we speculate that CrRLK1L family members could participate in hormone responses, and abiotic stresses. Further analysis of the cis-acting elements for the promoter of soybean CrRLK1L genes revealed that the 38 soybean CrRLK1L family members were highly correlated with stresses responses, such as ARE, ABRE, MYB, MYC, LTR, WUN-motif, MBS, DRE, TC-rich, and W-Box (Walker and Zhang, 1990; Walker, 1994; Chinnusamy et al., 2004; Shiu et al., 2004). This indicates that soybean CrRLK1L family members could play an important role in regulating stresses responses.

In our study, the method of the rapid drought that soybeans were placed on filter paper and the salt stress treatment that soybeans were immersed into 200 mM NaCl solution were used to preliminary screen the vital genes that rapidly respond to drought and salt stress, and this method of stress treatment can only be used in the laboratory and cannot be applied to agricultural environment or nature environment (Chen et al., 2015; Du et al., 2018). In addition, some studies have indicated that the methods for assaying plant resistance, on artificial media, filter paper and in hydroponic systems conditions, does not accurately mimic what is observed when plants are grown in soil (Rich and Watt, 2013; Robbins and Dinneny, 2015; Nelson and Oliver, 2017). Therefore, the method of the rapid drought and salt were used to initially screen the vital gene responding to drought and salt stress by qRT-PCR in our study. qRT-PCR analysis also found that drought and salt stresses could affect the expression levels of five CrRLK1L genes from de novo transcriptome sequencing of soybean. GmCrRLK1L20 had the highest transcription levels of the five genes under stresses conditions (Figure 7), which was consistent with the hierarchical clustering of expression profiles from drought and NaCl- RNA-seq (Figure 6). GmCrRLK1L20 was therefore selected for further analysis of its gene function under drought and salt stresses. Its molecular features indicated that the GmCrRLK1L20 protein is localized in the cell membrane. To further verify the interactions between the GmCrRLK1L20 gene and plant resistance, we generated transgenic soybean hairy root composite plants (RNAi, EV, and OE) via the Agrobacterium-mediated method and conducted nature drought and salt treatment for this composite plants, and we discovered that the GmCrRLK1L20-overexpression plants enhanced drought and salt tolerance compared with wide-type plants (Figures 9B,C). This suggests that the overexpressed plants had longer roots than the RNAi and EV plants (Figures 9H–J), had higher CAT, POD, SOD, and proline contents, and had lower relative electrical conductivity and a lower MDA content than RNAi and EV plants under drought and salt stresses (Figures 9K–Q). This demonstrates that GmCrRLK1L20 provides effective resistance against some abiotic stressors.

In order to analyze the molecular mechanism of the GmCrRLK1L20 gene, we selected the stresses-response genes GmWRKY40, GmMYB84, GmDREB-like, GmGST15, GmNAC29, and GmbZIP78 for additional study (Figure 10). GmWRKY40 is a WRKY transcription factor and can enhance the expression of downstream stresses-related target genes by specifically binding to the W-box. For example, researchers have demonstrated that WRKY transcription factor genes (OsWRKY11) can directly bind to the promoter of the stresses-responsive gene RAB21, and can enhance stresses tolerance in transgenic rice seedlings (Marè et al., 2004). GmMYB84, an R2R3-MYB transcription factor, can improve the expression levels of GmRBOHB-1&2 genes by binding to the MBS cis-elements in their promoter, enhancing stresses tolerance in soybean (Wang et al., 2017). GmDREB-like, a DREB-type transcription factor, can specifically recognize and bind to the DRE/CRT cis-acting element to regulate the expression of downstream stresses-responsive genes such as RD29A, which improves plant stresses resistance (Sarkar et al., 2019). GmNAC29, a NAC-type transcription factor, can recognize the CATGT and CACG elements of various downstream stresses-responsive gene promoters involved in plant stresses resistance (Tran et al., 2004). For example, the Arabidopsis NAC transcription factor JUB1 promotes stresses response by directly repressing the expression of GA3ox1 and DWF4 genes (Shahnejat-Bushehri et al., 2016). GmbZIP78, a bZIP-type transcription factor, can recognize ABRE responsive elements in stresses-responsive gene promoter regions to regulate the expression of ABA-related pathway genes. This improves sensitivity to ABA, which could enhance plant tolerance to drought and salt stresses (Xiang et al., 2008). GmGST15, a glutathione S-transferase protein, encodes a ROS-scavenging enzyme and regulates the homeostasis of ROS in cells. The ROS-scavenging enzyme was related to maintaining cell redox homeostasis and protecting cells from oxidative stresses under stressful conditions (Jha et al., 2011; Qi et al., 2018). Our results demonstrated that these stresses response genes were significantly upregulated in transgenic GmCrRLK1L20 soybean hairy root composite plants. This indicates that GmCrRLK1L20 improved soybean resistance to abiotic stresses by regulating the expression of several stresses response genes and playing a critical role in plant resistance to drought and salt stresses. These results indicate that the CrRLK1L gene is involved in plant stresses resistance and provides a theoretical basis for the additional study of plant production.



CONCLUSION

In this study, we identified 38 CrRLK1L genes in the soybean genome sequence. We conducted a comprehensive and systematic analysis of structural features and expression profiles and performed phylogenetic analyses. Finally, we identified a GmCrRLK1L20 gene that was significantly upregulated under drought and salt stresses conditions. These results provide insight into understanding the evolutionary mechanism of CrRLK1L genes and how they relate to stresses response in plants.
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The apparent climatic extremes affect the growth and developmental process of cool-season grain legumes, especially the high-temperature stress. The present study aimed to investigate the impacts of high-temperature stress on crop phenology, seed set, and seed quality parameters, which are still uncertain in tropical environments. Therefore, a panel of 150 field pea genotypes, grouped as early (n = 88) and late (n = 62) maturing, were exposed to high-temperature environments following staggered sowing [normal sowing time or non-heat stress environment (NHSE); moderately late sowing (15 days after normal sowing) or heat stress environment-I (HSE-I); and very-late sowing (30 days after normal sowing) or HSE-II]. The average maximum temperature during flowering was about 22.5 ± 0.17°C for NHSE and increased to 25.9 ± 0.11°C and 30.6 ± 0.19°C in HSE-I and HSE-II, respectively. The average maximum temperature during the reproductive period (RP) (flowering to maturity) was in the order HSE-II (33.3 ± 0.03°C) > HSE-I (30.5 ± 0.10°C) > NHSE (27.3 ± 0.10°C). The high-temperature stress reduced the seed yield (24–60%) and seed germination (4–8%) with a prominent effect on long-duration genotypes. The maximum reduction in seed germination (>15%) was observed in HSE-II for genotypes with >115 days maturity duration, which was primarily attributed to higher ambient maximum temperature during the RP. Under HSEs, the reduction in the RP in early- and late-maturing genotypes was 13–23 and 18–33%, suggesting forced maturity for long-duration genotypes under late-sown conditions. The cumulative growing degree days at different crop stages had significant associations (p < 0.001) with seed germination in both early- and late-maturing genotypes; and the results further demonstrate that an extended vegetative period could enhance the 100-seed weight and seed germination. Reduction in seed set (7–14%) and 100-seed weight (6–16%) was observed under HSEs, particularly in HSE-II. The positive associations of 100-seed weight were observed with seed germination and germination rate in the late-maturing genotypes, whereas in early-maturing genotypes, a negative association was observed for 100-seed weight and germination rate. The GGE biplot analysis identified IPFD 11-5, Pant P-72, P-1544-1, and HUDP 11 as superior genotypes, as they possess an ability to produce more viable seeds under heat stress conditions. Such genotypes will be useful in developing field pea varieties for quality seed production under the high-temperature environments.

Keywords: heat stress, seed germination, growing degree days, seed set, seed loss, GGE biplots


INTRODUCTION

In the tropical climate, the evident adverse impacts of rising ambient temperature on cool-season crops are nowadays challenging production sustainability. The latest projections indicate that ambient temperature will rise by about 2–4°C by the end of the 2100 (IPCC, 2007). Almost all the cool-season legumes under the northern plains of India are gradually shifting toward “warm winter,” exposing crop to terminal heat stress (Basu et al., 2009). Terminal heat stress often causes a considerable yield loss in the late-sown field pea (Parihar et al., 2020b). To date, much is known about the agronomic, physiological, and molecular basis of crop responses to terminal heat stress. However, the possible impacts of heat stress on seed set, seed viability, and vigor of cool-season legumes in the tropical environments has not been studied adequately.

Field pea (Pisum sativum L.) is an imperative, highly productive, and nutritionally rich cool-season legume crop, grown across the world, consumed as food, feed, and fodder (Parihar et al., 2016, 2020a; Rubiales et al., 2019). India is a major field pea-producing country (FAOSTAT, 2019) and has a high demand for quality field pea seeds. Cool-season grain legumes including field pea have increased sensitivity to high-temperatures than warm-season grain legumes (Hall, 2001). Also, field pea has relatively low heat tolerance than other winter legumes like chickpea and lentil (Siddique, 1999), and so very often, the production declines when the maximum day temperature during flowering exceeds 25°C (Guilioni et al., 2003; Sadras et al., 2013). The impact of high-temperature on crop growth, physiology, and yields of field pea has been reported from different agro-regions (Sadras et al., 2013; Liu N. et al., 2019; Jiang et al., 2020; Mohapatra et al., 2020), but there are no reports on germination of seeds produced at high-temperature stress.

Quality seed production is quintessential to sustain national food and nutritional security. Seed quality, which is often determined by seed morphology, seed dormancy, germination, germination rate, and vigor, is predominantly influenced by the environmental conditions prevailing during the crop-growing season and subsequently during processing and storage (Peltonen-Sainio et al., 2011; Hampton et al., 2013; Rashid et al., 2018; Lamichaney et al., 2019). Among the climatic variables, the higher ambient temperature has an immense influence on growth and developmental processes of cool-season legumes and, thus, is anticipated to affect the seed quality traits. On account of the higher seed requirement of field pea, the possible adverse impact of high-temperature could have an enormous impact on seed growers. This is possible that the high-temperature stress would hamper seed germination and vigor by shortening the seed filling period that affects the transport and accumulation necessary to assimilate in the developing seed (Young et al., 2004; Shinohara et al., 2006). Assessment of high-temperature stress on crop phenology, seed set, and seed germination across a large set of genotypes would be a realistic approach to develop strategic management option(s) and to identify potential genotype(s) having improved and stable seed quality traits, in particular germination.

Development of high-yielding stable genotypes with quality seed production ability under heat stress environments (HSEs) is the need of the hour for achieving sustainable pulses production under the changing climates. Understanding of effects of genotypes (G) and genotype × environment (G × E) interaction is essential for selecting superior genotype(s) for the studies involving multi-environments (Yan et al., 2007), since seed yield and its quality are complicated traits strongly influenced by G × E interaction and, therefore, should not be judged on the basis of G and E means alone (Ebdon and Gauch, 2002). The delineation of G × E interactions requires multi-environmental testing of different genotypes for identification of superior genotype for the “trait of interest” based on mean performance and stability (Fan et al., 2007). During recent years, genotype main effect along with genotype × environment interaction (GGE) biplot is being used to depict G and G × E interactions graphically and also has dominance over additive and multiplicative models (Yan and Kang, 2003; Yan et al., 2007). Therefore, a comprehensive study was undertaken to elucidate the impact of high-temperature on crop phenology and harvested seed quality in a panel of 150 field pea genotypes for identification of superior genotype(s). The major hypotheses of the study were: (1) the high-temperature and temperature intensity would affect the field pea seed set and seed germination in tropical agro-region, (2) crop phenology and high-temperature intensity during flowering and reproductive period (RP) would have direct associations with seed production and seed quality traits under HSEs, and (3) there would be differential responses of field pea genotypes to high-temperature environments (G × E interaction) for seed production and seed viability. The findings of the study would be valuable for developing future crop management strategies for quality seed production and identification of superior field pea genotype(s) for the anticipated high-temperature era.



MATERIALS AND METHODS


Site Characteristics

The field experiment was conducted during the winter season of 2017–2018 at ICAR-Indian Institute of Pulses Research, Kanpur, Uttar Pradesh, India (26°27′N latitude and 80°14′E longitude and approximately 152 m above mean sea level). The experimental soil is sandy-loam in texture and belongs to the order Fluvisol (World Reference Base classification). The climate of the site is sub-tropical humid with an average annual temperature of 26°C and annual rainfall of 720 mm. The soil of the experimental site (0–0.15 m) had pH 7.98, electrical conductivity 0.342 dS m–1, soil organic carbon 4.3 g kg–1, soil available nitrogen 102 mg kg–1, phosphorus 7.1 mg kg–1, and potassium 113 mg kg–1. The weather variables during the crop-growing season are presented in Figure 1.
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FIGURE 1. Average daily weather conditions of the experimental site during the period of study.




Planting Material and Experimental Details

A panel of 150 diverse genotypes of field pea including breeding lines, germplasm accessions, and high-yielding released cultivars were selected for the study (Supplementary Table 1). Selected genotypes based on maturity period were grouped as early- (≤110 days, n = 88) and late-maturing (>110 days, n = 62) genotypes. The selected genotypes were evaluated in three contrasting environments differing in the temperature intensity at crop stages (terminal heat stress in particular). This was achieved through sowing in three distinct windows [November 15 (normal sowing time), November 30 (moderately late sowing), and December 15 (very late sowing)] so as to expose field pea crop to HSEs. The HSEs simulated by delayed sowing were designated as heat stress environment-I (HSE-I) (moderately late sowing), heat stress environment-II (HSE-II) (very late sowing), and non-heat stress environment (normal sowing time) as non-HSE (NHSE). The experiment was laid out in augmented block design. In each environment, there were six blocks, and two checks [IPF 99-25 (early maturing) and IPF 5-19 (late maturing)] were replicated in each block.



Crop Management

The experimental field was prepared by two ploughing followed by harrowing and planking. Three lines of each genotype were sown with a plant spacing of 30 cm × 5 cm. A filler spacing of 60 cm was kept between the genotypes. At the time of sowing, fertilizer nitrogen, phosphorus, and potassium was applied at 20–50–50 kg ha–1 (N–P2O5–K2O) as a basal dose. The irrigation was scheduled based on irrigation water/cumulative pan evaporation (IW/CPE) ratio of 0.75. For NHSE, the irrigation was given at 40 and 78 days after sowing (DAS), where irrigation was scheduled at 30 and 67 DAS for HSE-I and 51 and 73 DAS for HSE-II. For all the genotypes, one hand-weeding at 25 DAS was done to control the seasonal weeds.



Observations on Phenology

Crop phenophases were determined by visual observations. For each genotype, the days from sowing to 50% flowering (when flowering appeared in 50% of the total plants) were denoted as days to 50% flowering (DTF). Likewise, the maturity date of each genotype was recorded when all the pods turned to light-yellow color and fully dried, and days from sowing to maturity was denoted as days to maturity (DTM). The difference between DTF and DTM was designated as RP and expressed as days.



Seed Set

At maturity, five plants of each genotype were randomly selected, and 10 pods from the top 4 pod-bearing nodes were collected for observation on seed set percentage. The number of fully developed seeds per pod (>5-mm diameter) and the number of ovules per pod were counted and computed to derive seed set percent for each genotype across the three environments. A total of 4,500 pods were examined to compute the percent seed set across the three environments (3 environments × 150 genotypes × 10 pods).
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Seed Yield and 100-Seed Weight

The inner row (4-m length) was harvested separately to estimate the final seed yield. The harvested seeds were sun-dried, and moisture percentage was calculated. The seed yield was adjusted at 12% moisture content and expressed as kg ha–1. The 100 seeds of each genotype were manually counted and weighed for determination of 100-seed weight. The 100-seed weight was calculated in three replications.



Seed Germination Test

One hundred pure seeds in three replications were placed inside moist germination paper and then incubated at 20°C in dark for 8 days. On the ninth day of incubation, the seedlings and seeds were grouped into normal and abnormal seedlings, hard and dead seeds, respectively (ISTA, 2016). The percentage of normal seedlings to total seeds represents the final germination percentage.

Germination rate was calculated according to Maguire (1962). Briefly, 25 seeds of each genotype in three replications were placed in Petri plates lined with two pre-wetted filter paper and were incubated at 20°C in dark for 8 days. The number of seeds germinated was counted daily. The seeds were considered germinated when radicle attained an approximate length of 2 mm.
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Seed Loss Calculation

Total seed loss in stressed environments (HSE-I and HSE-II) was calculated based on the seed yield and germination loss as compared with the non-stressed environment (NHSE) with the following formula:
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Temperature Intensity and Growing Degree-Day Calculation

The average ambient maximum temperature (°C) during flowering (i.e., at 50% flowering ± 5 days) was calculated for each genotype to determine the temperature intensity during the flowering stage. Likewise, the cumulative GDD were calculated for vegetative (sowing to flowering), reproductive (flowering to maturity), and full crop seasons (sowing to maturity) of each field pea genotype and denoted as GDDVEG, GDDRP, and GDDFS, respectively. The GDD value at different crop growth stages was calculated using the following formula:
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where TMAX and TMIN are the maximum and minimum temperatures, and the base temperature is defined as the minimum threshold temperature below which the crop development is stopped. The base temperature in field pea is 0°C.



Statistical Analyses

The data of each genotype were adjusted following the augmented block design analysis. The percent germination data were subjected to arcsine transformation before statistical analysis. The multivariate regression analysis was performed using “Data Analysis Toolpak” Add-Ins of Microsoft Excel. The principal component analysis (PCA) was done in PAST 3.14. Genotype + genotype-by-environment (GGE) biplots were developed using R studio platform using the “GGEBiplotGUI” package (Yan and Tinker, 2006). The GGE biplots were constructed by plotting the first two principal components derived by subjecting mean values to singular value decomposition (Parihar et al., 2017a,b). To display the mean performance and stability of a genotypes, the biplots were framed with the mean vs. stability function by adopting no scaling (scale = 0) and tester-centered G + GE (centering = 2) with genotype focused (row metric preserving) singular value partitioning (SVP = 1). Conversely, the efficiency of environments was portrayed by discriminativeness vs. representativeness function with no scaling (scale = 0) and tester-centered G + GE (centering = 2) with symmetrical (genotype–environment focused) singular value partitioning (Parihar et al., 2018).



RESULTS


High-Temperature Stress

Delayed sowing exposed the crop to considerable extent of heat stress especially during post-flowering stages (Figure 2). At flowering, the crop faced a maximum temperature (TMAX) of 22.5 ± 0.17°C in NHSE, while in HSE-I and HSE-II, the TMAX was 25.9 ± 0.11°C and 30.6 ± 0.15°C, respectively. Likewise, the average TMAX during the RP was 27.3 ± 0.10°C, 30.5 ± 0.10°C, and 33.3 ± 0.03°C for NHSE, HSE-I, and HSE-II, respectively. The reduction in crop season GDD was prominent (22–26%, p < 0.01) in HSE-I and HSE-II over NHSE (Table 1). The GDDVEG (sowing to flowering) and GDDRP (flowering to maturity) were reduced in the late-sown crops, and the reduction was much prominent in the late-maturing over early-maturing genotypes. In HSE-II, a strong reduction in GDD values was observed in both vegetative (26%) and reproductive (23%) stages as compared with NHSE (p < 0.05).
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FIGURE 2. Exposure of field pea genotypes to maximum temperature(TMAX) during 50% flowering (°C) and average ambient temperature during reproductive period (°C) under timely sown and late-sown conditions. The error bars represent ± standard error of means. NHSE, normal sowing time; HSE-I, 15 days after NHSE; HSE-II, 30 days after NHSE. Different lowercase letters (a–c) represent significant different within the row values (p < 0.05). Different uppercase letters (A, B) represent significant difference within the column values (early and late genotypes) (p < 0.05).



TABLE 1. Crop stage-wise growing degree days (°C) under different growing environments.
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Phenological Events

Results showed that the crop-growing environments had marginal influence on length of the vegetative period (Figure 3A), while under late-sown conditions (HSE-I and HSE-II), the RP and DTM were reduced by 15–27 and 5–11%, respectively, higher for late-maturing genotypes (6–13 and 18–32%, respectively) (Figures 3B,C). The average maturity period of early-maturing genotypes was 103 and 98 days in HSE-I and HSE-II, respectively. Likewise, for late-maturing genotypes, the average maturity duration in HSE-I and HSE-II was 106 and 98 days, respectively. The reduction in RP under HSE-I and HSE-II for early-maturing genotypes was 12 and 22%, respectively, and for late-maturing genotypes, the corresponding reductions were 16 and 30%. The average RP in NHSE was 37.5 days, which reduced to 31.8 days in HSE-I and further to 27.3 days in HSE-II.
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FIGURE 3. Days to 50% flowering (A), days to maturity (B), reproductive period (C), percent seed set (D), 100-seed weight (E), seed germination (F,G), and germination rate (H) of early, late, and overall field pea genotypes under timely sown and late-sown conditions. The error bars represent mean ± standard error of means. Different lowercase letters (a–c) represent significant difference (p < 0.05) within the row values (between environments). Different uppercase letters (A,B) represent significant difference (p < 0.05) within the column values (between early and late genotypes).




Seed Set and Seed Weight

High-temperature stress affected seed setting in field pea (Figure 3D). The reduction in seed set in HSE-I and HSE-II was 7 and 15% in early-maturing genotypes (p < 0.05), 6 and 12%, respectively, in late-maturing genotypes (p < 0.05). Results further showed that in tropical environment, seed setting in field pea had a wider genotypic variation (38–100%), and an average 33% of the ovules failed to set seeds.

The reduction in 100-seed weight in early-maturing genotypes was 8% (p < 0.05) and 15% (p < 0.05) under HSE-I and HSE-II over NHSE (Figure 3E), respectively. Likewise, the reduction in the late-maturing genotypes was 4% (p > 0.05) and 17% (p < 0.05) under HSE-I and HSE-II environments, respectively. We observed higher 100-seed weights with the decrease in the seed set values in all the environments; however, a significant negative (r = −0.20, n = 150) association was observed in HSE-I only. A significant negative association (p < 0.001) was found at 100-seed weight with TMAX at flowering and TMAX during the RP, while 100-seed weight showed strong positive associations with GDDVEG, GDDRP, and GDDFS in both early- and late-maturing genotypes (Table 2).


TABLE 2. Pearson correlation coefficient (r) between selected parameters.
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Seed Germination

The seeds harvested from NHSE, HSE-I, and HSE-II environments had the average seed germination of 89, 85, and 82%, respectively, showing the average reduction of 4 and 8% at HSE-I and HSE-II as compared with NHSE (Figure 3F). The maximum reduction (>15%) in seed germination was recorded in long-duration genotypes (>115 days) harvested from HSE-II, although the detrimental changes in seed germination under HSEs were highly genotype-specific and both early- and late-maturing genotypes were found in the higher germination loss group in HSE-I [>20% loss, n = 8 (4E + 4L)] and HSE-II [>20% loss, n = 16 (7E + 9L)]. Meanwhile, the stable genotypes (for germination) were dominated by genotypes < 114 days of maturity group. Genotypes IPF 5-19 (125 days) and IPFD 16-3 (107 days) were found to be highly unstable genotypes for seed germination (>25% seed germination loss) under heat stress condition. The reduction in germination of long-duration genotypes (>115 days) was 16% in HSE-II, while the reduction in short-duration genotypes (<105 days) was only 4% (Figure 3G). However, no consistent changes were observed in germination rate of seeds harvested from normal and HSEs (Figure 3H).



Genotypic Variation, Trait Association, and Multivariate Analysis

Results revealed that ample amount of variability existed for all the studied traits in different environments, i.e., HSE-I, HSE-II, and NHSE (Supplementary Table 2). Correlation results showed a negative associations (p < 0.001) between seed germination and TMAX during flowering (r = −0.301) and RP (r = −0.268) (Table 3), whereas the multivariate regression analysis revealed that TMAX during RP had a prominent negative impact on seed germination over TMAX during flowering for both the early- and late-maturing genotypes. The growing degree days for vegetative period (GDDVEG) had a positive association with seed germination (p < 0.001) (Table 4).


TABLE 3. Regression equations and association between germination and seed set in field pea with ambient maximum temperature.
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TABLE 4. Regression equations and association between germination with growing degree days (GDD) in field pea.
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The PCA conducted using weather and seed parameters revealed that early- and late-maturing genotypes response were distinct in NHSE, as these genotypes were clearly distinguished in different PCA coordinates. However, in heat stress environments (HSE-I and HSE-II), specific differential responses between early- and late-maturing genotypes were not observed, as they were found to be distributed all over the PCA coordinates. The loading coefficient values revealed the maximum contribution of variation by RP, DTF, TMAXRP, and TMAXF for PC1, while DTM, GDDRP, and GDDFS contributed the maximum for PC2 (Supplementary Figure 1). The negative association of germination with RP, DTM, and GDDRP, particularly under the HSEs observed by correlation studies, was further confirmed in PCA graph (Figure 4).
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FIGURE 4. Scatter plot of field pea genotypes on PCA coordinates under NHSE (A), HSE-I (B), and HSE-II (C) environments. Black dots represent early-maturing genotypes, while red asterisk represents late-maturing genotypes. RP, reproductive period; GDDR, growing degree days at reproductive period; GDDF, growing degree days of full crop season; DTM, days to maturity; TMAX(RP), maximum temperature at reproductive period; HSW, 100-seed weight; TMAX(F), maximum temperature at flowering; DTF, days to 50% flowering; GDDV, growing degree days at vegetative period; GMT, germination rate; SS, seed set; GP, germination percent; PCA, principal component analysis.




Seed Loss

The total seed loss, which defined the combined loss of seed yield and seed viability, in early-maturing genotype was 309 and 737 kg ha–1 under HSE-I and HSE-II over NHSE, respectively. Likewise, for the late-maturing genotypes, the reduction was 361 and 835 kg ha–1 under HSE-I and HSE-II environments, respectively (Table 5).


TABLE 5. Seed loss (kg ha–1) in early- and late-maturing field pea genotypes under heat stress conditions.
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Identification of Superior Genotypes and Environments for Germination Using GGE Biplots

Mean performance and stability of the genotypes for germination efficiency across the environments, i.e., NHSE, HSE-I and HSE-II, were graphically represented through “average environment axis” (AEA) view of the biplot for early, late, and overall genotypes (Figure 5). These biplots explained 92, 90, and 91% of total variation in early, late, and overall genotypes, respectively, of the genotypes centered G × E. The single arrow line (AEA) in the graph passing through biplot origin indicates higher mean performance of the genotypes. Thus, among early-maturing genotypes, Pant P-72 (G47) had the highest germination value followed by P-1544-1 (G16) and IPFD 1-9 (G53). On the contrary, genotype IPFD 16-4 (G46) followed by EC 499761 (G71) had the lowest germination value (Figure 5A). Among the late-maturing genotypes, the best-performing genotypes were IPFD 11-5 (G93) and HUDP 11 (G129) for germination, while genotypes P-1041 (G118) and IPF 5-19 (G149) had the lowest germination (Figure 6A). Overall, Pant P-72 (G47) and IPFD 11-5 (G93) had the highest mean performance for germination percentage across the environments, while IPF 5-19 (G149) and P-1041 (G118) had the lowest germination percentage (Figure 7A). Genotypic stability is generally assessed on the basis of the absolute length of the projection of a genotype onto the AEA ordinate. The ideal genotypes would be those that have high mean performance and high stability (projection on AEA ordinate close to zero). Accordingly, IPFD 11-5 (G93) and P-1544-1 (G16) were the most superior genotypes with high mean performance and high stability for germination in all the environments. Genotypes situated nearer to the superior genotype are more “desirable” than others. The environment vector view of the GGE biplot based on germination efficiency of different category of genotypes illustrated the discriminating ability and representativeness of environments. In early category, HSE-II environment had highest discriminating ability followed by HSE-I. Further, the environment HSE-I was the highest representative (smallest angle with the AEA) followed by NHSE and HSE-II. Environments had positive correlation among each other, but HSE-II had high correlation with HSE-I and poor positive correlation with NHSE. Similarly, NHSE had high correlation with HSE-I and a weak positive association with HSE-II (Figure 5B). In case of late-maturing genotypes and overall genotypes, the environment HSE-II and HSE-I had high positive correlation (Figures 6B, 7B).
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FIGURE 5. GGE biplots developed by plotting the first and second principal components derived from the germination value of early-maturing genotypes of field pea evaluated in three environments (NHSE, HSE-I, and HSE-II). (A) “Mean versus Stability” view of genotypes. (B) Discriminating ability and representativeness of three environments, (C) which won where/what of field pea genotypes under different environments.
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FIGURE 6. GGE biplots developed by plotting the first and second principal components derived from the germination value of late-maturing genotypes of field pea evaluated in three environments (NHSE, HSE-I, and HSE-II). (A) “Mean versus Stability” view of genotypes. (B) Discriminating ability and representativeness of three environments, (C) which won where/what of field pea genotypes under different environments.
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FIGURE 7. GGE biplots developed by plotting the first and second principal components derived from the germination value of all the genotypes of field pea evaluated in three environments (NHSE, HSE-I, and HSE-II). (A) “Mean versus Stability” view of genotypes. (B) Discriminating ability and representativeness of three environments, (C) which won where/what of field pea genotypes under different environments.


The biplot also indicates the most responsive genotypes (situated on the vertices of the polygon) at some or all environments. The performance of genotypes can also be evaluated based on GGE biplots. The genotypes IPF 227 (G49), Pant P-72 (G47), and HFP 9907B (G69) showed high germination value in HSE-II, HSE-I, and NHSE, respectively (Figure 5C). In the case of the late group, HSE-II and NHSE environments had the highest discriminating ability, while HSE-I was the most representative environment followed by HSE-II. The best-performing genotypes were IPF 17-19 (G113), IPFD 11-5 (G93), and IPF 99-31 (G105) in HSE-II, HSE-I, and NHSE, respectively, for germination (Figure 6C). In all sets of genotypes among the three environments, HSE-I had the highest representativeness along with high discriminating ability (Figure 7C).



DISCUSSION

The temperature data validate that the late-sown-induced targeted terminal HSEs were adequately attained in this study. The heat intensity (TMAX) during the flowering and RP varied largely among the environments, and the impact of HSEs was evident on most of the studied parameters. Late-sown-induced terminal HSE is widely used for field level screening of a large number of genotypes for heat-sensitive traits (Krishnamurthy et al., 2011; Huang et al., 2017; Jiang et al., 2020). Altered crop phenology under the stressful environments has been suggested as a crop adaptation strategy (Rezaei et al., 2015). In chickpea, G × E studies demonstrate the critical role of phenology in adaptation to high- and low-yielding eco-regions of India (Berger et al., 2006). Our results demonstrated that the impact of HSEs is more prominent on the RP than the vegetative period, and in all the genotypes, forced maturity occurred. However, the shortening of vegetative period in the long-duration genotypes under late-sown condition (HSE-II) was possibly attributed to the early exposure of crop to extreme heat events. The variations in the phonological events within the environments were directly reflected in the cumulative growing degree days for different crop stages.

Results demonstrate that the high-temperature stress reduces seed setting in the tropical environments. Seed set percentage was reduced by 7 and 14% when plants were exposed to the higher maximum temperatures of about 30.1 and 31.2°C during flowering. This finding contradicts the previous reports that seed set in pea was not affected at a higher temperature of up to 32°C (Jeuffroy et al., 1990; Guilioni, 1997; Jiang et al., 2015). Such contrasting results could be because of the differential heat sensitivity of the field genotypes, as a wider genotypic variation for seed set (38–100%) was observed in this study. Source–sink relations are often strongly influenced by the climatic variables, and a limiting source capacity also influences sink formation as a feedback mechanism that has been observed in other crops. The reduction in the number of seeds under elevated temperature may be an inherent protective mechanism adapted by the plant to produce fewer seeds. Equally, the reduction in the pollen formation and its viability causes lower seed setting at high-temperature in groundnut (Prasad et al., 1999; Kakani et al., 2002), cowpea (Ahmed et al., 1992), and chickpea (Devasirvatham et al., 2012). Jiang et al. (2015) have further reported a significant reduction in seed set of field pea at high-temperature stress of 36°C, attributed to reduced pollen germination and subsequent pollen tube growth. Loss in pollen viability, pollen number, pollen germination, pollen tube growth, shrunken pollen, empty pollen grains, failure in fertilization, and embryo abortion are some of the abnormalities associated with high-temperature stress in legumes (Liu Y. et al., 2019).

Our study showed that seeds produced at HSE-I and HSE-II had a lower seed weight than seeds produced at NHSE, demonstrating that an increased temperature during crop growth period in general and seed developmental stage in particular decreased seed weight. This relationship is further confirmed by significant negative correlations of 100-seed weight with TMAX at flowering and RP. Similar findings have been reported in pea (Jiang et al., 2020) and other legumes such as Vicia sativa (Li et al., 2017) and French bean (Thomas et al., 2009). Reduction in the seed weight due to high-temperature stress during seed development may be attributed to forced maturity leading to faster rate of seed development and reduced seed filling period (Rolston et al., 1997; Young et al., 2004), which was likewise evident in the study. The crop average RP in NHSE was about 37 days, whereas HSE-II had the RP of 27 days. Such reduction in seed filling period due to high-temperature limits the transfer of assimilates and its accumulation in seed, resulting in reduced seed weight (Prasad et al., 2015). Besides this, high-temperature stress-induced reduction in seed weight could be attributed to reduction in the activities of enzymes involved in starch accumulation such as sucrose synthase and soluble and granule-bound starch synthase (Zhao et al., 2008). The elevated temperature during reproductive stages impedes the photosynthetic rate, synthesis of assimilates, and their translocation to flower, causing reduced pollen viability, stigma receptivity, and improper fertilization, which result in less and smaller-size grains (Farooq et al., 2017). Jeuffroy et al. (1990) also reported that the maximum temperature above 25°C during flowering or seed filling period impacted pea yield. The field pea crop when exposed to high-temperature (>25°C) at the end of its crop cycle leads to seed abortion, seed weight, and yield losses (Guilioni et al., 2003; Benezit et al., 2017; Parihar et al., 2020b).

The study showed that the terminal high-temperature stress not only affects the seed set or seed yield but also reduces the viability of the harvested seeds. The reduction in seed germination due to heat stress was more prominent in long-duration genotypes over short-duration genotypes. For instance, the reduction in germination of extra-long-duration genotypes (>115 days; n = 6) was 16% in HSE-II, while the reduction in extra short-duration genotypes (<105 days; n = 34) was only 4% (Figure 3G). The reduction in RP from 37 (NHSE) to 27 days (HSE-II) might have resulted into development of seeds with not enough reserve metabolites accumulated for normal development of seedling. High-temperature stress faced by the late-maturing genotypes in HSE-II led to a forced maturity with intense shrinkage (10 days) of grain filling period. Such genotypic differences in seed germination loss due to high-temperature suggest the possibility of screening and developing varieties of field pea that are suitable for pretended high-temperature era in future. Rashid et al. (2018) reported a negative effect of exposing Brassica plants to high-temperature on seed germination and attributed to production of increased proportion of abnormal seedlings upon high-temperature stress. Controlled production of reactive oxygen species (ROS) and adequate availability and supply of energy are important processes required for normal seed germination (McDonald, 1999). High-temperature led oxidative stress, which might have resulted in uncontrolled production of ROS, which could reduce the metabolic activity of the seed necessary for normal germination (Rashid et al., 2020). Such alteration in physiological and biochemical processes might have reduced the rate of seed germination in late-maturing genotypes at HSE-I.

Correlation and multivariate analysis demonstrated that high-temperature stress strongly influenced the seed weight. Also, the reduction in seed weight under late-sown HSEs influences the seed germination only for long-duration genotypes. Results further suggest that TMAX during the RP had a higher adverse impact on seed germination over the TMAX during flowering. The strong positive association between GDDVEG and seed germination implies that extended vegetative period and pre-flowering reserve accumulation could result in improved seed quality in field pea under tropical climates.

The PCA results indicate maximum variability contributed by the weather parameters like RP, DTF, TMAXRP, and TMAXF for PC1 and DTM, GDDRP, and GDDFS for PC2. The GGE biplot analysis for germination efficiently explains the variability, as the first two principal components demonstrated around 90% of total variation in all groups of genotypes, i.e., early, late, and all, while GE had almost more than 15% share in total variation. The mean performance and stability analysis for germination demonstrated that genotypes, namely, IPFD 11-5 (G93), Pant P-72 (G47), P-1544-1 (G16), and HUDP 11 (G129), are the potential genotypes across the environments. In addition, these genotypes had very high PC1 values (high germination) and low PC2 values (high stability), in agreement with biplot analysis (Yan et al., 2007). Therefore, these genotypes could be valuable in field pea breeding programs. Conversely, genotypes that exhibit analogous germination pattern across environments were positioned closely on GGE biplot. Genotypes identified in present investigation could be helpful for breeders to develop pea varieties with high-quality seed production efficiency. The GGE biplot technique has been used to identify the best genotypes for trait of interest in many crops, i.e., yellow mosaic disease in mung bean (Parihar et al., 2017b), wilt and rust in lentil (Parihar et al., 2017a, 2018), rust in field pea (Das et al., 2019), and nematodes in mung bean (Singh et al., 2020). These findings indicated that genotypic response for germination was independent in all the environments. Therefore, unique genotypes should be chosen, and distinct selection strategies may be utilized for different environments. Notably, in HSE-II and HSE-I environments, the late-maturing genotypes demonstrated an analogous germination pattern. The correlation study showed a positive association (<90 angle) among all environments with varied magnitude. Furthermore, based on the discriminating ability and representativeness, HSE-I (moderate late planting) appeared to be an ideal testing condition for germination efficiency of field pea. For late genotypes out of two environments (HSE-II and HSE-I), anything can be dropped without losing much information about the genotypes; consequently, testing cost can be minimized and efficiency enhanced by using a minimum set of test environments. The high G × E interaction demonstrated in GGE biplot analysis suggests the existence of potential genotypic variation for seed quality parameter, which needs to be explored for crop improvement.



CONCLUSION

The study concluded that heat stress in field pea affected crop phenology, seed set, and seed quality, higher in long-duration genotypes. However, substantial variation in seed quality traits was noticed within maturity group due to high-temperature stress. PCAs demonstrated a distribution pattern of diverse genotypes and traits across the environments. Furthermore, GGE biplot analysis for germination identified the promising genotypes, namely, IPFD 11-5 (G93), Pant P-72 (G47), P-1544-1 (G16), and HUDP 11 (G129), suitable for high-temperature stress and normal conditions. These genotypes would be a valuable source to speed up the breeding program for developing genotypes with high-quality seed production ability under heat stress conditions. Moreover, it is suggested that in order to meet the higher demand of quality seed, breeding for high yielding genotypes with quality seed production efficiency under high-temperature stress needs to be embraced to sustain pulses production under anticipated high-temperature stress environments.
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Crop diversity management in agriculture is a fundamental principle of agroecology and a powerful way to promote resilient and sustainable production systems. Pulses are especially relevant for diversification issues. Yet, the specific diversity of legumes is poorly represented in most cropping systems. We used the trait-based approach to quantify the functional diversity of 30 pulses varieties, belonging to 10 species, grown under common field conditions. Our aim was to test relationships between traits, yield, and supporting agroecosystem properties. Our experimental results highlighted trade-offs between agroecosystem properties supported by different combinations of traits. Also, results demonstrated the relevance of leaf nitrogen content (LNC), leaf area ratio (LAR), and reproductive phenology to predict most of the trade-offs observed between agroecosystem properties. A comparison with a previous analysis based on literature data collected in diverse agronomic situations suggested that some traits are more plastic than others and therefore contribute differently to frame legumes diversity depending on the conditions of observation. Present results suggested that the implementation of such trait-based approach would rapidly benefit the selection of species/varieties for specific targeted agroecosystem services provisioning under specific (environmental or management) conditions.
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INTRODUCTION

Crop diversity management in agriculture is a fundamental principle of agroecology and a powerful way to promote resilient and sustainable production systems (Gaba et al., 2015). Agroecosystem management offers multiple alternatives to monoculture, such as diversification with pulses, through intercropping or rotation. Their well-known ability to fix atmospheric nitrogen reduces fossil energy consumption and makes them particularly suitable for low-input systems. They are also particularly important in human nutrition as a source of proteins to complement cereal-based diets (Singh et al., 2003; Tharanathan and Mahadevamma, 2003). Yet, the specific diversity of legumes is poorly represented in most cropping systems. While more than 80 pulses species are known to contribute to human diet, the FAO database includes only 11 of them (Tiwari et al., 2011). This lack of attention creates a risk of continued erosion of knowledge and genetic resources that could further hamper the integration of these crops into more diversified cropping systems (Dansi et al., 2012).

To increase diversity within cropping systems, choosing appropriate species is an important prerequisite (Brooker et al., 2015). The trait-based approach is well suited for designing diversified cropping systems capable of providing specific sets of services. In ecology, the approach has been increasingly employed to link biodiversity to ecosystem functioning and services (Lavorel and Garnier, 2002; Violle et al., 2007; Garnier and Navas, 2012); a methodology that could be applied to cropping systems (Litrico and Violle, 2015; Martin and Isaac, 2015; Wood et al., 2015; Damour et al., 2018). However, trait-based approach requires extensive data collection to develop trait databases for crop species or varieties and document relationships between traits and services (Barot et al., 2017). As a neglected group of species, pulses are particularly difficult to document (Barot et al., 2017), for implementing a trait-based approach.

In a previous study, Guiguitant et al. (2020) set up a database suitable for functional trait approach on pulses. The database gathered disparate data from multiple published and/or public sources and contained data on plant functional traits for 43 pulse species, and agroecosystem properties recorded at canopy level for a subset of these species. The analysis of the functional trait space highlighted three ecological strategies among cultivated pulses that were similar to those already described in spontaneous species in the leaf-seed-height (LSH) scheme (Westoby, 1998). However, reduced data on agroecosystem properties and data disparity did not allow to identify clear link between traits and agroecosystem properties. In an applied perspective of supporting the integration of pulses in cropping systems, a consolidated analysis of trait–properties relationships is still needed to identify which traits would make legume species more productive, competitive, or adapted to low nitrogen or water conditions and favor production services. Trade-offs between plant traits and how they determine the different strategies also require more attention.

The aim of the present study was to identify pulses traits and/or trait combinations that can be used as predictors of yield and supporting agroecosystem services, further accounting for the relationships between traits and between agroecosystem properties. Original data were collected on 30 pulse varieties from 10 different species monitored in similar environmental conditions. Agroecosystem properties were measured at the canopy level, whereas functional traits, i.e., morphological, physiological, or phenological traits supposed to have direct or indirect effects on agroecosystem properties, were measured at the individual or organ level. We combined these original data collected within uniform environmental conditions with literature data collected in diverse agronomic situations (see Guiguitant et al., 2020) to assess the effect of trait measurement conditions on trait values and whether it could distort the relationships between traits and agroecosystem properties.



MATERIALS AND METHODS


Plant Material and Growing Conditions

A field experiment was conducted at UCOSEM’s experimental farm in Lectoure (lat./long 43.911158/0.666182) on a deep clay-limestone soil. Three varieties for each one of the 10 pulses species (Table 1) were planted in two sequential batches/sub-experiments on contiguous fields of approximately 1 ha each. According to their temperature requirements: Cool season legumes were sown after the last negative temperatures, on March 14, 2018, and warm season legumes were sown on June 7, 2018, when daily temperature was over 15°C. Each batch/sub-experiment was laid out in split plot design with four replicates, varieties being subplots and species the main plot. Plots were 6 m long and counted four rows. Preceding crop was sunflower, and fields were fertilized with 0/22/8 NPK (350 kg ha–1) fertilizer before sowing. Each species was manually inoculated before sowing with an adequate strain of rhizobia (provider: UMR LSTM, Montpellier, France). Sowing density was chosen according to agronomical recommendations for each species and ranged from 10 to 150 plants m–2. Manual weeding and drip irrigation were performed on a regular basis from sowing. Soil moisture was recorded weekly in each block and for each species at three depths (0–20, 20–40, and 40–60 cm) using TDR probes installed vertically at sowing (mini TRASETM system with buriable probes, Soilmoisture Equipment Corp., CA) and confirmed that the plants did not experiment any water deficit in none of the two sub-experiments.


TABLE 1. List of the 10 species included in the experiment with a description of the three varieties associated to each species, the abbreviation (Abb.) used in the study, sources of the seeds, and the ß value used for %Ndfa computation.
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Measurements of Individual Plant Traits

Occurrence of phenological stages (date of 50% flowering, date of physiological maturity, i.e., when more than 50% of the pods were yellow-brown) was recorded in calendar days and then converted into thermal units using a base temperature of 0°C for Cicer arietinum and Vicia faba, 2°C for Lens culinaris, 3.5°C for Lathyrus sativus, 4.1°C for Trigonella foenum-graecum (Covell et al., 1986; Lamichhane et al., 2020), 4.7°C for Lotus tetragonolobus (Moot et al., 2000), 6°C for Phaseolus vulgaris (López et al., 2003), and 8.5°C for Vigna sp. (Craufurd et al., 1996). This allowed to compute degree days from sowing to flowering (FLO) and degree days from sowing to maturity (MAT).

Biomass was harvested at flowering stage and maturity. At each sampling date, plants were collected on 0.5 m2 quadrats, in the two central rows to avoid border effect. Plant number was recorded, and then leaves, stems, flowers, and pods were detached and then dried separately at 60°C until constant weight. Leaf and stem dry mass ratio over total aboveground plant mass (LMR and SMR, respectively) was calculated at flowering, and harvest index (HI) was calculated at maturity. Leaf area ratio (LAR; calculated as total plant leaf area (LA) over total aboveground mass), total LA (mm2 plant–1), specific LA (SLA, cm2 g–1), and leaflet length (LL, mm) as well as leaflet width (LW, mm) were measured at flowering (mean of the measurement of every leaf of a plant sub-sample), whereas thousand seed weight (TSW, g) was determined at harvest.

Total nitrogen content was determined (Vario PyroCube auto-analyzer and Precision mass spectrometer) on leaves, stems, and grain samples collected at maturity and at flowering. Total plant nitrogen content was computed both at flowering and maturity. Leaf nitrogen content (LNC, mg g–1), and seed nitrogen content (SNC, mg g–1) were determined at flowering and at maturity, respectively.

Phyllochron was calculated from observations of three tagged plants on each plot for which emerged leaves were counted weekly (cool season legumes) or twice a week (warm season legumes).

The rate of soil coverage was estimated by measuring soil cover weekly, using nadiral photos taken at the same location within each plot, with a large angle camera at chest height, and then analyzed with ImageJ software (Schneider et al., 2012). Soil cover was modeled as a logistic function of thermal time. The maximal rate of soil coverage was defined as the slope at the inflexion point of the logistic curve.



Measurement of Agroecosystem Properties

Agroecosystem properties were measured on the same experimental plots (Table 2). Grain yield (GY, t ha–1), biomass yield (BY, t ha–1), and biomass measured at flowering (t ha–1) were determined from plant sampling on 0.5 m2 quadrats. Water use efficiency (WUE) was computed as grain mass produced per mm of water input (rainfall and irrigation). Maximum soil cover (%), LA index (LAI), and the duration (in thermal units) of the phase when soil coverage is above 80% of the maximum (soil cover duration) were recorded. Finally, the capacity to fix nitrogen from the atmosphere was estimated through the percent of nitrogen derived from biological fixation at flowering and at maturity, measured with the natural isotopic dilution method, using barley and maize grown in the experiment outer borders as control plants for cool season and warm season legumes, respectively. From the 15N abundance (d15N) of the samples, the proportion of plant N derived from atmosphere (%Ndfa) was calculated from Eq. 1 (Shearer and Kohl, 1986):


TABLE 2. List of agroecosystem properties and traits measured in the experiment with their respective abbreviation and unit.
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Where β is the 15N natural abundance of the N derived from biological nitrogen fixation (BNF) in the aerial tissue of the legume, δ15Nref is the 15N abundance in the control plant (maize or barley) tissues, and δ15Nlegume is the 15N abundance in legume tissues. The β values used are detailed in Table 1 (Unkovich et al., 2008).



Data Analysis

Data were first analyzed through the prism of the framework presented in Guiguitant et al. (2020) in order to compare the variability observed with the global functional diversity of pulses species. Data of the present field measurements were projected as supplementary individuals in a probabilistic principal component analysis (PPCA) (Tipping and Bishop, 1999) computed with nine common functional traits (DM, DF, HI, LL, LW, LA, SLA, LNC, and TSW) values taken from Guiguitant et al. (2020) database. We used Euclidian distance to quantify the distance between the scores of barycenters of each species as calculated from field data and previously published in Guiguitant et al. (2020). The consistency of species ranking in trait values across literature and experimental data was tested with Spearman’s rank correlation analysis.

Second, a principal component analysis (PCA) was performed on experimental data including all traits measured. Agroecosystem properties were added as supplementary variables, in order to investigate how they fit into the phenotypic space defined by the traits. The appropriate number of PCs was determined with Kaiser’ criterion which selects components that correspond to eigenvalues larger than 1. A between and within-class correspondence analysis was carried out to evaluate the percentage of variance captured by the intra and inter-specific diversity (Doledec, 1987).

Finally, trade-offs among agroecosystem properties were analyzed using a hierarchical clustering analysis (HCA). A classification and regression tree (CART) analysis was done on raw data (n = 120) to identify how functional traits could allow to predict the clusters of varieties obtained from the HCA. Regression trees are prediction models obtained through machine-learning algorithms that recursively partition the data space in order to fit the simplest prediction model within each partition. The resulting partitioning can be represented graphically as a decision tree. The random forest aggregation method, which consists in adding a random component to the choice of variables in the model, was also used. This method does not allow to generate a visual decision tree, but it provides indices proportional to the importance of each variable in the aggregated model and thus its participation to the discrimination between groups of individuals (here, varieties). Mean decrease in Gini impurity (MDG) can be defined as the total decrease in node impurity (weighted by the proportion of samples reaching a given node) averaged across all of the trees that make up the forest. The most important variables to the model will have the largest MDG values; conversely, the least important variable will have the smallest MDG values.

All statistical analyses were performed in the computing environment R 3.5.2 (R Core Team, 2018) using pcaMethods package (Stacklies et al., 2007), rpart package (Therneau et al., 2015), ade4 package (Dray and Dufour, 2007), and randomForest package (Breiman, 2001).



RESULTS


Consistency of Pulses Functional Trait Space

A PPCA was performed on the 43-species-database from Guiguitant et al. (2020) using only traits that were also measured in the present field experiment. The first three PC axes of this PPCA explained 70% of total variance observed in the literature (Figure 1). PC1 (34%) was associated with morphological traits, especially leaf traits (LL, LW, LA, and to a lesser extend TSW). PC2 (24%) was positively associated with late flowering (DF) and maturity (DM) and to a lesser extend HI. PC3 (12%) was strongly associated to SLA and LNC. Experimental data variability on PC axes was in the same range as the literature variability. Experimental variance was close to 100 and 60% of literature variance on PC1 and PC2, respectively. On the contrary, the variance of supplementary individuals on the third axis (driven by SLA and LNC) was almost three times higher than the variance of active data from the literature (Appendix 1). For all other traits, field measurements range was always narrower than the one observed in Guiguitant et al. (2020), for a larger set of species (Appendix 1).
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FIGURE 1. Principal component analysis (PCA) performed on nine functional traits collected on 43 pulses species. (A,C) Individual species projection on the first three axes of the PCA; light gray points represent the 43 species from literature (Guiguitant et al., 2020) and colored points are from the current experimental study projected as supplementary individuals. Transparent points are the data of the four plots for the three varieties of the 10 species, the larger opaque points represent the barycenter of each species, and the horizontal and vertical bars represent the standard deviation along axes. Visualization of the variables and correlation circles on (B) PC1–PC2 and (D) PC2–PC3 planes. See Table 2 for abbreviations of traits.


Distance between the barycenters of each species as tested in the present experiment and from the literature database was short in the first plane of the PPCA (Figure 1). Species ranking in literature versus present data remained conserved on PC1 (ρ = 0.85, p = 0.003) and to a lesser extent on PC2 (ρ = 0.53, p = 0.10). Species rankings were rather inconsistent on PC3 (ρ = 0.24, p = 0.12). Cool season species had barycenters closely positioned along the three dimensions of the PPCA (Euclidian distance lower than 2; Table 3). Among them, C. arietinum and T. foenum-graecum had the highest Euclidian distance mostly because of the divergence with literature on the third axis, while V. faba diverged mostly on the second axis. For warm season species, distances between barycenters from the literature and from the present experiment were larger, on PC3 but also on PC2 for Vigna sp.


TABLE 3. Euclidian distance between literature and current study coordinates of the barycenter of each species on the firsts three PCA axes.
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Characterization of Functional Trait Diversity

The first four axes of the PCA performed on 30 individuals and 16 traits from the present experiment (Table 2) captured 80% of the total variance (Figure 2). Interspecies variance explained 81% of the total variance, while intra-species explained 19%.
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FIGURE 2. Principal component analysis (PCA) performed on traits measured on three varieties of 10 species. Visualization of the variables and correlation circles on (A,C) PC1–PC2 and (B,D) PC3–PC4 planes. Gray scale represents the contribution of each variable to axes construction. Orange variables are agroecosystem properties, used as supplementary variables. See Table 2 for abbreviations of traits and properties. Soil cover stands for maximal soil cover.


Leaf attributes were strongly associated with PC1 (40%). On the first principal component (PC1), LA, LL, and plant N content at flowering were negatively correlated with SLA, LNC, SNC, and LAR. This axis discriminated cool season species which were characterized by small leaflets and small LA with high leaf and seed nitrogen content and a large LAR, from warm season species characterized by large leaflet, high LA, and high plant nitrogen content. PC2 (20%) was positively correlated to LMR and negatively correlated to SMR and cover rate. The cover rate was significantly negatively correlated to MAT (ρ = –0.72, p < 0.001). SMR was also significantly negatively correlated to the phyllochron (ρ = –0.60, p < 0.001). L. tetragonolobus and P. vulgaris were apart from all other species on PC2, and both expressed a high LMR at flowering. PC3 (11%) and PC4 (9%) were associated to FLO and TSW, respectively. PC3 separated V. faba from L. culinaris and L. tetragonolobus, whereas PC4 discriminated C. arietinum and P. vulgaris.

All agroecosystem properties, except LAI, biomass at flowering and Ndfa at maturity were not well represented in the factor planes formed by the fourth PCs constructed with traits (Figure 2). LAI and biomass at flowering were relatively well represented in the first plane and were significantly positively correlated to LL (ρ = 0.46, p < 0.001; ρ = 0.63, p = 0.01, respectively) and LA (ρ = 0.67, p < 0.001; ρ = 0.83, p < 0.001, respectively) as well as cover rate (ρ = 0.59, p < 0.001; ρ = 0.60, p < 0.001, respectively). Although Ndfa at flowering was poorly represented on the first PC, this property was significantly positively correlated to plant N content at flowering (ρ = 0.41, p = 0.02). Ndfa at maturity was not correlated to Ndfa at flowering (ρ = 0.04, p = 0.83) but was significantly positively correlated to LNC (r = 0.49, p = 0.005) and SLA (ρ = 0.57, p = 0.001) as well as with SMR (ρ = 0.43, p = 0.02). The soil cover duration was inversely correlated to LAI (ρ = –0.21, p = 0.0428) and biomass at flowering (ρ = –0.22, p = 0.033) and significantly positively correlated with FLO (ρ = 0.47, p = 0.009) and to a lesser extent with MAT (ρ = 0.33, p = 0.08). Maximum soil cover was not correlated to soil cover duration (ρ = –0.03, p = 0.86) and was slightly associated with SMR (ρ = 0.35, p = 0.05). Finally, GY and WUE were positively correlated to PC3 which was mostly determined by FLO, whereas BY, and to a lesser extent GY and WUE, were positively associated to PC4 alongside TSW.



Trade-Offs Between Agroecosystem Properties

The classification analysis revealed seven clusters of species and varieties based on their agroecosystem properties (Figure 3). All varieties of a species generally grouped into the same cluster. V. aconitifolia varieties were all in cluster 3 together with one variety of Vigna unguiculata. This cluster is apart from a group of close clusters composed essentially by cool season species; L. sativus varieties were grouped with L. tetragonolobus (cluster 4), L. culinaris was alone in cluster 5, cluster 6 was dominantly occupied by T. foenum-graecum, and cluster 7 grouped both V. faba and Vigna mungo. These groups were distant from cluster 1 essentially represented by C. arietinum and cluster 2 that contained varieties of P. vulgaris, and of V. unguiculata.
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FIGURE 3. Hierarchical clustering analysis (HCA) of the 30 pulse varieties based on mean value of agroecosystem properties (n = 3). The names of varieties belonging to the same species are written in the same color. Warm and cool season species are depicted with yellow and green bars, respectively. Radars represent the mean (standardized to maximum) value of agroecosystem properties of each cluster. Colors in radar plots correspond to branch color in the HCA.


Each cluster was characterized by a combination of values of agroecosystem properties. Cluster 1 grouped species with high production (GY and BY) as well as a high maximum soil cover and soil cover duration, but a low Ndfa and a low biomass and LAI at flowering. Cluster 2 was characterized by a low biomass at flowering as well as a low LAI at flowering and maximum soil cover but a high Ndfa at flowering and a long soil cover duration. Cluster 3 varieties expressed the lowest yield as well as the lowest WUE but high Ndfa at maturity, a high LAI at flowering, and a long cover duration. Cluster 4 varieties expressed the highest WUE concomitantly with a high GY and a low Ndfa at both stages. Varieties of cluster 5 expressed high Ndfa both at flowering and maturity and high maximum soil cover. Yet, they showed a low maximum soil cover and soil cover duration. Cluster 6 was characterized by a low BY and GY, low Ndfa both at flowering and maturity, and poor soil covering capacity, yet LAI and soil cover at flowering were high. Finally, cluster 7 was composed of varieties producing the highest biomass at flowering, along with the highest maximum soil cover, LAI, and Ndfa at flowering.



Relevant Traits for Prediction of Agroecosystem Properties and Structuration of Functional Diversity

Classification and regression tree analysis showed very diverse trait combinations to predict the cluster affiliation (Figure 4A). LNC was identified as the most important trait to discriminate the clusters as it had the highest MDG value, which means that it allowed to gain purity in the process of classification for most of the nodes in the CART it was associated with (Figure 4B). LNC was assigned to the first division node and allowed to sort cluster 1 varieties apart from the remaining ones. Cluster 1 varieties have an LNC between 2.7 and 3 mg N g–1. Varieties of cluster 4 were separated. Half of them fell on the same side of the tree as cluster 1 but exhibited lower LNC value (below 2.7 mg N g–1), while the other half had an average LNC above 3 mg N g–1. Varieties in this second cluster 4 half also had an LMR above 43% concomitantly with low plant N content at flowering and at maturity and a longer cycle. LMR, DDR, and plant N content at maturity had strong MDG unlike the plant N content at flowering. Varieties with an LMR under 0.43 and having high MAT were assigned either to cluster 3 (characterized by a high plant N content but only at flowering), or cluster 2 or 5 (both characterized by high plant N content at flowering and maturity). Varieties in cluster 2 flowered later than those in cluster 5. Short cycle varieties were dominantly associated to cluster 6 but were also found in cluster 5 if they also expressed a high LA. Finally, cluster 7 was characterized by an LMR under 43%.
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FIGURE 4. (A) Classification and regression tree (CART) regression for prediction of membership to one of the seven clusters based a hierarchical clustering analysis of the 30 pulse varieties based on agroecosystem properties (see Figure 3). Root nodes represent single input variables (traits) and related split point used to make the prediction; the best discriminant is chosen at each step of the classification procedure. Leaf nodes contain mean, number, and percentage of observations of the predicted variable (cluster membership). (B) Gini decrease value for each trait obtained through a random forest procedure. A high Gini decrease value means the variable considered allowed to gain purity in the process of classification for most of the nodes in the CART it was associated with during the random forest procedure.


Relying on MDG, plant N content at maturity was the second most important trait to discriminate the clusters. Phyllochron, SNC, SLA, and LL were not selected in the tree and had very low mean decrease in Gini value. LAR was not used in the trees, but had a higher mean decrease in Gini value than LA and LMR. Yet, LA and LMR captured more variability in the PCA than LAR. Finally, cover rate did not appear on the tree despite its high mean decrease in Gini value, probably due to its negative correlation with DDR.



DISCUSSION


Traits Related to Resource Acquisition Are More Plastic Across Growing Conditions and Varieties Than Architectural Traits

Through functional traits, researchers usually seek to make generalizable predictions across organizational and spatial scales (Adler et al., 2013) and therefore usually use data collected in diverse environment and management contexts. On the contrary, field measurements sharing similar environment as in the present study deliver a local picture of functional diversity which variations can be solely attributed to genotypic determinants. Several studies have demonstrated that despite the significant plasticity of most plant traits across environments, the classification of species for a given trait remains fairly consistent in space and time (Garnier et al., 2001; Kazakou et al., 2014; Tribouillois et al., 2015). Yet, other studies have reported a significant effect of plasticity on species ranking across environments, particularly with respect to traits associated with light acquisition and nitrogen nutrition (Lipowsky et al., 2015; Siebenkäs et al., 2015; Keenan and Niinemets, 2017). These inconsistencies may impair the use of simple aggregation functions (means, medians, etc.) for generalized trait-based approaches at the species level.

In the present study, we compared common field measurements to the meta-analysis by Guiguitant et al. (2020) to analyze how environmental and management conditions could alter trait values and distort their relationships. When using the experimental dataset, where all data were acquired in a common environment, species rankings on the PC axis summarizing the variation of architectural traits were fairly consistent with literature ranking. However, rankings on the axis summarizing SLA and LNC variation diverged between the two datasets. This contrast mainly concerned warm-season species, particularly Vigna sp. for which divergence between the two datasets was also noted in terms of phenology. Number of days required to reach maturity was generally lower in literature than in experimental data. This comparison between local measurements and literature averages suggests that some traits are more plastic than others and therefore contribute differently to frame legumes diversity depending on the conditions of observation.



Intraspecific Variation Contributed Only Marginally to Global Variability

Results from the PCA showed that the total trait variance was mainly explained by the variance between species. Variation in intraspecific traits is generally considered of marginal importance compared to differences in interspecific traits (McGill et al., 2006; Hulshof and Swenson, 2010). However, several recent studies have shown that intraspecific variation in traits accounts for a substantial proportion of overall plant community variability (Jung et al., 2010; Albert et al., 2011; Roscher et al., 2015; Siefert et al., 2015). The small number of varieties considered in this study may have not been able to highlight such diversity.



Leaf Morphological Traits Confirmed as Variability Drivers Among Pulses

Guiguitant et al. (2020) found that seed and leaf traits exhibited the greatest variability among 43 pulse species. In the present study, leaf traits (LA and LL) remained an important variability driver that was correlated to the first PCA axis, whereas seed size, associated to the first axis in the literature analysis, poorly contributed to the total variance across varieties (associated only with the fourth PCA axis) and was decoupled from leaf size, which is consistent with LHS scheme (Westoby, 1998).

The experimental data confirmed that LL is an important determinant of legume diversity. This trait was strongly related to LNC and to a lesser extent SLA. This finding can be related to the well know leaf economic spectrum (LES; Wright et al., 2004). The LES reflects a trade-off between a leaf’s lifespan and its maximum net photosynthetic rate. Yet, relations between LNC and photosynthesis in grain legumes have been questioned (Adams et al., 2016). Thus, the fact that this axis reflects a gradient in leaf photosynthetic capacity is uncertain. However, a high LNC could have other biological implications such as remobilization to the reproductive organs (Davies et al., 2000; Schiltz et al., 2005). Indeed, SNC was correlated with LNC in our experiment. Small leaflet associated with a high LNC could support the growth of N-rich legume seeds through remobilization.



Yield Is Inversely Related With Ndfa and Soil Cover

Nitrogen fixation by legumes is generally expected to contribute to improving soil fertility through the mineralization of crop residues such as senescent leaves or stems, or roots. In the current study, Ndfa at flowering and Ndfa at harvest in grain tissue varied almost independently. Clustering reveled three types of “high fixing species”: cluster 7, cluster 3, and cluster 5. On the other hand, cluster 1 or 6 expressed a low N fixation capacity. “High yielding” species were clustered in cluster 1 and, to a lesser extent, cluster 4 both concerned by low fixation. Cluster 5 fixed a lot of N during flowering and produced a decent yield. However, yield in cluster 5 was lower than that of clusters 1 or 4. Conversely, the very low yielding species (cluster 3) expressed a significant increase in relative Ndfa between flowering and maturity. Other multiple species comparisons confirmed the negative relation between BNF and seed yield (Liu et al., 2019). Some studies reported BNF over a certain level results in a reduction of yield (Mesfin et al., 2020).

The multi-faceted benefits of cover crops are well known (Blanco-Canqui et al., 2015), but land cover is often not considered for cash crops and the interaction between cover capacity and yield is rarely discussed. Maximum cover and cover duration appeared to be related to biomass at flowering and LAI as well as to yield properties. Cluster 7 expressed an important cover at flowering as a result of an important biomass and a large LA. However, cluster 1 and 3 had a low biomass at flowering and a relatively high maximum cover that lasts long, probably because of a delayed senescence. Except for cluster 1, most of those species had low yield. Delayed senescence, by prolonging photosynthesis, is usually expected to contribute to increasing the yield of high-carbon crops such as cereals (Gregersen et al., 2013). However, studies suggest that the stay-green trait may have limited value for high N species (Ismail et al., 2000; Kumudini, 2002) as its value lies in an improvement of remobilization capacity. This corroborates the absence of relation we found between yield and duration of ground cover.



Trait-Based Predictions of Agroecosystem Properties

Understanding the links between functional traits and agroecosystem functioning is fundamental for optimal management of agroecosystem services (Zhang et al., 2007; Litrico and Violle, 2015; Wood et al., 2015). As noted earlier, leaf characteristics and especially LNC were crucial in describing pulse diversity. Other traits such as LAR, total nitrogen, seed size, and cycle length are also important, which is consistent with the study of Guiguitant et al. (2020). The decision tree did not highlight all these traits but discriminated specific functional characteristics for each cluster. Clusters 1 and 4 (high yielding species) were characterized by low LNC values which is consistent with their low N fixation. Cluster 7 (high biomass at flowering) was characterized by a large LA but a low biomass investment in leaves. Clusters 6 and 5 (medium maximum soil cover and low value for every other properties) were characterized by a short cycle, with cluster 5 (high nitrogen fixation) having a higher LA. Clusters 2 (medium value for every properties) and 3 (high N fixation at maturity and long cover duration) were characterized by a long cycle and high nitrogen content at maturity or flowering, respectively.

To conclude on the highlighted linkages, a high LNC value does not translate into higher yields but is generally associated with a high N fixation. Investment in LA is important for N2 fixation at flowering but is associated with rapid senescence and low yield. Biomass investment in leaves and a short cycle coincide with low values for almost every property except maximum soil cover. Finally, long cycle and high N content at maturity are related to delayed senescence and maintenance of N2 fixation along pod filling.



CONCLUSION

Integrating pulses in resilient and sustainable production systems requires a better understanding of their functional diversity and how this functional diversity scales up to provide specific sets of agroecosystem services. Previous studies demonstrated the usefulness of trait value aggregation at the species-level to implement trait-based approaches for a better knowledge of the plant-agroecosystem functioning relationships and increasing our predictive capacity (Lavorel and Garnier, 2002; Violle et al., 2007; Garnier and Navas, 2012; Kazakou et al., 2014; Martin and Isaac, 2015; Wood et al., 2015; Guiguitant et al., 2020). Our experimental results highlighted trade-offs and synergies between agroecosystem properties supported by different pulses species. We were able to demonstrate the relevance of LNC, LAR, and phenology to predict most of the trade-offs observed for agroecosystem properties in those conditions.

However, the present study advocates further for a systematic characterization of the functional diversity (and its plasticity), including intra-specific variability. We argue that the trait-based approach may be easier to implement in crop species where varieties origin and genetics are often better described and accessible, compared with the huge genetic variation encountered in populations of spontaneous species. Application of such trait-based approach would rapidly benefit the selection of species/varieties for specific targeted agroecosystem services provisioning under specific (environmental or management) conditions.
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FIGURE 1. Comparison of traits range for data measured in the present field experiment over 30 varieties issued from 10 species of pulses (violet) and species-level data collected in literature in Guiguitant et al. (2020) for 43 species of pulses (yellow).
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Plant size influences plant responses to combined environmental factors under climate change. However, their roles in plant ecophysiological responses are not fully understood. Two rapidly growing Leguminosae species (Robinia pseudoacacia and Amorpha fruticosa) were used to examine plant responses to combined drought and defoliation treatments (two levels of both treatments). Both 1.5 month-old seedlings and 3 month-old seedlings were grown in a greenhouse, and seedling growth, leaf gas exchanges, stem hydraulics, and concentrations of non-structural carbohydrates were determined after 60 days of treatment. Our results indicated defoliation had no significant effect on plant height, basal diameter, and total biomass whatever plant sizes and species. Under the low water availability treatment, the defoliated seedlings significantly increased by 24% in stem water potential compared with non-defoliated seedlings in large R. pseudoacacia. Compared with the high water availability in large non-defoliated R. pseudoacacia seedlings, the low water availability significantly reduced by 26% in stem starch concentration to maintain the stem soluble sugar concentration stable, but not in small R. pseudoacacia seedlings. We also found a negative correlation between leaf and root soluble sugar concentration under low water availability in A. fruticosa. The results demonstrate defoliation could relieve the effect of low water availability in large seedlings. Large seedlings had more compensatory mechanisms in response to defoliation and drought treatments than small seedlings, thus species with large carbon reserves are more recommended for vegetation restoration under combined drought and defoliation conditions. Future studies with more species are crucial for obtaining more rigorous conclusions.

Keywords: artificial defoliation, carbon storage, drought, stress tolerance, recovery


INTRODUCTION

Global climate change is expected to increase both the level of insect damage and the occurrence of severe drought (Jacquet et al., 2014; Nahar et al., 2017; Gely et al., 2020). Consequently, in natural environments, trees are often subjected to combined biotic and abiotic (environmental) stress (Myers and Kitajima, 2007; Kulkarni and De Laender, 2017; Peck and Mittler, 2020). In addition, plant size plays a very important role in plant growth and physiological activities (Rosas et al., 2013). However, there are few studies focused on the combined effects of defoliation, drought, and plant size on plant growth (Quentin et al., 2012; Jacquet et al., 2014), especially in terms of their response mechanisms at the individual level. Studying the effects of plant size on the response and intrinsic mechanisms of tree species to combined insect disturbances and varying water availability is extremely important for predicting tree species’ growth and dynamics in the context of climate change, and it could provide more comprehensive information on current changes in forest ecosystem productivity (Jacquet et al., 2014; Assal et al., 2016; Wagg et al., 2017).

Among all abiotic factors influenced by climate change, drought is the primary factor limiting plant growth in many forest ecosystems (Falcão et al., 2017). Climate change has been predicted to lead to changes in global rainfall and rainfall distribution patterns (Tietjen et al., 2017), causing the redistribution of water resources in time and space; the number, intensity, and duration of droughts will increase, especially in the areas where drought was already a problem (IPCC, 2014). Drought will not only limit plant growth and productivity (Choi et al., 2002; Sperlich et al., 2016; Wu and Su, 2016), but it will also alter carbon allocation (Ivanov et al., 2019). Plants reduced stomatal aperture under drought to save water and prevent water transport from failure (Gieger and Thomas, 2002; Ohashi et al., 2006; Chen et al., 2010). However, stomatal closure under drought conditions is likely to reduce carbon uptake at the same time, and the carbon balance may become negative (Quentin et al., 2012). Non-structural carbohydrates (NSCs) are critical to maintain plant metabolism under drought condition. If the assimilation is reduced, the deficiency of NSCs will affect plant growth, respiration and other metabolic processes (Dietze et al., 2014).

Many woody species are frequently attacked by insect herbivores. Recovery from insect defoliation is vital for plant growth, especially in the context of climate change. Compensatory growth of individual plants after defoliation has been predicted; however, no hypotheses are universally accepted (Barry et al., 2012). In general, after defoliation, individual plants could recover by increasing water transport capacity, up-regulating photosynthesis, and enhancing leaf biomass ratio (Turnbull et al., 2007; Quentin et al., 2012). However, some studies found that defoliation treatments did not result in the up-regulation of leaf photosynthesis in remaining leaves (Wiley et al., 2013). As a result, previous studies have not found a consistent perspective regarding whether defoliation promotes or inhibits the growth and development of trees (Karolewski et al., 2010). The extent and timing of individual plant recovery after leaf removal is related to the removal frequency and species identity (Jacquet et al., 2014).

It is important to deepen our understanding of the effects of drought on the ability of trees to recover from insect attacks (Gaylord et al., 2013). A previous study suggested that gas exchange after defoliation depends on soil water availability (Quentin et al., 2012). Defoliation reduces the total transpiration area and improves water retention in the remaining leaves (Quentin et al., 2011), even though one study showed that plant water status was unaffected by defoliation (Quentin et al., 2012). It is generally believed that the effect of drought on tree NSCs depends on drought intensity and duration (Mitchell et al., 2014). With the progress of drought, the net photosynthetic rate decrease results in decreased carbohydrate production, but there is relatively little variation in respiration, inducing the consumption of NSC reserves (McDowell and Sevanto, 2010; Galiano et al., 2011). After defoliation, carbohydrate allocation to the new leaves increases, thereby improving individual photosynthetic productivity (Gieger and Thomas, 2002). However, on the other hand, drought always increases biomass allocation to the roots. When drought and defoliation treatment occur at the same time, there will be a trade-off between above-ground and under-ground resource allocation. A previous study reported that the resource limitations under defoliation and drought differentially altered the use of surface water pulses and affected the patterns of fine root allocation in Populus fremontii (Snyder and Williams, 2007). Under low-water supply, Eucalyptus globulus could compensate for 40% foliage loss by reduction of biomass allocation to coarse roots, mobilization of carbohydrate reserves, and increased ratio of foliage to wood dry mass (Eyles et al., 2009). Defoliation is more likely to reduce NSC levels during drought periods than during non-drought periods (Aguadé et al., 2015). Nevertheless, the combined effects of drought and defoliation on plants are still not fully understood, and more species should be included to study.

As a consequence of climate change, trees with various individual ages or growth sizes are predicted to change in terms of physiological status and carbon reserve substances (Abdul-Hamid and Mencuccini, 2009), which will affect the individual’s response to pest disturbances and drought. Stored NSCs have been proposed to be the key determinants of drought resistance in plants (Galiano et al., 2011). Pinus Sylvestris seedlings deplete carbon reserves for root growth under water stress (Ivanov et al., 2019). In Osteospermum sinuatum, the production of new leaves after defoliation was found to be dependent on carbon reserves to a great extent (Van der Heyden and Stock, 1996). However, there is still little understanding of the effects of carbon reserve size on plant growth and carbon allocation, particularly under both biotic and abiotic stress conditions (Quentin et al., 2012). The species investigated in the present study, R. pseudoacacia and A. fruticosa, belong to the Leguminosae family and are fast-growing pioneer species of warm temperate regions in China. Both species are widely used for reforestation due to their high drought tolerance. In the field, their seedlings are always subjected to a wide range of defoliation and water conditions. Under drought stress, R. pseudoacacia exhibits more anisohydric behavior than A. fruticosa (Li et al., 2019). R. pseudoacacia is more susceptible to insect herbivores than A. fruticosa. As mentioned above, carbon reserve is essential for plant recovery after defoliation and drought (Galiano et al., 2011), which should also be an important concern in afforestation activities.

In the present study, we investigated the effects of low water availability, artificial defoliation, and plant size on the growth and carbon allocation of two Leguminosae woody species (R. pseudoacacia and A. fruticosa) in order to investigate how they responded to defoliation and low water availability with different plant sizes. In our study, different plant size resulted in big difference of carbon reserves. We hypothesized that: (1) Defoliation would reduce the effect of low water availability on plant hydraulic parameters; (2) Large seedlings would have more compensatory mechanisms in response to defoliation and drought treatments considering growth, leaf traits and carbon allocation than small seedlings.



MATERIALS AND METHODS


Plant Material and Experimental Design

The experiment was carried out from April to September 2017 at the Fanggan Research Station of Shandong University, Shandong Province, China (36°26′N, 117°27′E). The seeds of R. pseudoacacia and A. fruticosa were purchased from Qiluyuanyi Seed Company (Linyi, China) and were originally collected from nearby mountains in Shandong Province in the early winter of 2016. The study station was located in warm temperate zone with the mean annual precipitation of 700 ± 100 mm and average temperature of 13 ± 1°C. The soil type is yellow cinnamon soil. The whole experiment was carried out in a greenhouse at the station made up of a steel pipe frame which was covered by a plastic film. During the experimental period, the microclimate in the greenhouse was monitored with HOBO data loggers (U12-012, Onset, Bourne, MA, United States). Mean air temperature was 29.6°C (18.7–36.7°C) during daytime and 20.8°C (10.2–27.5°C) during nighttime, and mean relative humidity was 59.3% (28.2–97.8%) during daytime and 93.6% (56.3–100%) during nighttime.

Two batches of seedlings were grown in advance for our experiment. All seedlings were well watered and protected from grazing by insects, and individuals with similar sizes were selected from each batch for the following treatment. For each species, thirty-two 3 month-old seedlings and thirty-two 1.5 month-old seedlings were selected and randomly assigned to one of the following treatments (four treatments × two plant species, n = 8): +WC, high water availability without defoliation; +WDE, high water availability treatment with defoliation; −WC, low water availability without defoliation; and −WDE, low water availability with defoliation. Initial seedling height of large R. pseudoacacia seedling was 1.17 ± 0.04 m (n = 32) and that of small R. pseudoacacia seedling was 0.31 ± 0.02 m (n = 32), whereas those of large and small A. fruticosa trees were 0.72 ± 0.02 m (n = 32) and 0.23 ± 0.01 m (n = 32), respectively. The seedlings in the high water availability treatment (+W) were irrigated with 500 mL water every 2 days, whereas those in the low water availability treatment (-W) were irrigated with 500 mL water every 5 days. As the seedlings in the -W treatment exhibited the wilting phenomenon in the experiment, this treatment was referred to as the drought treatment. The seedlings with 50% top down leaf removal were referred to the defoliation treatment (DE), and intact seedlings without leaf removal were served as the control (CK). In both species, defoliation and different water condition treatments were applied on 18th of July, and the plants were harvested on 18th of September (60 days of treatment in total). Eight individuals of each species and treatment were arranged in the experiment.



Growth and Leaf Trait Measurements

At the end of the treatments, gas-exchange characteristics, including the net photosynthetic rate (A), transpiration rate (E), intercellular carbon dioxide concentration (Ci), and stomatal conductance (Gs) of fully expanded leaves from five saplings of each species and each treatment were measured using a portable gas exchange measurement system (Li-6800, Li-Cor, Lincoln, NE, United States). These measurements were conducted between 9:00 and 12:00 h. During the measurements, photosynthetically active radiation, temperature, relative humidity, and CO2 concentration inside the leaf chamber were controlled at 1,000 μmol m–2 s–1, 28°C, 50%, and 400 ppm, respectively. After enclosure in the chamber, the leaves were left to acclimate until a constant CO2 flux was observed. We checked the parameters of Gs, Ci, and E to make sure all of them were positive, and Gs was mostly between 0 and 1. In addition, we ensured that the ΔCO2 range was stable, within 0.5 ppm, and the A-value was stable at 1 digit after the decimal point, and it did not increase or decrease in one direction (for up to 5 min).

Seedling basal diameter (BD, at approximately 1 cm above the ground) and height were measured at the end of the experiment. Five to eight seedlings were harvested from each treatment and separated into roots, stems, and leaves. Total leaf area was measured with WinFOLIA Pro 2009a (Regent Instruments, Inc., Quebec, QC, Canada). Thereafter, the samples were oven-dried (30 min at 105°C, followed by 72 h at 75°C) and weighed. Total biomass (TB), leaf mass ratio (LMR), stem mass ratio (SMR), root mass ratio (RMR), root-shoot ratio (R/S), relative growth rate of total biomass (RGRB), and net assimilation rate (NAR) were calculated as follows:
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where RB is root biomass, SB is stem biomass, and LB is leaf biomass. B1 and B2 represent plant total biomass at the beginning and harvest of the treatments, T1 and T2 represent plant total leaf area at the beginning and harvest of the treatments and t represents the duration of treatments (60 days).



Stem Water Potential and Hydraulic Conductivity

After 2 months of treatment, stem midday (12:00–13:00 h) water potential (Ψstem) was measured with a pressure chamber (1505D-EXP, PMS Instrument, Albany, OR, United States). At the same time, we collected middle stem segments from various individuals of both species for stem hydraulic conductivity measurement. Stem segments were cut under distilled water and rapidly transported to the laboratory with the proximal cut end immersed in water. A second cut was then made under water with a sharp razor blade to remove possible vessel obstructions; the leaves were removed, and scars were sealed with parafilm. Then, the final segments (ca. 10 cm in length) were connected to an apparatus with degassed and filtered 0.5 mmol l–1 KCl solution. A hydraulic head of 60 cm was used to generate hydrostatic pressure, and the downstream end of the segment was connected to a graduated pipette. The time required for the meniscus in the pipette to cross a certain number of consecutive graduations was recorded. Hydraulic conductivity (Kh, mL mm h–1 Pa–1) was calculated as Kh = Jv/(ΔP/ΔL), where Jv is the flow rate through the segment (mL h–1) and ΔP/ΔL is the pressure gradient across the segment (Pa mm–1). Stem-specific hydraulic conductivity (Ks, mL mm–1 h–1 Pa–1) was calculated as the ratio of Kh to stem cross sectional area (mm2) according to Liu et al. (2015, 2021).



Non-structural Carbohydrate Analysis

NSCs were analyzed in leaves, stems, and roots of both species after all dried samples were ground in a ball mill. According to previous studies (Cao et al., 2018), NSC were defined here as the sum of starch and soluble sugars. Soluble sugars were extracted twice with 80% ethanol, and starch content was measured after subjecting the solid residue of each sample to a washing step and hydrolysis. The absorbance of the extracts was measured at 620 nm (UV-9000S, Metash, Shanghai, China) after an anthracenone-sulfuric acid reaction. The concentrations of soluble sugars (mg g–1) and starch (which were measured and calculated in glucose equivalents) were calculated as the content of measured pool divided by dry weight of the sample. NSC concentration in each organ was calculated by adding the concentrations of soluble sugars and starch.



Statistical Analysis

The data were first checked for normality and homogeneity. Three-way analysis of variance (ANOVA) was used to detect the main effects and the interactions of species, water availability, and defoliation. One-way ANOVAs followed by Duncan’s multiple comparison were used to test the differences among treatments within species, which were performed at α = 0.05. ANOVAs were performed using IBM SPSS Statistics 23.0 (IBM Corp., Armonk, NY, United States), and the boxplot figures were illustrated using OriginPro 2016 (Originlab Co., Northampton, MA, United States). Redundancy analysis (RDA) and parameter correlations were carried out using the vegan package in R Statistical Software v.4.0.3 (Oksanen et al., 2019; R Core Team, 2020). Linear Mixed Effects Models (LMMs) were used to investigate the effect of “water availability,” “defoliation” and their interaction on plant traits under two plant sizes. Hence, these variables were included as fixed effects in the analyses, “species” was incorporated as a random effect. LMMs were carried out using the nlme package in R Statistical Software v.4.0.3 (Zuur et al., 2009; Pinheiro et al., 2020).




RESULTS


Treatment Effects on Plant Growth

During harvest in September, in R. pseudoacacia, the defoliation treatment had no significant effect on seedling growth (Table 1), whereas plant size had a significant impact on seedling growth (Table 1). In all treatments, the height, basal diameter, and biomass of large seedlings were significantly higher than those of small seedlings, but the LMR and RGRB of large seedlings was significantly lower than that of small seedlings (Figures 1, 2A). The RGRB of -W treatments were significantly lower than +W treatments of two plant sizes (Figure 1A). Meanwhile, compared with the + WDE treatment, the −WDE treatment seedlings had 54% lower total biomass in small seedlings and 45% lower total biomass in large seedlings (p < 0.05; Figure 1G). The +WDE treatment significantly increased total leaf area of small seedlings, by 54%, when compared with the +WC treatment (p < 0.05; Figure 1I). There was no significant difference in SMR among different treatments in small seedlings (Figure 2C). There was no significant difference in R/S and RMR between the plants with large and small seedlings among different treatments (Figures 2E,G).


TABLE 1. The proportion of explained variation from water availability (high water availability vs. low water availability), defoliation (defoliation vs. non-defoliation), plant size (small vs. large) and their interactions on 21 measured traits for R. pseudoacacia seedlings.
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FIGURE 1. Seedling growth parameters of Robinia pseudoacacia (A,C,E,G,I) and Amorpha fruticosa (B,D,F,H,J) under different water availability and defoliation treatments for 60 days of two plant sizes. The values of the boxplot are the mean of 5–8 replicates. Different letters indicate significant differences among different defoliation treatments according to Duncan’s test (p < 0.05). +WC, high water availability without defoliation; +WDE, high water availability treatment with defoliation; –WC, low water availability without defoliation; –WDE, low water availability with defoliation; RGRB, relative growth rate of total biomass.
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FIGURE 2. Seedling biomass partitioning parameters of Robinia pseudoacacia (A,C,E,G) and Amorpha fruticosa (B,D,F,H) under different water availability and defoliation treatments for 60 days of two plant sizes. The values of the boxplot are the mean of 5–8 replicates. Different letters indicate significant differences among different defoliation treatments according to Duncan’s test (p < 0.05). +WC, high water availability without defoliation; +WDE, high water availability treatment with defoliation; –WC, low water availability without defoliation; –WDE, low water availability with defoliation, LMR, leaf mass ratio; SMR, stem mass ratio; RMR, root mass ratio; R/S, root-shoot ratio.


In A. fruticosa, the defoliation treatment also had no significant effect on seedling growth (Table 2), whereas water availability had a significant impact on seedling growth (Table 2). The RGRB of large seedlings was significantly lower than that of small seedlings (Figure 1A). The RGRB of -W treatments were significantly lower than +W treatments of two plant sizes (Figure 1B). The increase in biomass were 57% less of small seedlings and 49% less of large seedlings in the −WC treatment relative to the +WC treatment, the increase in basal diameter were 25% less of small seedlings and 17% less of large seedlings in the −WC treatment relative to the +WC treatment (p < 0.05; Figures 1F,H). The LMR of large seedlings under –WC treatment were significantly lower than those of small seedlings (Figure 2B). There was no significant difference in SMR among different treatments in small seedlings (Figure 2D). There was no significant difference in R/S and RMR between the plants with large and small seedlings among different treatments (Figures 2F,H).


TABLE 2. The proportion of explained variation from water availability (high water availability vs. low water availability), defoliation (defoliation vs. non-defoliation), plant size (small vs. large) and their interactions on 21 measured traits for A. fruticosa seedlings.
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The linear mixed effects model analysis showed that with the increase of drought stress, the basal diameter and total biomass significantly decreased in large seedlings, but the LMR and total leaf area significantly increased (Supplementary Figure 1). In addition, basal diameter increased with interaction between drought stress and defoliation stress in small seedlings, but not in large seedlings (Supplementary Figure 1). The basal diameter and total biomass were not significantly related to defoliation treatment in both plant sizes (Supplementary Figure 1).



Treatment Effects on Leaf Traits

Differences in plant size had no significant effect on leaf traits, and water availability had significant effect on gas exchange parameters in both species (Tables 1, 2). No significant differences were observed in net photosynthetic rate and transpiration rate between small and large seedlings in both species (Figure 3). The seedling gas exchange parameters in plants under +WDE treatment was significantly higher than those in plants under −WDE treatment in both species and in plants of both small and large seedlings (Figure 3). Compared with the + WC treatment, the −WC treatment in R. pseudoacacia seedlings had 46% lower NAR in small seedlings and 43% lower NAR in large seedlings (p < 0.05; Figure 3G). In A. fruticosa, the −WC treatment seedlings had 39% lower NAR in small seedlings compared with the + WC treatment (p < 0.05; Figure 3H).
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FIGURE 3. Seedling gas exchange parameters of Robinia pseudoacacia (A,C,E,G) and Amorpha fruticosa (B,D,F,H) under various water availability and defoliation treatments for 60 days of two plants sizes. The values of the boxplot are the mean of five replicates. Different letters indicate significant differences among different defoliation and water treatments according to Duncan’s test (p < 0.05). +WC, high water availability without defoliation; +WDE, high water availability treatment with defoliation; –WC, low water availability without defoliation; –WDE, low water availability with defoliation, A, the net photosynthetic rate; E, transpiration rate; Gs, stomatal conductance; NAR, net assimilation rate.




Treatment Effects on Stem Hydraulic Parameters

Stem water potential increased with the interaction between drought stress and defoliation stress of large seedings (Supplementary Figure 2). In R. pseudoacacia, water availability, defoliation, and plant size had a significant impact on seedling stem-specific hydraulic conductivity (Table 1). Regardless of defoliation, plants with both small and large sizes had lower water potential and stem-specific hydraulic conductivity under the −W treatments than +W treatments (Figures 4A,C). The stem-specific hydraulic conductivity in the +WDE treatment increased by 98%, when compared to the +CC in small seedlings (p < 0.05; Figure 4A). The stem water potential in the −WDE treatment increased by 24%, when compared to the −WC treatment in large seedlings (p < 0.05; Figure 4C).
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FIGURE 4. Seedling stem-specific hydraulic conductivity and stem water potential of Robinia pseudoacacia (A,C) and Amorpha fruticosa (B,D) under different water availability and defoliation treatments for 60 days of two plant sizes. The values of the boxplot are the mean of five replicates. Different letters indicate significant differences among different defoliation treatments (p < 0.05) according to Duncan’s test. +WC, high water availability without defoliation; +WDE, high water availability treatment with defoliation; –WC, low water availability without defoliation; –WDE, low water availability with defoliation.


In A. fruticosa, the plant water potential in the −WDE treatment decreased significantly, by 412%, when compared in the +WDE treatment in small seedlings (p < 0.05; Figure 4D), and it decreased significantly, by 31%, when compared to the +WDE treatment in large seedlings (p < 0.05; Figure 4D). There were no significant differences in stem-specific hydraulic conductivity between small seedlings and large seedlings under the +WDE and −WDE treatment (Figure 4B).



Treatment Effects on Carbon Allocation

The concentrations of soluble sugar and starch in organs were not significantly related to drought stress and defoliation treatment in small seedlings (Supplementary Figure 3). However, in large seedlings, the concentration of stem starch, leaf soluble sugar and leaf starch significantly decreased with the increase of drought stress (Supplementary Figure 3).

In R. pseudoacacia, defoliation treatment had no significant effect on carbon allocation (Table 1). −WC treatment significantly decreased leaf soluble sugar concentration, by 29%, and starch concentration, by 46%, when compared with the +WC treatment in large seedlings (p < 0.05; Figures 5A,B). Defoliation and plant size had interactive effects on leaf soluble sugar concentration (Table 1). Compared with the +WDE treatment, the −WDE treatment significantly decreased leaf soluble sugar concentration, by 32%, in small seedlings (p < 0.05; Figure 5A). Small seedlings had higher root soluble sugar concentrations than those of large plants (Figure 5I). Meanwhile, compared with +WC treatment, the −WC treatment also significantly decreased stem starch concentrations in large plants, by 26%, (p < 0.05; Figure 5F), but not in small plants (Figure 5F).
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FIGURE 5. Seedling soluble sugar and starch concentrations in Robinia pseudoacacia (A,B,E,F,I,J) and Amorpha fruticosa (C,D,G,H,K,L) seedlings of two plant sizes under different defoliation and water availability treatments on day 60. The values of the boxplot are the mean of five replicates. Different letters indicate significant differences among different defoliation treatments (p < 0.05) according to Duncan’s test. +WC, high water availability without defoliation; +WDE, high water availability treatment with defoliation; –WC, low water availability without defoliation; –WDE, low water availability with defoliation.


In A. fruticosa, defoliation treatment also had no significant effect on carbon allocation (Table 2). On the other hand, water supply had a significant impact on carbon allocation (Table 2). In large seedlings, −WC treatment significantly decreased leaf soluble sugar concentration and leaf starch concentration by 40%, when compared to +WC treatment (p < 0.05; Figures 5C,D), and −WDE treatment significantly increased stem and root soluble sugar concentrations, by 69 and 92%, respectively, when compared with the +WDE treatment (p < 0.05; Figures 5G,K). Under conditions of low water content, large seedlings had higher stem soluble sugar concentration than those of small plants (Figure 5G). Water availability and defoliation had an interactive effect on root soluble sugar concentration (Table 2). The −WDE treatment significantly increased root soluble sugar concentrations by 59% when compared with the −WCK treatment in large seedlings (p < 0.05; Figure 5K).



Relationships and Trade-Offs Among Plant Traits

RDA was performed for two species, respectively (Figure 6). The first two axes explained 50.13% of the variation in R. pseudoacacia (Figure 6A), and 46.47% of the variation in A. fruticosa (Figure 6B). In both species, the gas exchange parameters were positively correlated with hydraulic parameters, while the root soluble sugar concentration was negatively correlated with the leaf soluble sugar concentration. The LMR was positively correlated with RGRB in both species (Figure 6). The effect of water availability (W) and plant size (S) were more significant than defoliation (D) on plant traits. Water availability treatment was negatively correlated with gas exchange parameters and hydraulic parameters. Plant size was positively correlated with plant height and SMR, but negatively correlated with LMR.


[image: image]

FIGURE 6. Redundancy analysis (RDA) of the effects of defoliation (D), water availability (W), and plant size (S) on plant traits of Robinia pseudoacacia (A) and Amorpha fruticosa (B). The black line vectors represent treatment factors (defoliation, water supply, and plant size), and the red line vectors represent plant traits. H, height; BD, basal diameter; TB, total biomass; TLA, total leaf area; RGRB, relative growth rate of total biomass; LMR, leaf mass ratio, SMR, stem mass ratio, RMR, root mass ratio, RS, root-shoot ratio; A, the net photosynthetic rate, E, transpiration rate, Gs, stomatal conductance; NAR, net assimilation rate; SSHC, stem-specific hydraulic conductivity; SWP, stem water potential; Leaf SS, leaf soluble sugar concentration; Stem SS, stem soluble sugar concentration; Root SS, root soluble sugar concentration; Leaf ST, leaf starch concentration; Stem ST, stem starch concentration; Root ST, root starch concentration.





DISCUSSION


Influence of Water Availability on Seedling Responses to Defoliation

Previous studies have reported that defoliation could increase net photosynthetic rate of plant seedlings (Quentin et al., 2012; Barry and Pinkard, 2013). However, no increase in photosynthesis was observed after defoliation for 60 days in our research. Some studies have also suggested that defoliation does not significantly increase photosynthesis. For example, in a study with white birch and balsam poplar, defoliation did not significantly increase photosynthesis in the remaining leaves (Man et al., 2013). In Larix leptolepis and Pinus resinosa seedlings, defoliation was also found had minimal effects on photosynthesis (Kruger et al., 1998). Photosynthetic responses to defoliation are thought to depend on water availability (Pinkard et al., 2011). In the present study, under high water availability treatment, no increase in photosynthesis was observed after defoliation, and defoliation did not result in a loss of total biomass in defoliated seedlings (Tables 1, 2 and Supplementary Figure 1), which may be ascribed to species-specific responses, or we missed the photosynthetic rise during the 60 days’ treatment. In addition, the results of the linear mixed effects model illustrated that the stem water potential was sensitive to the interaction between the defoliation treatment and water availability treatment, which was consistent with the results of three-way analysis of variance (Tables 1, 2 and Supplementary Figure 2). We found that the defoliation treatment and water availability treatment had an interactive effect on the water potential of R. pseudoacacia (Table 1). In large R. pseudoacacia seedlings, −WDE treatment significantly increased the stem water potential compared with −WC treatment (Figure 4), which showed that defoliation alleviated cavitation under low water availability because the leaf transpiration pull is lessened. The vulnerability of plants to cavitation was low, which protected the trees and minimized the damage caused by xylem embolism (Borchert and Pockman, 2005).

As osmotically active compounds, soluble sugars perform specific protective functions in plants under water stress (Ivanov et al., 2019). Studies have shown that to overcome negative carbon balance, defoliation treatment increases sugar allocation to the leaves (Eyles et al., 2009), while drought increases sugar allocation to the roots (Galvez et al., 2011; Ivanov et al., 2019). In the present study, defoliation did not affect carbon allocation in either species, but drought significantly affected carbon allocation of the seedlings after 2 months. Interestingly, when defoliation and low water availability occurred simultaneously, we found that they interacted to increase root soluble sugar concentrations in A. fruticosa. In small seedlings of A. fruticosa, −WDE treatment significantly increased root soluble sugar concentration compared with +WDE treatment, but there was no significant difference in root soluble sugar concentration between +WC treatment and +WDE treatment (Figure 5), indicating that compared to defoliation, water availability had a greater influence on plant carbon allocation in A. fruticosa seedlings in our experiment.



Influence of Plant Size on Seedling Responses to Drought and Defoliation

Researches had shown that both R. pseudoacacia and A. fruticosa were pioneer species with fast growth rates and commonly used for vegetation restoration (Wang and Zhou, 2000; Dehaan et al., 2006; Li et al., 2019). Moreover, in the present study, we observed that the RGRB of the small seedlings was significantly higher than that of the large seedlings in both species (Figure 1), which showed that small seedlings accumulated more biomass than large seedlings during growth stage. Meanwhile, we found that LMR was positively correlated with RGRB (Figure 6). Previous studies show that LMR is an important determinant of relative growth rate (Simane et al., 1993; Warren and Adams, 2005; Imada et al., 2010). The results showed that plant size could significantly affect biomass allocation to leaves and relative growth rate. However, low water availability treatment significantly decreased plant total biomass and RGRB regardless of plant size in both species, and these results were consistent with those of previous studies (Prieto et al., 2009; Li et al., 2019). This may be related to the weak photosynthetic capacity, severe hydraulic embolism, and carbon allocation change in seedlings under drought conditions compared to those under well water conditions (Quentin et al., 2012; Duan et al., 2013; Salmon et al., 2019). Under low water availability treatment, leaf mass ratio of large seedlings of both species was significantly lower than that under high water availability treatment, but this was not observed in small seedlings. This indicated that the investment of plants in leaf biomass was significantly reduced as a consequence of drought, which may be related to growth potential constraints and aboveground plasticity (Maseda and Fernández, 2016). Compared to high water availability treatment, low water availability treatment significantly decreased plant photosynthetic rate, stomatal conductance, and transpiration rate (Ohashi et al., 2006). In the present study, we found that compared to non-drought conditions, drought significantly decreased plant gas exchange, but we did not observe any difference in gas exchange parameters as a consequence of different plant sizes (Figure 3). When plants are under drought stress, stomatal closure, or shrinkage leads to a decrease in stomatal conductance compared to that in non-stressed plants, and in addition, the amount of CO2 absorbed by the plant decreases, resulting in a decrease in photosynthetic rate (Rancourt et al., 2015). In addition, the results of the linear mixed effects model illustrated that NAR of small seedlings was sensitive to defoliation treatment, water availability treatment, and the interaction of defoliation and water availability treatment (Supplementary Figure 2), but the NAR of large seedlings was relatively stable under defoliation and water availability. This showed that large seedlings have stronger ability to deal with pest damage and drought. We also found that the NAR of −WC treatment was significantly lower than +WC treatment in the small seedlings, but the large seedlings of −WC treatment did not significantly decrease the NAR compared with control in A. fruticosa (Figure 3). For R. pseudoacacia, the NAR of −WDE treatment was significantly lower than +WC treatment in the small seedlings, but not in large seedlings (Figure 3). The results also showed that larger seedlings had a greater potential to survive under various stress (Delagrange et al., 2004; Issifu et al., 2015). However, we observed that in the high water availability treatments, the total leaf area and stem-specific hydraulic conductivity of small seedlings of R. pseudoacacia increased significantly in defoliated seedlings compared with those in non-defoliated seedlings, but these changes were not observed in large seedlings (Figure 4A). This may be related to the fact that small seedlings were more sensitive to defoliation treatment.

As an important response strategy, plants will rely on stored carbon reserves under drought (Hartmann et al., 2013). Sugars and starch are the main components of mobile carbon pools in plants (Ivanov et al., 2019). In this study, we found that large R. pseudoacacia seedlings reduced stem starch concentration in −WC treatment compared to +WC treatment, and stem soluble sugar concentration remained unchanged, but this was not exhibited in small R. pseudoacacia seedlings (Figure 5). These results indicated the corresponding conversion of starch to soluble sugars in large carbon reserve seedlings (Tomasella et al., 2019). Starch functions as a storage compound and could be depleted in plants under low water availability treatment (Martínez-Vilalta et al., 2016). Seedlings with large carbon reserves can mobilize these reserves for osmotic adjustment in order to maintain normal physiological activities under drought stress (Hasibeder et al., 2015), but small seedlings do not have sufficient carbon reserves for carbon dynamics transformation to maintain osmotic adjustment.



Influence of Drought, Defoliation, and Plant Size on the Response Strategies of the Two Species

Previous studies on the influence of defoliation on plant seedling growth have shown reduced plant growth or no significant change in plant growth following partial defoliation (Pinkard et al., 2006; Quentin et al., 2011; Barry and Pinkard, 2013). In the present study, there were no significant changes in plant height, basal diameter, and total biomass following the defoliation treatment of two plant sizes in both species (Figure 1), suggesting that plants use a range of response strategies to compensate for the impacts of defoliation. We also found that in the +W treatment, defoliation significantly increased stem-specific hydraulic conductivity in small seedlings of R. pseudoacacia, but this was not observed in A. fruticosa (Figure 4). This may be related to the fact that R. pseudoacacia is an anisohydric species (Li et al., 2019); after defoliation, anisohydric species adopt an aggressive water consumption strategy to improve their osmotic adjustment ability and maintain cell swelling pressure (Rosas et al., 2019). In A. fruticosa, root soluble sugar concentration increased in response to drought. This increase was concurrent with declines in leaf soluble sugar concentration, suggesting a potential trade-off between allocation of photoassimilates to roots vs. leaves during drought, which is also confirmed by the RDA analysis (Figure 6). This shows that soluble sugar is an important metabolic substrate and osmoregulatory compound under drought (Dietze et al., 2014), and the increase in the root soluble sugar concentration is benefit for increasing root productivity and water absorption capacity (Gieger and Thomas, 2002). Additionally, our study also found that defoliation had no significant effect on carbon allocation in small seedlings, which was consistent with the results of the linear mixed effects model (Supplementary Figure 3), but compared to high water availability treatment, low water availability treatment significantly decreased leaf starch concentration in the two species. The reduction in carbon storage was mainly because of the reduction in photosynthetic carbon assimilation, which was a consequence of closed stomata (Galiano et al., 2011).




CONCLUSION

In this experiment, we highlight the importance of plants sizes in seedling responses to defoliation and water availability regimes. There were no significant changes in plant height, basal diameter, and total biomass following the defoliation treatment of two plant sizes. Compared to high water availability treatment, low water availability treatment significantly decreased plant gas exchange parameters. Defoliation would reduce the effect of low water availability in large seedlings on hydraulic parameters. The relative growth rate of large seedlings was significantly lower than that of small seedlings. Large R. pseudoacacia seedlings had a strong ability to deal with defoliation treatment, and large A. fruticosa seedlings had a strong ability to deal with low water availability treatment. Large seedlings can mobilize their reserves for osmotic adjustment. The R. pseudoacacia and A. fruticosa seedlings were able to quickly recover from defoliation because of their rapid growth, but were affected more severely by drought in this study. Our findings could provide a basis for the evaluation of forest dynamics under global climate change, and make a contribution to the theoretical and practical researches of vegetation restoration. Considering the trees with large plant sizes have stronger ability to deal with pest damage and drought, optimizing the forest age structure could effectively avoid the rapid forest decline in the events of combined drought and biotic attack.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



AUTHOR CONTRIBUTIONS

NW conducted the experiment, wrote the body of the manuscript, and performed sample preparations, and laboratory and data analyses. ND and HW set up the experimental design and provided funding. MZ, XS, and XP performed the experiments. QL, XL, SY, and HS conducted analyses. PF, QG, YW, LY, and RW contributed in editing the manuscript. All authors contributed to the article and approved the submitted version.



FUNDING

The research was funded by the Ministry of Science and Technology, China (grant no. 2015FY210200), the Natural Science Foundation of Shandong Province, China (grant no. ZR2020MC035), the Research Foundation of Qingdao Forest Ecosystem (grant no. 11200005071603), and the Shandong Province “Double-Hundred Talent Plan” Project (grant No. WSG2018023).



ACKNOWLEDGMENTS

We thanks to Prof. Janusz Zwiazek from University of Alberta for his thoughtful suggestions. We are very grateful to Shuna Liu and Sirong Zhang from Shandong University for their help during the experiments. We would like to thank Editage (www.editage.com) for English language editing.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2021.643143/full#supplementary-material



REFERENCES

Abdul-Hamid, H., and Mencuccini, M. (2009). Age- and size-related changes in physiological characteristics and chemical composition of Acer pseudoplatanus and Fraxinus excelsior trees. Tree Physiol. 29, 27–38. doi: 10.1093/treephys/tpn001

Aguadé, D., Poyatos, R., Gómez, M., Oliva, J., and Martínez-Vilalta, J. (2015). The role of defoliation and root rot pathogen infection in driving the mode of drought-related physiological decline in Scots pine (Pinus sylvestris L.). Tree Physiol. 35, 229–242. doi: 10.1093/treephys/tpv005

Assal, T. J., Anderson, P. J., and Sibold, J. (2016). Spatial and temporal trends of drought effects in a heterogeneous semi-arid forest ecosystem. For. Ecol. Manag 365, 137–151. doi: 10.1016/j.foreco.2016.01.017

Barry, K. M., and Pinkard, E. A. (2013). Growth and photosynthetic responses following defoliation and bud removal in Eucalypts. For. Ecol. Manag 293, 9–16. doi: 10.1016/j.foreco.2012.12.012

Barry, K. M., Quentin, A., Eyles, A., and Pinkard, E. A. (2012). Consequences of resource limitation for recovery from repeated defoliation in Eucalyptus globulus Labilladière. Tree Physiol. 32, 24–35. doi: 10.1093/treephys/tpr128

Borchert, R., and Pockman, W. T. (2005). Water storage capacitance and xylem tension in isolated branches of temperate and tropical trees. Tree Physiol. 25, 457–466. doi: 10.1093/treephys/25.4.457

Cao, X., Zhu, C., Zhong, C., Hussain, S., Zhu, L., Wu, L., et al. (2018). Mixed-nitrogen nutrition-mediated enhancement of drought tolerance of rice seedlings associated with photosynthesis, hormone balance and carbohydrate partitioning. Plant Growth Regul. 84, 451–465. doi: 10.1007/s10725-017-0352-6

Chen, J., Zhang, Q., Li, X. S., and Cao, K. F. (2010). Gas exchange and hydraulics in seedlings of Hevea brasiliensis during water stress and recovery. Tree Physiol. 30, 876–885. doi: 10.1093/treephys/tpq043

Choi, K. H., Hong, C. B., and Kim, W. T. (2002). Isolation and characterization of drought-induced cDNA clones from hot pepper (Capsicum annuum). J. Plant Biol. 45, 212–218. doi: 10.1007/bf03030362

Dehaan, L. R., Ehlke, N. J., Sheaffer, C. C., Wyse, D. L., and Dehaan, R. L. (2006). Evaluation of diversity among North American accessions of false indigo (Amorpha fruticosa L.) for forageand biomass. Genet. Resour. Crop Evol. 53, 1463–1476. doi: 10.1007/s10722-005-6845-6

Delagrange, S., Messier, C., Lechowicz, M. J., and Dizengremel, P. (2004). Physiological, morphological and allocational plasticity in understory deciduous trees: importance of plant size and light availability. Tree Physiol. 24, 775–784. doi: 10.1093/treephys/24.7.775

Dietze, M. C., Sala, A., Carbone, M. S., Czimczik, C. I., Mantooth, J. A., Richardson, A. D., et al. (2014). Nonstructural carbon in woody plants. Annu. Rev. Plant Biol. 65, 667–687. doi: 10.1146/annurev-arplant-050213-040054

Duan, H., Amthor, J. S., Duursma, R. A., O’Grady, A. P., Choat, B., and Tissue, D. T. (2013). Carbon dynamics of eucalypt seedlings exposed to progressive drought in elevated CO2 and elevated temperature. Tree Physiol. 33, 779–792. doi: 10.1093/treephys/tpt061

Eyles, A., Pinkard, E. A., and Mohammed, C. (2009). Shifts in biomass and resource allocation patterns following defoliation in Eucalyptus globulus growing with varying water and nutrient supplies. Tree Physiol. 29, 753–764. doi: 10.1093/treephys/tpp014

Falcão, H. M., Medeiros, C. D., Almeida-Cortez, J., and Santos, M. G. (2017). Leaf construction cost is related to water availability in three species of different growth forms in a Brazilian tropical dry forest. Theor. Exp. Plant Phys. 29, 95–108. doi: 10.1007/s40626-017-0087-9

Galiano, L., Martínez-Vilalta, J., and Lloret, F. (2011). Carbon reserves and canopy defoliation determine the recovery of Scots pine 4 yr after a drought episode. New Phytol. 190, 750–759. doi: 10.1111/j.1469-8137.2010.03628.x

Galvez, D. A., Landhäusser, S. M., and Tyree, M. T. (2011). Root carbon reserve dynamics in aspen seedlings: does simulated drought induce reserve limitation? Tree Physiol. 31, 250–257. doi: 10.1093/treephys/tpr012

Gaylord, M. L., Kolb, T. E., Pockman, W. T., Plaut, J. A., Yepez, E. A., Macalady, A. K., et al. (2013). Drought predisposes piñon–juniper woodlands to insect attacks and mortality. New Phytol. 198, 567–578. doi: 10.1111/nph.12174

Gely, C., Laurance, S. G. W., and Stork, N. E. (2020). How do herbivorous insects respond to drought stress in trees? Biol. Rev. 95, 434–448. doi: 10.1111/brv.12571

Gieger, T., and Thomas, F. (2002). Effects of defoliation and drought stress on biomass partitioning and water relations of Quercus robur and Quercus petraea. Basic Appl. Ecol. 3, 171–181. doi: 10.1078/1439-1791-00091

Hartmann, H., Ziegler, W., and Trumbore, S. (2013). Lethal drought leads to reduction in nonstructural carbohydrates in Norway spruce tree roots but not in the canopy. Funct. Ecol. 27, 413–427. doi: 10.1111/1365-2435.12046

Hasibeder, R., Fuchslueger, L., Richter, A., and Bahn, M. (2015). Summer drought alters carbon allocation to roots and root respiration in mountain grassland. New Phytol. 205, 1117–1127. doi: 10.1111/nph.13146

Imada, S., Yamanaka, N., and Tamai, S. (2010). Contribution of root growth responses to leaf traits and relative growth rate of Populus alba under different water-table conditions. Trees 24, 1163–1172. doi: 10.1007/s00468-010-0492-z

IPCC (2014). Climate Change 2014: Impacts, Adaptation, and Vulnerability. Cambridge: Cambridge University Press.

Issifu, H., Jaleelu, A., and Husseini, R. (2015). Seedling size and cotyledon retention have important influences on survival of defoliated seedlings of Pterocarpus erinaceus Poir. (African rosewood). Int. J. Biosci. 7, 30–37. doi: 10.12692/ijb/7.5.30-37

Ivanov, Y. V., Kartashov, A. V., Zlobin, I. E., Sarvin, B., Stavrianidi, A. N., and Kuznetsov, V. V. (2019). Water deficit-dependent changes in non-structural carbohydrate profiles, growth and mortality of pine and spruce seedlings in hydroculture. Environ. Exp. Bot. 157, 151–160. doi: 10.1016/j.envexpbot.2018.10.016

Jacquet, J. S., Bosc, A., O’Grady, A., and Jactel, H. (2014). Combined effects of defoliation and water stress on pine growth and non-structural carbohydrates. Tree Physiol. 34, 367–376. doi: 10.1093/treephys/tpu018

Karolewski, P., Zadworny, M., Mucha, J., Napierała-Filipiak, A., and Oleksyn, J. (2010). Link between defoliation and light treatments on root vitality of five understory shrubs with different resistance to insect herbivory. Tree Physiol. 30, 969–978. doi: 10.1093/treephys/tpq060

Kruger, E. L., Volin, J. C., and Lindoth, R. L. (1998). Influences of atmospheric CO2 enrichment on the responses of sugar maple and trembling aspen to defoliation. New Phytol. 140, 85–94. doi: 10.1046/j.1469-8137.1998.00249.x

Kulkarni, D., and De Laender, F. (2017). The combined effects of biotic and abiotic stress on species richness and connectance. PLoS One 12:e0172828. doi: 10.1371/journal.pone.0172828

Li, Q., Wang, N., Liu, X., Liu, S., Wang, H., Zhang, W., et al. (2019). Growth and physiological responses to successional water deficit and recovery in four warm-temperate woody species. Physiol. Plant. 167, 645–660. doi: 10.1111/ppl.12922

Liu, X., Wang, N., Cui, R., Song, H., Wang, F., Sun, X., et al. (2021). Quantifying key points of hydraulic vulnerability curves from drought-rewatering experiment using differential method. Front. Plant Sci. 12:627403. doi: 10.3389/fpls.2021.627403

Liu, Y. Y., Song, J., Wang, M., Li, N., Niu, C. Y., and Hao, G. Y. (2015). Coordination of xylem hydraulics and stomatal regulation in keeping the integrity of xylem water transport in shoots of two compound-leaved tree species. Tree Physiol. 35, 1333–1342. doi: 10.1093/treephys/tpv061

Man, R., Lu, P., Colombo, S., Li, J., and Dang, Q. L. (2013). Photosynthetic and morphological responses of white birch, balsam poplar, and trembling aspen to freezing and artificial defoliation. Botany 91, 343–348. doi: 10.1139/cjb-2012-0287

Martínez-Vilalta, J., Sala, A., Asensio, D., Galiano, L., Hoch, G., Palacio, S., et al. (2016). Dynamics of non-structural carbohydrates in terrestrial plants: a global synthesis. Ecol. Monogr. 86, 495–516. doi: 10.1002/ecm.1231

Maseda, P. H., and Fernández, R. J. (2016). Growth potential limits drought morphological plasticity in seedlings from six Eucalyptus provenances. Tree Physiol. 36, 243–251. doi: 10.1093/treephys/tpv137

McDowell, N. G., and Sevanto, S. (2010). The mechanisms of carbon starvation: how, when, or does it even occur at all? New Phytol. 186, 264–266. doi: 10.1111/j.1469-8137.2010.03232.x

Mitchell, P. J., O’Grady, A. P., Tissue, D. T., Worledge, D., and Pinkard, E. A. (2014). Co-ordination of growth, gas exchange and hydraulics define the carbon safety margin in tree species with contrasting drought strategies. Tree Physiol. 34, 443–458. doi: 10.1093/treephys/tpu014

Myers, J. A., and Kitajima, K. (2007). Carbohydrate storage enhances seedling shade and stress tolerance in a neotropical forest. Ecology 95, 383–395. doi: 10.1111/j.1365-2745.2006.01207.x

Nahar, K., Hasanuzzaman, M., Alam, M. M., Rahman, A., Mahmud, J. A., Toshisada, S., et al. (2017). Insights into spermine-induced combined high temperature and drought tolerance in mung bean: osmoregulation and roles of antioxidant and glyoxalase system. Protoplasma 254, 445–460. doi: 10.1007/s00709-016-0965-z

Ohashi, Y., Nakayama, N., Saneoka, H., and Fujita, K. (2006). Effects of drought stress on photosynthetic gas exchange, chlorophyll fluorescence and stem diameter of soybean plants. Biol. Plant. 50, 138–141. doi: 10.1007/s10535-005-0089-3

Oksanen, J., Guillaume Blanchet, F., Friendly, M., Kindt, R., Legendre, P., McGlinn, D., et al. (2019). Vegan: Community Ecology Package. R package version 2.5-6. Available online at: https://CRAN.R-project.org/package=vegan (accessed Nov 28, 2020).

Peck, S., and Mittler, R. (2020). Plant signaling in biotic and abiotic stress. J. Exp. Bot. 71, 1649–1651. doi: 10.1093/jxb/eraa051

Pinheiro, J., Bates, D., DebRoy, S., Sarkar, D., and R Core Team (2020). nlme: Linear and Nonlinear Mixed Effects Models. R package version 3.1-148. Available online at: https://CRAN.R-project.org/package=nlme (accessed Feb 02, 2021).

Pinkard, E. A., Baillie, C. C., Patel, V., Paterson, S., Battaglia, M., Smethurst, P. J., et al. (2006). Growth responses of Eucalyptus globulus Labill. to nitrogen application and severity, pattern and frequency of artificial defoliation. For. Ecol. Manag. 229, 378–387. doi: 10.1016/j.foreco.2006.04.016

Pinkard, E. A., Eyles, A., and O’Grady, A. P. (2011). Are gas exchange responses to resource limitation and defoliation linked to source: sink relationships? Plant Cell Environ. 34, 1652–1665. doi: 10.1111/j.1365-3040.2011.02361.x

Prieto, P., Peñuelas, J., Llusià, J., Asensio, D., and Estiarte, M. (2009). Effects of experimental warming and drought on biomass accumulation in a Mediterranean shrubland. Plant Ecol. 205, 179–191. doi: 10.1007/s11258-009-9608-1

Quentin, A. G., Beadle, C. L., O’Grady, A. P., and Pinkard, E. A. (2011). Effects of partial defoliation on closed canopy Eucalyptus globulus Labilladière: growth, biomass allocation and carbohydrates. For. Ecol. Manag. 261, 695–702. doi: 10.1016/j.foreco.2010.11.028

Quentin, A. G., O’Grady, A. P., Beadle, C. L., Mohammed, C., and Pinkard, E. A. (2012). Interactive effects of water supply and defoliation on photosynthesis, plant water status and growth of Eucalyptus globulus Labill. Tree Physiol. 32, 958–967. doi: 10.1093/treephys/tps066

R Core Team (2020). R: A Language and Environment for Statistical Computing. Vienna: R Foundation for Statistical Computing.

Rancourt, G. T., Éthier, G., and Pepin, S. (2015). Greater efficiency of water use in poplar clones having a delayed response of mesophyll conductance to drought. Tree Physiol. 35, 172–184. doi: 10.1093/treephys/tpv006

Rosas, T., Galiano, L., Ogaya, R., Peñuelas, J., and Martínez-Vilalta, J. (2013). Dynamics of non-structural carbohydrates in three Mediterranean woody species under long-term experimental drought. Front. Plant Sci. 4:400. doi: 10.3389/fpls.2013.00400

Rosas, T., Mencuccini, M., Barba, J., Cochard, H., Saura-Mas, S., and MartMnez-Vilalta, J. (2019). Adjustments and coordination of hydraulic, leaf and stem traits along a water availability gradient. New Phytol. 223, 632–646. doi: 10.1111/nph.15684

Salmon, Y., Dietrich, L., Sevanto, S., Hölttä, T., Dannoura, M., and Epron, D. (2019). Drought impacts on tree phloem: from cell-level responses to ecological significance. Tree Physiol. 39, 173–191. doi: 10.1093/treephys/tpy153

Simane, B., Peacock, J. M., and Struik, P. C. (1993). Differences in developmental plasticity and growth-rate among drought-resistant and susceptible cultivars of durum-wheat (Triticum turgidum L. var durum). Plant Soil 157, 155–166. doi: 10.1007/BF00011044

Snyder, K. A., and Williams, D. G. (2007). Root allocation and water uptake patterns in riparian tree saplings: responses to irrigation and defoliation. For. Ecol. Manag. 246, 222–231. doi: 10.1016/j.foreco.2007.04.032

Sperlich, D., Barbeta, A., Ogaya, R., Sabaté, S., and Peñuelas, J. (2016). Balance between carbon gain and loss under long-term drought: impacts on foliar respiration and photosynthesis in Quercus ilex L. J. Exp. Bot. 67, 821–833. doi: 10.1093/jxb/erv492

Tietjen, B., Schlaepfer, D. R., Bradford, J. B., Lauenroth, W. K., Hall, S. A., Duniway, M. C., et al. (2017). Climate change-induced vegetation shifts lead to more ecological droughts despite projected rainfall increases in many global temperate drylands. Glob. Chang. Biol. 23, 2743–2754. doi: 10.1111/gcb.13598

Tomasella, M., Nardini, A., Hesse, B. D., MacHlet, A., Matyssek, R., and Häberle, K. H. (2019). Close to the edge: effects of repeated severe drought on stem hydraulics and non-structural carbohydrates in European beech saplings. Tree Physiol. 39, 717–728. doi: 10.1093/treephys/tpy142

Turnbull, T. L., Adams, M. A., and Warren, C. R. (2007). Increased photosynthesis following partial defoliation of field-grown Eucalyptus globulus seedlings is not caused by increased leaf nitrogen. Tree Physiol. 27, 1481–1492. doi: 10.1093/treephys/27.10.1481

Van der Heyden, F., and Stock, W. D. (1996). Regrowth of a semiarid shrub following simulated browsing: the role of reserve carbon. Funct. Ecol. 10, 647–653. doi: 10.2307/2390175

Wagg, C., O’Brien, M. J., Vogel, A., Scherer-Lorenzen, M., Eisenhauer, N., Schmid, B., et al. (2017). Plant diversity maintains long-term ecosystem productivity under frequent drought by increasing short-term variation. Ecology 98, 2952–2961. doi: 10.1002/ecy.2003

Wang, R., and Zhou, G. (2000). The Vegetation of Shandong Province. Jinan: Shandong Science and Technology Publisher.

Warren, C. R., and Adams, M. A. (2005). What determines interspecific variation in relative growth rate of Eucalyptus seedlings? Oecologia 144, 373–381. doi: 10.1007/s00442-005-0092-6

Wiley, E., Huepenbecker, S., Casper, B. B., and Helliker, B. R. (2013). The effects of defoliation on carbon allocation: can carbon limitation reduce growth in favour of storage? Tree Physiol. 33, 1216–1228. doi: 10.1093/treephys/tpt093

Wu, B., and Su, X. (2016). Identification of drought response genes in Zygophyllum xanthoxylum by suppression subtractive hybridization. J. Plant Biol. 59, 377–385. doi: 10.1007/s12374-015-0580-0

Zuur, A., Ieno, E. N., Walker, N., Saveliev, A. A., and Smith, G. M. (2009). Mixed Effects Models and Extensions in Ecology with R. New York, NY: Springer Science and Business Media, 574.


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Wang, Li, Liu, Yi, Zhao, Sun, Song, Peng, Fan, Gao, Wang, Yu, Wang, Du and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.











	
	ORIGINAL RESEARCH
published: 28 April 2021
doi: 10.3389/fpls.2021.667910






[image: image2]

Novel Salinity Tolerance Loci in Chickpea Identified in Glasshouse and Field Environments

Judith Atieno1,2*, Timothy D. Colmer3, Julian Taylor2, Yongle Li2, John Quealy3, Lukasz Kotula3, Dion Nicol3,4, Duong T. Nguyen1,3, Chris Brien5, Peter Langridge2, Janine Croser3, Julie E. Hayes2 and Tim Sutton1,2


1South Australian Research and Development Institute, Adelaide, SA, Australia

2School of Agriculture, Food and Wine, University of Adelaide, Adelaide, SA, Australia

3School of Agriculture and Environment, The University of Western Australia, Perth, WA, Australia

4Department of Primary Industries and Regional Development, Dryland Research Institute, South Perth, WA, Australia

5The Plant Accelerator, Australian Plant Phenomics Facility, University of Adelaide, Adelaide, SA, Australia

Edited by:
Eric Von Wettberg, University of Vermont, United States

Reviewed by:
Mahendar Thudi, International Crops Research Institute for the Semi-Arid Tropics (ICRISAT), India
 Travis Parker, University of California, Davis, United States

*Correspondence: Judith Atieno, Judith.atieno@sa.gov.au

Specialty section: This article was submitted to Plant Abiotic Stress, a section of the journal Frontiers in Plant Science

Received: 15 February 2021
 Accepted: 22 March 2021
 Published: 28 April 2021

Citation: Atieno J, Colmer TD, Taylor J, Li Y, Quealy J, Kotula L, Nicol D, Nguyen DT, Brien C, Langridge P, Croser J, Hayes JE and Sutton T (2021) Novel Salinity Tolerance Loci in Chickpea Identified in Glasshouse and Field Environments. Front. Plant Sci. 12:667910. doi: 10.3389/fpls.2021.667910



A better understanding of the genetics of salinity tolerance in chickpea would enable breeding of salt tolerant varieties, offering potential to expand chickpea production to marginal, salinity-affected areas. A Recombinant Inbred Line population was developed using accelerated-Single Seed Descent of progeny from a cross between two chickpea varieties, Rupali (salt-sensitive) and Genesis836 (salt-tolerant). The population was screened for salinity tolerance using high-throughput image-based phenotyping in the glasshouse, in hydroponics, and across 2 years of field trials at Merredin, Western Australia. A genetic map was constructed from 628 unique in-silico DArT and SNP markers, spanning 963.5 cM. Markers linked to two flowering loci identified on linkage groups CaLG03 and CaLG05 were used as cofactors during genetic analysis to remove the confounding effects of flowering on salinity response. Forty-two QTL were linked to growth rate, yield, and yield component traits under both control and saline conditions, and leaf tissue ion accumulation under salt stress. Residuals from regressions fitting best linear unbiased predictions from saline conditions onto best linear unbiased predictions from control conditions provided a measure of salinity tolerance per se, independent of yield potential. Six QTL on CaLG04, CaLG05, and CaLG06 were associated with tolerance per se. In total, 21 QTL mapped to two distinct regions on CaLG04. The first distinct region controlled the number of filled pods, leaf necrosis, seed number, and seed yield specifically under salinity, and co-located with four QTL linked to salt tolerance per se. The second distinct region controlled 100-seed weight and growth-related traits, independent of salinity treatment. Positional cloning of the salinity tolerance-specific loci on CaLG04, CaLG05, and CaLG06 will improve our understanding of the key determinants of salinity tolerance in chickpea.

Keywords: chickpea, salt stress, tissue Na+, multiple environment phenotyping, linkage mapping, QTL, salt tolerance, accelerated-Single Seed Descent


INTRODUCTION

Salinity is an abiotic stress which has a negative impact on crop productivity (Rengasamy, 2006; Nawaz et al., 2010). Grain legumes are generally sensitive to salinity, with faba bean, field pea, and chickpea being the most sensitive (Maas and Hoffman, 1977). Chickpea is the third most cultivated legume globally (FAO, 2019) and sensitive genotypes are impacted negatively in as little as 25 mM NaCl in hydroponics experiments (Flowers et al., 2010). Chickpea is most sensitive at reproductive stage (Vadez et al., 2007, 2012b; Krishnamurthy et al., 2011; Samineni et al., 2011).

Phenotyping for salinity tolerance is difficult as it is an environmentally and developmentally regulated trait. Several studies have aimed to understand further the complexity of salinity tolerance in chickpea from both physiological and genetics perspectives (Vadez et al., 2007, 2012a,b; Turner et al., 2013; Khan et al., 2015, 2016; Pushpavalli et al., 2015a,b; Atieno et al., 2017; Kotula et al., 2019). Tolerance in controlled conditions may not translate to meaningful tolerance in the field (Tavakkoli et al., 2012) and similarly, tolerance at vegetative stage of development may not be expressed during reproductive stage (Vadez et al., 2007). Therefore, it is imperative to phenotype plants at different developmental stages and under different environments to make accurate inferences regarding the tolerance status of different genotypes.

Because of the inherent complexity of salinity tolerance in plants, the application of reliable and relevant phenotyping methodologies is critical. There are a variety of phenotyping platforms each with different merits which need to be considered before setting up an experiment. Image-based phenotyping under controlled conditions can detect subtle differences between plants without bias and eliminate confounding variability that is typical in the field. Field phenotyping while challenging due to spatial and temporal variability of salinity and other soil parameters is required when conducting research of agronomic and breeding relevance. To counteract this variability, studies such as Saade et al. (2016) and Saade et al. (2020) irrigated sandy experimental field sites with saline water to achieve uniform field saline levels. Other studies in different crops have combined high throughput image-based phenotyping with field phenotyping to dissect the genetic components of different traits; as examples, growth and transpiration under water-deficit in wheat (Parent et al., 2015) and genetic components of salinity tolerance in barley (Saade et al., 2020). To the best of our knowledge, this is the first study to combine high throughtput image-based phenotyping and field phenotyping to investigate the genetics of salinity tolerance in chickpea.

Linkage mapping has been utilized to identify genomic regions underlying salinity tolerance related traits in chickpea (Samineni, 2010; Vadez et al., 2012a; Pushpavalli et al., 2015a; Soren et al., 2020). Using linkage maps with low marker density, Vadez et al. (2012a) and Pushpavalli et al. (2015a) identified QTLs within large intervals associated with seed yield and yield related traits under saline conditions. Most recently, utilizing a higher density genetic map, Soren et al. (2020) identified QTL for yield and yield related traits for chickpea under salinity. However, whilst relevant, these studies focussed on Indian adapted varieties and it has not been established if tolerance mechanisms expressed in these genotypes in India are relevant in Australian conditions. Chickpea breeding in Australia has historically utilized a source of salinity tolerance derived from the desi variety Genesis836, adapted to Australian conditions. However, the difficulties associated with phenotyping for salinity tolerance-related traits and the lack of molecular markers to select for salinity tolerance has limited progress in improving tolerance in the breeding program (Kristy Hobson, chickpea breeder, Pers. Com.).

The influence of maturity and flowering on the expression of salinity tolerance in plants needs to be allowed for during analysis. Salinity has been reported to delay the time to flower and maturity in chickpea (Krishnamurthy et al., 2011; Vadez et al., 2012b; Pushpavalli et al., 2015b). Vadez et al. (2007) described a relationship between days to flower and seed yield with very early and late maturing genotypes having increased sensitivity to salt. Although this phenomenon was not observed in all studies (e.g., Krishnamurthy et al., 2011; Turner et al., 2013; Atieno et al., 2017), flowering time requires consideration during genetic analyses to remove its confounding effect and allow for accurate detection of QTLs associated with salinity tolerance. Vadez et al. (2012a) conducted separate analyses within early and late flowering groups in a population developed between JG 62 (tolerant) and ICCV 2 (sensitive) chickpea genotypes segregating for flowering time to reduce the confounding effect of flowering. This approach reduces sample size and thus lowers the power and reliability of detecting QTLs. This study has utilized a better strategy of controlling flowering time by incorporating flowering loci as cofactors during genetic analysis in chickpea.

Conventionally, salinity tolerance is defined as the ratio of measurements obtained from genotypes under salt-stressed conditions against measurements of the same genotypes grown in control conditions. Ratio data, however, may depart significantly from normality and typically requires transformation before downstream analysis (Curran-Everett, 2013). To circumvent these challenges, this study has used residuals from a regression line fitting best linear unbiased predictors (BLUPs) from saline conditions on to BLUPs from control conditions to provide a measure of salinity tolerance per se, that is independent of yield potential. This method has also been used by Vadez et al. (2007), and most recently by Temme et al. (2020) to define salinity tolerance.

By utilizing different phenotyping platforms, accounting for flowering and adopting an alternative approach to quantify salinity tolerance, the present study used a Rupali/Genesis836 recombinant inbred line (RIL) population, developed using accelerated-Single Seed Descent methodology, to understand the physiological and genetic mechanisms of salinity tolerance in Australian germplasm. The ultimate aim is to improve the accuracy and rate of genetic gain in developing saline-tolerant chickpea varieties.



MATERIALS AND METHODS


Plant Material
 
Recombinant Inbred Line (RIL) Population

A RIL population consisting of 200 lines was developed from a cross between two desi Australian adapted chickpea (Cicer arietinum) varieties, Rupali and Genesis836, previously shown to contrast for salinity tolerance (Turner et al., 2013; Khan et al., 2015). Genesis836 is a direct introduction from the International Centre for Research in the Semi-Arid Tropics (ICRISAT, India) and has been utilized as a source of salinity tolerance in the Australian chickpea breeding program. Rupali was bred by the Department of Agriculture and Food Western Australia (DAFWA) and the Centre for Legumes in Mediterranean Agriculture (CLIMA), based at the University of Western Australia (Clarke et al., 2004). Seed of cv. Rupali and cv. Genesis836 were obtained from the Australian Grains Genebank (AGG). One of the F1 plants derived from a Rupali by Genesis836 cross was vegetatively propagated to achieve high F2 seed numbers (as per Danehloueipour et al., 2006). The F2 seed was sent to The University of Western Australia (31.9800° S, 115.8190° E) for rapid RIL development. The F2:5 were individually tracked and cycled under accelerated-Single Seed Descent (aSSD) conditions modified from Croser et al. (2016) and Ribalta et al. (2017). Two seeds were sown into each 0.4 L pot containing pinebark: peat: sand (2.5:1:1.5) potting mix (Richgro Garden Products) at pH 6.5, grown at 22°C day/18°C night (±1°C), 20 h photoperiod and RH 70 ± 10% and thinned on emergence to one seedling/pot. Plants were hand watered daily and fertilized weekly with N:P:K fertilizer. Light was provided solely by Valoya AP67 Series B light emitting diode based arrays, with red:far-red ratio of 2.89 and intensity of c. 325 μmol m−2 s−1 at canopy (Valoya Oy, Helsinki, Finland). Light spectra and intensity were measured using a Sekonic C7000 SpectroMaster spectrometer (Sekonic Corp., Tokyo, Japan) and calculation of spectral ratio was as Runkle and Heins (2001). Flowering was recorded across all lines within 23–28 d of sowing and immature seed was removed at physiological maturity (c. 18 days after flowering) and resown to the following generation. Taking Tb to be 0°C (as per Lake et al., 2016), growing degree days from sowing to harvest = 874–981. The F4:5 seed was left to fully mature on the plant and 3–10 seed from each RIL returned to University of Adelaide for phenotypic and genotypic characterization.




Phenotypic Evaluation in the Glasshouse

Phenotyping of the Rupali/Genesis836 RIL population (n = 200) was conducted in The Plant Accelerator located at the Waite Campus of the University of Adelaide (http://www.plantphenomics.org.au/services/accelerator/), as described in Atieno et al. (2017) with minor modifications. The experiment was conducted between June and November 2015. The glasshouse temperature and humidity were controlled and ranged from 24 ± 2°C/40% (day) to 16 ± 2°C/90% (night), respectively. The experiment was set up in two smarthouses (growth rooms) utilizing 20 lanes and 22 positions. Each RIL was replicated twice while the parents were replicated 10 times in a design described in Atieno et al. (2017). Four hours of supplemental lighting was provided in growth rooms to extend daylight to 12 h. Plants were first imaged at 30 days after sowing (DAS) for 3 days prior to salt application to quantify plant growth rate before salt application. At 33 DAS, each pot received either 0 or 70 mM NaCl, equivalent to applying 100 ml of 0 or 250 mM NaCl, respectively. To maintain salt concentration in the pots, all pots were watered and maintained at field capacity (17% (w/w), determined gravimetrically). Plants were imaged for a further 13 days to quantify growth under both control and saline conditions. A total of 14,080 visible light (RGB) images were obtained and processed in LemnaGrid (LemnaTec, Germany) to compute projected shoot area (PSA). Relative growth rates (RGR) were computed from smoothed cubic splines fitted for each cart (pot) to the observed PSA for each day of imaging. The difference in the logarithms of the smoothed projected shoot area for two consecutive days of imaging was divided by the number of days between imaging to constitute RGR. In addition to measurements extracted from high-resolution imaging, other measurements included days to first flower, leaf sodium (Na+) and potassium (K+) content in the youngest fully expanded leaves, final plant height, yield and yield components including shoot biomass at maturity, seed number, total pod number, empty pod number, filled pod number, and 100-seed weight. To investigate the effect of photoperiod on flowering, Genesis836 and Rupali were grown under 3 different light regimes (8, 12, and 16 h) in a temperature and light controlled chamber. Similarly, selected genotypes replicated four times from the RIL population with relatively early (3 genotypes) and late (2 genotypes) flowering times under 12 h of light were compared under 16 h of light.



Phenotypic Evaluation in the Field

Field trials were conducted at the Department of Primary Industries and Regional Development (DPIRD) research station in Merredin (31.48° S, 118.27° E), Western Australia for two consecutive years in 2017 (Merredin2017) and 2018 (Merredin2018) on two different sites (each with a Merredin Sandy Loam; Bettenay, 1960). A split-plot experimental design was used in each year, with four non-saline (control) and four artificially salinized (NaCl added; see below) blocks. In 2017, each block consisted of 228 rows (214 genotypes (198 RILs) with two parents, Rupali and Genesis836, replicated 4 times in each block, plus border rows). In 2018, each block consisted of 208 rows (198 genotypes (181 RILs) with two parents, Rupali and Genesis836, replicated 4 times in each block, plus 4 border rows). Rows in each block were arranged in 3 columns (76 rows in each column) 0.5 m apart in Merredin2017 or 2 columns (104 rows in each column) 0.4 m apart in Meredin2018. Within each column, each row was 1.25 m long at 0.25 m spacing so that each block was 20.05 m long and 4.75 m wide in Merredin2017 or 28.45 m long and 2.9 m wide in Merredin2018. Genotypes were assigned randomly to each row within each block and 15 seeds were hand planted equally-spaced along the row and at a depth of 30 mm, on 8/9/10 May in 2017, and 22/23/24 May in 2018. A 2.05 m buffer strip of machine-sown (knife points and press wheels, 2.5 cm sowing depth) chickpea (PBA Striker) surrounded each block.

Seeds were treated with P-Pickel T fungicide prior to sowing. Knife points with press wheels were used to create rows at 25.4 cm spacings and with 100 kg ha−1 of a granular compound fertilizer (10.2% N, 13.1% P, 10.3% K, 6.7% S, 0.11% Cu, 0.23% Zn, 0.01% Mn; Gusto Gold, Summit Fertilizers) and 10 kg ha−1 of granules carrying rhizobia inoculant (Group N, ALOSCA). Application of pre-emergent herbicides achieved weed control and the few weeds present were removed by hand. Prophylactic fungicide sprays to foliage prevented the possibility of any ascochyta blight damage. A precautionary application of insecticide during podding prevented the possibility of pod-borer.

The 2017 season had lower than usual rainfall (Supplementary Figure 1A) and so supplementary irrigation was applied via Trickle-Tape positioned along each row of Merredin2017 with the following amounts and dates: 19 mm, 5 June; 19 mm, 20 June; 10 mm, 15 July; 10 mm, 1 August; 15 mm, 17 September. Merredin2018 was rain fed only (Supplementary Figure 1B).

To impose the salt treatment in 2017, 4 M NaCl solution was applied to all inter-row spaces in each artificially salinized block by using a hooded spray wand connected to a pressurized backpack with a calibrated flow and the operator walking at a known speed. The NaCl applied in 2017 was 28–32 g m−2 (total plot area) at 35 DAS and again at 36 DAS, 25–28 g m−2 at 64 DAS and again at 65 and 85 DAS, 28–31 g m−2 at 86 DAS, 24–25 g m−2 at 95 DAS, and 21–24 g m−2 at 96 DAS. In 2018, NaCl was applied at 75 g m−2 prior to sowing (salt broadcast by hand) followed by five additional applications (using the backpack sprayer as described for 2017) of 52–69 g m−2 each time at 43/44, 70, 76, 97/98, and 100/101 DAS. Soil salinity was measured at several times across the growing season using an EM-38 meter (Geomatrix Ltd., Leighton Buzzard, UK) and by taking soil cores at locations selected based on EM-38 readings: from the lowest to the highest values with the constraint of 5 locations per block. The soil core samples were taken with a soil auger at depths of 0–10, 10–20, and 20–30 cm, oven dried, and electrical conductivity (EC) and Na+, K+, and Cl− were measured in 1:5 soil:water extracts. Plant measurements taken were: emergence (2017), days to flowering and podding (2017 and 2018), proportion of leaf necrosis for the whole shoot (1-no symptoms, to 9-all leaves dead) (2017 and 2018), leaf tissue Na+, K+ and Cl− (2017 and 2018), plant height (2017), above ground biomass (2017 and 2018), number of pods (2017), number of seeds (2017), 100-seed weight (2017), and seed yield (2017 and 2018). The tissue ion analyses were of the youngest fully-expanded leaves taken from two plants in each row at the early podding stage. The leaves were oven-dried, weighed, extracted in 0.5 M HNO3, and extracts were analyzed for Na+ and K+ using a flame photometer and Cl− using a chloridometer (cf. Munns et al., 2010). At maturity, 182 DAS in 2017 and 174 DAS in 2018, plants were counted in each row and the nine inner plants were harvested by cutting the plants at ground level. In 2017, the empty- and filled-pod numbers and seed numbers were recorded after hand threshing. In 2018, plants were mechanically threshed to reduce sample processing time. In both 2017 and 2018, the dry weights of seeds were recorded after drying in a forced-draft oven at 30°C for 72 h, the dry weights of the remaining pod shells, leaves and stems were recorded after oven-drying at 60°C for 48 h.



Phenotypic Evaluation Under Hydroponics

Supported hydroponics set-up mimicking the screening methodology routinely used in the breeding program was used to assess the salinity tolerance of the Rupali/Genesis836 population. The experimental setup included 181 RILs in addition to Rupali and Genesis836 randomized within three flood-and-drain trays, each measuring 1,040 mm by 2,040 mm. Genotypes were replicated twice in a randomized complete block design. Pots (800 ml) were filled with diatomaceous rocks (5–15 mm diam) and placed in the trays, that were supplied with nutrient solution (pH 6.5) previously used for chickpea (Khan et al., 2016). Chickpea seeds were imbibed in water for ~2 h in the fridge (4°C) prior to sowing. Each pot had four seeds, and after 2.5 weeks, was thinned to one per pot. At 3 weeks, NaCl was added to the nutrient solution to 25 mM, with a second addition made 12 h later to 50 mM, and a third addition 6 h after the second to bring the final NaCl concentration to 80 mM NaCl. The nutrient solution was replaced on a weekly basis and the NaCl concentration maintained during the experimental period. Leaf damage was assessed visually using a necrosis score scale (1–9) at 2 and 3 weeks after NaCl application. Plants were harvested four weeks after NaCl application, dried in a 65°C oven for 48 h and biomass measurements obtained.



Genotyping

DNA was extracted from 200 RILs and parents (Rupali and Genesis836) using a DNeasy Plant Mini kit (QIAGEN). The quantity and quality of DNA was assessed with a spectrophotometer (ND-100, Biolab). Genotyping was performed using DArTseq (Diversity Array's Technology Pty Ltd, Canberra, Australia) (http://www.diversityarrays.com/dart-application-dartseq) as well as KASP-based genotyping assay (He et al., 2014) using SNPline PCR Genotyping System (LGC, Middlesex, UK). Sequence details of DArT and SNP markers are listed in Supplementary Table 1.



Linkage Map Construction

The linkage map of the Rupali/Genesis836 RIL population was constructed using a synergistic combination of qtl (Broman and Sen, 2009; Broman and Wu, 2016) and ASMap (Taylor and Butler, 2017) R packages available in the R Statistical Computing Environment (R Core Team, 2020). Preceding linkage map construction, the genetic marker set was diagnostically analyzed. This included a dissimilarity analysis of the progeny to determine their relatedness. Individuals sharing more than 90% of alleles across the marker set were deemed to be genetic clones and used to form consensus genotypes. Marker quality was refined through the removal of markers with <80% observed allelic information. Additionally, markers were removed if they exhibited significant segregation distortion greater than a Bonferroni corrected p-value for a familywise alpha level equal to 0.05. The remaining set of markers was clustered into nine linkage groups and the markers were optimally ordered within each linkage group using the MSTMap algorithm (Wu et al., 2008) functionality available in the ASMap package. A graphical diagnosis of recombination and double recombinations of the genotypes for the initial constructed map was performed and genotypes with excessive double recombinations were removed from further linkage map construction. After removal, markers within each linkage group were reordered and a simultaneous graphical examination of the marker and interval profiles was conducted. This identified several markers with excessive double recombinations and these were removed. The markers within linkage groups were optimally ordered a final time and the identification and orientation of the linkage groups occurred through marker sequence comparison with the Kabuli reference assembly v.1 (Varshney et al., 2013) using the BLAST portal https://blast.ncbi.nlm.nih.gov/Blast.cgi. The linkage map was prepared for analysis, by condensing each co-locating set of markers to form a representative consensus marker with a unique map position. Alleles were numerically encoded (AA = 1, BB = −1) and the remaining missing allele calls were numerically imputed using the flanking marker rules of Martinez and Curnow (1992). This complete marker information was then used to calculate pseudo mid-point markers using the formulae derived in Verbyla et al. (2007).



Phenotypic Linear Mixed Model Analysis

Phenotypic traits of the RIL population from the glasshouse and two field experiments were analyzed using a linear mixed model (LMM) that appropriately partitioned and accounted for genetic and non-genetic sources of variation (Gilmour et al., 1997). Where necessary, traits were transformed to satisfy modeling assumptions. For each of the traits, the LMM consisted of set of fixed effects to capture the estimation of an overall trait mean effect for the RIL lines, and the population parents, independently for the salt and control treatments. Additionally, the fixed effects were also used to model the variation from the physical structures of the design including the different smarthouses in the Plant Accelerator, blocks in the field and hydroponics trays as well as model linear spatial trend across rows within each smarthouse, field block and hydroponics tray. To ensure the underlying genetic variation of the traits were adjusted for flowering time, the fixed component of the LMM contained numerical covariates of two flowering loci modeled independently for each treatment. Additional extraneous non-genetic variation arising from the experiment including variation from zones in the smarthouse and non-linear trends across the ranges within smarthouses and rows in the field was modeled in the LMM using random effects. The model residuals were appropriately partitioned to ensure individual residual variances were estimated for each of the treatments. After initial diagnostic assessment, residual outliers were detected and downweighted with separate random covariates as per Gumedze et al. (2010). To initially test the significance of the genotype by treatment interaction, the LMM was fitted with a fixed component containing a genotype term consisting of a factor with a level for each RIL, a treatment term and genotype by treatment interaction term. The significance of individual terms was then tested using the appropriate Wald statistics and summarized.

To further understand the genetic variation associated with each treatment and to provide a baseline model for the whole genome analysis, an alternative LMM was fitted. The model contained all the terms defined above with the genotype and treatment terms moved from the fixed component of the LMM to a single genotype term appropriately partitioned by treatment to ensure separate genetic variances were estimated for the control and salt treatments. From this fitted LMM, best linear unbiased predictors (BLUPs) of the individual RILs for each treatment trait were extracted and used to perform pairwise correlation analysis. The LMM was then extended to include a parameter to estimate a model based genetic correlation between the salt and control treatments. From this extended fitted LMM, salinity tolerance was obtained from the residuals of a random regression of the best linear unbiased prediction (BLUPs) from saline conditions on to BLUPs from control conditions (McDonald et al., 2015; Mahjourimajd et al., 2016). The regression slope represents the average genetic tolerance of the trait in both saline and control conditions. Regression residuals provide a measure of trait-based salinity tolerance per se independent of yield potential where lines with positive residuals represent better than average salinity tolerance and lines with negative residuals poorer than average tolerance to salinity. The Heritability (H2) in each of the experimental environments was estimated using Cullis et al. (2006).

All LMM phenotypic analyses of the RIL population were computationally conducted in ASReml-R (Butler et al., 2018) available as a package in the R statistical computing environment R. The package contains a suite of flexible functions for the fitting and diagnosing of complex LMMs and uses the REML algorithm of Patterson and Thompson (1971) to estimate model parameters. The package is available for download from VSN International (https://www.vsni.co.uk). Additional model diagnosis was conducted using the functionality of the ASExtras R package available from http://www.mmade.org.



Whole Genome QTL Analysis

The whole genome average interval mapping (WGAIM) approach of Verbyla et al. (2007) and Verbyla et al. (2012) was used for detection and summary of QTL for the control, salinity and tolerance traits measured in the RIL population. The WGAIM approach uses an extension of LMMs by incorporating the complete set of linkage map intervals into the random component of the LMM as a single term containing a contiguous block of covariates with a single additive genetic variance parameter. The inclusion of this term is then tested and if found to be significant at an alpha level equal to 0.05, an outlier detection method is used to select a putative interval QTL. The selected QTL is then moved to the fixed component of the LMM and an exclusion window is placed on the left right flanking markers within 20 cM of the QTL. This forward selection process is repeated until the term containing the reduced set of linkage map intervals is non-significant. The selected set of additive QTL intervals are then summarized with their flanking markers, interval distance, size of the putative QTL effect, contribution to genetic variance and LOD score. All QTL analyses and summaries were performed using the wgaim R package (Taylor and Verbyla, 2011) available in the R statistical computing environment.




RESULTS


Impact of Salinity on Seed Yield and Yield Components

The salinity levels used in the glasshouse pot assays, hydroponics system and Merredin2017 and Merredin2018 were sufficient to observe an impact on different measurements under salinity relative to control treatments. However, it is important to note the EC values and Na+ levels in soil cores were higher in Merredin2018 compared to 2017 (Supplementary Figures 2, 3). Information on the progressions of EC, Na+, and Cl− levels in the field are available in Supplementary Figures 2–4.

Means of most traits measured for RILs were within the range of Rupali and Genesis836 means, with the exception of plant height, plant biomass and days to flower in the glasshouse and seed yield in Merredin2018, where the RILs displayed significant transgressive phenotypes compared to the parents (Tables 1–3, Supplementary Table 2). This phenomenon is not surprising, as the RILs are comprised of different genetic composition independently inherited from the parents and thus new genetic recombinations may lead to positive or negative interaction between loci. Significant genotype by treatment interaction (G × T) was observed for most traits measured in the glasshouse (Table 1), with the exception of 100-seed weight, plant height, projected shoot area, relative growth rate, days to flower, K+, water use and water use efficiency. In contrast, significant G × T was only observed for necrosis and Cl− content in Merredin2017 (Table 2) and necrosis, Na+ content, K+:Na+ ratio and harvest index in Merredin2018 (Table 3). Significant G × T was observed for all traits measured under hydroponics conditions (Supplementary Table 2). In the instances where G × T was not significant, genotype and/or treatment effects were significant (< 0.001) with the exception of K+ content in Merredin2017 (Tables 1–3).


Table 1. Summary of measurements taken in the glasshouse under salt and control conditions.
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Table 2. Summary of measurements taken in 2017 Merredin field trial (Merredin2017) under salt and control conditions.
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Table 3. Summary of measurements (per plant) taken in 2018 Merredin field trial (Merredin2018) under salt and control conditions.
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The impact of salinity on the traits measured was dependent on the environment. Salinity negatively affected most of the traits measured in the glasshouse and Merredin2018 (Tables 1, 3) with the exception of harvest index in the glasshouse (Table 1). For instance, a seed yield reduction of 50, 34, and 16% was seen in the parents Rupali and Genesis836 and the RILs, respectively, under salinity in the glasshouse (Table 1). Similarly, a seed yield reduction of 11% and 18% was observed in Rupali and RILs in Merredin2018, respectively (Table 3). In contrast to our expectation, Genesis836 had 3% higher seed yield under salinity compared to control conditions (Table 3). Seed yield was not negatively impacted by salinity in Merredin2017 for either of the parents or the RILs. In contrast, seed yield under salinity was significantly higher (by 12, 44, and 16%) compared to the control treatment in Rupali, Genesis836, and RILs average, respectively, a similar observation made with other yield-related traits including number of pods, seed number and harvest index (Table 2). It is notable that seed yields and shoot biomass, were generally greater in Merredin2017 compared to Merredin2018, which was likely due to the greater water availability in 2017 with 73 mm of strategic irrigation events supplementing the 190 mm of growing season rainfall; that is, 263 mm of rainfall plus irrigation in 2017 compared with 216 mm of growing season rainfall only in 2018. In addition, the higher soil EC values and Na+ levels observed in the 2018 environment under both the control (higher background salinity) and saline (greater amount of NaCl applied in 2018 vs. 2017; see methods) conditions (Supplementary Figures 2, 3) possibly also interacting with the dry September in 2018, could also have contributed to the lower biomass and seed yields and lower heritability values in 2018 as compared with 2017.

Leaf necrosis was measured at early podding (~12 weeks) in field experiments. Necrosis levels (scores of proportion of whole shoot) were consistently three to five times higher in RILs and the parents under salinity treatment compared to controls in both years (Tables 2, 3). Necrosis distinguished the Rupali and Genesis836 parents in Merredin2017 and in the hydroponics experiment (Table 2, Supplementary Table 2), but not in Merredin2018 (Table 3). Salinity delayed flowering in Merredin2018 by 5 days (Table 3), a phenomenon that was not observed in the glasshouse nor in Merredin2017 (Tables 1, 2). However, G × T for days to flower was not significant for any of the three environments (Tables 1–3).



Relationship Between Seed Yield and Yield-Related Traits

Seed yield under both control and saline conditions was positively and strongly correlated to seed number in the glasshouse (r = 0.78–0.80) and field (r = 0.84), a relationship which was highly significant (p ≤ 0.001) (Supplementary Tables 3, 4). Strong positive correlations of r = 0.78–0.84, r = 0.70–0.75, r = 0.78–0.87 under salt, and r = 0.80–0.84, r = 0.61–0.74, r = 0.82–0.84 under control were observed for seed yield with seed number, total pod number, and number of filled pods, respectively (Supplementary Tables 3, 4). This demonstrates the important role these traits play in yield determination under both salt and control conditions in both glasshouse and field conditions. Although seed size (100-seed weight) had a moderate positive correlation (r = 0.64) with seed yield under saline conditions in the glasshouse, it was not correlated with seed yield under saline conditions in the field or under control conditions in either environment (Supplementary Tables 3, 4). Shoot biomass had strong positive (p ≤ 0.001) correlations of r = 0.71 and r = 0.92 with seed yield under saline conditions in the glasshouse and Merredin2018, respectively, a relationship that was moderate (r = 0.48) in Merredin2017 (Supplementary Tables 3–5). Interestingly, the relationship of shoot biomass with seed yield under control conditions was environment-dependent. Shoot biomass had a negative, albeit weak correlation with seed yield (r = −0.33) in glasshouse conditions (Supplementary Table 3), perhaps due to a limitation of water and nutrient supply in the pot at seed filling stage. On the contrary, shoot biomass in the control treatment was positively correlated with seed yield in the two field environments, with correlation coefficients of r = 0.21 and r = 0.82 for Merredin2017 and Merredin2018, respectively (Supplementary Tables 4, 5). Plant height was strongly positively correlated with plant biomass in both the glasshouse (r = 0.90), and Merredin2017 (r = 0.65–0.68). The correlations between height and biomass closely reflected biomass/seed yield correlations in the glasshouse, while there was not a significant relationship between plant height and seed yield for Merredin2017. Plant heights were not recorded in Merredin2018.

Projected shoot area, measured at 7 weeks after sowing, was only weakly correlated with shoot biomass determined at maturity in the glasshouse under control (r = 0.07) and saline conditions (r = 0.10) (Supplementary Table 3), due to the indeterminate growth pattern of chickpea. Projected shoot area was most strongly correlated with water use, a trait also measured early during the growth period (r = 0.73–0.84). Both traits were more strongly correlated with seed yield under saline conditions (r = 0.27–0.30) than in the control treatment (r = 0.01–0.14) (Supplementary Table 3).

Leaf Na+ and Cl− played a role in explaining biomass accumulation and seed yield in the different experimental environments. Na+ in the youngest fully expanded leaf was moderately negatively correlated (r = −0.49) with seed yield in the glasshouse under saline conditions (Supplementary Table 3). In contrast, this relationship was either very weak (r = 0.23) or non-significant (r = −0.14) in Merredin2017 and Merredin2018, respectively (Supplementary Tables 4, 5). Cl− in the youngest fully expanded leaf was weakly correlated with seed yield under saline conditions in Merredin2017 (r = −0.23) and Merredin2018 (r = −0.35) (Supplementary Tables 4, 5). There was similarly a moderate negative relationship between Cl− and shoot biomass in the field experiments (r = −0.30 in Merredin2017 and r = −0.36 in Merredin2018) (Supplementary Tables 4, 5). A strong positive relationship was observed between Cl− and seedling biomass under hydroponics conditions (r = 0.80) (Supplementary Table 6), but this may be uninformative given weak correlations between biomass (projected shoot area) measured at early stages of growth and maturity, as seen in the glasshouse experiment (Supplementary Table 3).

One of the easiest traits to assess is plant symptoms/necrosis. There was a modest negative linear relationship between leaf necrosis scores (as a proportion of the whole shoot) at early podding and seed yield under salinity across the two field experiments (Figure 1). Correlations of r = −0.4 and r = −0.56 between necrosis and seed yield under saline conditions in Merredin2017 and Merredin2018, respectively (Supplementary Tables 4, 5), indicated that necrosis scoring may be a suitable surrogate for selecting genotypes with high yield under salinity in field environments. There was a weak negative correlation between necrosis and biomass in the hydroponics experiment (r = −0.17) (Supplementary Table 6), but we were unable to determine if necrosis scores can predict yield in a controlled pot experiment. Necrosis scores in the hydroponics experiment did not correlate with scores obtained for each RIL in either field experiment (r = 0.16 in Merredin2017 and r = −0.03 in Merredin2018), suggesting that controlled-environment seedling screens may not reliably predict performance in the field.


[image: Figure 1]
FIGURE 1. Relationship between seed yield under saline conditions and plant necrosis score (1–9, where 1 = no symptoms and 9 = dead) in Merredin2017 (blue) and Merredin2018 (orange) field trials. There was a modest negative relationship between seed yield under salinity and necrosis score across the two field experiments.




Impact of Flowering on Seed Yield

Flowering and plant maturity are widely known to have a major, environment-dependent influence on seed yield. Days to flower in Rupali/Genesis836 followed a bimodal distribution both in the glasshouse and field experiements (Figure 2). Transgressive segregation was observed in all the experimental environments, with most RILs flowering much later compared to the parents in the glasshouse (Figure 2A). Genesis836 and Rupali time to flowering was equally progressively shortened by increasing daylength from 8 to 16 h in the growth room (Supplementary Figure 5). Similarly, extending photoperiod from 12 to 16 h drastically shortened days to flower, especially in the late flowering RILs (Supplementary Figure 5). In this study, flowering was seen to affect seed yield differently under glasshouse and field environments, with very early and very late lines having relatively lower yields compared to the rest of the lines in the glasshouse (Figure 2D). On the contrary, flowering did not have major impact on seed yield under either control or saline conditions in Merredin2017 (r = 0.02–0.09) or Merredin2018 (r = 0.08–0.23) (Figure 2D; Supplementary Tables 4, 5).


[image: Figure 2]
FIGURE 2. Flowering in the Rupali/Genesis836 RIL mapping population. Bimodal distribution for flowering time in the RIL population in (A) the glasshouse (B) Merredin2017 and (C) Merredin2018. Days to flower for the parents, Rupali(R) and Genesis836(G) is indicated. Transgressive segregation for flowering was evident in all the environments. (D) Influence of flowering on seed yield in the glasshouse and two field environments under non-saline conditions. Blue dots represent glasshouse data, gray dots represent data from Merredin2017 and orange dots represent data from Merredin2018. Generally, genotypes clustered into “early” and “late” groups as indicated by the dashed circles. Very early and very late flowering genotypes in the glasshouse had lower yields compared to the rest of the lines, a phenomenon that was not observed in the field.




Genetic Analysis
 
Rupali/Genesis836 Genetic Linkage Map

An intra-specific genetic map for Rupali/Genesis836 spanned 963.5 cM and consisted of 628 polymorphic markers mapped on 9 linkage groups (Table 4, Supplementary Figure 6). The number of markers and length of linkage groups varied, with linkage group (LG) 7, corresponding to CaLG07 of the Kabuli reference assembly v.1 (Varshney et al., 2013), having the most number of mapped markers (139). LG 1.2, corresponding to a partial length of CaLG01, had the least number of mapped markers (16) (Table 4). CaLG07 was densely populated with markers with an average spacing and maximum spacing between markers of 0.8 and 10.8 cM, respectively (Table 4). CaLG01 was split into two due to weak linkage resulting from an absence of markers to link the two sections (Table 4, Supplementary Figure 6). Of the nine linkage groups, CaLG04 had the longest genetic distance of 154.9 cM (Table 4, Supplementary Figure 6).


Table 4. Summary of the Rupali/Genesis836 genetic linkage map derived from 181 (F4:5) RIL mapping population.
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Flowering Loci Segragating in Rupali/Genesis836

Flowering time can have confounding effects on salinity tolerance. Therefore, we first investigated genetic control of flowering time in the Rupali/Genesis836 RIL population. Mapping for QTL controlling flowering in this population revealed three loci; two loci on CaLG03 and one on CaLG05 (Figure 3). The loci flwqtl.1 (CaLG05) and flwqtl.2 (CaLG03) were detected in the glasshouse and in Merredin2017 and Merredin2018 field experiments. In constrast, locus flwqtl.3 on CaLG03 was only detected in Merredin2018 (Figure 3). Multi-environment QTL analysis utilizing BLUPs from the three different environments revealed two loci; locus flwqtl.1 on CaLG05 with percentage genetic variation explained (GVE) of 81.1% and a LOD score of infinity (high-value allele from Genesis836), and locus flwqtl.2 on CaLG03 (4.1% GVE) with a LOD score of 9.6 (high-value allele from Rupali) (Figure 3). We found that locus flwqtl.1 corresponds to the CaELF3a gene reported in Ridge et al. (2017), and that Genesis836 and Rupali have contasting alleles for this gene, with Rupali carrying the early flowering mutated form, caelf3a.


[image: Figure 3]
FIGURE 3. QTL analysis of flowering loci segregating in Rupali/Genesis836 population across three different environments; glasshouse, Merredin2017, and Merredin2018 under non-saline conditions. Green boxes show approximate genomic regions where the flowering loci map. Flowering QTL, flwqtl.3 on CaLG03 was only identified in Merredin2018 while flwqtl.1 and flwqtl.2 on CaLG05 and CaLG03, respectively, were identified in the glasshouse, Merredin2017 and Merredin2018 by both single environment QTL analysis and multi-environment QTL analysis. %GVE-percent genotypic variation explained.




QTL Mapped in Rupali/Genesis836

QTL analysis on the Rupali/Genesis836 population prior to adjusting for flowering found the majority of traits to locate to the same position as flowering loci on CaLG03 and CaLG05. After adjusting for flowering, 20 (under control conditions), 22 (under saline conditions), and 6 (salinity tolerance) significant QTL were identified (Tables 5, 6).


Table 5. Quantitative trait loci (QTL) associated with various traits measured across different environments including hydroponics, glasshouse and two field experiments (Merredin2017 and Merredin2018) under (A) saline and (B) control conditions QTL highlighted in blue and yellow represent major loci on CaLG04 controlling inherent growth-related traits and salinity specific traits, respectively.
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Table 6. Salinity tolerance QTL: QTL obtained from residuals from the regression line when salinity BLUPs are regressed on control BLUPs.

[image: Table 6]

It was not uncommon to observe genomic regions that only appear under control conditions and not saline conditions and vice-versa. For example, conFPqtl.1 and conSNqtl.1 on CaLG07 controlled number of filled pods and seed number, respectively, under control but not saline conditions (Table 5). Regions that only appeared under saline conditions and not control conditions included salsBqtl.2, salClqtl.1, salFPqtl.1, salNecrosisqtl.2, salSNqtl.1, and salSYqtl.2 (Table 5). Similarly, certain loci were environment-specific. For instance, a locus on CaLG07 (conFPqtl.1 and conSNqtl.1) controlled number of filled pods (19.6% GVE) and seed number (19.1% GVE) under control conditions in the glasshouse but not in Merredin2017 or Merredin2018. conSNqtl.4 only controlled seed number (13.8% GVE) under control conditions in Merredin2017 (Table 5). Interestingly, many loci were seen to control traits under both control and saline conditions, suggesting their role in plant growth rather than salt tolerance per se. For instance, a locus on CaLG04 with a genetic distance of 0.56 cM was seen to control number of filled pods, seed number, 100-seed weight, water use, and water use efficiency (18.7−39.7% GVE) under control conditions in multiple environments (Figure 4, Table 5). Likewise, the same locus controlled seedling biomass, Cl−, necrosis, and 100-seed weight (22.6–48.5% GVE) under saline conditions (Figure 4, Table 5). Other plant growth and yield-related QTL include conSYqtl.2 and salSNqtl.2 on CaLG04, controlling seed yield under control conditions (11.3% GVE) and seed number under saline conditions (23.2% GVE), respectively, in Merredin2017 (Table 5). A region on CaLG05 controlled seed yield (salSYqtl.1) and necrosis (salNecrosisqtl.1) under saline conditions (17.9% GVE and 20.5% GVE, respectively), and 100-seed weight (salSWqtl.1 and conSWqtl.1) under saline (21.8% GVE) and control conditions (17.5% GVE), respectively (Table 5).
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FIGURE 4. Major salinity and seed yield or biomass-related QTL on CaLG04. Genomic region highlighted in yellow shows the location of multiple salinity-specific QTL associated with necrosis scores and salinity tolerance per se, calculated from residuals from regressions of traits measured in salinity onto corresponding control values. These traits included number of filled pods, seed number, and seed yield. Genomic region highlighted in blue relates to the position of QTL for traits controlling 100-seed weight, above ground biomass, and seed number in both control and salt treatments across different environments. Physical positions of molecular markers flanking the QTLs are provided using the Kabuli reference assembly v.2.


A closer observation of CaLG04 revealed two distinct clusters of QTL (Table 5, Figure 4). QTL for yield-related traits observed only in saline treatments (number of filled pods, seed number and seed yield), and for necrosis measured under saline conditions, mapped at a physical location of 6.8 Mb-7.5 Mb based on the Kabuli reference assembly v.2 (Figure 4). Inherent growth/yield-related traits (100-seed weight, seedling biomass and plant biomass in both control and saline conditions) mapped at 12.74–13.06 Mb. To identify QTL for salinity tolerance per se, salinity BLUPs for each trait were regressed onto control BLUPs and the residuals from these regressions used in QTL analysis. An example using absolute growth rate (AGR) from the glasshouse experiment is illustrated in Figure 5. Using this residuals analysis method, three genomic regions (on CaLG04, CaLG05, CaLG06) were found to control salinity tolerance per se in Rupali/Genesis836 (Table 6). The locus on CaLG04 (7.3–13% GVE) with a LOD score of 3.1–5.6 controlled number of filled pods (saltolFPqtl.1), seed number (saltolSNqtl.1), and seed yield (saltolSYqtl.1) in Merredin2017, with Genesis836 contributing the high-value allele (Table 6). Additionally, the same region controlled salinity tolerance water use (saltolWUqtl.1) (8.8% GVE, LOD score 3.3) in the glasshouse, with the high-value allele contribution from Rupali (Table 6). Salinity tolerance seed number from Merredin2017 was controlled by saltolSNqtl.2 on CaLG06 (7.1% GVE, LOD score 3.4), with the high-value allele contribution from Genesis836 (Table 6). Salinity tolerance seed yield from Merredin2017 was controlled by saltolSYqtl.1 on CaLG05 (8.5% GVE, LOD score 4.5), with the high-value allele contribution from Genesis836 (Table 6).


[image: Figure 5]
FIGURE 5. An example of a salinity tolerance measure: Regression of salinity treatment-derived best linear unbiased predictors (BLUPs) on control treatment-derived BLUPs, with the residuals used to quantify salinity tolerance. This example shows absolute growth rate (AGR) obtained in the glasshouse, with the graph on the left showing salinity treatment-derived AGR BLUPs plotted against control treatment-derived BLUPs. The graph on the right shows residuals from the regression curve plotted against control treatment-derived BLUPs. A random distribution of the data shows there was no influence of AGR in control conditions on the residuals. Genotypes in the two upper quadrants demonstrate salinity tolerance with respect to this trait.






DISCUSSION

This study reports the genetic basis of salinity tolerance in chickpea through extensive high-precision phenotyping of a Rupali/Genesis836 RIL population, developed through aSSD, at different developmental stages in different environments whilst controlling for flowering time. The findings are supported by hydroponic and soil-based assays in the glasshouse and soil based assays in the field. Phenotypic data were combined with a genetic map to identify important genome segments, with relevance to Australian environments, that control salinity tolerance. This information will be used by the breeding program to improve the accuracy and rate of genetic gain in developing more salt tolerant chickpea varieties.

Salinity tolerance is a complex trait which is widely considered in literature to be polygenic, quantitative and highly influenced by the environment. Indeed, our study highlights the importance of phenotyping for salinity tolerance under different environments prior to making selection decisions on the salinity tolerance status of different genotypes. The growing environment played a large role in the expression of salinity tolerance. For example, necrosis scores obtained in the field environments correlated poorly with those obtained in hydroponics. We also observed considerable differences between the two field experiments, with seed yield and shoot biomass greater in Merredin2017 compared to Merredin2018, and Na+ content in the youngest fully expanded leaf at early podding of plants in saline conditions averaging 12-fold higher in the Merredin2018 experiment compared to Merredin2017 (Tables 2, 3). Seed yield was not reduced by salinity in the Merredin2017 experiment (Table 2). Consequently, the severity of the imposed salinity treatment was increased for the Merredin2018 experiment. Despite this, necrosis correlated well with seed yield under salinity in both field experiments, and genetic analysis of the Merredin2017 experiment indicated these data more closely aligned with high-throughput image-based phenotyping in the glasshouse (Table 5), and revealed a greater number of saline treatment-specific and salinity tolerance loci (Tables 5, 6; discussed below) compared to Merredin2018. Given the magnitude of the differences between phenotyping experiments, also indicated by differences in heritability values for traits common between the different environments, a multi-environment genetic analysis approach was not considered to be warranted.

Flowering plays a major role in influencing crop duration and thus crop adaptation to environment. It is therefore important to eliminate, where possible, the confounding effects of flowering time by selecting genotypes with similar phenology as parents for mapping population development (Pinto et al., 2010). Rupali and Genesis836 were chosen as parents because, aside from contrasting for salinity tolerance, they displayed a restricted range in flowering time. However, transgressive segregation, likely due to complementary gene action, was observed for days to flowering in the RIL population. Increasing day length reduced the observed flowering time gap in the RILs, both during aSSD generation cycling and when phenotyped under controlled conditions (Supplementary Figure 5). However, phenotyping plants under artificial long-day conditions would have an impact on plant development and may not be optimal for studying salinity tolerance and/or yield-related traits. We identified two major flowering loci (flwqtl.1 on CaLG05 and flwqtl.2 on CaLG03) segregating in the Rupali/Genesis836 population (Figure 3). The QTL flwqtl.1 on CaLG05, driving most of the phenotypic variation for flowering, corresponds to the Efl1 locus for which the underlying gene is CaEFL3a, an ortholog of Arabidopsis EARLY FLOWERING3 (ELF3) (Ridge et al., 2017). Rupali carries the early flowering variant of this gene. In contrast, the Genesis836 allele for flwqtl.2 reduced days to flower (Figure 3). flwqtl.1 and flwqtl.2 were incorporated as co-factors during subsequent genetic analysis of Rupali/Genesis836, to ensure the identification of true salinity tolerance regions not confounded by flowering or maturity. A minor QTL for flowering, flwqtl.3, was observed on CaLG03 in a single environment (Merredin2018; Figure 3), with the region corresponding to a cluster of FT genes reported to control time to flowering and growth habit in several chickpea populations (Ortega et al., 2019). However, time to flower could not be consistently attributed to this locus in the Rupali/Genesis836 population, and it was therefore not included as an additional co-factor.

We found that leaf necrosis scored at early podding in the field may be a suitable surrogate for salinity tolerance in chickpea. A QTL for necrosis in Merredin2017 (salNecrosisqtl.2; Table 5), on CaLG04, corresponded to a salinity tolerance per se region consistently identified for a number of traits in both Merredin2017 and from the glasshouse experiment using a residuals analysis method (Table 6 and discussed below). Additionally, necrosis scoring from both Merredin2017 and Merredin2018 was moderately correlated with the yield of genotypes in the high-saline treatment (R2 = 0.15–0.31; Figure 1). Previously, Maliro et al. (2008) proposed selection of salinity-tolerant chickpea lines (landraces and wild relatives) using necrosis scores and biomass cuts of 6-week-old seedlings grown in sand and gravel irrigated with nutrient solution with added salinity. This methodology is currently utilized in the Australian breeding program to select for salt tolerant genotypes. Here, we tried to replicate this set-up to screen the Rupali/Genesis836 population, to investigate how such a system compares with soil-based experiments in the glasshouse and in the field. Unfortunately, the hydroponics set-up did not compare well with the other environments. Genotypes ranked differently for necrosis in the two phenotyping systems, and genetic analysis using necrosis data from the hydroponics experiment did not reveal any salinity specific QTL in common with the other environments. The QTL salNecrosisqtl.4 on CaLG03 (Table 5) was not identified for any other trait in any environment, although it did co-locate with the minor flowering region, flwqtl.3 (Figure 3). This finding emphasizes the need to screen plants in different environments, and suggests it may be necessary to employ screens that extend beyond the seedling stage in order to make accurate inferences on the tolerance status of plants. Whilst we acknowledge that necrosis at podding/reproductive growth stage is not an early indicator of salinity tolerance, the use of this trait as a proxy for tolerance may circumvent the need to compare performance of plants in high- and low-saline treatments.

Several studies in chickpea have used relative measures between salt and control treatments and developed salinity tolerance indices to define salinity tolerance, as opposed to only looking at performance under stress (Vadez et al., 2007; Soren et al., 2020). In an approach similar to Vadez et al. (2007), we determined salinity tolerance per se by comparing residuals derived from regressing BLUPs for each trait from a salinity treatment onto BLUPs from the control treatment. Genetic analyses utilized absolute measurements from control treatments and absolute measurements from salinity treatments, as well as the residuals derived from regressions as described. We identified genomic regions that were unique to either control or salinity treatments, as well as regions common to both treatments. We also identified loci in common with previous salinity studies in chickpea. For example, a genomic region on CaLG07 (13.6 Mb- 37.5 Mb Kabuli reference assembly v.1), regulating both number of filled pods (conFPqtl.1) and seed number (conSNqtl.1) in the control treatment in the glasshouse, was also identified by Vadez et al. (2012a) and Pushpavalli et al. (2015a) linked to above-ground dry matter, total pod number, seed number and harvest index, under saline treatments.

Many loci identified in this study were found under both salt and control conditions, implying their role in the general regulation of plant growth and yield rather than to salinity tolerance per se, a phenomenon that has also been observed in bread wheat (Genc et al., 2019), wild barley (Saade et al., 2016) and recently in sunflower (Temme et al., 2020). For instance, a region on CaLG04 was found to control plant biomass, Cl− content, leaf necrosis scores and 100-seed weight (22.6–48.5% GVE; Table 5) under salinity treatment, and number of filled pods, seed number, 100-seed weight, water use, and water use efficiency (14.3–39.3% GVE) under control treatment. Previously referred to as the “QTL hotspot,” this locus has been reported to be associated with drought tolerance (Kale et al., 2015) and plant vigor (Sivasakthi et al., 2018). Further analysis of the CaLG04 region in Australian growing environments and adapted germplasm is warranted to determine its role in maintaining yield and yield stability.

Four loci were identified that were unique to salinity treatments (Table 5). These include three distinct regions controlling seedling biomass (salsBqtl.2) and water use efficiency (salWUEqtl.1) on CaLG01, Cl− content (salClqtl.1) on CaLG05, and a region on CaLG04 containing a cluster of QTL controlling number of filled pods (salFPqtl.1), leaf necrosis (salNecrosisqtl.2), seed number (salSNqtl.1), and seed yield (salSY.2). The region on CaLG04 was distinct from the CaLG04 location harboring QTL controlling traits common to both control and salinity treatments. This region is estimated to be 5 Mb proximal to the “QTL hotspot” (Kabuli reference assembly v.2). Genetic analysis of salinity tolerance per se, using the residuals method, identified the same salinity-specific region on CaLG04, containing several QTL relating to water use (saltolWUqtl.1), number of filled pods (saltolFPqtl.1), seed number (saltolSNqtl.1), and seed yield (saltolSYqtl.2), with the high-value allele contribution from the salt-tolerant Genesis836 parent (7.3–13% GVE; Table 6). Clearly, this demonstrates the role of the CaLG04 genomic region in controlling salinity tolerance in chickpea. Using the residuals method, two other regions, saltolSNqtl.2 (CaLG06) and saltolSYqtl.1 (CaLG05), were identified to associate with salinity tolerance in this study (Table 6). The region on CaLG05 also harbored QTL controlling leaf necrosis and seed yield under salinity in the field, as well as 100-seed weight under both control and salinity treatments (Table 5).

In conclusion, data were obtained from high-throughput phenotyping in a controlled environment and from field phenotyping across 2 years, for a bi-parental chickpea RIL population developed using parents selected for their contrasting salinity tolerance. We have utilized those data in genetic analyses controlling for flowering time and inherent growth differences, to decouple plant growth from salinity tolerance, and identified two distinct genomic regions on CaLG04. The development and validation of molecular markers closely linked to regions specific for salinity tolerance on CaLG04, CaLG05 and CaLG06, as well as the growth/yield-related region on CaLG04, should enable selection of both sets of genomic regions and/or traits associated with these regions for future germplasm improvement in the Australian chickpea breeding program.
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Transcriptome Profile Reveals Drought-Induced Genes Preferentially Expressed in Response to Water Deficit in Cultivated Peanut (Arachis hypogaea L.)
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Cultivated peanut (Arachis hypogaea) is one of the most widely grown food legumes in the world, being valued for its high protein and unsaturated oil contents. Drought stress is one of the major constraints that limit peanut production. This study’s objective was to identify the drought-responsive genes preferentially expressed under drought stress in different peanut genotypes. To accomplish this, four genotypes (drought tolerant: C76-16 and 587; drought susceptible: Tifrunner and 506) subjected to drought stress in a rainout shelter experiment were examined. Transcriptome sequencing analysis identified that all four genotypes shared a total of 2,457 differentially expressed genes (DEGs). A total of 139 enriched gene ontology terms consisting of 86 biological processes and 53 molecular functions, with defense response, reproductive process, and signaling pathways, were significantly enriched in the common DEGs. In addition, 3,576 DEGs were identified only in drought-tolerant lines in which a total of 74 gene ontology terms were identified, including 55 biological processes and 19 molecular functions, mainly related to protein modification process, pollination, and metabolic process. These terms were also found in shared genes in four genotypes, indicating that tolerant lines adjusted more related genes to respond to drought. Forty-three significantly enriched Kyoto Encyclopedia of Genes and Genomes pathways were also identified, and the most enriched pathways were those processes involved in metabolic pathways, biosynthesis of secondary metabolites, plant circadian rhythm, phenylpropanoid biosynthesis, and starch and sucrose metabolism. This research expands our current understanding of the mechanisms that facilitate peanut drought tolerance and shed light on breeding advanced peanut lines to combat drought stress.
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INTRODUCTION

Cultivated peanut (Arachis hypogaea L.) is an important legume that is grown mainly on arid and semiarid regions where peanut productivity is usually limited by water deficit (Pimratch et al., 2008, 2009; Songsri et al., 2008; Balota et al., 2012; Dinh et al., 2013; Brasileiro et al., 2015). Drought stress during the mid-growing season from flowering to pod development leads to a severe reduction in peanut pod yield due to the highest water requirement during this period (Stansell and Pallas, 1985; Sterling et al., 1989). How to sustain and even increase peanut production to meet growing population needs, whereas environmental conditions are deteriorating, is a major challenge that the peanut industry faces. Developing drought-tolerant varieties adapted to various levels of drought stress is a priority for many peanut breeding programs (Zhao et al., 2018). Unfortunately, traditional breeding approaches achieve little progress because drought-stress tolerance is a polygenic trait, and little is known about the molecular signaling and regulatory mechanisms of peanuts under drought stress.

The vulnerability of peanut to drought stress depends on genotypic variability (Stansell and Pallas, 1985; Greenberg et al., 1992; Puangbut et al., 2009; Devi et al., 2010; Dinh et al., 2013). Genotypic variations in several physiological characteristics associated with drought tolerance, including transpiration and photosynthesis rate, have been identified and provide opportunities to breed high-yielding drought-tolerant genotypes (Pimratch et al., 2008; Balota et al., 2012). RNA-sequencing (RNA-Seq), a technique for genome-wide gene expression analysis, provides a powerful alternative to facilitate the development of drought-tolerant genotypes (Li et al., 2014; Lu et al., 2014; Zhao et al., 2018). Recently, candidate genes and expression profiles in many crops, including wheat, corn, soybean, and peanut, evaluating plant response to environmental stress conditions were determined with RNA-Seq technology (Mathioni et al., 2011; Petre et al., 2012; Chen et al., 2013; Li et al., 2014; Brasileiro et al., 2015; Ruan et al., 2018; Zhao et al., 2018; Long et al., 2019). Large-scale screening of peanut had identified some drought-related candidate genes such as basic leucine zipper (bZIP) transcription factor genes that were observed from the wild relative of cultivated peanut, Arachis duranensis, when the plant was subjected to drought with 18% soil water content (Guimarães et al., 2012). Likewise, Li et al. (2014) reported 621 genes that were rapidly induced under water deficit conditions and the key drought response mechanisms in peanut function through the abscisic acid (ABA)-dependent pathway. In addition, more than 4,000 genes were identified to be associated with drought stress, in which 224 transcription factors and genes were involved in photosynthesis-antenna proteins, carbon metabolism, and the citrate cycle (Zhao et al., 2018).

As the genome sequence of the cultivated peanut cultivar Tifrunner was released (Bertioli et al., 2019), a more accurate transcriptome assembly can be obtained by mapping to the reference genome. Thus, the present study’s objective was to discover drought-induced genes by comparing drought-tolerant with drought-susceptible lines under drought stress by mapping RNA-Seq data to the cultivated peanut reference genome. The data generated in this research will provide insights into molecular mechanisms that underlie drought tolerance and provide a novel resource to further advance molecular breeding research in peanut.



MATERIALS AND METHODS


Plant Materials and Experimental Design

The experiments were performed using four cultivated peanut genotypes, Tifrunner (susceptible), C76-16 (tolerant), 587 (tolerant), and 506 (susceptible), which were selected based on the drought study conducted in 2015 and 2016. The genotypes 587 and 506 are two recombinant inbred lines (RILs) derived from the cross “Tifrunner × C76-16,” representing the highest and lowest drought-tolerant level. The “Tifrunner × C76-16” RIL population was one of the 16 nested mapping populations (Holbrook et al., 2013). A split-plot design with randomized complete block design within was adopted in this study. All seeds were planted in a single-row (15 × 120 cm) at a rate of 10 seeds m–1 under rainout shelters at the United States Department of Agriculture (USDA) Agricultural Research Service National Peanut Research Laboratory in Dawson, GA, United States, to create artificial drought stress. Two rainout shelters were designated with two treatments, including full irrigation and middle-season drought, and each shelter consists of three blocks. Irrigation was provided for both treatments right after seed sowing to encourage uniform germination. The irrigated treatment (designated as “irrigated control”) received a full irrigation schedule throughout the growing season based on the evapotranspiration replacement described by Stansell et al. (1976). The drought treatment (designated as “treatment”) was fully irrigated at the beginning of the growing season until 61 days after planting. Water-deficit stress was applied at 61 days after planting by withheld water for four consecutive weeks starting at −10 kPa of soil water potential at 20 cm depth and progressively advanced to −700 kPa after 1 week of treatment and reached −1,050 to −1,200 kPa in the second week and stabilized for another 2 weeks. Specific leaf area, 15N and 13C natural abundance were determined to reflect physiological responses to drought stress based on the method described by Dang et al. (2012). Besides the water treatment, all other agronomic management practices were applied according to the University of Georgia’s best management practices for peanuts.



RNA Extraction and Library Construction

Fully expanded leaves (second nodal) were randomly collected from each genotype at the end of the drought period in 2016. Leaf samples of each genotype were flash-frozen using liquid nitrogen and stored at −80°C until RNA extraction. Three leaflets randomly collected from each biological replication were pooled, and approximately 0.2-g pooled leaf samples were ground in liquid nitrogen for RNA extraction. Total RNA was extracted using a modified cetyltrimethylammonium bromide method (Yin et al., 2011) and purified using a Direct-Zol RNA MiniPrep Kit (Zymo Research, Irvine, CA, United States). The purity and integrity of RNA were analyzed using NanoDrop ND-1000 UV/Vis spectrophotometer (Thermo Scientific, Wilmington, DE, United States) and Agilent 2100 Bioanalyzer (Agilent, United States), respectively. A total of 24 libraries of complementary DNA (4 genotypes × 2 treatments × 3 replicates) were constructed and subsequently sequenced using an Illumina HiSeq 4000 instrument at the Beijing Genomics Institute.



Quantitative Reverse Transcription-Polymerase Chain Reaction Validation of Differentially Expressed Genes

Quantitative reverse transcription-polymerase chain reaction (qRT-PCR) was applied to verify the transcription levels of 14 randomly selected genes. The same RNA samples in high-throughput sequencing were used for qRT-PCR. Gene-specific primers were designed by Primer Premier 3.0 software (Supplementary Table 1). Each 10-μl qRT-PCR reaction mixture contained 1 μl of 10-fold diluted first-strand complementary DNA, 0.3 μl of each primer (10 μM), and 5-μl 2 × PowerUPTM SYBRTM Green Master Mix (Applied Biosystems, Carlsbad, CA, United States). A Bio-Rad CFX96 real-time PCR system was used under the following conditions: 50°C for 2 min, 95°C for 2 min, followed by 40 cycles of 95°C for 15 s and 60°C for 1 min. For normalizing expression levels, yellow-leaf-specific protein 8 (NM_120912) was used as a reference gene. Non-specific products were identified by melting-curve analysis (17 genes reduced to 14 genes due to elimination of non-specific amplification). The quantification cycle value of each gene and RNA-seq results are listed in Supplementary Table 2. Relative gene expression levels were calculated using the 2–△△Ct method (Livak and Schmittgen, 2001).



Bioinformatics Analysis


Quality Control, Alignment, and Genome-Guided Assembly

The raw reads from RNA-seq were trimmed with Trimmomatic (Bolger et al., 2014). Clean reads were obtained by removing the adaptor sequences, ambiguous “N” nucleotides, and low-quality reads from the raw data. The read quality was assessed using FastQC (Andrews, 2010) before and after trimming. High-quality clean data were subjected to the downstream analyses. The RNA-seq data analysis pipeline followed the protocol described by Trapnell et al. (2012). Each sample was mapped to the reference genome by Tophat2 (Kim et al., 2013), with all the parameters setting to default. The cultivated peanut genome and the annotation file (Bertioli et al., 2019) were used as a reference for alignment. The alignment files of the 24 samples from Tophat2 were input into Cufflinks (Trapnell et al., 2012) for transcripts reconstruction.

To identify the novel transcript sequences, all the assemblies were compared with the reference annotation using Cuffcompare. Novel transcript sequences were then compared with the “Nr” database at National Center for Biotechnology Information by BLASTX to achieve gene functional annotation.



Identification of Differentially Expressed Genes

The expected number of fragments per kilobase of transcript sequence per millions of base pairs sequenced was used to represent the gene expression levels based on the length of the gene and reads count mapped to this gene. The differentially expressed genes (DEGs) analysis was performed using Cuffdiff [false discovery rate (FDR) < 0.05] (Trapnell et al., 2012). By comprising gene expression between “irrigated control” and “drought treatment” samples for each genotype, the DEGs were identified. The calculated P-value was then adjusted through FDR correction. Genes with adjusted P-values < 0.05 were considered as significantly differentially expressed.



Gene Ontology Enrichment Analysis and Kyoto Encyclopedia of Genes and Genomes Pathway Analysis

Gene ontology (GO) terms for gene models accessible in genome annotation were directly retrieved from the “GFF” file downloaded at PeanutBase1. GO terms for the novel transcripts were assigned using Blast2Go (Conesa et al., 2005). To combine the GO terms of the annotated genes and novel genes, the GO enrichment analysis for DEGs was performed using AgriGO2 (Tian et al., 2017). GO terms with FDR-adjusted P-value < 0.05 were considered as significantly enriched by DEGs. The enriched GO terms were subsequently visualized using REVIGO (Supek et al., 2011). To identify important pathways involved by the DEGs, the transcripts were assigned to the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways using the webserver3 against the Arabidopsis thaliana, Glycine max, A. duranensis, and Arachis ipaensis gene datasets using the bidirectional best hit method. KEGG enrichment analysis was conducted on the KOBAS 3.0 webserver4 (Wu et al., 2006).



RESULTS

We have observed progressive changes of soil water potential at 20 cm depth starting at −10 kPa advanced to −700 kPa after 1-week treatment and reached −1,050 to −1,200 kPa in the second week and stabilized for another 2 weeks. After 4 weeks of middle-season drought stress treatment, specific leaf area for these four genotypes were 34.85 ± 2.90 for C76-16, 33.41 ± 3.17 for 587, 29.40 ± 4.95 for Tifrunner, and 28.89 ± 2.97 for 506 compared with irrigated treatment at 30.31 ± 4.6 for C76-16, 32.22 ± 0.65 for 587, 31.89 ± 1.45 for Tifrunner, and 40.65 ± 0.64 for 506, indicating that these genotypes have different levels of physiological response to drought stress. There are significant differences found among the four genotypes under drought stress vs. non-differences under irrigation for 15N and 13C natural abundances (Wang et al., 2021 under review).


Genome-Guided Assembly and Annotation of Novel Transcripts

To assess the global transcriptome profile of peanut leaf samples in response to drought stress, RNA-Seq analysis was performed using peanut leaves under drought treatments. RNA-seq of 24 samples of the four genotypes with three replicates under “irrigated control” or “treatment” generated a total of 1,059,869,097 pairs of 100-bp cleaned reads (197.41 Gb) with an average of 44.16 million read pairs per library representing coverage of 77.27 times. After trimming, 87.81% of the raw reads, including 930,991,527 paired reads and 77,462,493 unpaired reads, high-quality and vector-trimmed sequences were retained (Table 1). The cleaned reads were mapped to the cultivated peanut genome, and the overall mapping rate per library ranged from 62.20 to 79.30%, with an average mapping rate of 73.42% (Table 1).


TABLE 1. Summary of library, trimming, and alignment of reads to A. hypogaea genome in each library.
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Through the genome-guided assembly, a total of 73,575 genes were assembled for Tifrunner, 73,610 genes were assembled for C76-16, 73,898 genes were assembled for 587, and 73,900 genes were assembled for 506. There were 66,437 (90.30%), 66,445 (90.27%), 66,373 (89.82%), and 66,378 (89.82%) assembled genes matched to genes annotated from the cultivated peanut reference genome in Tifrunner, C76-16, 587, and 506, respectively (Table 2), resulting in 7,138, 7,165, 7,525, and 7,522 novel genes that were identified in Tifrunner, C76-16, 587, and 506, respectively.


TABLE 2. Summary of library and alignment of reads to A. hypogaea genome in each genotype.
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Differentially Expressed Genes

The DEGs were determined between “irrigated control” and “treatment” samples of each genotype. For the drought-susceptible genotypes, there were 7,780 genes differentially expressed in Tifrunner and 9,767 differentially expressed in 506 (Table 2). Of the 7,780 DEGs in Tifrunner, the levels of gene expression of 5,310 genes were increased, and 2,470 genes were decreased. For genotype 506, 6,052 genes were upregulated, and 3,715 genes were downregulated in the drought treatment (Table 2). For the drought-tolerant genotypes, 12,348 DEGs were identified in C76-16, including 7,172 upregulated genes and 5,176 downregulated genes. In addition, a total of 13,005 DEGs were identified in 587 to be upregulated (7,718 genes) or downregulated (5,287 genes). Among the DEGs identified, 6,410, 10,210, 10,605, and 8,065 DEGs were annotated with the reference genome in Tifrunner, C76-16, 587, and 506, respectively (Table 2).

Pairwise comparison of the DEGs from the four genotypes was performed to investigate which genes failed to respond to drought stress in drought-susceptible genotypes and in drought-tolerant genotypes (Figure 1A). A total of 5,703 DEGs, including 3,668 upregulated genes and 2,035 downregulated genes, were shared by 506 and two drought-tolerant genotypes (Figure 1A). Tifrunner shared 4,611 DEGs (3,246 upregulated and 1,365 downregulated) with the drought-tolerant genotypes (Figure 1A). Among the identified DEGs in the drought-tolerant lines, 3,860 genes were shared between 587 and C76-16, with 10,315 DEGs exclusively detected in the two drought-tolerant genotypes. Moreover, there were 2,457 DEGs identified in all four genotypes, and these genes were used in the subsequent GO and KEGG enrichment analysis.
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FIGURE 1. Comparison of the annotated DEGs among the four genotypes (A) and among the drought-susceptible genotypes, Tifrunner, and 506, and among drought-tolerant genotypes, C76-16, and 587 (B). Black color numbers present upregulated genes, and red color numbers present downregulated genes.


Among the identified DEGs in the drought-tolerant lines, 6,033 genes (3,884 upregulated genes and 2,149 downregulated genes) were shared between 587 and C76-16. A total of 4,082 shared DEGs with 3,044 upregulated and 1,038 downregulated genes in drought-susceptible lines (Tifrunner and 506). A total of 2,457 DEGs were shared between drought-tolerant lines and drought-susceptible lines with 1,936 upregulated and 521 downregulated genes. In addition, 3,576 DEGs were identified in both drought-tolerant lines but were not identified in drought-susceptible lines. Also, 1,625 genes were differentially expressed in drought-susceptible lines, which were not in drought-tolerant lines (Figure 1B).

Among the 2,457 DEGs shared by all four genotypes, a log2-fold change of >2 and <−2 thresholds was used to select the most significant DEGs. After filtering, only 250 genes were determined as significant DEGs resulting in 78 unique genes with their expression profiles shown in Figures 2, 3. Among these 78 genes, 76 were upregulated under drought stress, whereas 2 were downregulated.
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FIGURE 2. Expression profiles of the ABA-related differentially expressed genes shared by all four genotypes under irrigated and drought treatments. Log10 transformed FPKM values were used. “Blue” color indicates no expression or low expression level, and “red” color indicates high expression level. arahy.C9M3KU, myb transcription factor; arahy.M0KDQN, F-box family protein; arahy.HQY7NK, glucan endo-1,3-beta-glucosidase-like; arahy.NA5G54, WRKY family transcription factor; arahy.T7FQKJ, asparagine synthetase 3; arahy.2U5UH6, subtilisin-like serine protease; arahy.PZ1MK0, myb transcription factor; arahy.4AP7UE, U-box domain-containing protein 21-like; arahy.LQA0WQ, glutathione S-transferase family protein; arahy.H37XJE, calcium-dependent lipid-binding (CaLB domain) family protein; arahy.R8EBSD, RING-H2 finger protein 2B; IPR013083 (link is external) (zinc finger, RING/FYVE/PHD-type); arahy.Z5CZ6Q (link is external) glutathione S-transferase family protein.
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FIGURE 3. Expression profiles of the differentially expressed genes shared by all four genotypes under irrigated and drought treatments. Log10 transformed FPKM values were used. “Blue” color indicates no expression or low expression level, and “red” color indicates high expression level




Gene Ontology Enrichment and Functional Classification of Differentially Expressed Genes

Gene ontology assignments were used to classify the functions of DEGs. GO enrichment analysis was performed on the 2,457 genes to identify processes and functions overrepresented in the DEGs. The 2,457 drought-responsive DEGs were assigned into 139 enriched GO terms consisting of 86 biological processes and 53 molecular functions (Table 3). In addition, a total of 74 GO terms were identified in the DEGs expressed only in drought-tolerant lines, including 55 biological processes and 19 molecular functions, mainly related to protein modification process, pollination, and metabolic process (Supplementary Table 3). These GO terms were also identified in DEGs shared in both drought-tolerant lines and drought-susceptible lines, indicating that drought-tolerant lines adjusted more genes to respond more positively to drought. We also analyzed the enrichment of DEGs expressed only in drought-susceptible lines and identified 32 GO terms (Supplementary Table 3).


TABLE 3. Enriched GO terms of the DEGs common in drought-tolerant genotypes and drought-susceptible genotypes.
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The most significantly enriched GO term in biological processes was the cellular protein modification process, followed by the protein modification process. Several other protein modification-related processes include protein dephosphorylation, protein ubiquitination, protein modification by small protein conjugation, protein metabolic process, and protein serine/threonine kinase activity, indicating the importance of protein modification in drought response. In addition, a cluster of GO terms related to defense response, such as response to stimulus, heat, abiotic variations, and temperature, were also observed. Furthermore, many reproductive-related GO terms, which included pollination, pollen–pistil interaction, reproduction, and reproductive process, were highly enriched, indicating the effects of drought stress on plant reproduction processes. There were also GO terms related to signaling (signaling and signal transduction) and regulation (regulation of transcription, RNA biosynthetic, and RNA metabolic processes) that were enriched. Additionally, kinase-related GO terms were observed, including protein serine/threonine kinase activity, kinase activity, and protein kinase activity in molecular function (Table 3). There were also many GO terms related to the oxidation-reduction processes, such as oxygen, oxidoreductase activity, and dioxygenase activity.



Kyoto Encyclopedia of Genes and Genomes Pathway Enrichment Analysis of Differentially Expressed Genes

A total of 741 KEGG Ontology terms were assigned to those 2,457 DEGs common in both drought-tolerant genotypes and drought-susceptible genotypes. The KEGG enrichment analysis was conducted against the Arabidopsis thaliana gene dataset using KOBAS 3.0 (Table 4). Forty-three pathways were identified to be significantly enriched (FDR-adjusted P-value < 0.05) pathways, including metabolic pathways, biosynthesis of secondary metabolites, circadian rhythm-plant, phenylpropanoid biosynthesis, starch and sucrose metabolism, etc. (Figure 4). Photosynthesis-related KEGG pathways such as photosynthesis-antenna proteins and carbon fixation in photosynthetic organisms were observed. Proline, arginine, and proline synthesis and metabolism pathways were enriched, which have been reported to be associated with drought tolerance.


TABLE 4. Enriched KEGG ontology terms of the DEGs common in drought-tolerant genotypes and drought-susceptible genotypes.
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FIGURE 4. KEGG pathway enrichment analysis based on the differentially expressed genes shared by all four genotypes under irrigated and drought treatments.




Validation of RNA Sequencing Using Quantitative Reverse Transcription-Polymerase Chain Reaction

To validate the gene expression levels of the DEGs, 14 DEGs shared by all four genotypes under irrigated and drought treatments were selected for validation using qRT-PCR (Supplementary Table 2). All randomly selected 14 DEGs were confirmed to be upregulated in all four genotypes (Supplementary Table 2). Among these genes, three genes (“Arahy.JL3DG7,” “Arahy.Z1CJI9,” and “Arahy.UKNP9M”) were confirmed to be upregulated in all genotypes but significantly less than the expression level determined by RNA-seq. The correlation coefficient (R) between log2 (fold change) from RNAseq and ΔΔCq is 0.87, indicating that overall, the results of qRT-PCR agreed well with most findings from RNA-seq analysis.



DISCUSSION

This research aims to define potential drought tolerance mechanism(s) by defining biochemical and molecular processes between drought-tolerant peanut versus drought-susceptible lines. A progressive drought treatment approach, in contrast to intermittent drought, was chosen to observe a linear relationship between plant response and increasing levels of water deficit. In contrast to the survival mechanism that plants may face in severe drought and high-heat environments, the peanuts grown in the many production areas around the world look to minimize yield loss or even to increase yield under increasing drought incidence. The selection of middle season drought was chosen to observe yield differences, and relatively short drought treatment (4 weeks) provides a fine separation of peanut response comparing drought-tolerant with drought-susceptible genotypes.

Transcriptome data are valuable resources for discovering gene expression levels, characterizing new alleles, and developing molecular markers associated with drought responses by investigating plants under abiotic or biotic stress. However, studies focusing on the transcriptome of peanuts under drought stress are limited. Li et al. (2014) demonstrated 47,842 unigenes with 621 induced DEGs (≥1.5 fold change compared with control) in the seedlings of peanut (Arachis hypogaea L.) cultivar Yueyou7 in South China under water deficit condition, and 22 putative transcription factor (TF) genes were reported as drought-responsive. They concluded that the main drought response mechanism in peanut function was through the ABA-dependent pathway. RNA-Seq analyses on two wild relatives of cultivated peanut under drought conditions, Arachis stenosperma (7,722 contigs) and A. duranensis (12,792 contigs), classified TF transcripts into 25 and 20 families, respectively (Guimarães et al., 2012). A more recent study assembled 51,554 genes in cultivated peanut root samples under drought conditions, where 4,648 DEGs were identified by comparing the irrigation with drought treatment (Zhao et al., 2018). In contrast, the present study analyzed the transcriptome of four peanut lines by mapping the sequenced library to the cultivated peanut reference genome and thus provided a more thorough dataset showing gene regulations under drought stress. We reported 73,575, 73,898, 73,900, and 73,610 genes for Tifrunner, 587, 506, and C76-16 with 7,780, 13,005, 9,767, and 12,348 DEGs in each genotype, respectively.

The majority of the DEGs were involved in secondary metabolite biosynthesis, photosynthesis, and response to heat and abiotic stimulus. This is supported by several studies reporting plant stress resistance systems (Farooq et al., 2009; Zhao et al., 2018). Some of the DEGs in response to drought stress were involved in 11 enriched KEGG pathways (carbon fixation in photosynthetic organisms; starch and sucrose metabolism; photosynthesis-antenna proteins; porphyrin and chlorophyll metabolism; cysteine and methionine metabolism; circadian rhythm-plant; pyruvate metabolism, amino sugar, and nucleotide sugar metabolism, glycine, serine, and threonine metabolism; phenylpropanoid biosynthesis; and phenylalanine metabolism), which is consistent with the results demonstrated in a recent study on peanut (Zhao et al., 2018). DEGs enriched in carbon metabolism pathway, starch and sucrose metabolism pathway, and photosynthesis-antenna proteins suggesting plant photosynthesis were affected due to decreasing carbon dioxide assimilation rate under mid-season drought stress (Farooq et al., 2009). Similarly, several genes involved in ascorbate and aldarate metabolism, carbon fixation, and photosynthesis were also reported to drought stimuli in other plants, including Boehmeria nivea and Chrysanthemum morifolium (Liu et al., 2013; Xu et al., 2013). However, our data indicated that ribosome and plant hormone signal transduction were not enriched in peanut in response to mid-season drought, suggesting plant host, growth stages, sampling dates, and treatments might play roles in the demonstrated variability.

Drought stress significantly affected the transcripts of some key genes related to secondary metabolism. For example, protein ubiquitination is demonstrated to regulate plant drought stress response (Liu et al., 2013; Zhang et al., 2013). Our GO enrichment analysis indicated peanut ubiquitin-related genes were highly enriched in both drought-tolerant and drought-susceptible genotypes. Fifty DEGs were identified to correlate with protein ubiquitination. For example, Arahy.4AP7UE played a role in protein ubiquitination that may negatively regulate ABA and drought response. In support of our data, the ubiquitin-related gene AhUBC2 was shown to enhance drought tolerance by regulating the expression of a stress-responsive gene (Wan et al., 2011).

Among the enriched KEGG and GO, many signaling-related GO terms were enriched indicating the potential importance of related pathways in peanut plants under drought stress. Interestingly, many ABA pathways related to DEGs were significantly induced by drought stress, including Arahy.UN6GTT, Arahy.RRZ6LI, Arahy.KS1HEQ, Arahy.H5H05M, and Arahy.KLG2UC. Plant hormones play significant roles in maintaining plants alive such as growth, under environmental stress, and senescence (Davies, 2013). ABA, as an important plant hormone being produced in the roots in response to drought, was widely studied for its role in regulating guard cell movement to close stomata (Li et al., 2014). ABA functions in plants under drought by regulating the development of reproductive tissues through massive transcriptional reprogramming events under long-term drought stress, which further reduces the plant growth and crop yield (Degenkolbe et al., 2009; Sreenivasulu et al., 2012). The previous study in peanut identified 279 DEGs that were significantly overlap in expression between the water deficit only and water deficit + ABA treatment groups, indicating the significant role of ABA in signaling under drought (Li et al., 2014). Furthermore, combining the reproduction-related pathway enriched in this study, we speculated that the induced ABA-related DEGs might further affect the reproduction process of peanuts under drought stress due to the 4-week drought period. This confirms the previous finding that ABA regulates the development of reproductive tissues under long-term drought (Degenkolbe et al., 2009; Sreenivasulu et al., 2012). Besides the ABA pathway-related genes, we also found a range of ethylene-related and auxin signaling pathway-related genes, and these genes can differentially express in the peanut under drought-stress conditions.

Late embryogenesis abundant (LEA) proteins are mainly low molecular weight (10–30 kDa) proteins, which are involved in defending higher plants from damage triggered by abiotic stresses, especially drought (dehydration). The present study identified two LEA genes (arachy. RD0T5B and arachy. XWYH2Z) that are shared by all four genotypes, five LEA genes (arachy.3IB3IU, arachy.Q07BGG, arachy.R9W6MW, arachy.B0SKQG, and arachy.FY9BZZ) shared uniquely in drought-tolerant genotypes, and only one LEA gene (arachy.P4KHGY) shared in drought-susceptible genotypes (Table 5). In our study, more LEA genes were upregulated in drought-tolerant genotypes than in drought-susceptible genotypes. This indicated the essential role of LEA proteins in peanuts under drought stress, especially in drought-tolerant genotypes. Accumulation of LEA proteins has also been found to occur in peanut roots when peanut plants under drought stress (Zhao et al., 2018). Regarding the many peanut LEA gene subfamilies, the precise functions are still enigmatic, and further research should be performed to elucidate the possible roles of these genes in peanut stress tolerance.


TABLE 5. Drought responsive genes, transcription factors family, and hormones may be involved in peanut tolerance to dehydration stress.

[image: Table 5]
Transcription factors (sequence-specific DNA-binding factors) are proteins that bind to specific DNA sequences, thus manipulating the RNA transcription rate for genes (Latchman, 1997). TFs may perform their functions alone or with other proteins in a complex via promoting as an activator or blocking as a repressor the recruitment of RNA polymerase to specific genes. In legumes, different TF subfamilies might show different regulation under stress (Udvardi et al., 2007). In our study, many TFs families have been identified, and many of them have been reported to be involved in the plant drought-tolerance system (Table 5). In the present study, most of the TFs were enriched in MYB, WRKY, and ERF. In the present study, five genes from the MYB family were highly induced under drought stress in all four genotypes. In addition, nine MYB TFs were highly induced, particularly in the two drought-tolerant genotypes, and only one MYB TF was induced only in the two drought-susceptible genotypes. This indicated the significance of the MYB family in drought stress, especially in drought-tolerant genotypes. The MYB family has been documented to act through the ABA signaling cascade to regulate stomatal movement and as a result of water loss regulation in Arabidopsis and rice (Yanhui et al., 2006; Dai et al., 2007).

The present study demonstrated that mid-season drought alters the transcriptome profile in four peanut genotypes with varying drought-tolerant levels. Thousands of novel genes of cultivated peanuts were identified and annotated. The DEGs involved in circadian rhythm-plant, phenylpropanoid biosynthesis, starch and sucrose metabolism, photosynthesis-antenna proteins, etc., were enriched. In addition, the ABA-related pathway was considered as one of the most important mechanisms underlying drought tolerance in peanuts. This study provided insights into putative peanut response against drought stress.

Genetic variability between drought-tolerant and drought-susceptible genotypes evaluated is extremely low, suggesting that biochemical and molecular differences in drought treatment may be qualitative and subtle. The general conclusion is that the peanut drought response in this study has many similarities with other drought studies but with additive novel observations. A higher number of DEGs were observed in drought-tolerant compared with drought-susceptible lines, and there were more upregulated genes than downregulated genes in both (Supplementary Table 3). Comparing DEGs, 3,576 DEGs were observed only in drought-tolerant lines, and 1,625 DEGs were specific to drought-susceptible lines. GO terms were defined for these genes showing 74 for drought-tolerant lines highly enriched for cellular processes, protein modification, and gene-regulation and 32 for drought-susceptible lines enriched for catalytic activity, ion binding, and carbon/oxygen-binding activity. These gene activities highlight the subtleties of gene regulation demonstrated in our previous work showing drought-regulated gene expression evaluating a subset of transcription factors (Dang et al., 2012). In summary, these results showed that the mechanism underlying drought tolerance in peanuts involves a complex network of multiple hormones and a variety of molecular responses. However, the underlying regulatory mechanisms still need to be further studied. Therefore, studying plant hormone signaling pathways will be crucial in understanding the regulatory mechanism in peanut drought tolerance.
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Legume seeds are an important source of proteins, minerals, and vitamins for human and animal diets and represent a keystone for food security. With climate change and global warming, the production of grain legumes faces new challenges concerning seed vigor traits that allow the fast and homogenous establishment of the crop in a wide range of environments. These seed performance traits are regulated during seed maturation and are under the strong influence of the maternal environment. In this study, we used 200 natural Medicago truncatula accessions, a model species of legumes grown in optimal conditions and under moderate heat stress (26°C) during seed development and maturation. This moderate stress applied at flowering onwards impacted seed weight and germination capacity. Genome-wide association studies (GWAS) were performed to identify putative loci or genes involved in regulating seed traits and their plasticity in response to heat stress. We identified numerous significant quantitative trait nucleotides and potential candidate genes involved in regulating these traits under heat stress by using post-GWAS analyses combined with transcriptomic data. Out of them, MtMIEL1, a RING-type zinc finger family gene, was shown to be highly associated with germination speed in heat-stressed seeds. In Medicago, we highlighted that MtMIEL1 was transcriptionally regulated in heat-stressed seed production and that its expression profile was associated with germination speed in different Medicago accessions. Finally, a loss-of-function analysis of the Arabidopsis MIEL1 ortholog revealed its role as a regulator of germination plasticity of seeds in response to heat stress.

Keywords: GWAS, Medicago truncatula, heat stress, seed germination, plasticity


INTRODUCTION

Legume is an economically important crop family, that includes many plant species such as soybean, pea, common bean, and chickpea. Medicago truncatula is a model plant of legumes originating from the Mediterranean region (Barker et al., 1990), which has been intensively studied for legume research. Grain legumes provide abundant proteins, minerals, and other nutrients for human and animal diets and play a vital role in global food security. However, climate change threatens crop production by causing reduced yield and loss of product quality. In the context of global warming, legume seed production suffers from environmental stresses, including heat stress, and legume crops need to be improved toward higher phenotypic plasticity (Vadez et al., 2012; Scheelbeek et al., 2018). Indeed, while the local adaptation of a genotype is genetically determined under certain environmental conditions (Tognetti et al., 2019), phenotypic plasticity can generate different phenotypes according to the environment (Valladares et al., 2006). This variation is created by the interplay of genetic and environmental factors. Understanding the genetic basis of local adaptation and phenotype plasticity is highly relevant in our current climate change context. Heat stress affects the proper development of female and male gametophytes, leading to impaired double fertilization and decreased seed number (reviewed in Liu et al., 2019). Also, heat stress during early embryogenesis was shown to reduce grain yield in soybean and mungbean (Siebers et al., 2015; Patriyawaty et al., 2018). During seed development, maturation was shown to affect seed vigor. Seed vigor is a composite term that includes homogeneous and rapid germination and seedling establishment under a range of contrasted environmental (i.e., stress) conditions (Finch-Savage and Bassel, 2016). In M. truncatula (Verdier et al., 2013; Righetti et al., 2015), the different vigor traits are acquired sequentially, from seed filling until the late phase of seed maturation (reviewed in Leprince et al., 2017). So far, genetic determinants of seed vigor in Medicago have been explored, mostly by QTL identification using several populations of recombinant inbred lines resulting from crosses between contrasting accessions (Vandecasteele et al., 2011). These studies led to identifying several key regulatory genes of the late maturation phase, such as MtABI5 (Zinsmeister et al., 2016) and MtHSFA9 (Zinsmeister et al., 2020). In Medicago (Righetti et al., 2015), like many other species (Finch-Savage and Bassel, 2016; Penfield and MacGregor, 2017), seed vigor is also drastically affected by environmental conditions during seed development. This highly plastic response from the offspring to the environment is considered a bet-hedging strategy to ensure the dissemination of the species. In this respect, one of the most studied germination vigor traits is dormancy (for review, Penfield and MacGregor, 2017). In legume seeds, such as M. truncatula seeds, we distinguish two types of dormancy, which are physical and physiological dormancies (according to the definition of Baskin and Baskin, 2004). Physical dormancy is mainly controlled by the seed coat permeability, which prevents seed imbibition. However, physiological dormancy is regulated by the embryo and endosperm molecular signals via the ratio of abscisic acid content (ABA), acting as germination repressor and gibberellic acid (GA), allowing germination. For example, in M. truncatula, a slight increase in the seed coat properties regulating seed imbibition and physical dormancy was observed when plants were grown in 35°C/15°C compared with 25°C/15°C conditions (Renzi et al., 2020). While widespread germination via a decrease in germination speed or a delay of germination until favorable conditions are advantageous for wild species dissemination, it is not a desirable trait for crops. Furthermore, the plastic response of the germination of seeds produced under environmental conditions is also dependent on complex GxE interactions of the regulation of physiological dormancy involving zygotic and maternal tissues (Penfield and MacGregor, 2017; Awan et al., 2018; Geshnizjani et al., 2019; Chen et al., 2020; Renzi et al., 2020), and the dynamic balance between ABA and GA is poorly understood and likely to be species-dependent (Penfield and MacGregor, 2017; Chen et al., 2020).

In recent years, a genome-wide association study (GWAS) has been widely performed for the association mapping between genetics and agronomic traits to identify causal loci using populations of natural accessions. Many new statistical models to compute the association mapping have been developed from initially single-locus analyses to recent multi-locus analyses, including the fixed and random model circulating probability unification (FarmCPU) (Liu et al., 2016), which improved the statistic power to control false positives and reduce computing time (for review Tibbs Cortes et al., 2021). In Medicago truncatula, a haplotype map (HapMap) population was selected based on their geographical origins and genomic diversity and resequenced using next-generation sequencing technologies to identify single nucleotide polymorphisms (SNP) (Stanton-Geddes et al., 2013). The Medicago HapMap population, finally, comprises 226 natural accessions characterized by 4.8 million SNP. This collection has been used to study different aspects of Medicago biology, such as different abiotic stresses on vegetative part with salt stress (Kang et al., 2019) and drought stress (Kang et al., 2015), but also more specifically to seeds with seed nutritional content (Chen et al., 2021a) and physical seed dormancy (Renzi et al., 2020).

In this study, we used the Medicago HapMap collection to identify putative causal genes/loci associated with the plasticity of germination performance traits of seeds produced under heat stress conditions. We performed genome-wide association studies of seed weight and seed germination speed and homogeneity using 200 accessions from the M. truncatula HapMap collection via the FarmCPU algorithm. Post-GWAS analyses and RNA-seq data were used to refine our candidate gene lists related to different seed traits. A candidate gene, MtMIEL1, involved in the germination plasticity of seeds produced under heat stress was identified in M. truncatula and functionally validated in A. thaliana.



MATERIALS AND METHODS


Medicago Population and Plant Growth Conditions

From the M. truncatula HapMap project (http://www.medicagohapmap.org/hapmap/germplasm), 200 accessions were selected and sown in 3-L plastic pots containing Klasmann–Deilmann substrate number 5. Plants (stage 3 trifolioles) were first vernalized at 8°C for 2 weeks. Then, six replicates of each accession were grown using a dripping watering system with water supplemented with 15/10/30 NPK to assure watering and fertilization homogeneity in the greenhouse, where light intensity (600 W/m2), photoperiod (16 h day), hygrometry (50–60% relative humidity) and minimal temperature were controlled. All plants were first produced under optimal conditions at 20°C/18°C day/night with 16 h light photoperiod until the flowering stage described in Vandecasteele et al. (2011). After the apparition of five flowers, individual plants were moved to a neighboring greenhouse chamber with the same growing conditions, except the temperature was set to 26°C/24°C day/night. A real-time recording of growth conditions allowed us to precisely track observed average temperature and humidity conditions during seed maturation, which were 18.9°C (±2.4°C) and 42.9% RH (±9.6%) in optimal conditions and 25.7°C (±2.6°C) and 40.5% RH (±10.5%) in heat stress conditions. The average flowering time for the 200 accessions was February the 16th, with a standard deviation of ±8 days across the HapMap population. Finally, triplicates of plants for each accession were maintained under optimal conditions, and triplicates were grown under heat stress conditions with 26°C/24°C day/night temperature. Mature seeds from 199 accessions were daily collected at pod abscission from both conditions and further dried at 20°C in 44% relative humidity (RH). Seeds were stored hermetically at room temperature before use.



Phenotyping Seed Traits

The individual seed weights of 199 HapMap accessions were calculated from the average total seed weight per plant. The number of mature seeds per plant was counted using a seed counter (Pfeuffer model Contador), and whole seed weights were determined using a precision balance. The average individual seed weight was calculated for each accession and replicate by dividing total seed weight per plant by the seed number per plant, providing an accurate estimate of the individual seed weight. Before any germination experiments, seeds were first scarified to avoid artifacts due to physical dormancy. Logistics and greenhouse conditions obliged us to optimize the number of accessions to assess germination traits. One hundred twelve Medicago HapMap accessions were used to assay germination. Triplicates of 50 seeds were imbibed in 5 ml of water in a 5-cm Petri dish containing one Whatman No1 filter paper at 15°C in the dark. Germinated seeds and speed of germination were monitored automatically for control seed lot using the phenotyping platform PHENOTIC (SFR QUASAV, Angers) (Benoit et al., 2014) and manually for the stressed-seed lot by counting germinated seeds (i.e., protruding radicles >1 mm) every 4 h. Germination speed was calculated from the sigmoidal regression of each accession as the averaged time to reach 50% germination (T50). Germination homogeneity was calculated as the time difference between 80% (T80) and 20% (T20) germination (i.e., T80–T20). Finally, the phenotypic plasticity index of all seed traits was calculated based on the following formula: PLAS = (T_St – T_Ct)/T_Ct, where T_St is the mean value of the trait under heat stress conditions and T_Ct the mean trait value under control conditions.



Correlation Analysis

Correlations between traits were analyzed using the “rcorr” function of the “Hmisc” package (v4.4-0, Harrell, 2020) in R. A global correlation matrix was performed using the Pearson correlation coefficient, and we selected a p-value threshold of 0.05 for statistical significance.



Normalization of Phenotypic Data

To carry out the genome-wide association studies, we checked and transformed, when necessary, our phenotypic data to reach distribution normality. The Shapiro–Wilk test was performed to test the distribution states of all phenotypic traits. Phenotypic data were transformed to normal distributions using the Box–Cox power transformation procedure (Box and Cox, 1964) using adapted lambda values calculated for each trait. The Shapiro–Wilk tests and the Box–Cox transformations were carried out using the “MASS” package (Venables and Ripley, 2002) available in R.



Genome-Wide Association Analysis

Identification of single nucleotide polymorphisms (SNP) was obtained by whole-genome sequencing of the Medicago HapMap accessions selected in the M. truncatula HapMap project (Stanton-Geddes et al., 2013). Using the Medicago genome version 5 (Mtv5, Pecrix et al., 2018), more than 4.8 million SNP locations were identified and genotyped in the HapMap accessions. This 4.8 million SNP genotypic dataset was used combined with the HapMap population structure (described in Bonhomme et al., 2014) and the normalized phenotypic dataset regarding seed performances. In addition, the multi-locus model FarmCPU (Fixed and random model Circulating Probability Unification, Liu et al., 2016) was used to perform association analyses described in Chen et al. (2021a) with a p-value threshold set to 1%. The quantile–quantile (QQ) and Manhattan plots were generated by the FarmCPU package available in R.



Post-GWAS Analyses

The PLINK algorithm (Purcell et al., 2007) was used to identify correlated SNP and to correct for the linkage disequilibrium (LD) using the “clump” function. The following options of PLINK were used: “clump-kb 30” and “clump-r2 0.7,” which represent the range of analyzed genomic region (± 30 kb) and the R-squared threshold (0.7) to identify correlated SNP. In addition, enrichment analyses of Mapman functional classes of putative causal genes related to different seed performance traits were performed using the Clusterprofiler package (Yu et al., 2012) using a hypergeometric test with Benjamini–Hochberg correction (q-values) and available in R. Mapman functional classes were obtained from Medicago annotated proteins using Mercator v.4 (Schwacke et al., 2019).



Transcriptomic Data

The expression data of M. truncatula during seed development under optimal and heat stress conditions were obtained from Chen et al. (2021b), and raw data were stored on NCBI Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE160725). The differentially expressed genes (DEG) between optimal and heat stress conditions at the different seed developmental stages were identified using ImpulseDE2 (Fischer et al., 2018) for embryo and endosperm and DEseq2 (Love et al., 2014) for seed coat. DEG threshold was set as adjusted p-values below 5% following the Benjamini–Hochberg procedure to control the false discovery rate (FDR) described in Chen et al. (2021b).



RNA Extraction and qRT-PCR

Total RNAs were extracted from two replicates of about 30 dry mature seeds, 24 h-imbibed and 48 h-imbibed (10°C) seeds of Medicago reference genotype A17 that were produced in optimal (20°C/18°C, 16-h photoperiod) and heat stress (26°C/24°C, 16-h photoperiod) conditions. Simultaneously RNA extractions were also performed on dry, mature seeds in triplicates of four natural Medicago HapMap accessions (i.e., HM170, HM185, HM279, and HM314) produced under heat stress condition (26°C/24°C, 16-h photoperiod). HapMap genotypes were chosen based on their germination speed, with two belonging to the slowest germination set and two belonging to the fastest germination set. All RNA extractions were performed using Macherey-Nagel NucleoSpin® RNA Plant and Fungi kit following the Alfalfa seeds protocol described in the manufacturers' instructions. Total RNA was quantified using a Nanodrop spectrophotometer ND-1000 (NanoDrop Technologies), then treated with RNase-free DNase I (Thermo Fisher Scientific Inc.). Reverse transcriptions were performed using the iScriptTM RT Supermix (Bio-Rad Laboratories, Inc.) from 1 μg of DNAse-treated RNA. cDNA was quantified with SsoAdvancedTM Universal SYBR® Green Supermix (Bio-Rad Laboratories, Inc.) using a CFX96 Touch quantitative real-time PCR (qRT-PCR) Detection System (Bio-Rad Laboratories). The primers that were used for qRT-PCR are provided in Supplementary Table 6. MtMIEL1 primers were designed on the Primer 3 website (https://bioinfo.ut.ee/primer3/). MtTCTP was used as reference gene (Verdier et al., 2008; Zinsmeister et al., 2020). The relative expression levels were normalized according to the 2−ΔCt method.



Arabidopsis T-DNA Insertional Mutants and Seed Germination Assays

The T-DNA insertional miel1 mutant (Salk_041369) from a Columbia-0 (Col0) background were obtained from the NASC germplasm collection. The primers used for isolation of T-DNA homozygote mutants were generated from the T-DNA Primer Design website (http://signal.salk.edu/tdnaprimers.2.html) and are provided in Supplementary Table 6. Arabidopsis thaliana plants (Col0 and miel mutants) were grown under standard conditions (20°C/18°C, 16-h photoperiod) in a growth chamber Aralab model fitoclima 600 (Tempcontrol, France). At the flowering time (i.e., after bolting as soon as inflorescence appeared), half of the plants were kept at control condition (20°C/18°C, 16-h photoperiod). Then, half were individually moved to another identical growth chamber (Aralab model Fitoclima 600) under heat stress conditions as described in Malabarba et al. (2021) (28°C/26°C, 16-h photoperiod). Mature seeds produced in both conditions were harvested and dried for 3 days at 44% relative humidity and 20°C. The dry seeds were stored at −20°C before the germination test. Three biological replicates of about 100 seeds obtained from three independent miel1 and wild-type (Col0) plants were used for germination assays. Freshly harvested seeds were imbibed in 1 ml water in 3-cm Petri dishes containing Whatman No 1 filter paper at 20°C with a 16-h photoperiod. To release dormancy, freshly harvested seeds were stratified at 4°C for 72 h in the dark then transferred to 20°C with 16-h photoperiod for germination.




RESULTS


Assessing Seed Performances in Response to Heat Stress in Medicago HapMap Collection

To evaluate the impact of heat stress on seed yield and vigor, 200 M. truncatula accessions from the HapMap collection were grown in triplicate in optimal (20°C/18°C) and supra-optimal temperature (i.e., 26°C/24°C) conditions by applying constant but moderate heat stress from flowering until pod abscission. The intensity of heat stress (26°C/24°C) was decided based on previous experiments performed on M. truncatula reference genotype A17 (Righetti et al., 2015) allowing the production of mature seeds but impacting the seed maturation duration. After harvest and moisture content equilibration at 44% RH, we observed a significant decrease in seed yield from plants grown in the heat stress conditions. Across the 200 Medicago accessions, the average pod and seed numbers per plant in optimal conditions were 117 and 658, respectively, in contrast to 20 pods and 104 seeds on average from plants grown under heat stress. In addition, an overall 35% decrease in seed weight was observed in accessions produced in heat stress conditions (Figure 1, phenotypes named WEIGHT_C for optimal and WEIGHT_H for heat stress conditions).


[image: Figure 1]
FIGURE 1. Distribution histograms of analyzed phenotypic data regarding seed traits across the M. truncatula HapMap accessions and grown under optimal (blue) and heat stress (red) conditions. Average values across the entire HapMap population are represented in dotted lines.


The limited seed number produced under heat stress conditions for some accessions directly impacted the number of accessions available for phenotyping seed performance. For instance, the HM059 accession did not produce enough seeds and was discarded. We phenotypically characterized seed germination of mature seeds produced 112 accessions. We observed that about 100% of seeds germinated 6 days after imbibition, no matter if they were produced in optimal or stress conditions. To assess the impact of heat stress on seed vigor, we extracted two germination characteristics: the germination speed (T50, corresponding to the time to reach 50% of germination) and the germination homogeneity (T80T20, duration between 80 and 20% of germination). The heat stress positively impacted germination speed and homogeneity across the population during seed production. Indeed, seeds produced in heat stress conditions displayed an overall tendency to germinate faster and more homogeneously than those produced in optimal conditions (Figure 1, phenotypes named T50_C and T80T20_C for optimal and T50_H and T80T20_H for heat stress conditions).

Even if the overall tendency from all different accessions displayed an increase in seed germination performances and a decrease in seed weight, it is noteworthy that the individual tendency of each accession is more contrasted with some that did not follow the overall tendency. This reflected high phenotypic plasticity within the HapMap population regarding these traits (Supplementary Figure 1 and Supplementary Table 1). Therefore, to assess the phenotypic plasticity (PL) of each accession, we calculated the plasticity index of seed traits obtained in the two contrasted seed production conditions. These plasticity indexes reflected the ability of each accession to produce different phenotypes according to the maternal environment (Supplementary Table 1, phenotypes named WEIGHT_PL, T50_PL, and T80T20_PL).

To determine if seed performance traits measured in different growth conditions were correlated, we performed correlation analyses among them using Pearson coefficient correlation (Table 1). First, we observed a strong positive correlation (0.79) between the weight of seeds produced in optimal and heat stress conditions, suggesting that seed weight is genetically determined in HapMap accessions by the same set of genes in both conditions. Moreover, we observed a weak positive correlation (0.2) between seed weight and speed of germination for seeds produced under control conditions. The correlation was also found for seeds produced under heat stress but was much stronger (0.48). Many studies have documented that seed size is correlated with germination performance, with larger seeds exhibiting better seedling survival rate due to more seed reserve accumulated during seed filling to supply embryo with sufficient energy during germination (reviewed in Finch-Savage and Bassel, 2016). However, the plasticity response of both traits was not correlated, suggesting that there exist different processes regulating seed filling and acquisition of germination performance in response to heat stress. Finally, we observed positive correlations between germination phenotypes measured during heat stress and plasticity indexes, which suggested that mechanisms controlling the germination of seeds produced under heat stress could be similar to those controlling their plasticity. Surprisingly, no significant correlations were identified between the geographical origins of different plant accessions and seed germination traits.


Table 1. Correlation matrix between all Medicago seed traits and climatic data.
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Genome-Wide Association Analyses of Different Seed Traits in Response to Optimal and Heat Stress Conditions and Identification of Putative Causal Genes

Following phenotypic characterization of HapMap accessions, we used the Box–Cox procedure (Box and Cox, 1964) to transform our phenotypic data that did not display normal distributions. Appropriate lambda values were estimated and used to normalize our phenotypic data to validate the assumption of normality required to perform genome-wide association analyses. After this normalization step, the Shapiro–Wilk test was performed for each phenotype to verify that our phenotypic data reached the normal distribution (Supplementary Figure 2). All lambda values, Shapiro–Wilk p-values, and normalized phenotypic data are available in Supplementary Table 1. However, one phenotypic trait did not pass the Shapiro–Wilk test (i.e., WEIGHT_C). Still, it was conserved in subsequent analyses as it displayed acceptable fit to normal distribution based on its distribution histogram and their bell curve (Supplementary Figure 2). Finally, genome-wide association studies were performed on the nine transformed seed phenotypic data using the Fixed and random model Circulating Probability Unification algorithm (FarmCPU, Liu et al., 2016) combined with the Medicago HapMap population structure as covariable and the Medicago HapMap SNP genotypic dataset (described in Bonhomme et al., 2014 and available at http://www.medicagoHapMap.org). We identified sets of single nucleotide polymorphisms, called quantitative trait nucleotides (QTNs), statistically associated with the different seed traits from these association studies. Manhattan and QQ (quantile-quantile) plots related to seed germination performances are provided in Figure 2, and those related to seed weight are provided in Supplementary Figure 3. To facilitate visualization of these results, we generated “gwas” files that contain all the statistical results of all the SNPs concerning different seed traits, which allow visualization of significant QTNs on genome viewers such as Integrative Genome Viewer (IGV, Thorvaldsdóttir et al., 2013) or JBrowse (Skinner et al., 2009) (provided as Supplementary Tables 2–4).


[image: Figure 2]
FIGURE 2. Manhattan plots and the corresponding Q-Q plots from GWAS results regarding seed germination speed (T50) (A–C) and germination homogeneity (T80T20) (D–F). Black arrows indicate the common QTN associated with both T50_H and T50_PL corresponding to the MtrunA17_Chr2g0286331 gene. Red arrows indicate the common QTN associated with both T50_PL and T80T20_PL corresponding to the MtrunA17_Chr2g0300261 gene. The Blue arrow indicates the highly significant QTNs located in chromosome 5. GWAS, genome-wide association analyses; QTN, quantitative trait nucleotides.


From these GWAS, we identified highly significant QTNs (p-values below 10−7) associated with seed weight obtained from optimal (9 QTNs) and heat stress (20 QTNs) growing conditions, as well as 2 QTNs potentially involved in plasticity (Supplementary Figure 3 and Supplementary Table 5). Among these QTNs, one of them, MtrunA17Chr8_49244112, was identified to correlate with seed weight from optimal (WEIGHT_C) and heat stress (WEIGHT_H) conditions. Similarly, highly significant QTNs (p-values below 10−7) were identified for seed germination traits: 2 and 1 QTNs regarding germination speed of seeds from control and heat stress conditions, respectively, and 3 and 1 QTNs regarding germination homogeneity of seeds from control and heat stress conditions. Moreover, 2 QTNs were identified for plasticity of germination speed. We also observed common QTNs between germination traits located on chromosome 2: MtrunA17Chr2_6710478 common between T50_H and T50_PL and MtrunA17Chr2_18061650 common between T50_PL and T80T20_PL (Figure 2).

To pinpoint putative causal genes associated with significant QTNs, we identified from all surrounding SNPs located around QTNs, which showed high correlations due to linkage disequilibrium (LD) and could be linked to the phenotype. Using the PLINK algorithm (Purcell et al., 2007), we performed genome-wide correlations of significant QTNs (P < 10−5) with surrounding correlated SNPs with the threshold of 0.7 (r2 > 0.7) and located in a range of ±30 kb, corresponding to 2-fold the average LD decay in the HapMap population (Branca et al., 2011). As a result, we identified 120 putative causal genes related to the 73 QTNs for seed weight, 132 putative causal genes related to the 74 QTNs for germination speed (T50), and 109 putative causal genes related to the 63 QTNs for germination homogeneity (T80T20) (Supplementary Table 5). From these lists of candidate genes identified, we performed gene set enrichment analyses (GSEA) of functional classes to determine which processes could be involved in regulating the different seed traits (Figure 3). Interestingly, we identified significant enrichments of functional classes related to “HMG-CoA reductase” for germination speed; “secondary metabolism and chalcone synthase,” “subtilases,” “hormone metabolism of auxin and cytokinin” for germination homogeneity; and “RNA regulation of transcription” for seed weight.


[image: Figure 3]
FIGURE 3. GSEA analysis of candidate gene lists obtained from GWAS with different seed traits: germination speed (T50), germination homogeneity (T80T20), and seed weight (WEIGHT). Clusterprofiler was used to perform a hypergeometric test using the Mapman functional terms. The p-values were converted to FDR p.adjust-values as shown in colors, the red color being more significant than the blue color. The dot size represents the gene ratio between the total gene number annotated in functional classes and the number of these genes present in your input list. GSEA, gene set enrichment analyses; GWAS, genome-wide association analyses; FDR, false discovery rate.


To reduce these gene lists and refine the identification of putative causal genes, we combined these datasets with gene annotations from Medicago Genome Version 5 (Pecrix et al., 2018), transcriptomic data related to expression specificity in M. truncatula seeds (Chen et al., 2021a), and transcriptomic data during maturation of seeds developed both in optimal and heat stress conditions (Chen et al., 2021b; Supplementary Table 5). In consequence, we highlighted some candidate genes related to seed weight such as MtrunA17_Chr8g0392741, encoding a phosphatidylethanolamine-binding protein, homologous to Arabidopsis MOTHER OF FT (At1g18100, MFT), which showed a highly significant association with WEIGHT_C (p = 8.10−20) and WEIGHT_H (p = 4.10−17) and a strong differential expression during M. truncatula seed development between optimal and heat stress production (Supplementary Figure 3, indicated by red arrows and Supplementary Table 5). Another example of candidate gene regulated to seed weight during heat stress conditions was the MtrunA17_Chr5g0403261 gene, closely related to Arabidopsis DA1 gene (AT1G19270), known to regulate plant organ size, including seed size (Li et al., 2008), and also differentially expressed in the embryo between optimal and heat stress production. However, this gene did not display a single QTN with a high p-value but nine significant QTNs (p > 10−5). (Supplementary Figure 3, indicated by a green arrow).

In the subsequent part of this study, we decided to focus on candidate causal genes involved in germination speed/homogeneity. In chromosome 2 (Figure 2, indicated with black arrows), many QTNs associated with T50_H and T50_PL (>20 QTNs with P < 10−5) were found in the MtrunA17_Chr2g0286331 gene, a member of a RING finger family containing a zinc-finger binding motif and ortholog of Arabidopsis of MYB30-INTERACTING E3 LIGASE 1 (MIEL1, At5g18650). AtMIEL1 is a RING-type E3 ligase that plays a role in the proteasome pathway as a regulator of plant defense against bacteria (Marino et al., 2013) and ABA (Lee and Seo, 2016). In our study, MtMIEL1 also showed a differential expression in endosperm between seeds produced under optimal and heat stress conditions, making a good candidate gene for further analyses. In chromosome 2 (Figure 2, indicated with red arrows), we identified another genomic interval displaying many QTNs identified in both T50_PL and T80T20_PL, which were more difficult to precisely relate to a specific gene sequence. These QTNs were spread on three closely located genes: MtrunA17_Chr2g0300271 encoding a nodule glycin-rich peptide, MtrunA17_Chr2g0300291 encoding a DEAD-box ATP-dependent RNA helicase, and MtrunA17_Chr2g0300261 encoding a NF-YA3 transcription factor. However, our transcriptome data showed that only the NF-YA3 transcription factor exhibited differential expression between seeds produced under optimal and heat stress conditions (Supplementary Table 5), which suggests that this potential pioneer gene could represent an interesting candidate regulator of plasticity of both germination speed and homogeneity. On chromosome 5 (Figure 2, indicated with a blue arrow), we also identified many QTNs associated with T80T20_PL and located in a genomic interval containing six closely located genes. Combination with our transcriptomic data allowed us to refine this list of putative causal genes to four candidates, as four of them displayed differential expression during seed development produced in optimal and heat stress conditions, but did not allow us to more precisely predict the causal gene.



Functional Validation of MIEL1 as a Regulator of Germination Plasticity of Seeds Produced Under Heat Stress

To further investigate the role of the candidate gene MtMIEL1 (MtrunA17_Chr2g0286331) in the regulation of germination speed, we analyzed its expression profile in seeds of contrasting M. truncatula HapMap accessions showing slow and fast germination. First, we selected seeds HM170 and HM279 accessions as fast-germinating genotypes (i.e., T50 around 23 h) and HM185 and HM314 accessions as slow-germinating genotypes (i.e., T50 at 37 and 40 h, respectively; Figure 4A). Next, we extracted mRNA from their mature seeds produced under heat stress conditions. Fast-germinating genotypes displayed higher MtMIEL1 relative transcript contents compared with slow-germinating genotypes (Figure 4B). Next, we assessed whether MtMIEL1 would participate in the plasticity of germination speed in response to heat stress during seed production of the M. truncatula reference genotype A17. The germination speed of seeds produced at 26°C was significantly slower than seeds produced at 20°C (Figure 4C). Next, we performed transcript profiling of MtMIEL1 at 0 h and 24 h of imbibition at 10°C in the dark (i.e., prior to radicle emergence). Figure 4D showed that at both times of imbibition, MtMIEL1 transcripts were significantly higher in faster-germinating seeds than slower germinating seeds, consistent with the observations made on the four contrasting genotypes. From these results, we observed a positive correlation between MtMIEL1 expression and speed of germination (i.e., higher MtMIEL1 expression associated with faster germination) in five M. truncatula ecotypes following heat stress during seed production.
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FIGURE 4. Characterization of seed germination and MtMIEL1 expression in Medicago truncatula seeds. (A) Germination speed (T50) at 15°C of seeds produced under heat stress condition (26°C) of four natural M. truncatula HapMap accessions. (B) Expression level of MtMIEL1 in dry, mature seeds produced under heat stress condition (26°C) of the four natural M. truncatula HapMap accessions. Different letters indicate significant differences (P < 0.05) identifying by ANOVA and Tukey's honest significant difference (HSD) test. (C) Germination curves at 10°C of M. truncatula reference genotype A17 seeds produced at 20°C and 26°C. The dash lines indicate the time to reach 50% germination (T50) of 20 and 26°C seeds. (D) Expression levels of MtMIEL1 in dry, mature seeds (0 h), 24-h imbibed seeds (24 h), and 48-h imbibed seeds (48 h) which were produced at 20 and 26°C. *, 0.01 < p-value < 0.05; **, 0.001 < p-value < 0.01.


To validate the role of MIEL1 in the regulation of germination speed and germination plasticity of seeds produced under heat stress conditions, we analyzed the ortholog of MtMIEL1 in Arabidopsis by characterizing the germination kinetics from seeds produced at 20°C (control) and 28°C (heat stress) of the homozygote miel1 mutants. The germination speed of freshly harvested wild-type seeds (Col0) produced at 28°C was much slower than that of seeds produced at 20°C (Figures 5A,B). In contrast, miel1 mutant seeds germinated at the same speed regardless of the temperature experienced by the seeds during development, indicating that mutants had lost their plasticity. Moreover, we observed that the germination curves of miel1 mutants were similar to that of wild-type seeds produced under heat stress (Figure 5A). Next, we repeated this experiment in non-dormant seeds obtained after a 72-h stratification treatment at 4°C to release dormancy. Wild-type and miel1 mutant seeds displayed similar germination kinetics regardless of the production temperature (Figures 5C,D). These results obtained in Arabidopsis highlighted a new role of MIEL1 as a regulator of germination speed in response to heat stress during seed development.
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FIGURE 5. Seed germination of Arabidopsis thaliana wild-type (Col-0) and miel1 T-DNA insertional mutant produced in optimal (20°C) and heat stress (28°C) conditions. (A,B) Germination curves and germination speed (T50) of freshly (dormant) harvested seeds of Col0 and miel1 mutant grown in optimal (20°C) and heat stress (28°C) conditions. (C,D) Germination curves and germination speed (T50) of mature seeds from Col0 and miel1 mutant after 72 h of stratification at 4°C to release dormancy. Error bars represent standard errors of the mean. Different letters in b and d indicate significant differences between samples (P < 0.05) identifying by ANOVA and Tukey's honestly significant difference test.





DISCUSSION


Use of Natural Population and GWAS to Decipher Molecular Mechanisms Associated With Seed Traits

Natural variation within plant species causes phenotypic variations due to mutations generated by the evolutionary process. These natural variations are valuable resources to elucidate the molecular basis of phenotypic differences related to plant adaptation to distinct natural environments. In crops, phenotypic differences have been largely exploited in association genetic studies for QTL detection. Due to the development of sequencing technologies, many HapMap collections have been developed using the natural variations present in wild species, permitting genome-wide association studies to become a popular approach to correlate genotype to phenotype. Our study fully benefited from the M. truncatula HapMap collection with the help of post-GWAS and transcriptome analyses to understand how developing seeds cope with heat stress and modulate their germination response. This work extends previous studies showing that the temperature cues perceived by the mother plant are transmitted to their offspring (Penfield and MacGregor, 2017).

We characterized the genetic architecture that governs the plasticity response of Medicago and Arabidopsis seeds. We obtained a reasonable list of candidate genes potentially involved in regulating different seed traits. The GSEA from these candidate gene lists showed high relevance regarding the expected functional classes controlling the analyzed traits. For instance, candidate gene lists related to germination speed and germination homogeneity showed enrichment in genes functionally annotated as involved in “secondary metabolites–flavonoids–chalcone synthase,” “auxin and cytokinin hormone metabolisms,” and “subtilases.” The link between flavonoids and the plasticity response of germination is consistent with the sensitivity of the seed coat to temperature cues during development, which modulates the germination behavior (Penfield and MacGregor, 2017). It has been largely documented that chalcone synthase, the central enzyme of the flavonoid pathway, showing upregulation during the first 2–3 days of germination plays a role (Kubasek et al., 1992). Other studies confirmed the role of this pathway during germination using loss-of-function mutants of genes involved in flavonoid regulation, such as TRANSPARENT TESTA GLABRA (TTG), which displayed more efficient germination than wild-type seeds (Koornneef, 1981). Similar results were observed in different TRANSPARENT TESTA mutants (for review, Shirley, 1998). Second, the roles for auxin and cytokinin hormone metabolisms in germination performances were described in the literature. Indeed, even if auxin is not necessary for seed germination, it has been reported that IAA accumulated in the cotyledons of mature seeds (Epstein et al., 1986; Bialek and Cohen, 1989) influences seed germination with the interplay of ABA (Brady et al., 2003). This interplay was shown via miR160, which inhibits auxin-related gene expression during germination resulting in modulating ABA sensitivity during germination (Liu et al., 2007). Like auxin, cytokinin and cytokinin response factors play a role in enhancing seed germination when seeds were produced under stress (Khan and Ungar, 1997; Atici et al., 2005; Peleg and Blumwald, 2011).

Moreover, cytokinin was also demonstrated to play a role in the transition between dry seed and seedling in concert with ABA via ABI5 gene regulation (Wang et al., 2011). Finally, enrichment of “subtilases” functional class in these candidate gene lists could be explained by the need of these proteases, which are highly active at very early stages of seed imbibition, regarding their role in the remobilization of storage proteins during seedling growth, as observed in barley (Galotta et al., 2019). It was not surprising to find enrichment of the “HMG-CoA reductase” class in the candidate gene list of germination speed. This central enzyme of the mevalonate and, therefore, isoprenoid pathway acts upstream to produce many important molecules such as secondary metabolites or hormones (e.g., ABA, GA, and cytokinin). However, despite its central and upstream position, a study reported an inhibitor of HMG reductase (i.e., one step even before the HMG-CoA reductase) retarded seed germination (Liao et al., 2014). In conclusion, by using the candidate gene lists obtained from the GWAS and GSEA, we could retrieve molecular mechanisms already described in the literature as directly or indirectly involved in studied seed traits, making GWA studies a reliable tool in exploratory analysis to decipher molecular processes controlling traits.

Furthermore, using GWAS and post-GWAS analyses combined with adequate transcriptomic data allowed us to identify solid candidate genes potentially regulating the different seed traits. For instance, an ortholog of the Arabidopsis DA1 gene was identified as a candidate regulator of seed weight in M. truncatula (MtrunA17_Chr5g0403261, Supplementary Table 5). This gene, DA1 (AT1G19270), has already been demonstrated to be a regulator of seed and organ size in Arabidopsis (Li et al., 2008). From this list of potentially reliable candidate genes, we also identified two of them strongly associated with seed germination performances, a NUCLEAR FACTOR Y SUBUNIT A3 (AtHAP2C/ NF-YA3, MtrunA17_Chr2g0300261) and a RING-type zinc finger gene family (MtrunA17_Chr2g0286331), a potential ortholog of Arabidopsis MIEL1 gene, that we called MtMIEL1.



MIEL1, a Novel Regulator of Germination Plasticity of Seed Produced Under Heat Stress

The MYB30-Interacting E3 Ligase1 (MIEL1) is an Arabidopsis RING-type E3 ubiquitin ligase identified to interact with and ubiquitinate MYB30, leading to MYB30 degradation via the proteasome pathway. It was first discovered as a regulator of plant defense response to bacteria as MYB30 was known to trigger a hypersensitive response in the inoculated zone to restrict bacterial growth (Marino et al., 2013). More recently, it was shown to be involved in the protein turnover of another MYB protein, MYB96, a regulator of ABA signaling in seeds (Lee and Seo, 2016). It was reported that miel1 mutants were hypersensitive to ABA compared with wild-type seeds, with miel1 seeds that germinated 1.5-fold slower in the presence of 1 μM ABA compared with wild types (Lee and Seo, 2016). In contrast, without ABA treatment, they did not observe any difference in the germination of miel1 mutants at 20°C. This result is similar to our observation using stratified (i.e., non-dormant) miel1 seeds. Furthermore, we did not observe any significant change in germination (Figures 5C,D).

In contrast, we observed that in dormant seeds (i.e., with higher residual ABA content), miel1 mutant seeds germinated significantly slower than wild-type seeds (Figure 5B), confirming the ABA hypersensitivity phenotype of the miel1 seeds. In our study, we also observed a decrease of MtMIEL1 expression in dry, mature seeds with the two M. truncatula HapMap accessions displaying slow germination compared with the two fast-germinating accessions (Figures 4A,B) and a lower MtMIEL1 expression level during germination of M. truncatula A17 seeds produced under heat stress, which germinated slower, concerning seeds produced in optimal conditions (Figures 4C,D). Finally, in our study, we analyzed the impact of miel1 mutation on germination kinetics of seeds produced under optimal and heat stress conditions. We found that miel1 and wild-type seeds germinated at the same rate regardless of the environmental conditions of seed production (Figures 5A,B). Thus, our results strongly suggested that MIEL1 plays a role in the germination plasticity of seeds produced under heat stress.
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The world faces a grave situation of nutrient deficiency as a consequence of increased uptake of calorie-rich food that threaten nutritional security. More than half the world’s population is affected by different forms of malnutrition. Unhealthy diets associated with poor nutrition carry a significant risk of developing non-communicable diseases, leading to a high mortality rate. Although considerable efforts have been made in agriculture to increase nutrient content in cereals, the successes are insufficient. The number of people affected by different forms of malnutrition has not decreased much in the recent past. While legumes are an integral part of the food system and widely grown in sub-Saharan Africa and South Asia, only limited efforts have been made to increase their nutrient content in these regions. Genetic variation for a majority of nutritional traits that ensure nutritional security in adverse conditions exists in the germplasm pool of legume crops. This diversity can be utilized by selective breeding for increased nutrients in seeds. The targeted identification of precise factors related to nutritional traits and their utilization in a breeding program can help mitigate malnutrition. The principal objective of this review is to present the molecular mechanisms of nutrient acquisition, transport and metabolism to support a biofortification strategy in legume crops to contribute to addressing malnutrition.
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INTRODUCTION

Combating malnutrition in all its forms is one of the most significant global health challenges of the 21st century as it affects mostly women, infants, children, and adolescents. The World Health Organization (WHO) estimates that globally, more than 2 billion people suffer from micronutrient malnutrition, also known as “hidden hunger” (Ritchie and Roser, 2020). Modern breeding approaches, together with best agronomic practices during the Green Revolution, were instrumental in significantly increasing the production of major cereal crops. This increase led to a reduction in global hunger. However, several developing countries still face challenges related to malnutrition due to the consumption of cereal-based diets. Poor diets devoid of nutrient concentrations and bioavailability are among the principal risk factors for non-communicable diseases (NCDs), responsible for about 70% of deaths in 2015 (Forouzanfar et al., 2015).


Malnutrition Across the World

Malnutrition refers to inadequacies, excesses, or imbalances in an individual’s consumption of nutrients that adversely affect health and ultimately impair growth and fitness. It can be classified into three broad forms: undernutrition (wasting, stunting, and underweight), micronutrient-linked malnutrition (lack or excess of vitamins or and minerals) and overweight (obesity). It affects humans through increased morbidity, disability, stunted mental growth, and reduced National Socio-economic Development Plan (NSEDP) (FAO et al., 2017). Disturbingly, every second pregnant woman and about 40% of pre-school children in developing countries are estimated to be anemic; this leads to 20% of all maternal deaths. WHO estimated 5.3 million child deaths under the age of 5 during 2018, of which around 45% were linked to undernutrition.

Similarly, the share of neonatal deaths is projected to increase from roughly 46% in 2016 to 52% in 2030 (WHO, 2017). To make matters worse, around 2 billion people worldwide are anemic, mainly due to iron (Fe) deficiency (WHO, 2017). About 32.8% of women of reproductive stage and 32.5% of non-pregnant women, and 41.7% of children under the age of 5 are suffering from anemia globally (World Bank Data, 2016). Additionally, apart from zinc, iodine, and vitamin A deficiency, calcium, magnesium, and copper deficiencies are also prevalent in many developed and developing countries (Kumssa et al., 2015). Malnutrition has multifaceted consequences as it increases medical expenses and reduces productivity and economic growth. Malnutrition accounts for 11% of GDP losses in Asia and Africa, which is higher than the GDP loss experienced during the 2008–2010 financial crisis (Von Grebmer et al., 2016). Focusing only on delivering the energy needs of resource-poor people without considering their nutrient requirements will exacerbate the current state of malnutrition (Zarocostas, 2009). The Green Revolution was successful in increasing the productivity of major cereal crops multifold, preventing widespread famines and increasing the profitability of farmers in many developing countries (Bouis and Welch, 2010). However, a rise in micronutrient malnutrition in many nations suggests that agriculture needs to reevaluate its strategy to provide a healthy mix of sufficient calories along with essential nutrients. A sustainable solution to malnutrition would lie in linking agriculture to nutrition and health (Jones and Ejeta, 2016).



Human Nutrient Requirements

A human body needs more than 50 macronutrients (>0.1 % of dry mass) and micronutrients (<0.01 % of dry weight) from five groups of essential nutrients for proper growth and development (Table 1). Though these nutrients are needed in meager quantities, they enable the body to produce enzymes, hormones, and other essential substances that aid growth and development. The recommended dietary allowance (RDA) for various nutrients varies with gender and age (Supplementary File 1). Along with oxygen, water and carbohydrates, vitamins and minerals are vital substances for our bodies to develop and function properly. According to the National Center for Complementary and Integrative Health (NCCIH, 2018) thirteen known vitamins, namely A, C, D, E, and K, and B vitamins (B1, B2, B3, B5, B7, B6, B12, and B9) and fifteen minerals, namely Calcium (Ca), Phosphorus (P), Potassium (K), Sodium (Na), Chlorine (Cl), Magnesium (Mg), Iron (Fe), Zinc (Zn), Iodine (I), Chromium (Cr), Copper (Cu), Fluorine (F), Molybdenum (Mo), Manganese (Mn), and Sulfur (S) are essential for health. Researchers have highlighted the need for 22 minerals for human well-being (White and Broadley, 2009), the lack of which present a grave threat to the health and development of populations around the globe, especially children and pregnant women in low-income countries.


TABLE 1. Five groups of essential nutrients for human life.
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Role of Legumes in Eradicating Malnutrition

Malnutrition and poverty are closely related, which is also evident from FAO’s data on per capita income and level of malnutrition1. Around 82% of the extremely poor live in South Asia (SA) and sub-Saharan Africa (SSA), regions that host countries severely affected by one or other form of malnutrition. Considering the substantial socio-economic impact of legumes in these regions, their importance for food and nutritional security has been realized (Figure 1). In general, legume seeds have higher concentrations of essential minerals, vitamins, and protein than those of cereals (White and Broadley, 2009).


[image: image]

FIGURE 1. Share (%) of legumes’ yields in South Asia and Africa. Source: http://www.fao.org/faostat/en/#data/QC; accessed on April 16, 2018 Data Year: 2016. South Asia: Afghanistan, Bangladesh, Bhutan, India, Maldives, Nepal, Pakistan, and Sri Lanka. Africa: Algeria, Benin, Burkina Faso, Burundi, Cabo Verde, Cameroon, Central African Republic, Chad, Comoros, Congo, Côte d’Ivoire, Democratic Republic of the Congo, Djibouti, Egypt, Eritrea, Ethiopia, Gabon, Gambia, Guinea, Guinea-Bissau, Kenya, Lesotho, Liberia, Libya, Madagascar, Malawi, Mali, Mauritania, Morocco, Mozambique, Namibia, Niger, Nigeria, Réunion, Rwanda, Senegal, Sierra Leone, Somalia, South Africa, Togo, Sudan, Swaziland, Tunisia, Uganda, United Republic of Tanzania, Zambia, and Zimbabwe.


Legumes are an inexpensive source of protein (20–25%), minerals (Fe, Mg, K, P, and Zn) and vitamins (B1, B2, B3, B6, and B9) available to hundreds of millions of resource-poor people in SA and SSA. They are exceptionally notable because they complement the starches derived from cereals and root crops and help in efficient nutrient absorption. Legumes have a low-glycemic index and are rich in dietary fiber (8–27.5%), of which 3.3–13.8% correspond to soluble fiber (Sánchez-Chino et al., 2015). Storage protein is the major fraction of proteins in legumes. Almost 70% of the total protein comprises globulin, 10–20% each albumin and glutelins and low levels of prolamins (Sharif et al., 2018). Based on their lipid content, legumes can be classified into two main groups: those with low-fat content (1–6%), such as chickpea, lentil, bean, broad bean, etc., (Sánchez-Chino et al., 2015), and those with a high concentration of fat, which includes peanut and soybean (50 and 18%, respectively). The nutritional properties of legumes and their importance have been extensively reviewed in many articles (Jukanti et al., 2012; Mudryj et al., 2014; Sánchez-Chino et al., 2015; Foyer et al., 2016).

Considering the challenges related to hidden hunger and non-availability of nutritious food to a major portion of the global population, it is high time to initiate crop biofortification efforts. More than half of the world’s population faces impaired growth and fitness due to imbalances in an individual’s consumption of nutrients. Micronutrient malnutrition exists in several Asian and SSA countries due to the consumption of mainly cereals-based diets deprived of nutrient concentrations and bioavailability. Agriculture efforts focus on increasing nutrient content in cereals, but these are not enough to meet the global nutrition standards (Finkelstein et al., 2017). Legume crops have good genetic variation for nutritional traits, and therefore, there is a high potential for enhancing nutrients in seeds to contribute toward nutritional security. In this context, the discovery of genes and pathways accountable for nutrient acquisition and transport is pre-requisite. The targeted identification of precise factors related to nutritional traits and their utilization in a breeding program can help mitigate the challenge of malnutrition. A biofortification strategy by deploying breeding approaches for the nutritional improvement and microbiome for agronomic trait improvement in legumes has been presented (Rehman et al., 2019). However, it does not discuss molecular mechanisms and biochemical pathways for micronutrient acquisition and storage in legumes. This MS, therefore, provides up-to-date information on nutrient uptake mechanism and metabolism process that will serve as a foundation to initiate legume biofortification programs by integrating modern breeding approaches.




MOLECULAR MECHANISMS OF MINERAL ACQUISITION AND TRANSPORT

In order to maximize the bioavailability of nutrients, it is essential to understand the process of mineral acquisition, transport, and accumulation in legume seeds. Each of these processes is probably controlled by some genes, many of which are yet to be identified. Several studies have identified genes involved in translocation to different vegetative tissues and ultimately to seeds (Sperotto et al., 2014; Jeong et al., 2017). However, there is very limited knowledge of phloem-expressed genes involved in mineral loading and mobilization to different sink tissues (Braun et al., 2014). Therefore, while studies on specific transporters help us understand their function, whole-plant studies are required to ascertain transporters most relevant to seed mineral delivery. The acquisition and the mobilization of minerals in plants have been broadly studied (Walker and Waters, 2011; González-Guerrero et al., 2016; Xue et al., 2016). Several stresses can lead to the non-availability of key nutrition factors and result in improper crop growth. Details about these different stresses and their effect and a potential solution are provided in Table 2.


TABLE 2. Constraints to nutrient uptake, transport, storage, and effective survival strategies.
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Iron (Fe) Transport

Legumes are “strategy I” plants that acidify the rhizosphere through an H+-ATPase (the enzyme of HA2, H+-ATPase family) to increase Fe3+ solubility (Santi and Schmidt, 2009). Then they reduce Fe3+ to Fe2+ with the help of chelate reductase, ferric reduction oxidase (FRO2)and finally Fe2+ taken up by root’s plasma membrane through a Fe2+ iron-regulated transporter (IRT1) or its homologues such as natural resistance-associated macrophage protein 1 (NRAMP1) or divalent metal-ion transporter 1 (DMT1) (Figure 2). Rhizosphere acidification is mainly associated with the release of protons followed by surplus uptake of cations (Fe+) over anions during nitrogen fixation (Sinclair and Krämer, 2012). Membrane recycling of IRT1 is controlled by ubiquitination in strategy I plants (Barberon et al., 2011). In legumes, Fe uptake and transportation to roots are mainly carried out by protein HA2, FRO2, and IRT1 (Walker and Connolly, 2008; Santi and Schmidt, 2009). Putative homologs for the transport of Fe from the leaf to the root through nutrient transporting genes such as FIT1, IRT1, OPT3, and bZIP23 have been identified in many legumes including peanut (AhIRT1; Xiong et al., 2012), Medicago truncatula (MtNRAMP1; Tejada-Jiménez et al., 2015), soybean (NRAMP genes; Qin et al., 2017), lentil (Ferritin-1, BHLH-1, and FER-like transcription factor protein and IRT1), and chickpea (CaFer1; Parveen et al., 2016).
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FIGURE 2. (A) The different transporters in the uptake of nutrients from the soil and their translocation to aerial parts. (B) A schematic representation of mineral transport to roots through different pathways.


Relatively very little is known about Fe uptake, and regulation in legumes shoots (Thomine and Vert, 2013). Fe uptake in shoots is mediated by IRT-like transporters, and its movement in the xylem as ferric-citrate complexes has been observed in soybean (Palmer and Guerinot, 2009). Xylem unloading is a crucial step in the distribution and transportation of Fe to different tissues and sinks cell (Figure 2). Expression patterns show that ZIP transporters and YSL transporters are involved in metal unloading from xylem (Küpper and Kochian, 2010). Oligopeptide transporter (OPT) has been suggested to play a significant role in accurate long-distance Fe signaling from shoots to roots and in importing Fe into phloem companion cells in Arabidopsis (Kumar et al., 2017). Due to the abundance of nicotianamine (NA) in shoot tissues and its affinity to various ions, it can be assumed that YSL transporters are essential for metal transfer from the xylem to the leaves and the seeds, as evident from the expression of Arabidopsis genes AtYSL1 and AtYSL3 that increased during leaf senescence (Waters et al., 2006). NRAMP family genes are known to play a significant role in Fe homeostasis whereas YSL and OPTs play a major role in loading and unloading of Fe2+ NA complexes into and out of phloem (Palmer and Guerinot, 2009). Fe uptake and transportation in plants have been reviewed in several articles (Kobayashi and Nishizawa, 2012; Curie and Mari, 2017).



Zinc (Zn) Transport

Efficient uptake, transport, and accumulation of Zn in seeds are equally crucial for developing nutrient-rich crops (Astudillo et al., 2013). In legumes, Zn is mostly taken up across the plasma membrane of root cells as Zn2+. ZIP transporters have been involved in Zn uptake and transport from root to seeds (Colangelo and Guerinot, 2006; Palmgren et al., 2008). ZRT, IRT-like protein (ZIP), HMA heavy metal ATPase (HMA), Zinc-induced facilitator (ZIF), and metal tolerance protein (MTP) have been involved in Zn transport (Hussain et al., 2004). MTPs play a role in the mobilization of many metal ions such as Zn, Mn, Fe, Ni, Cd, and Co in the cytoplasm. In the case of M. truncatula, MtZIP1, MtZIP3, MtZIP4, MtZIP5, MtZIP6, and MtZIP7 genes were found to be upregulated under Zn deficiency in both roots and leaves, suggesting their active role in Zn transport (Hussain et al., 2004). The bZIP family is another important gene family involved in Zn transport in legumes. Studies in many dicots such as Arabidopsis, soybean (GmZIP1), common bean (PvZIP12, PvZIP13, PvZIP16, and PvbZIP1), Medicago (seven ZIP transporters), and Lotus japonicus have identified ZIP genes in different tissues like roots, leaves, and seeds (Lin et al., 2009; Astudillo et al., 2013). Mostly, Zn is transported through the symplastic pathway, but a considerable fraction may follow the apoplastic pathway through roots to reach the xylem (White et al., 2002; Figure 2). The cation diffusion facilitator (CDF) family members such as MTP1 and ZIF1 transporter play a role in Zn transport to the vacuole while NRAMPs have been identified in Zn mobilization from the vacuole (Haydon and Cobbett, 2007). Zn loading to the xylem is mediated through HMA, while within the xylem, is transverse as Zn2+ or in complex with histidines or Nicotianamine (Palmgren et al., 2008). While ZIP family members are actively involved in mediating Zn2+ influx to leaf tissue and also to the phloem, YSL is involved in loading Zn to the phloem and unloading to the seeds as Zn-NA complex (Haydon and Cobbett, 2007; Waters and Grusak, 2008).



Manganese (Mn) Transport

Manganese is an essential trace element in plants as it serves as a cofactor in many vital processes such as photosynthesis and lipid biosynthesis. Mn is available in the soil as Mn2+ for plant uptake (Figure 2). Very few transporters have been identified exclusively for Mn transport in plants. However, there are many transporters such as NRAMP, YSL, IRT1, CDF/MTP, P-Type-ATPase and VIT (vacuolar iron transporter) (Xia et al., 2010; Socha and Guerinot, 2014) that help in Mn transport. Transporters in Mn have broad specificity for other divalent cations such as Cd, Ca, Co, Zn, Fe, Cu, and Ni. In Arabidopsis, AtNRAMP1 was reported to be a high-affinity transporter for Mn transport in roots, and knockout lines for AtNRAMP1 showed susceptibility toward Mn deficiency (Cailliatte et al., 2010). ZIP1 remobilizes Mn from vacuoles to allow Mn translocation to the shoot through root vasculature (Milner et al., 2013). However, ZIP2 transporters do not seem to be the primary transporters of Mn in roots of many species, including M. truncatula. In the case of field pea and M. truncatula, PsIRT1, MtZIP4, and MtZIP7 genes can reestablish growth to the Mn uptake defective smf1 mutant in Mn-limited media indicating IRT/ZIP as a direct transporter of Mn in strategy I plants (Milner et al., 2013). A subset of cation channels such as Ca2+-permeable channels transport Mn2+ in the apical plasma membrane of Arabidopsis root hairs (Véry and Davies, 2000; Socha and Guerinot, 2014). Involvement of other routes in Mn transport can be plausible because of the presence of many transporters associated with Mn transport even in the absence of vacuolar iron transporter 1 (VIT1).



Phosphorus (P) Transport

Phosphorus uptake of plants from the soil is in the form of phosphate (Pi) either via root epidermal cells impelled through a proton gradient produced by plasma membrane H+-ATPases or with the help of arbuscular mycorrhizal fungi (AMF) found in legumes (Bucher, 2007; Figure 2). Several Pht1 genes are expressed in roots, aerial parts, and seeds, implying their potential involvement in internal Pi translocation. In the case of M. truncatula, Pi-transporters genes (MtPT1 and MtPT2) from the Pht1 family were found to be highly expressed in Pi-deprived roots (Liu et al., 2008). However, only MtPT5 showed high affinity for Pi uptake among the reported five (MtPT1, MtPT2, MtPT3, MtPT4, and MtPT5) Pht1 family genes in M. truncatula (Liu et al., 2008). In L. japonicus, three Pi transporter genes of the Pht1 family have been isolated (Maeda et al., 2006). In the case of soybean, 14 Pht1 genes (GmPT1-GmPT14) were identified in response to Pi availability in various tissues associated with its uptake and translocation (Qin et al., 2012). A high-affinity Pi transporter, GmPT5 helps in maintaining Pi homeostasis by regulating movement from roots to the region of aerial plant tissues in nodules of soybean (Qin et al., 2012). In chickpea, CaPHO1, CaPHO2, CaPHT1;4, CaPAP17, CaPPase4, and CaDGD1 were involved in Pi uptake, transport, allocation, and the mobilization/remobilization from roots and leaves to nodules (Esfahani et al., 2016). Pht1 transporters are mostly involved in transferring Pi into cells while other members of the Pht2, Pht3, and Pht4 families are associated with the transfer of Pi in the intercellular membrane.



Copper (Cu) Transport

Copper uptake from the soil follows similar strategies like Fe, entering the root cell through copper transporters (COPT) family transporter (Gayomba et al., 2013; Ryan et al., 2013). Cu is mostly available in the soil as Cu2+, which is transported to the root cell in its reduced form “Cu+” (Figure 2). Ferric reductase, FRO2, helps in reduction activity and also in Cu+ uptake by roots (Bernal et al., 2012). In Arabidopsis, Cu stress induces high Cu2+ chelate reductase activity regulated by SPL7, and this reductase was encoded by FRO4/5 at the root tips (Bernal et al., 2012; Ryan et al., 2013). After reduction, Cu+ is transported through the roots by copper transporter (COPT) proteins. COPT proteins have not been studied in detail in legumes. However, in Arabidopsis, COPT1 (in roots) and COPT2 (in shoots) are the core uptake transporters whereas COPT3 and COPT5 might be involved in intracellular Cu mobilization (Gayomba et al., 2013). Besides, COPT transporters ZIP2 and ZIP4 are also believed to support Cu uptake in plant cells in Arabidopsis. In Arabidopsis, the cysteine-rich metallothionein proteins (MT proteins) were upregulated during Cu stress, whereas in field pea, MT mRNA levels were mildly upregulated in Cu stress conditions.




METABOLIC PATHWAYS FOR VITAMINS (β-CAROTENE, FOLATE, AND VITAMIN E) IN LEGUMES

Understanding the pathways to and rate-limiting steps in the accumulation of various seed nutrients is a major challenge. Initial efforts in developing nutrient-rich crops have focused on overexpression of single genes that affect nutrient biosynthesis/uptake, transport or storage. Various studies have suggested that overexpression of a single gene is not sufficient to increase the accumulation of nutrients in seeds (Ishimaru et al., 2010). Considering the complex nature of nutrient accumulation in plants, multiple genes at different steps of translocation or biosynthetic pathways need to be manipulated simultaneously to increase seed nutrient concentrations. To enhance vitamins’ content in legumes, a cohesive understanding of the genetics of nutritional traits along with a knowledge of regulatory biochemical and molecular processes in the accumulation of nutrients are required (Asensi-Fabado and Munné-Bosch, 2010; Bhullar and Gruissem, 2013). A brief description of vitamins such as β-carotene, folate, tocopherol and anti-nutritional components such as phytic acid and raffinose biosynthesis are discussed below.


Beta (β)-Carotene Biosynthesis

Plant carotenoids are the generic name for C40 tetraterpenoids with a conserved biosynthetic pathway that play a significant role in different processes including photosynthesis (DellaPenna and Pogson, 2006). There are two major groups of carotenoids; the first is oxygenated or xanthophyll that consists of lutein, violaxanthin, and neoxanthin, and the second is non-oxygenated or carotenes that include β-carotene and lycopene (DellaPenna and Pogson, 2006). Seeds of legumes are rich in carotenoids such as β-carotene, cryptoxanthin, lutein, and zeaxanthin (Abbo et al., 2005). For instance, β-carotene concentration in chickpea was higher than in genetically engineered “golden rice” endosperm but lower than in Golden Rice2, where β-carotene concentration was increased up to 23-fold (Abbo et al., 2005).

In legumes, plastid-confined MEP (2-C-methyl-D-erythritol 4-phosphate) pathway produces carbon flux, which is used for carotenoid biosynthesis (Giuliano, 2014). Carotenoid concentration is a highly heritable trait which is least affected by the environment (Owens et al., 2014). Identifying the metabolic bottlenecks associated with the carotenoid pathway can help in modifying strategies to develop carotenoid-rich crops. The key regulator gene of the carotenoid pathway is PSY; the overexpression of this gene or phytoene desaturase gene individually or a in combination has been practiced in several crops including soybean (Schmidt et al., 2015). In soybean, a 1500-fold increase in β-carotene content in dry seeds was observed compared to wild-type by introducing a chimeric gene from pea and a crtB gene from bacterium Pantoea using a biolistic method (Schmidt et al., 2015). In chickpea, four members of the PSY family that might have a positive effect on carotenoid concentration for various cotyledon colors were reported. A total of 32 genes for isoprenoid and carotenoid pathways in chickpea distributed across all eight chromosomes were also identified (Rezaei et al., 2016). Phytoene synthase and desaturase were found to have a major impact on pro-vitamin A and total carotenoid concentration through genetic transformation or overexpression of these genes. Xanthophylls are produced by converting pro-vitamin A compound with the help of β-carotene hydroxylation and can help in developing cultivars with higher pro-vitamin A as seen in potato, where silencing of β-carotene hydroxylase increased β-carotene concentration (da Silva Messias et al., 2014). Lutein, one of the main carotenoid types in chickpea, showed higher concentration in desi compared to kabuli type and was found to be adversely associated with seed weight (Abbo et al., 2005; Ashokkumar et al., 2014). Carotenoid concentration was higher in genotypes with green cotyledons in both pea and chickpea; a similar trend for lutein was observed in pea. Similarly, in transgenic soybean, increased concentration of β-carotene and seed protein content, with a decreased level of abscisic acid in cotyledons by overexpressing a seed-specific bacterial phytoene synthase gene was observed (Schmidt et al., 2015).



Folate Biosynthesis

Folates (Tetrahydrofolate and derivatives) are water-soluble B vitamins that act as cofactors in many vital metabolic functions, including the metabolism of amino acids, biosynthesis of nucleic acids in the human body. Legumes are a rich source of folates. A high concentration has been estimated in chickpea (351–589 μg/100 g), common bean (165–232 μg/100 g), and lentil (136–182 μg/100 g), (Blancquaert et al., 2014; Jha et al., 2015). Plants are the only source of folate for humans as the human body cannot synthesize it. Folate biosynthesis takes place in three subcellular compartments. Firstly, the Pterin and pABA moieties are synthesized in cytosol and plastids, respectively, while the rest of the reactions take place in the mitochondria. Pterin moiety synthesizes by converting GTP into dihydroneopterin triphosphate and formate with the help of GTP cyclohydrolase-I (Hossain et al., 2004). In legumes, pABA is synthesized from chorismate through two reactions in plastids. In mitochondria, after pyrophosphorylation of 6-hydroxymethyldihydropterin (HMDHP), it combines with pABA to form dihydropteroate with the help of enzymes HMDHP pyrophosphokinase and dihydropteroate synthase. After this reaction, glutamate residue is combined with the carboxy part of the pABA moiety of dihydropteroate to produce dihydrofolate with the help of enzyme dihydrofolate synthetase. Finally, folate is formed by the attachment of a glutamate tail to THF molecule catalyzed by dihydrofolate reductase.

Considering the complex nature of folate biosynthesis, metabolic engineering has emerged as a better approach to increase folate concentration in plants, such as by the overexpression of genes involved in pterin biosynthesis, a folate biosynthesis precursor (Hossain et al., 2004; Storozhenko et al., 2007; Blancquaert et al., 2014). Around a 150-fold increase in biosynthetic pteridines was reported in transformed lines of the common bean by introducing GTP cyclohydrolase I from Arabidopsis in three cultivars by particle bombardment (Rivera et al., 2016).



Vitamin E Biosynthesis

Tocopherol and tocotrienol derivatives are collectively called vitamin E. Improvement for vitamin E mostly focuses on enhancing vitamin E content in edible parts by regulating the activity of various enzymes involved in different steps of the synthesis, such as p-hydroxyphenylpyruvate dioxygenase, homogentisate phytyltransferase, homogentisate geranylgeranyl transferase, homogentisate solanesyltransferase2-methyl-6-phytyl-benzoquinol methyltransferase, tocopherol cyclase, and γ-tocopherol methyltransferase (Tang et al., 2016). Overexpression of γ-TMT resulted in an increased proportion of α-tocopherol in soybean (Sattler et al., 2004; Tavva et al., 2007) while overexpression of both MT and γ-TMT increased α-tocopherol 5-folds in soybean (Tavva et al., 2007). Overexpression for the combination of tyrA, HPPD, GGPP reductase and HPT resulted in an 11-fold increase in vitamin E content in soybean (Karunanandaa et al., 2005).



Metabolic Pathways of Anti-nutrients (Phytic Acid and Raffinose)

Phytic acid binds to mineral cations to form a mixed salt called phytate and sequesters inorganic phosphate in legumes. Myo-inositol is the precursor for many metabolites, including phytate, which plays an important role in plant stress adaptation. In addition to stress response, phytate plays a major role during seed germination to develop embryos and defense against oxidative stress. Considering its anti-nutritional role, breeding and transgenic approaches were used to reduce phytic acid in legumes (see Panzeri et al., 2011; Joshi-Saha and Reddy, 2015). In common bean, genes PvMIPSs and PvMIPSv (coding for myo-inositol 1phosphate), PvIMP (inositol monophosphatase), PvMIK (myo-inositol kinase), PvIPK2 (inositol 1,4,5-tris-phosphate kinase), PvITPKa and PvITPKb (inositol 1,3,4-triphosphate 5/6-kinase), and PvIPK1 (inositol 1,3,4,5,6 pentakisphosphate 2-kinase) have been identified and mapped on a reference genetic map through virtual mapping strategy (Fileppi et al., 2010). In common bean, a low phytic acid line (lpa1) 280-10 was selected and used for the identification of Mrp1 gene that down-regulates the phytic acid pathway at the transcriptional level (Panzeri et al., 2011). lpa mutants have also been identified in other legumes such as field pea and soybean using EMS-based mutagenesis (Warkentin et al., 2012). In chickpea, CaMIPS2 gene was found to be regulating the phytic acid biosynthesis pathway (Kaur et al., 2008). In soybean, identification of consistent metabolic changes in lpa mutants showed decreased content of myo-inositol and raffinose compared to the wild type and reported a significant role in reducing phytic acid (Frank et al., 2009). Silencing expression of multidrug resistance-associated protein (MRP) ATP-binding cassette (ABC) transporters in an embryo-specific manner resulted in low phytic acid and high inorganic phosphate in transgenic maize and soybean (using homologous soybean MRP gene) (Shi et al., 2007).

Raffinose is another major anti-nutrient affecting plant nutrition potential. In chickpea, raffinose content varied from 0.38 g/100 g to 0.99 g/100 g, while stachyose content ranged from 0.79 g/100 g to 1.87 g/100 g. Synthesis of galactinol is a key requirement for entering into the pathway of the raffinose family of oligosaccharides (RFO) biosynthesis. The key enzyme galactinol synthase synthesizes galactinol using UDP Galactose. Raffinose synthase helps to synthesize raffinose, and stachyose synthase helps to produce tetrasaccharide stachyose by utilizing galactinol, and both these reactions are reversible.

Understanding interactions between micronutrients, such as the synergic effect of Fe and pro-vitamin A carotenoids or the competitive effect of Fe and Zn and bioconversion factors, are essential for the development of nutrient-rich crops. Bioavailability of nutrients depends on endogenous (phytic acid, fiber, amino acids, and proteins) and exogenous factors in seeds. Legumes contain some promoters that enhance the bioavailability of minerals, even in the presence of anti-nutrients. Some promoter compounds are natural plant metabolites, and only minor changes in its accumulation in seeds may be necessary to impact the bioavailability of micronutrients. Inulin is a fructooligosaccharide found in small amounts in raw samples of lentil, chickpea, red kidney bean, common white bean, white bean and faba bean (Rastall and Gibson, 2015). It has a significant positive effect on improving the bioavailability of mineral nutrients in legumes.

Further studies are required to understand the types and amounts of prebiotics concerning in relation to increased bioavailability of minerals. Nicotianamine levels in plants have also shown a positive effect on enhancing Fe concentrations in seeds. Breeders should focus on enhancing the level of promoters such as inulin, β-carotene, histidine, lysine, riboflavin, and selenium, which can increase the bioavailability of Ca, Fe, Zn, Mg, and I (White and Broadley, 2005).




AGRICULTURAL INTERVENTIONS THROUGH BIOFORTIFICATION

Biofortification is the most sustainable approach to increase nutrient concentration and bioavailability in staple food crops. It refers to the procedure of improving the concentration of essential minerals, vitamins, essential amino acids, and fatty acids and reduces anti-nutritional factors enabling nutrient bioavailability in crop plants (Garcia-Casal et al., 2017). Biofortification approaches include the application of fertilizer to the soil or leaves, plant breeding, and genetic engineering (genetic modification and transgenesis) (Figure 3). It is the most economical and cost-effective way to provide nutrient-rich food to most vulnerable people and gives better yield and profit to farmers (Garcia-Casal et al., 2017).
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FIGURE 3. The three approaches for biofortification. (A) Agronomic Biofortification using soil and foliar spray. (B) Genetic Biofortification through breeding using conventional and genomics-assisted breeding. (C) Genome Engineering Biofortification including GM and DNA alteration technologies such as TALENs, RNAi and CRISPR.



Agronomic Biofortification

Fertilizer application for macronutrients (N, P, K, and S) and micronutrients (Zn, Ni, I, Co, Mo, and Se) have a significant impact on the accumulation of nutrients in seeds compared to other micronutrient fertilizers such as Fe that have limited phloem sap mobility. The concentration of minerals in the seed and cotyledon can be increased by optimizing the rate and timing of foliar application and using an approach that combines the application of soil and foliar spray to achieve a higher concentration of grain minerals. During foliar application, the minerals get absorbed by the leaf epidermis and then transported to sink via the xylem and phloem. Increasing the available soil concentration of Zn, Ni, I, and Se can significantly increase their concentrations in seeds, as confirmed by a study on pea and navy beans. Accumulation of Zn in the seed of field pea was positively influenced by the combined foliar application of Se and Zn. Se and I concentrations were improved in edible parts through the combined foliar application with increased Se and I (Poblaciones and Rengel, 2017). However, in the case of Fe, fertilization could not affect the mineral content of the seed. Application of fertilizer either in the soil or through foliar spray is a temporary solution compared to breeding approaches. Therefore, fertilizer application can be one of the effective ways to improve the concentration of nutrients in edible parts in combination with breeding or transgenic approaches.



Genetic Biofortification Through Breeding

Genetic biofortification includes the application of plant breeding techniques to produce crops with higher micronutrient content, moderate to low levels of anti-nutrients, and increased levels of substances that promote nutrient absorption (Bouis, 2003). Breeding approaches have great potential to increase micronutrient density by exploring the existing genetic variation to develop nutrient-rich crop varieties. Considering its sustainability and no regulatory and political restrictions, biofortification through breeding seems to be the most suitable approach for biofortification (Saltzman et al., 2017).

In order to develop a legume genetic biofortification program, the first step involves setting a target micronutrient level for each crop. Among the factors that affect genetic biofortification are available genetic variability and information about genes that control the absorption of the element by roots, translocation to shoots, mobilization in different vegetative parts, and deposition of the element in the edible parts in utilizable forms (Bouis and Welch, 2010). Besides, there are various environmental factors and cultural practices that can affect element accumulation in ds, and dietary factors that affect the absorption and utilization of minerals by the consumer (Bouis and Welch, 2010). Most biofortified products in Asia, Africa, and Latin America have been produced using breeding, while other technologies to develop biofortified products are under development (Garcia-Casal et al., 2017). HarvestPlus2 works with several CGIAR and National Agricultural Research centers from Africa, Asia and Latin America to develop and promote high nutrition content biofortified food crops. According to the HarvestPlus Annual Report (2015), several biofortified crops yellow cassava, orange flesh sweet potato with high levels of β-carotene (over 200 mg/g), iron beans (50–70% more iron content), orange maize, iron pearl millet, zinc rice and zinc wheat] developed through breeding have been released officially in more than 30 countries and are in the testing stage in more than 50 countries. Several studies have reported the efficacy of these released biofortified varieties in improving micronutrient deficiency among target populations (De Moura et al., 2014; Finkelstein et al., 2017).

Micronutrients constitute a very small portion of the total weight of a grain legume; therefore, precision estimation is a pre-requisite for effectively assessing genetic variation for breeding with stable and high element concentration. However, quick, accurate, and inexpensive methods for identifying nutrient-dense genotypes are yet to be identified. If wild relatives are found to be the source of micronutrients, pre-breeding approaches can be used to develop the parent for genetic biofortification. Transgressive segregation of heterosis can be exploited to create a genetic variation for the target nutrient trait in case it is difficult to achieve this through selection (Bouis and Welch, 2010). Any breeding program requires an understanding of the genetics of the target trait in order to select the parental line and breeding method. In addition, clarity on the correlation between nutritional traits and yield and yield-related traits will aid the selection of nutrient-rich lines with higher yields and desired traits (Bouis and Welch, 2010). For instance, a positive correlation between Fe and Zn content in seeds of common bean, peanut, mung bean, wheat, pearl millet, maize, and sesame indicates the scope to simultaneous improve these two traits (Cichy et al., 2009; Pixley et al., 2011; Velu et al., 2012). In the case of chickpea, negative correlation between Zn and grain yield across locations was reported, while a significant negative correlation of Fe with grain yield was observed at one location (Diapari et al., 2014).



Genome Engineering Biofortification

Transgenic approaches are necessary and even advantageous in comparison to breeding in the absence of natural variation in the gene pool of the target crop (Al-Babili and Beyer, 2005). The best example of genome engineering for the nutritional trait is “Golden Rice,” where an advanced transgenic line having 37 mg/g carotenoid was developed (Al-Babili and Beyer, 2005). Despite the positive side of transgenics, researchers have raised concerns related to allergies or intolerance associated with bioengineered or genetically modified crops along with the environmental side effects, and reduced biodiversity (Maghari and Ardekani, 2011; Raman, 2017).

Recent advances in molecular biology have significantly changed the mutagenesis platforms for more targeted and accurate DNA alterations through transcription activator-like effector nucleases (TALENs), zinc-finger nucleases (ZFNs), and short palindromic repeat (CRISPR)–associated protein (Cas9) in legumes and other crops (Curtin et al., 2011; Haun et al., 2014; Michno et al., 2015; Sun et al., 2015; Tang et al., 2016). New technologies like TALENs, ZFNs, RNA interference (RNAi), and CRISPR/Cas9 need to be utilized for the improvement of nutritional traits in legumes. Of the different genetic engineering technologies, RNAi seems to have the edge over others as it is an advanced specific gene silencing technology and a very powerful innovation that can help to develop nutritionally rich and anti-nutrient low crops (Tang and Galili, 2004). RNAi technology has already been used to reduce the level of BOAA in grass pea, to reduce the content of Arah2, an allergen, by 25% in crude peanut extract (Dodo et al., 2008), and develop peanut oils having novel combinations of oleic acid content. RNAi has also been used to generate resistant common bean lines to Beans Golden Mosaic Virus (Bonfim et al., 2007). Suppression of SACPD gene through RNAi has increased resistance to several pathogens in soybean (Jiang et al., 2009). RNAi interventions targeting genes associated with lignin production resulted in enhanced resistance of soybean to Sclerotinia sclerotiorum because of reduced lignin concentration (Peltier et al., 2009). The RNAi approach has also helped in improving oleic acid in soybean. Apart from legumes, it has also been used to improve nutritional quality in maize, wheat, rice, cotton, jute, and tomato (Kusaba et al., 2003; Davuluri et al., 2005). Table 3 summarizes the list of genetic modifications that have taken place so far in legume biofortification.


TABLE 3. Studies on genetic modification in legumes for biofortification.
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GENOMICS APPROACHES TO NUTRITIONAL BREEDING

Genetic biofortification efforts through breeding methods have been partially effective in addressing the challenge of low nutrient content, though not to the extent desired. Therefore, it is essential to exploit the potential of genomics to accelerate the development of nutrition-rich improved cultivars. Details about genetic and genomic resources for important legumes have been extensively reviewed (Pandey et al., 2016; Bevan et al., 2017; Varshney et al., 2018; Roorkiwal et al., 2020). In the recent past, advancements in next-generation sequencing (NGS) technologies have led to a drastic reduction in cost and thereby resulted in making available genomic sequence for major legumes, enabling NGS-based methods for allele mining, candidate genes identification, and high-resolution genetic mapping. Though cost-effective genotyping platforms are available for deploying genomics-assisted breeding (GAB) in major legumes, the cost of high throughput and efficient estimation of nutrients poses a major challenge. The plant genome sequence offers an opportunity to dissect and understand the mechanism for functional characterization of genes involved in nutrient uptake and mobilization. Among legumes, the genome sequence of pigeon pea (Varshney et al., 2012), chickpea (Varshney et al., 2013), peanut (Bertioli et al., 2016; Chen et al., 2016), lupin (Hane et al., 2017), soybean (Schmutz et al., 2010), and common bean (Schmutz et al., 2014) have been completed and can provide the foundation for deploying genomics in legume breeding by detecting the genes responsible for nutritional traits.


Exploiting Genetic Variation of Micronutrients in Legumes

Screening of diverse germplasm is a pre-requisite to understanding the genetic variation for a trait of interest that can be used for breeding to increase the availability of that particular element (McCouch et al., 2013). Genetic variation enables a breeder to exploit heterosis, additive gene effects, and transgressive segregation to improve micronutrient concentration. When the required genetic variation is not available, transgenic approaches can provide additional sources of variation (Francis et al., 2017). Legumes are considered a rich source of nutrients and possess huge variation in the legume germplasm (Table 4). Generally, inductively coupled plasma-Mass spectrometry (ICP-MS) is utilized for mineral estimation; however, it requires expensive equipment, a skilled analyst, and extensive sample preparation. The colorimetric approach that has been used to measure minerals is semi-quantitative and laborious when applied for large-scale screening. In atomic absorption spectrometry (AAS), free atoms absorb light in the form of optical radiation for the quantitative detection of elements present in a sample. X-ray fluorescence spectroscopy (XRF) is also a consistent, high throughput, low-cost system to determine element concentrations in samples; it is classified as being either energy dispersive (EDXRF) or wavelength dispersive (WDXRF) (Singh et al., 2013).


TABLE 4. Macronutrient content in some legumes (per 100 g).
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Identification of QTLs/Genes to Interpret Genetic Architecture Concerning Nutrient Accumulation

Linking genetic data with data on nutrition content is an advanced and accurate approach to identify quantitative trait loci (QTLs) associated with a trait of interest. Nutritional profiling of genotypically characterized diverse set of germplasm (core collection, mini-core collection, a reference set, composite set) can link genetic data to global mineral nutrition (Ghandilyan et al., 2009; Norton et al., 2010). Recently, QTL mapping has been widely used to associate genetic variation with phenotypic variation and provide a reliable tool for gene discovery. The associated region or linked region (i.e., genetic markers) identified through QTL mapping can then be isolated or cloned for identification and analysis of the genes concerned. Molecular mapping of the genome segments that govern nutrient content/concentration has been done in many legumes (Table 5). Studies on understanding genes and processes to improve seed nutritional composition by identifying QTLs were limited to a few nutrients in legumes. For instance, QTLs for seed element concentration has been identified in L. japonicus (Klein and Grusak, 2009), M. truncatula (Sankaran et al., 2009), common bean (Blair et al., 2009, 2010, 2011; Cichy et al., 2009; Casañas et al., 2013), soybean (Zhang et al., 2009; Jegadeesan et al., 2010; Ramamurthy et al., 2014), chickpea (Sab et al., 2020), and lentil (Aldemir et al., 2017). Most of the studies conducted so far to map and tag the gene(s)/QTL(s) controlling micronutrient status in legumes were mostly found to have a quantitative mode of inheritance (Blair et al., 2010). For instance, in the case of Proteus vulgaris, two genes (PvIRT1 and PvIRT2) on chromosome-3 and two genes (PvbZIP2 and PvbZIP3) on chromosome-11 were aligned with QTLs for Fe and Zn (Jiang et al., 2008). The list of identified QTLs in several legumes for various nutritional traits has been presented in Table 5.


TABLE 5. List of QTLs identified for key nutritional traits in some legumes.
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In addition to conventional bi-parental mapping populations, efforts have also been made to exploit the available genetic variation for nutrient factors using genome-wide association studies. This approach has been used to identify markers associated with various key nutrition factors in common bean (Katuuramu et al., 2018; Caproni et al., 2020) and chickpea (unpublished). These identified genes/QTLs, after validation, may be deployed in to develop nutrient-rich legumes.




PROSPECTS OF THE ROLE OF GENOMICS IN NUTRITIONAL BREEDING

Next-generation sequencing-based genotyping technologies can be employed to understand the genetics of nutritional traits using precise marker-trait association (MTA), gene discovery, and functional marker development. Their potential has been proven for various agronomic traits in genetic mapping, marker-assisted selection (MAS), and genomic selection (GS) (Varshney et al., 2014, 2019). GAB approaches such as marker-assisted backcrossing (MABC) and marker-assisted recurrent selection (MARS) can be used for the improvement of single or multiple nutritional traits. Considering their higher cost, difficulty in estimation and the complex genetic mechanism controlling nutritional traits, deploying GS could be beneficial.

Next-generation sequencing-based high-density genotyping methods such as genotyping by sequencing (GBS) and whole-genome re-sequencing (WGRS) enable the identification of large-scale genome-wide SNPs for high resolution genetic and association mapping. For instance, in chickpea, kabuli reference genome and de novo-based GBS assays were used to identify high-quality SNPs for seed Fe and Zn content from 92 desi and kabuli chickpea accessions (Upadhyaya et al., 2016). Similarly, WGRS data on 300 lines from a chickpea reference set (Varshney et al., 2019) along with nutrient content estimation data is being used to identify markers associated with several key nutrient elements (unpublished data). Furthermore, 3000 lines from the global chickpea composite collection are being studied for micro- and macro-nutrient traits and re-sequenced in parallel to identify novel alleles associated with different nutrients (Varshney, 2016). In addition, recently popularized sequencing-based mapping approaches such as “QTL-Seq,” “MutMap,” “Seq-BSA,” “Indel-Seq,” and “Bulked segregant RNA-Seq (BSR-Seq)” can be adopted for mapping nutritional traits. Unique functional allelic variations selected from candidate genes were found to be linked with seed Fe and Zn concentrations in chickpea (Diapari et al., 2014). In the case of soybean, three candidate genes related to seed Fe and Zn storage in maturing seeds have been identified (Liu et al., 2011). In lentil, two SNP markers closely associated with seed Fe and Zn concentrations have been identified (Khazaei et al., 2017).

In addition to trait mapping, transcriptome sequencing has emerged as an alternative to genome sequencing for targeted expressed gene sequencing. Transcriptome sequencing provides an understanding of gene function and the molecular basis of various components related to nutrient mobilization in crops. Identification of candidate genes associated with nutritional traits is plausible from gene expression profiling data of transcriptome assemblies (Pandey et al., 2016). Expression pattern studies in several legume crops have identified genes involved in nutrient mobilization (Küpper and Kochian, 2010; Conte and Walker, 2011). The emerging and promising areas of proteomics that includes proteome mapping, comparative proteomics, post-translational modification, and protein-protein interaction could assist in future nutritional breeding programs (Pandey et al., 2016; Roorkiwal et al., 2020).

Furthermore, metabolomics-assisted breeding can greatly supplement the present breeding strategy for nutritional traits (Hossain et al., 2004; Storozhenko et al., 2007; Fernie and Schauer, 2009; Blancquaert et al., 2014). A complete study of metabolites is required to dissect the genetic basis of metabolic diversity in legumes. Several studies on plant metabolites have been carried out in crops like Arabidopsis, rice, and maize (Keurentjes et al., 2006; Schauer et al., 2006; Chan et al., 2010). The information on the genetic and molecular bases of natural variation in legume metabolomes is still limited. Metabolic profiling for phenylpropanoid and isoflavonoid biosynthesis in Medicago has been reported (Farag et al., 2008). The combination of metabolomics with transcriptomics, high-throughput phenotyping, and bioinformatics tools will enable the detection of candidate genes for nutritional traits.

Along with the study of metabolomics, “ionome” profiling is equally important to gain deeper insights into a physiological mechanism related to nutrient accumulation in seeds (Salt et al., 2008). To estimate mineral/micronutrients and their complex networks, ionomics has emerged as a potential area that enables genome-wide understanding of the dynamics of element accumulation in living systems (Baxter, 2010). It helps identify transporters, sensors, and other components that control the expression of metal transport proteins in legumes (Lahner et al., 2003). Ionome also assists in providing information about gene networks regulating various developmental and physiological processes related to the “ionome” of an individual and ultimately leading to the identification of potential candidate genes involved in element uptake, transport, and storage. Identified genes can be incorporated to develop nutrient-rich crops either through genetic modification or molecular breeding. Details about plant ionome have been extensively reviewed (Salt et al., 2008; Baxter, 2010; Huang and Salt, 2016). To sum up, an integrated approach that combines genomics with proteomics and metabolomics has the potential to identify the true candidate that can be directly deployed using GAB to develop nutrient-rich legume varieties.



CONCLUSION

The incredible advances in plant nutritional genomics provide effective and long-term solutions to the increasing problem of malnutrition. Efforts should be dedicated to identifying candidate genes using MTA and validation and understanding the genetic mechanism of nutrient uptake in crops. Modern breeding techniques like MAS and GS must be used to develop superior nutritionally rich genotypes. Many other modern technologies such as cisgenesis or intragenesis, RNAi, novel DNA editing technologies such as site-directed mutagenesis, and oligonucleotide-directed changes could be deployed to accelerate the process of varietal development. The focus should be not just on identifying nutrient-rich genotypes but also on the bioavailability of the target nutrient. Therefore, joint research efforts from breeders, biotechnologists, physiologists, and nutritionists are required to support and accelerate biofortification programs in legumes.
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Trifolium is the most used pastoral legume genus in temperate grassland systems, and a common feature in meadows and open space areas in cities and parks. Breeding of Trifolium spp. for pastoral production has been going on for over a century. However, the breeding targets have changed over the decades in response to different environmental and production pressures. Relatively small gains have been made in Trifolium breeding progress. Trifolium breeding programmes aim to maintain a broad genetic base to maximise variation. New Zealand is a global hub in Trifolium breeding, utilising exotic germplasm imported by the Margot Forde Germplasm Centre. This article describes the history of Trifolium breeding in New Zealand as well as the role and past successes of utilising genebanks in forage breeding. The impact of germplasm characterisation and evaluation in breeding programmes is also discussed. The history and challenges of Trifolium breeding and its effect on genetic gain can be used to inform future pre-breeding decisions in this genus, as well as being a model for other forage legumes.
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INTRODUCTION

The Trifolium species are among the most important and valuable forage legumes in the world (Russel and Webb, 1976). The genus Trifolium includes more than 250 species with a handful of species having economic importance as forage (Zohary and Heller, 1984) and others having potential for use as future forages. The most widely used species within the genus are white clover (Trifolium repens) and red clover (Trifolium pratense). White clover is the most widely used pastoral legume in temperate zones of the world (Caradus et al., 1996b). It is grown extensively throughout pastoral systems in Europe, western Asia, North America, South America, Australia, and New Zealand. It is of value to agricultural pastures due to the high nutritional value and quality, persistence, wide climatic range of growth, high seed production and ability to fix atmospheric nitrogen (Williams, 1987). While white clover can be grown in a wide range of climates, it is mostly grown in mild to cold temperate climates (Frame and Newbould, 1986).

White clover is an allotetraploid (2n = 4x = 32) perennial legume and exhibits disomic inheritance. The genome size is compact (1C = 1,093 Mb) (Bennett and Leitch, 2011). White clover is a recent allopolyploid that arose 13,000–130,000 years ago through the hybridisation of two diploid ancestors; Trifolium occidentale and Trifolium pallescens (Ellison et al., 2006; Williams et al., 2012; Griffiths et al., 2019). The mating system is highly outcrossing with a gametophytic self-incompatibility system, which develops heterozygous populations (Abberton, 2007; Williams et al., 2012).

Red clover is found natively in Europe, western Asia and north-western Africa. It is grown widely as a fodder crop that is used for silage and hay. Red clover is a diploid (2n = 2x = 14) perennial legume with a genome size of ∼420 Mb (Ištvánek et al., 2014; De Vega et al., 2015). Like white clover, red clover is almost completely self-sterile and produces highly variable populations. Red clover cultivars can be diploid or tetraploid, with the tetraploid cultivars outperforming the diploid cultivars in some agronomic traits (Taylor, 2008).

The objective of this paper is to describe the role of genebanks in Trifolium breeding and what the characterisation of germplasm held in the genebanks means for plant breeding and pre-breeding. The paper will overview past breeding efforts, the importance of genebank and core collections, as well as suggesting avenues to characterise and utilise variation. Figure 1 shows the model framework for Trifolium germplasm characterisation and utilisation. Emphasis will be given to the application for New Zealand agriculture, but examples of research from other countries used in New Zealand as well as globally will be provided.
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FIGURE 1. The deep characterisation of germplasm held in gene banks is targeted to increase germplasm utilisation and the flow of germplasm between institutions and countries. Core collections can be developed from the data produced from germplasm characterisation tools. Future management of germplasm banks will require increased germplasm exploration and characterisation.




ROLE OF TRIFOLIUM SPECIES IN NEW ZEALAND PASTORAL SYSTEMS


White Clover

White clover is often described as the base legume for New Zealand’s pastoral sector. Annually, 1,000–1,200 tonnes of white clover seed is sold in New Zealand and 4,500 tonnes are exported around the world. New Zealand has the highest global export share of white clover seed (57.5%) (Rattray, 2005). The species is commonly used in mixture with grass for grazing. It is tolerant to a range of grazing systems, including dairy and beef cattle, sheep and deer, and is favoured due to its high feed value (Frame and Newbould, 1986). Traditionally, white clover has not been used in hay or silage. The brittleness of the leaves, lack of bulk production and problems with producing well-fermented silage has since been overcome by wilting, chopping and the use of acid additives (Williams, 1987).

The nitrogen-fixing capability of white clover is favourable in a sward as it reduces the need for synthetic fertilisers for the companion grasses. Crush (1987) estimated that white clover has the potential to fix 600–700 kg N/ha/year. However, varying abiotic and biotic conditions can lower nitrogen fixation rates (Lucas et al., 2010). White clover fixes approximately 1.57 million tonnes of nitrogen annually, contributing approximately $1.49 billion to the New Zealand economy (Caradus et al., 1996b).

Fluctuating herbage yields are the result of varying biotic and abiotic stresses such as pests and diseases, drought and differing grazing management, as well as introduced legislation restricting farming practices. Brown and Green (2003) identified one of the main constraints of white clover production as lack of persistence in drought. Warming global temperatures signifies the low performance of white clover under long-term drought (Macfarlane et al., 1990; Sheath et al., 1990; Brown and Green, 2003). The ideal growth temperature for white clover is 20–24°C, and when temperatures are not optimal, production decreases (Harris et al., 1985). The poor performance in drought has significant effects on its production. Studies show that white clover cultivars have fluctuating herbage yield every year in response to environmental stresses (Jahufer et al., 2002; Jahufer M. et al., 2013). This inconsistent performance has been attributed to poor survival through summer drought conditions (Robinson and Lazenby, 1976; Gillard et al., 1989).



Red Clover

Red clover is a perennial clover with a large taproot and high feed value; 25–35% bypass protein (Hoffman and Broderick, 2001). Red clover is not as prevalent as white clover in New Zealand pastoral systems, although approximately 100–150 tonnes of red clover seed is sold in New Zealand annually (Rolston, 2003). Worldwide, it is primarily used as a fodder crop in the form of silage and hay. When used in a pastoral system, red clover is often mixed with white clover in pasture mixes (Kemp et al., 1999; Cassileth, 2010). Red clover does not persist or perform well in intensive grazing systems and is better suited for dry summer areas where less intensive grazing systems are applied (Kemp et al., 1999).

Red clover offers several advantages compared to white clover. These include: (i) faster establishment time and better performance in dry summer environments (Moot et al., 2000; Brown et al., 2005); (ii) more efficient water use in water-limited areas owing to the deep taproot (Taylor and Quesenberry, 1996a); (iii) higher tolerance to pasture pests (Gerard et al., 2017), and (iv) improved nitrogen partitioning when consumed by livestock (Sullivan and Hatfield, 2006; Van Ranst et al., 2011). However, the biggest inhibitor of red clover performance in pastoral systems is the lack of persistence (Ford and Barrett, 2011). The longevity of red clover is generally 2–3 years, and when sub-optimal pasture conditions are present, persistence continually decreases (Hyslop et al., 1999). Red clover persistence is reduced with frequent, hard grazing. Continuous grazing reduces the carbohydrates available in the taproot and increases the vulnerability of the plant to disease. Smith (1989) stated that increased persistence in red clover was correlated with an increased number of plants with more fibrous root systems. The survival and performance of the taproot is a vital aspect of the survival and performance of the plant as a whole (Smith et al., 1985; Brock et al., 2003).

Pests and diseases are most rampant during the establishment of red clover. However, the long-term toll of diseases is a critical issue for red clover. As the sward increases in cover, red clover is more competitive and less susceptible to infection in the sward (Frame, 2019). The predominant crown disease (Selerotinia trifoliorum) and root diseases (Fusarium spp. and Rhizoctonia spp.) are the major diseases of red clover. At the same time, weevils and nematodes are major pests (Hyslop et al., 1999). Often, wounding of the plants from grazing animals leaves the plant open and susceptible to infection and damage. However, usually, the late-flowering cultivars have higher persistence and lead to less damage from pests and diseases early in establishment. There is a positive correlation between ploidy levels and increased resistance to pests amongst red clover cultivars (Hay and Ryan, 1989).

A common animal health issue from grazing red and white clover is bloat. Bloat is often more common in cattle than sheep. The high levels of protein form general gas in the stomach of the animal and when the gas levels become more elevated than the animals’ ability to expulse the gas, bloat occurs (Majack et al., 2003). Pasture mixes containing grass and grazing management plans are utilised to reduce the risk of bloating (Frame and Newbould, 1986).



Minor Trifolium Species

Many Trifolium species are underutilised, or their use is not yet considered economically viable in agricultural systems (Maxted and Bennett, 2001). The importance of the minor species within the Trifolium genus is, however, recognised for: (i) growth in adverse conditions; (ii) research to improve the major species; or (iii) hybridisation with major Trifolium species (Morris and Greene, 2001; Ellison et al., 2006; Williams, 2014; Egan et al., 2020).

Trifolium subterraneum and Trifolium ambiguum are two species that have become popular to use in drought-prone pastoral systems of Australasia and North America (Knight et al., 1982; Virgona and Dear, 1996; Reed et al., 2001; Nichols et al., 2013; Hayes et al., 2020). Trifolium subterraneum, known as “subterranean clover” or “sub clover,” is an annual forage legume species of clover native to the Mediterranean region and western Asia. Of all the annual clovers, subterranean clover has the highest contribution to livestock feed production (Kaur et al., 2017). Subterranean clover is a highly self-pollinating, diploid (2n = 16) species (Ghamkhar et al., 2012; Hirakawa et al., 2016; Kaur et al., 2017). T. subterraneum is a species that is highly utilised in Australia and to a lesser extent in New Zealand (Nichols et al., 2007; Lucas et al., 2015; Olykan et al., 2018). T. subterraneum is well characterised to perform in dry conditions as it buries its burrs in the soil, allowing seed development to happen underground (Suckling et al., 1983; Widdup and Pennell, 2000). Trifolium ambiguum, is commonly known as “Caucasian clover” or “Kura clover.” T. ambiguum can be diploid (2n = 16), tetraploid (2n = 32) or hexaploid (2n = 48) (Bryant, 1974; Taylor and Smith, 1997). Although the ploidy of the species affects some traits, such as flowering date and persistence, the yield is unaffected (Bryant, 1974; Dear and Zorin, 1985). T. ambiguum has a large root system and is favourable in agricultural systems that are exposed to drought conditions (Bryant, 1974; Maxted and Bennett, 2001). T. ambiguum has been used to hybridise with white clover (Ellison et al., 2006; Williams, 2014). The T. repens × T. ambiguum interspecific hybrids have been successful in producing progeny that have advantageous root characteristics (Abberton et al., 1998), and similar forage quality (Marshall et al., 2004) and nitrogen fixation capacity to white clover (Abberton et al., 2000).

Trifolium arvense, Trifolium dubium, Trifolium hybridum, and Trifolium medium are four Trifolium species that are used primarily for research to understand and improve other Trifolium species. T. arvense, commonly known as “rabbitfoot clover” or “hares-foot clover,” is an annual winter clover that is native to Europe and western Asia and grows well in sandy or non-irrigated land (Pritchard et al., 1988). The optimal environment in pastoral systems for T. arvense is short-lived, low fertility pastures (Taylor, 1985; White and Hodgson, 1999). T. arvense can survive for long periods under intense grazing but is often outcompeted by grasses under lighter grazing (Palmer, 1972). T. dubium, known as “suckling clover,” is an allotetraploid (2n = 4x = 30) clover that is native to Europe (Bulińska-Radomska, 2000). It arose from a cross of T. campestre and T. micranthum (Hedlund et al., 2003). T. dubium is often found in the low fertility hill country (Caradus and Mackay, 1989). T. hybridum, commonly known as “alsike clover,” is a clover that originates from Europe and has established throughout temperate regions of the world (Williams, 1951). T. hybridum is a highly self-sterile, short-lived perennial clover (Williams, 1951). It is adaptable to a wide range of conditions and has rapid establishment (Widdup and Ryan, 1994). Therefore, it is often used in the hill country of the South Island in New Zealand for pasture and hay or silage (Williams, 1951; Taylor, 1985). T. medium, commonly known as “zigzag clover,” is a native European perennial species with the ploidy of 2n = 10x = 80 (Merker, 1984; Isobe et al., 2002). It is similar in appearance to red clover but with narrower leaflets and no white leaf markings (Choo, 1988). T. medium is a long-lived perennial clover that prefers damp, acidic soils (Taylor, 1985). T. medium is known to be among the most persistent clover species (Choo, 1988). Although not common in commercial pastoral systems, T. medium has the potential for pasture and hay production (Taylor et al., 1984).



HISTORY OF TRIFOLIUM BREEDING IN NEW ZEALAND

Breeding for Trifolium species in New Zealand commenced in the early 1900s. Early scientists recognised the importance of Trifolium species to farming which aided in the rapid expansion of agricultural production (Caradus et al., 1989). Large investment into the breeding of Trifolium, and the resulting volume of research, has put the Trifolium genus in the position of the most important pastoral legumes to New Zealand pastures.


White Clover

White clover improvement was initiated in New Zealand in the 1870s. The breeding methods used in the past for Trifolium spp. have produced cultivars that perform in a broad range of climates and farming systems (Caradus et al., 1996a). The breeding techniques prevailing in the 1960s were based on increasing the performance of ecotypes and simple phenotypic selection. Recurrent selection, introduced in the mid-1960s (Williams, 1987), is a method of population improvement through the cyclical selection of the best performing plants within and among families, generation after generation, until the population has the selected desired traits (Hallauer, 1992). Hoyos-Villegas et al. (2018) compared among half-sib (AHS) family selection and among and within half-sib (AWHS) family selection strategies in white clover. AWHS family selection was a superior strategy, especially in early selection cycles. In the first selection cycle, AWHS had 2.5% genetic gain compared to 1% for AHS. Hoyos-Villegas et al. (2019) suggested that recurrent selection increased the rate of genetic gain of yield and persistence in white clover cultivars.

Phenotypic breeding methods have been the most common for population improvement and cultivar development in Trifolium breeding. However, the literature is conflicted about how successful these methods have been in increasing the rate of genetic gain. Woodfield and Caradus (1994) stated that the rate of genetic gain for white clover yield and percentage clover in the sward was 6% per decade. However, it was suggested later that the rate of genetic gain was 1.49% per year (Woodfield, 1999). More recently, Hoyos-Villegas et al. (2019) argued that the genetic gain of dry matter yield and clover content of white clover did not reach above 2% per decade. Similar to white clover, the rate of genetic gain in red clover spans a moderate range. The annual rate of genetic gain for forage yield in red clover is estimated at 0.21–1.39% (Riday, 2010; Tucak et al., 2013).

The application of molecular techniques in forage breeding has increased over the last decade (Barker and Warnke, 2001; Woodfield and Brummer, 2001; Wang and Ge, 2006; Zhang et al., 2006; Ravagnani et al., 2012; Walter et al., 2012). The discovery of quantitative trait loci (QTL) for seed and vegetative properties and the development of linkage maps are the first step in the development of marker-assisted selection (MAS) in Trifolium breeding programmes (Barrett et al., 2005, 2009; Williams et al., 2007; Faville et al., 2012). The most recent type of molecular markers used in forages is single nucleotide polymorphisms (SNPs). SNPs provide an efficient way of detecting genetic variation. The markers can identify QTL that control traits and if an association is found, are often deployed into MAS breeding programmes (Barrett et al., 2009; Riday, 2011; Biazzi et al., 2017; Knorst et al., 2019). The development of more cost-effective genotyping techniques such as genotyping-by-sequencing (GBS) is thought to increase the uptake of SNP markers. It will also simplify some of the difficulties that occur in deploying markers in outcrossing species (Elshire et al., 2011; Brummer, 2013).

Caradus et al. (1989) reviewed the advances of white clover breeding in New Zealand. The 1920s saw a continual supply of phosphate to New Zealand, allowing increased pasture production and stocking rate (Caradus et al., 1989). The 1930s focussed on enhancing productivity and persistence in existing cultivars (Woodfield and Caradus, 1994). The breeding objectives changed over time with environmental pressure. The 1950s shifted attention to primary physiological and morphological responses to environmental changes. Stolon density and growth of the stolons concerning the production and persistence of white clover became a focal point in the 1970s. In comparison, the 1980s had an emphasis on whole plant studies and the regeneration rates of white clover. In the 1990’s, different farm and pasture management practices, such as utilising cultivars with a specific leaf size, were incorporated into breeding programmes. The levels of cyanogenesis have been incorporated into the aforementioned breeding targets (Caradus et al., 1989).

The leaf size of white clover, large-, medium- or small-leaved, generally determines the type of production system where the cultivar will be utilised. Large-leaved clovers grows tall and upright and have thick stolons and robust roots. They are used frequently in dairy systems as they perform well in rotationally grazed pastures. Although very productive, they have fewer stolons, reducing the persistence in mixed sward. Medium-leaved clovers are the most robust type of clover, performing very well under a range of grazing management systems, except under very close and continuous grazing (Williams, 1987). Often, large- and medium-leaved cultivars are used together in pasture mixes and grazed on dairy pastures. Small-leaved clovers are low-growing with high numbers of leaves and thin, multi-branched stolons. Their compact and low-growing morphology makes it difficult for grazing animals to uproot the plants. Therefore, small-leaved clover have a high tolerance for rigorous defoliation and are often used in sheep grazing systems (Rattray, 2005).

Four main types of white clover were initially classified in New Zealand pastures as below (Caradus et al., 1989):

• Type 1 or “New Zealand Wild White No. 1,” a very productive, cyanogenic, medium-leaved perennial found in fertile old pastures;

• Type 2 or “New Zealand Wild White No. 2,” a perennial, with denser and smaller leaves and therefore less productivity than Type 1.

• Type 3 or “Ordinary New Zealand White,” a non-persistent clover with medium-sized leaves and moderate growth in the first year but poor growth after that.

• Type 4 or “Lax early-flowering New Zealand and ordinary European,” a non-persistent, near-annual type, with small leaves and low productivity.

Type 1 was superior and led the way to certification and commercial production in 1930 (Caradus et al., 1996b). A breeding programme was created to breed the commercialised Type 1 with pedigree New Zealand Certified Mother Seed. The populations were improved continuously until 1957 when the final selection was completed. In 1964 the lines were released as “Grasslands Huia” (Caradus et al., 1989) and the cultivar is still in use today.

Together with improved farm management practices, white clover cultivars with improved persistence have been developed (Rhodes and Harris, 1979; Charlton et al., 1989; Lee et al., 1993; Caradus and Chapman, 1996). Since the release of “Grasslands Huia,” many white clover cultivars have been bred and evaluated. However, the breeding system of white clover presents some unique challenges to breeders. The allotetraploidy in the species arose out of the hybridisation of two diploid ancestors. T. pallescens and T. occidentale (Williams et al., 2012). This polyploidy and outcrossing nature of white clover has advantages and disadvantages (Comai, 2005). Outcrossing has resulted in high variability both within and between populations, allowing adaptation to a wide range of environments (Hoglund et al., 1985). We showed this high variation through low inbreeding and relatedness level within the collection held at the Margot Forde Germplasm Centre (MFGC) via pedigree analysis (Egan et al., 2019a). In white clover, there is a negative correlation between leaf size and stolon density (Caradus et al., 1996a). Leaf size is used as a measurement of yield under optimal conditions, and stolon density is used as a measure of persistence. Attempts have been made to overcome this issue by improving persistence and herbage yield through crossing small-leaved New Zealand ecotypes and large-leaved introduced germplasm into new populations. This strategy has been successful and has resulted in the development of cultivars such as “Grasslands Demand” and “Grasslands Sustain” (Widdup et al., 1989; Caradus et al., 1997). A study by van den Bosch et al. (1993) showed that selection for elite characteristics of root morphology resulted in a decrease of yield and persistence. Breeders have observed that after the first year, introduced material displays poorer productivity and persistence compared to the New Zealand-adapted cultivars (Caradus et al., 1989).



Red Clover

The first red clover plants imported into New Zealand were from commercial seed companies in England. There has been a lack of recording of New Zealand ecotypes that are adapted from the imported material (Egan et al., 2019b). The most popular cultivar of choice for New Zealand farmers, originally, was the “Broad Red” type. However, second year red clover populations were weak and sparse. The Montgomery type was slower to establish than Broad Red but provided a much more persistent population (Corkill, 1949; Smith et al., 1985; Woodfield, 1999; Wratt and Smith, 2015). The 1920s saw the beginning of trials to determine the best type of red clover to use for New Zealand pastures, and the differences between Broad Red and Montgomery were apparent. Montgomery proved to be more successful for New Zealand pastures and developed into a breeding programme in the 1930s. In 1937, the seed was certified and was classed as New Zealand Montgomery red clover. It was renamed as “Grasslands Turoa” in 1964 (Wratt and Smith, 2015).

The 1930s showed a good establishment of Broad Red clover and several breeding programmes were developed to increase density and yield (Corkill, 1949; Wratt and Smith, 2015; Egan et al., 2019b). In 1946, the successful parents from these trials were certified to be named as the cultivar “New Zealand Broad Red” clover (Wratt and Smith, 2015). This was later renamed “Grasslands Hamua” in 1964 (Levy, 1970). In European breeding activities, increased persistence has been achieved (Abberton et al., 2011; Marshall et al., 2017).

In New Zealand, the development of tetraploid red clover began in 1954, and by 1972 “Grasslands Pawera” was commercialised. Phenotypically, this cultivar is described as a mix between “Grasslands Turoa” and “Grasslands Hamua” (Wratt and Smith, 2015). “Grasslands G27” is another example of tetraploid (Rumball et al., 1997; Wratt and Smith, 2015). “Grasslands G27” was bred from “Grasslands Pawera” with the breeding target of reduced formononetin. Formononetin is the causative hormone that is related to reduced conception and ovulation rates in ewes. Selection cycles continued for seven generations and the final elite population had less than half of the level of formononetin than “Grasslands Pawera” under grazing sward conditions (Rumball et al., 1997).

Tetraploids (2n = 28) have distinct advantages when compared to diploids (Taylor and Quesenberry, 1996b). First, the doubling of chromosomes interrupts the alleles that control self-fertility and often tetraploids exhibit increased numbers of self-fertile plants compared to diploids (Drach et al., 1986). Second, the tetraploid red clover cultivars often outperform the diploid cultivars in dry matter yield and disease resistance (Joensson, 1985; Arseniuk, 1989; Yamada and Hasegawa, 1990; Taylor and Quesenberry, 1996a; Liatukas and Bukauskaitë, 2012). Third, tetraploids are usually larger in most plant structures, including flowers and seeds (Nikovitz, 1985). However, tetraploids have lower seed production compared to diploids, so higher sowing rates are needed. The lowered seed yield of tetraploids has been a major limiting factor in the production of these cultivars (Taylor and Quesenberry, 1996a).

Red clover improvements have been focussed on yield and persistence (Smith et al., 1985; Taylor and Quesenberry, 1996a; Ford and Barrett, 2011; Marshall et al., 2017). The need for increased persistence was recognised in the 1930s and similar to white clover, breeding efforts began by focussing primarily on plant morphology. However, breeding for persistence in red clover has proved challenging. Cultivar development has progressed by selecting for targetted traits such as increased “creeping” phenotypes and stoloniferous features to increase persistence (Williams et al., 2007). “GrasslandsTM Relish” is the most recent New Zealand red clover cultivar in the market. Relish can persist in pastoral systems for 3–4 years; a significant increase than other red clover cultivars (Ford and Barrett, 2011).

Red clover breeding has been more prominent internationally than in New Zealand and is reflected in the abundance of the plant distribution globally (McKenna et al., 2018). Many of the earlier developed cultivars are early-flowering types and lack persistence, as they are most commonly used as a forage supplement crop rather than in a long-term grazing system (Taylor and Quesenberry, 1996a). Despite its lack of persistence, red clover is considered an important component in pastoral systems throughout New Zealand. The cultivars released from New Zealand are agronomically similar to overseas cultivars but are adapted to New Zealand conditions (Egan et al., 2019b). All of the red clover cultivars in New Zealand are synthetics and have been created through the open pollination of multiple elite parents (Wratt and Smith, 2015).

The most prominent finding in red clover has been the discovery of phytoestrogens (Taylor and Quesenberry, 1996a). Phytoestrogens are a plant-derived oestrogen that is structurally and functionally similar to mammalian oestrogens (Patisaul and Jefferson, 2010). Many phytoestrogens are phenolic compounds that belong to the isoflavones group, which is present in many legume species. Further research showed a strong link between high levels of phytoestrogens, specifically formononetin, in red clover, and decreased efficiency in ewe fertility (Rumball et al., 1997). Grazing management has allowed better control over the exposure to formononetin (Shackell et al., 1993a,b). However, the more recent red clover cultivars have been bred with lower levels of phytoestrogen. Five breeding cycles are usually needed to reduce the formononetin to a safe level for the sheep (Wratt and Smith, 2015).



Minor Trifolium Species

The under-utilisation of other Trifolium species in New Zealand has encouraged research into their potential use in pastoral systems. T. subterraneum and T. ambiguum are two clover species that are utilised widely in some countries, showing the potential to introduce the species into farming systems in New Zealand (Abberton, 2007; Nichols et al., 2014a). However, the utilisation of minor Trifolium species in New Zealand is still very low.

The majority of T. subterraneum breeding has been implemented in Australia by improving local germplasm (Taylor, 1985). Francis et al. (1970) summarised the key breeding targets for T. subterraneum as low oestrogen content, leaf marks linked to physiological traits, maturity, burr burial, physiological seed dormancy, hard seededness and resistance to diseases and insects. Similar to red clover, T. subterraneum has high levels of formononetin which is generally selected against early in the breeding programme (Nicholas et al., 1981). Trials across New Zealand have been evaluated to select T. subterraneum lines that have improved persistence and dry matter production (Dodd et al., 1995a,b, c). Recent studies have identified Australian cultivars that are best adapted to New Zealand dryland pastoral systems (Lucas et al., 2015; Olykan et al., 2018). However, more improvement is needed for developing cultivars that fit better to New Zealand environments.

Another important breeding objective in T. subterraneum breeding programmes has been resistance to pathogens and diseases. Pathogens such as clover scorch (Kabatiella caulivora), rust (Uromyces trifolii-repentis), powdery mildew (Oidium sp.), and root rot (Fusarium avenaceum and Pythium irregulare) are common in subterranean clover. There have been many success stories in developing resistant lines (You et al., 2005a,b; Nichols et al., 2014a).

Trifolium subterraneum was the first annual Trifolium species to have a draft genome sequenced. As it is an annual, diploid (2n = 16) species with a small genome (540 Mbp), it has been an attractive species to use as a model Trifolium (Hirakawa et al., 2016). Using T. subterraneum as a model to understand the genetics of traits of interest will provide a pathway to understanding traits in the more genetically complex species from the genus Trifolium and tribe Trifoliae.

Trifolium ambiguum has the potential to become a major forage legume in New Zealand (Taylor and Smith, 1997; Watson et al., 1997; Nguyen et al., 2020). T. ambiguum exists in diploid, tetraploid, and hexaploid forms and is highly self-incompatible at all ploidy levels. Although incompatibility exists between ploidy levels, there have been interploidal hybrids produced (Kannenberg and Elliott, 1962). The significant strengths of T. ambiguum are its longevity and persistence under intensely grazed pastoral systems (Spencer et al., 1975; Dear and Zorin, 1985; Sheaffer and Marten, 1991; Sheaffer et al., 1992; Virgona and Dear, 1996). The breeding efforts thus far have focussed on major agronomic traits such as seed and forage yield, and early and late flowering time, as well as the more complex traits of drought resistance and compatibility with Rhizobium strains (Taylor and Smith, 1997; Williams et al., 2007; Nguyen et al., 2020).

Trifolium ambiguum has been a considerable source of new variation generated through hybridisation with white clover (Meredith et al., 1995; Williams et al., 2019). One of the major goals of T. repens × T. ambiguum hybrids is to introgress the large root system of T. ambiguum while keeping the agronomic performance of white clover (Abberton et al., 1998, 2002; Widdup et al., 2003; Williams and Hussain, 2008; Williams et al., 2019). The biggest challenges in these hybrids are maintaining seed production, slow establishment and producing viable hybrids (Meredith et al., 1995; Taylor and Smith, 1997). T. ambiguum could also be a potential source of virus resistance to white clover. Barnett and Gibson (1975) reported that T. ambiguum showed resistance to a range of viruses including alfalfa mosaic, yellow bean mosaic, peanut stunt and white clover mosaic viruses. Although T. ambiguum, both by itself and as a hybrid, shows promise to become a productive forage legume in New Zealand pastoral systems, white and red clover remain very popular in the farming community due to their continuing high performance (Taylor, 2008).

The breeding system of T. arvense is both selfing and outcrossing (Palmer, 1972). The breeding and research into T. arvense are limited. However, a study by Hancock et al. (2012) used genetic modification (GM) to integrate the transcription factor, TaMYB14, from T. arvense into T. repens. TaMYB14 is involved in the regulation of proanthocyanidin (PA) biosynthesis in legumes. PAs are polyphenolic secondary metabolites in plants and are associated with providing defence against pathogens and herbivores (de Colmenares et al., 1998; Aziz et al., 2005; Dixon et al., 2005). The GM clover has shown promising results in decreasing methane emissions and reducing bloat in livestock (Hancock et al., 2012).

Trifolium hybridum is a self-incompatible, highly outcrossing species. Cultivars are either diploid (2n = 16) or tetraploid (2n = 36). There have been limited breeding programmes with T. hybridum, but wide variability has been shown in agronomic traits, except for persistence (Matthews and Battle, 1951; Townsend, 1964; Widdup and Ryan, 1994; Petroviæ et al., 2014). However, inbreeding in T. hybridum reduces the persistence (Matthews and Battle, 1951). Townsend and Remmenga (1968) assessed both selfed and outcrossed populations to measure the effect that selection for persistence had on the outcrossed progeny. The outcrossed populations had more persistence, but the gain was not enough to continue with selections.

Trifolium medium is highly self-incompatible and has 2n chromosome numbers ranging from 64 to 80 (Quesenberry and Taylor, 1977). T. medium has been involved in several breeding programmes (Taylor et al., 1984). A draft genome of T. medium has been assembled to accelerate breeding advancements in clover breeding (Dluhošová et al., 2018). There have been attempts to produce T. medium × T. repens and T. medium × T. pratense hybrids, but they have been unsuccessful (Anderson and Taylor, 1974; Kazimierska, 1978). T. medium has been successfully crossed with T. sarosiense to bridge the genetic gap between T. medium and T. pratense (Quesenberry and Taylor, 1977). The breeding target of T. pratense × T. medium hybrids is to incorporate increased perenniality into T. pratense from T. medium (Abberton, 2007).

The main breeding programme for T. hybridum in New Zealand was for the development of G41 zigzag clover. This programme focussed more on seed-setting than agronomic vigour (Rumball and Claydon, 2005). For T. medium to be used as a potential forage legume in New Zealand pastoral systems, more research into seed traits and the agronomic and management practices in high-country systems is needed (Daly and Mason, 1987; Taylor, 2008).



ROLE OF GENEBANKS AND GERMPLASM PROSPECTING IN TRIFOLIUM IMPROVEMENT

Modern agricultural and agronomic practices have become very intensive, exploiting almost all areas of farming. Germplasm centres worldwide will play a vital role in food security for the future (National Research Council (US) Committee on Managing Global Genetic Resources: Agricultural Imperatives, 1991; Sharma, 2017; Díez et al., 2018). Approximately 7.4 million germplasm accessions from different plant species have been collected worldwide (FAO, 2010). During the 1970s, there was a rapid increase of the establishment of germplasm centres in developing countries, and today a large volume of germplasm is held in these centres (Plucknett et al., 1983; Nass et al., 1993; Morris and Greene, 2001; Rodriguez-Medina et al., 2019). The role of germplasm in the improvement of plant cultivars has been widely recognised, however, without thorough analysis, the germplasm contained in the centres are of limited use.

Forage legumes are important components of agrobiodiversity, especially in countries where livestock production contributes largely to their GDP. A report produced by FAO (2010) stated that global germplasm holdings had 651,024 forage accessions (accessions are defined as a collection of seed from a defined lineage or cross); 35% were wild species, 13% were landraces (landraces are locally adapted populations of species), 4% were advanced cultivars, 3% were breeding materials, and 45% were others. Of the total genebank accessions collected over the period of 1996–2007, 15% were forages and, in total, contribute to 9% of the major crop groups in total ex situ collections. According to the latest available data, New Zealand holds the largest collections of temperate forage species (Global Crop Diversity Trust, 2020).

The MFGC is the national forage germplasm bank in New Zealand and holds a large Trifolium collection (Table 1; Egan et al., 2019a,b). A key example of the success of germplasm utilisation from the MFGC is the development of the red clover cultivar, “GrasslandsTM Relish” (Ford and Barrett, 2011). Relish was developed on the basis of the initial screening of wild germplasm at the MFGC. However, overall, there is a low utilisation of germplasm in New Zealand Trifolium breeding programmes (Egan et al., 2019a,b, 2020).


TABLE 1. The breakdown of the number of Trifolium accessions recorded at the Margot Forde Germplasm Centre.
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Core Collections

Core collections effectively makes collected germplasm usable and reduces the scale of management required in a genebank and are often used in diversity studies for traits to assess if there is suitable variation for plant breeding Frankel and Brown (1984) proposed the development of core collections as a subset containing a minimum set of accessions that represent maximum diversity of the original collection. The core collection concept has gained more momentum in the last two decades (Basigalup et al., 1995; Johnson and Hodgkin, 1999; Johnson et al., 1999; Marita et al., 2000; Ghamkhar et al., 2008). It was originally used as a management technique (Allard et al., 1993). However, it is increasingly being used for association mapping, trait-gene links for targetting material back in to the original collection and gap finding in the original collection (Abdurakhmonov and Abdukarimov, 2008; Neumann et al., 2011; Kloth et al., 2012; Riedelsheimer et al., 2012; Gupta et al., 2019). The highly characterised accessions within the collection can be used to inform decisions in breeding programmes (Zhang et al., 2019; Abdi et al., 2020).

In New Zealand, the development of a white clover core collection is at an advanced stage. However, there are no immediate plans for a red clover core collection. The core collections will increase the level of germplasm utilisation in the MFGC, and natural variation within the primary gene pool of Trifolium species will be exploited. There are some concerns about core collections potentially leading to the negligence of the original collection. A core collection that does not encompass a considerable amount of the whole collections’ diversity would not serve a purpose (Brown, 1989a). To overcome the potential loss of diversity, Brown (1989b) suggested a simple random sampling method which had high retention of diversity statistics. To ensure that core collections are not formed using misleading information, deep characterisation of the germplasm data associated with the accessions compiled in the core collection is needed (Allard et al., 1993; Singh et al., 2019).



Characterisation of Germplasm in Genebanks

Most of the genetic variation present in genebanks are absent in breeding programmes but could have useful variation for future breeding programmes (Dwivedi et al., 2017; Egan et al., 2019a,b). Although there is increased genetic and phenotypic data on traits, knowledge of all of the accessions in any genebank as a whole, is lacking (Bretting, 2018). When an accession is collected, it is linked with passport data (latitude, longitude, and geographical information), and ecological data. Each time the accession is grown in a trial or for regeneration, it is critical that more phenotypic data is collected to characterise the accession as much as possible in a genebank (Allard et al., 1991). This information may eventually be of use to agricultural needs and breeding programmes (Ghamkhar et al., 2015; Bretting, 2018).

While New Zealand invests heavily into Trifolium research, several other countries have also characterised Trifolium germplasm collections. Zhang et al. (2010) conducted the first study of determining genetic variation of Chinese local white clover germplasm. A study from India by Gupta et al. (2017) assessed genetic diversity of a global red clover collection, procured from the USDA, using SSR markers. Both studies revealed that the accessions were diverse in both morphological traits and molecular marker patterns. A collaborative study between Spain, Colombia and the United States applied predictive characterisation based on ecogeographic information to evaluate target traits in forage genetic resources (Sánchez et al., 2019). Such predictive modelling is a low-cost option to increase germplasm characterisation in relation to a specific trait. More recently, Jones et al. (2020) described a thorough characterisation of European and Asian red clover germplasm through molecular techniques.



PAST SUCCESSES OF USING GERMPLASM IN FORAGE BREEDING

Utilising germplasm held in genebanks has been crucial for the improvement of plant species, and this has been recognised for many years (Ghimiray and Vernooy, 2017). Hybridising species with germplasm or wild relatives has been successful in many plant species. Broadening the breeding pool has introduced increased resistance, yield and variation to be incorporated into populations. Genetic variation is crucial to have in a population, as without variation, the genetic gain cannot be realised (Williams, 1987). Forages have been a group of interest for hybridisation with wild relatives due to the slow rate of genetic gain from conventional breeding (Nass et al., 2012; Hoyos-Villegas et al., 2019). Woodfield and Brummer (2001) suggests that the limited rate of genetic gain could be increased by changing from synthetic varieties to hybrid varieties and could provide better control over traits that would improve performance in the species.

The utilisation of species that occur in the primary and secondary gene pool to the target species have been useful to generate new variation to widen the genetic base and improve species. The primary gene pool is characterised by accessions from the same species, whilst the secondary gene pool are different species than the target species but can still produce fertile hybrids (Acquaah, 2012). Ellison et al. (2006) developed the “white clover species complex,” outlining the species that are closely related and can cross with another in the complex. The key example of using germplasm in Trifolium is the interspecific hybrids of T. repens with T. ambiguum, T. uniflorum, and T. occidentale (Marshall et al., 2008, 2015; Williams and Hussain, 2008; Widdup and Barrett, 2011; Williams et al., 2013; Nichols et al., 2014b,c,d,e, 2015; Williams, 2014; Hussain et al., 2016; Lloyd et al., 2017).

The ploidy of the related species is challenging when developing hybrids. T. uniflorum is a tetraploid, T. occidentale is a diploid clover, and T. ambiguum can exist in the ploidy forms of 2x, 4x, and 6x (Williams et al., 2006; Abberton, 2007; Jahufer M.Z.Z. et al., 2013). The 6x form of T. ambiguum is best suited for agronomic conditions, but this has not been successfully crossed to white clover to produce fertile hybrids. Williams and Hussain (2008) overcame the genetic bridge of T. ambiguum × T. repens by doubling the chromosome number and then backcrossing to white clover until stable tetraploid hybrids were produced. More recently, a study by Williams et al. (2019) used 2x T. occidentale × 6x T. ambiguum as a genetic bridge to hybridise the two species and produce one gene pool.

The advancements of the interspecific hybrids have been successful. Nichols et al. (2014c) showed that T. repens × T. uniflorum BC1 hybrids outperform white clover in drought conditions. Nichols et al. (2014b) identified some T. repens × T. uniflorum interspecific hybrids that were more tolerant of low external phosphate supply. Nichols et al. (2015) studied the response of T. repens × T. uniflorum BC1 and BC2 interspecific hybrids and white clover cultivars in response to drought conditions. The BC1 hybrids maintained photosynthesis under drought and had the highest levels of biochemical compounds that enable a plant to perform in water-stressed environments. The next steps for the progression of the interspecific hybrids are the continuation of selection cycles to improve populations in agronomic traits.

Attempts at hybridisation between other Trifolium species have seen some success (Ferguson et al., 1990). T. nigrescens has demonstrated a close affinity with T. repens and has had successful crosses (Brewbaker and Keim, 1953; Hovin, 1962). T. nigrescens has several useful reproductive traits that could benefit T. repens, including a prolific number of inflorescences. Marshall et al. (1995) showed that T. repens × T. nigrescens hybrid progeny showed intermediate reproductive phenotypes and was a significant increase from T. repens. More recently, Marshall et al. (2008) showed that introgression of reproductive traits from T. nigrescens to T. repens increased the seed yield. Malaviya et al. (2018) investigated the interspecies incompatibility and affinity between T. alexandrinum and 22 Trifolium species. Although there was incompatibility among most of the crosses, embryo rescue and intensive crossing produced successful hybrids.



PLANT BREEDING AVENUES FOR GERMPLASM EXPLORATION AND RETAINING AND MAXIMISING DIVERSITY

Plant breeding relies on diversity in populations to succeed. Without heritable phenotypic variation in the populations, there will be little or no increase in population performance (Govindaraj et al., 2015). However, diversity is a term that has no clear definition. It is broadly referred to as any variation at any phenotypic or molecular level in the species at any given time (Fu, 2015).

Crossing elite germplasm lines to increase the performance of populations has produced cultivars across all major species. However, with the increased loss of genetic diversity in cultivars (Van de Wouw et al., 2010; Keneni et al., 2012), there is an urgent need to introduce wild relatives to widen the genetic base of populations. The hybridisation of wild germplasm into adapted germplasm is generally performed through backcrossing to the elite parent or by recurrent selection. Williams (2010) reviewed the potential value of related species to important crop plants. The related species to the plant of interest comprise the secondary and tertiary gene pools. The hybridisation of a crop with a related species, often termed “crop-wild hybridisation,” to enhance the production has been well practiced (Hoc et al., 2006; D’Andrea et al., 2008; Uwimana et al., 2012). Wild relatives can be a large resource for useful genes due to the adaptation of these plants to varying conditions in their native habitat, and such as temperature, salinity, pH, and geography. Although the amount is unknown, it is clear that the wild relatives hold large economic potential (Feldman and Sears, 1981).

The development of interspecific hybrids through pre-breeding has many challenges, including infertility, linkage drag, inbreeding, and crossing incompatibility (Acquaah, 2012). Despite these challenges, pre-breeding, the early activities used to characterise germplasm that identifies useful characteristics (Acquaah, 2012), has become frequently utilised to develop populations with increased variation (Nass and Paterniani, 2000; Acosta-Gallegos et al., 2007; Sharma et al., 2013). Identifying genetic variation and utilising information from genebanks to plant breeding programmes is an important strategy for continuing crop genetic improvement (Sehgal et al., 2015).

The two major Trifolium species, red and white clover, are recently domesticated forage crops, unlike most other crops. This suggests that they are similar to related wild species (Harlan, 1983). Morris and Greene (2001) defined the components and sizes of the subpools in red and white clover. Cultivars and selection-based populations comprise the first and second components and are larger than the third component of landraces. The fourth and fifth components containing naturalised populations would be large and have the largest amount of diversity. The first, second and third components have been suggested to produce the largest number of cultivars (Rumbaugh, 1990, 1991). Despite the wide variation available in red and white clover, Egan et al. (2019a) showed the clustering among accessions in the MFGC and how one cluster has been utilised to produce the majority of white clover cultivars.


Pedigree Maps and Analysis

Pedigree analysis has been popular in breeding programmes to monitor crosses between individuals to maximise diversity. In the literature, there are more reports of pedigree analysis in animals (Roughsedge et al., 1999; Valera et al., 2005; Leroy et al., 2006; Calboli et al., 2008; Cervantes et al., 2008; Hamann and Distl, 2008; Graczyk et al., 2015) than in crops (Souza and Sorrells, 1989; Gizlice et al., 1994; Sneller, 1994; Navabi et al., 2014). Although pedigree analysis is typical in animals as both parents are known, it is an important method that enables the tracking of crosses of plant germplasm accessions (Philipp et al., 2018).

The development of a pedigree map allows a visual representation of population structure and determines the effect of human-based decision making. Pedigree maps show past breeding performed, and breeding pools can be identified (Holland et al., 2003). It is not crucial that all of the mating relationships are recorded, although indeed helpful (Shaw et al., 2014). Phenotypic and genotypic information can be added to pedigrees to add depth and knowledge which aids in selection cycle decision making (Breseghello and Coelho, 2013), and can increase the genetic gain in a breeding cycle (Riday, 2011). However, the large and complex nature of pedigree data sets provides perceptive limitations in building, visualising and analysing large pedigrees (Shaw et al., 2014). Genetic factors of populations can be described by deriving pedigree-related coefficients such as kinship, inbreeding, the effective number of founders and the effective population size (Falconer, 1996; Bernardo, 2010; Voorrips et al., 2012). The information obtained from pedigree maps and analysis enables faster and more efficient breeding decisions (Holland et al., 2003). Pedigree analysis on white clover (Egan et al., 2019a), red clover (Egan et al., 2019b), and minor Trifolium species (Egan et al., 2020) germplasm collections in New Zealand have been performed. High diversity was found within all collections.

Where available, molecular tools are utilised with pedigrees in mixed models (Graner et al., 1994; Melchinger et al., 1994; Bink et al., 2002; Janick, 2003; Dreisigacker et al., 2004). The main limitation of pedigree analysis based only on parental data is the accuracy of the parental data (Egan et al., 2019a). The integration of molecular markers to validate pedigrees has become increasingly popular to confirm results (VandeBerg et al., 1990; Smith et al., 2000; Paiva et al., 2011; Daetwyler et al., 2012).



Genome-Wide Association Study

The ability to describe the relationship between genotype and phenotype has become increasingly important with increased pressure on the performance of crops (Liu et al., 2018). A genome-wide association study (GWAS) is a method that involves scanning the genome using DNA markers to detect associations with phenotypic traits. GWAS was first developed in human genetic before becoming utilised in plant species. It is a powerful tool to identify QTL and causative SNPs in both simple and complex traits.

GWAS has become common for analysing simple traits and for furthering the understanding of the genetic architecture of complex traits, i.e., the number of loci that contribute to a trait and the relative contribution to the phenotype. Complex traits are controlled by many rare variants having a sizeable phenotypic effect or, common variants resulting in a small phenotypic effect (Korte and Farlow, 2013). Many of the traits that are breeding targets in forages are complex, so GWAS is promising to identify genomic regions controlling traits (Korte and Farlow, 2013). However, simple traits underpinned by a small number of loci with large effect sizes, are typically best suited for GWAS. The effect of rare variants is difficult to prove through GWAS due to lack of statistical power (Acquaah, 2012).

Genotyping-by-sequencing has become a standard sequencing method to use in GWAS studies due to the low cost, high throughput and robustness of the method (Sonah et al., 2015; Sakiroglu and Brummer, 2017; Han et al., 2018). Restriction enzymes are used to reduce genome complexity and the number of repetitive elements. GBS was first developed by Elshire et al. (2011) and is suitable for outbreeding populations as genome-wide allele frequency profiles can be calculated in pooled samples. However, GBS can pose challenges in the form of low sequencing depth and missing genotype calls (Ashraf et al., 2016).

The history and successful development of GWAS techniques have been well documented (Ikegawa, 2012; Visscher et al., 2017). GWAS have been successful in identifying novel variant-trait associations (Tam et al., 2019; Jones et al., 2020) and allowed marker-assisted selection breeding programmes in forages to be developed (Hayward et al., 1994; Barrett et al., 2001, 2006, 2009; Dolstra et al., 2007; Roldán-Ruiz and Kölliker, 2010; Riday, 2011). However, the number of GWAS studies in forages compared to other crops is low. The highly heterozygous and outcrossing nature of forages makes finding and validating associations more complex compared to other crops that have a closed mating system. Although the overall number of studies is low, there have been numerous GWAS studies in alfalfa that have identified regions of the genome that control forage yield, nutritive value (Sakiroglu et al., 2012), forage quality traits (Biazzi et al., 2017), as well as plant growth and forage production under abiotic stresses (Liu and Yu, 2017). Significant marker-trait associations have been identified in ryegrass (Brazauskas et al., 2011; Fè et al., 2015; Arojju et al., 2016). There has only been one reported GWAS in white clover where Inostroza et al. (2018) identified 53 loci associated with cold-tolerance traits.



FUTURE DIRECTIONS

Prospects for tools and breeding targets for future Trifolium improvement could include landscape genomics, disease and pest resistance, male sterility, improvement of the phenomic and genomic tools available to breeders, adaptation to climate change, methane output traits, and isoflavones.

Landscape genomics, the study of adaptive evolution in species in response to the landscape, has increased in uptake in the past decade (Li et al., 2017). The ability to link the genotype to the phenotype, or ecosystem service, will allow a better measurement of the holistic behaviour of the species and the maximisation of ecological services. Incorporating landscape genomics into pre-breeding programmes will provide a more informed view of Trifolium breeding and further characterise germplasm.

While disease and pest resistance have historically been at the forefront of Trifolium breeding programmes (Wong and Latch, 1971; Voisey et al., 1994, 2001; Murray, 1996; Woodfield and Caradus, 1996; Eerens et al., 2001; Scott et al., 2001), in recent decades, production-based traits have become more prominent breeding targets (Annicchiarico, 2003; Barrett et al., 2005, 2009; Cogan et al., 2006). The loss of focus of disease and pest resistance is a weakness to Trifolium breeding programmes, as warmer temperatures induced by climate change are predicted to provide ideal conditions for pests and diseases (Rosenzweig et al., 2001; Juroszek and Von Tiedemann, 2011; Luck et al., 2011; Bebber et al., 2013).

The possibility of using new chemical agents for the induction of male sterility could play a major role in hybrid clover seed production in the future (Easterly et al., 2019). Sterile male plants increase the feasibility of producing hybrids of cross-pollinated species that traditionally utilise a population improvement method. As the male aspect is controlled, the improvement of both parents and the need for a population improvement scheme is reduced.

Continuing to improve the phenomic and genomic tools available to breeders will continue to be an area of research that is needed to accelerate the rate of breeding programmes (Varshney and Dubey, 2009; Perez-de-Castro et al., 2012). Continuing to map loci to the genome will further improve the genomic tools available to breeders. To match the tools available to genetic gain, better phenotyping capacity and tools will be crucial in the future. Although there is variation available in germplasm banks, there is currently no high-throughput phenotyping methods for structural traits, i.e., root characteristics, as opposed to morphological traits, and this will be an undesirable bottleneck in improving germplasm. These methods will not only need to focus on carbon uptake but water, nitrogen and phosphorus too. Developing high-throughput phenotyping tools will allow deeper characterisation of Trifolium germplasm and could increase germplasm utilisation.

Improved traits related to climate change and sustainability in animal production and health will be a key area of future research. Adaptation to climate change through traits such as drought tolerance and increased nutrient efficiency will be a prominent area of research for Trifolium breeding programmes. White clover has a shallow root system (Caradus et al., 1989) and exploring the natural variation in root traits will be key for adaptation to change in hill country farms on the east coast of New Zealand. Currently, both red and white clover have high methane output from the animal gut (Waghorn et al., 2002; Hammond et al., 2011). There is increased urgency to reduce methane emissions from farming (Moumen et al., 2016), so germplasm screening for accessions with less methane emission potential will be critical. A continuing effort will be needed to screen red clover germplasm for low levels of isoflavone content to reduce the risk of ewe infertility (Kelly et al., 1979; Mustonen et al., 2014).



CONCLUSION

As the global population increases, so will the intensification of agriculture. Like many major crops around the world, revitalisation and expansion of Trifolium breeding will have significant challenges. Breeding targets will encompass increasing pest and disease resistance and adaptation to anthropogenic climate change, while elevating forage quality and production. There are also the impending sustainability goals of countries with a policy to have a minimal environmental footprint in the future.

The history and challenges of Trifolium breeding can provide context as to why there has been a slow rate of genetic gain. The development of novel populations, such as Trifolium interspecific hybrids with better performance in adverse conditions could reduce farm input. Utilising germplasm will become crucial to accelerate the pace for reaching the global goals of increased productivity and sustainability. Both the public and private sectors will have to work in harmony to meet these goals, utilising these untapped resources while developing innovative methods in forage breeding.

Increasing funding for pre-breeding research could generate more genetic diversity potentially of use in breeding programmes. This may lead to the next generation of clovers adapted to future climate scenarios. Pedigree analysis and GWAS are among methods that can help genebank managers and breeders to understand the variation and population structure present in the germplasm of each species. Such methods could also inform intra- and inter-population recurrent selection progeny-based methodologies.
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In the human diet, particularly for most of the vegetarian population, mungbean (Vigna radiata L. Wilczek) is an inexpensive and environmentally friendly source of protein. Being a short-duration crop, mungbean fits well into different cropping systems dominated by staple food crops such as rice and wheat. Hence, knowing the growth and production pattern of this important legume under various soil moisture conditions gains paramount significance. Toward that end, 24 elite mungbean genotypes were grown with and without water stress for 25 days in a controlled environment. Top view and side view (two) images of all genotypes captured by a high-resolution camera installed in the high-throughput phenomics were analyzed to extract the pertinent parameters associated with plant features. We tested eight different multivariate models employing machine learning algorithms to predict fresh biomass from different features extracted from the images of diverse genotypes in the presence and absence of soil moisture stress. Based on the mean absolute error (MAE), root mean square error (RMSE), and R squared (R2) values, which are used to assess the precision of a model, the partial least square (PLS) method among the eight models was selected for the prediction of biomass. The predicted biomass was used to compute the plant growth rates and water-use indices, which were found to be highly promising surrogate traits as they could differentiate the response of genotypes to soil moisture stress more effectively. To the best of our knowledge, this is perhaps the first report stating the use of a phenomics method as a promising tool for assessing growth rates and also the productive use of water in mungbean crop.

Keywords: high throughput phenotyping, plant phenomics, growth rate, mungbean [Vigna radiata (L.) Wilczek], drought, water use index, soil moisture stress


INTRODUCTION

In the human diet, particularly for most of the vegetarian population, mungbean (Vigna radiata L. Wilczek), a legume, is an economical and environmentally friendly source of protein (20.97–31.32%) (Yi-Shen et al., 2018). It provides a major amount of proteins (240 g kg−1) and carbohydrates (630 g kg−1) and a range of micronutrients in diets (Nair et al., 2013). Mungbean, being a short-duration crop (~60–70 days), fits well into different cropping systems dominated by staple food crops such as rice and wheat and the crops broadly cultivated in many Asian countries as well as in the sub-Saharan Africa, dry regions of southern Europe, warmer parts of Canada, and the USA (Nair et al., 2013; Hou et al., 2019). However, this crop in the agricultural landscape is invariably featured by abiotic stresses such as water scarcity, heat stress, salinity, waterlogging, and low soil fertility (Kaur et al., 2015; Bindumadhava et al., 2016). Despite its relatively better stress adaptability than staple cereals, mungbean is vulnerable to the adverse effects of climate change (Sharma et al., 2016). This can be a significant food security concern for countries such as India that often import a large number of pulses to meet their domestic requirement (Reddy, 2013). The productivity of this crop can be enhanced by introgressing tolerance to stresses caused by heat and drought. The exploration of genetic stocks and dissecting traits contributing resilience to water scarcity is crucial (Reynolds et al., 2016; Singh and Singh, 2016).

Mungbean genotypes that cover the ground rapidly with more biomass accumulation (showing early growth vigor) using the residual or stored soil moisture from preceding crops are a target for crop improvement programs (Nair et al., 2019). The crop growth rate estimation based on the plant biomass data at different intervals (Ajlouni et al., 2020) is a challenge for plant breeders while selecting the best out of thousands of progenies, requiring periodic, and destructive sampling (Walter et al., 2015). This process is tedious and expensive, which also pushes us to miss a few promising lines (Montes et al., 2011).

Currently, there is an increasing focus on the traits contributing to drought tolerance and their linkages with genes, which can be introgressed to a desired agronomic background through conventional and/or molecular breeding approaches (Richards et al., 2010; Reynolds et al., 2016). The power of predicting a relationship between the traits and genes can be robust if a large set of genotypes are screened phenotypically for a desired trait or set of traits (Tester and Langridge, 2010). Several traits have been reported to be associated with drought tolerance; however, it is feasible to use a few of them for screening a large number of genotypes by conventional methods (Reynolds et al., 2016). The early growth rate is very critical for the higher water-use efficiency of plants like mungbean at the canopy level as it can help prevent evaporative loss of moisture through the soil surface. High-throughput phenotyping methods are highly essential, particularly for this type of trait.

The solution for the identification of genotypes with such a trait has now emerged in the form of high-throughput plant phenomics tools that are non-destructive, precise, and rapid as they harness the power of multi-dimensional imaging science, information technology, and automation tools (Furbank and Tester, 2011; Al-Tamimi et al., 2016; Chawade et al., 2019; Zhao et al., 2019). Imaging systems sense a different fraction of electromagnetic radiation (EMR) wavelength bands reflected by the plants instantly as well as dynamically in a way to inform their responses to environmental stimuli. These non-destructive phenomics technologies focus on several traits, which, directly or indirectly, reflect chlorophyll content, the plant water content, biomass, and growth potential (Andrade-Sanchez et al., 2014). These technologies have become an integral component of phenotyping platforms, which combine the plant growth in an automated controlled environment with a high-throughput non-invasive imaging to relieve bottlenecks of the phenotype data collection (Al-Tamimi et al., 2016). For precisely extracting the desired information about the plant phenotype from these imaging cameras, phenomics protocols need to be optimized for continuous monitoring of plant growth and its response to environmental stimuli such as soil moisture (Zhao et al., 2019).

Several attempts have been made to optimize the methods for phenotyping the responses of plants to soil moisture deficit (Al-Tamimi et al., 2016). However, the image-based methods for one crop may not apply to others due to a vast diversity in plant architecture across crop species, and the target environments may vary widely too (Stewart and Peterson, 2015). Hence, we conducted this study with a dual objective of optimizing phenomics protocols to identify the mungbean genotypes that accumulate biomass rapidly and to classify them as high and less water-consuming types based on their water-use indices.



MATERIALS AND METHODS


Mungbean Germplasm

In the present study, 24 mungbean genotypes that were earlier evaluated for plant traits such as grain yield, a reaction to mungbean yellow mosaic virus disease (Nair et al., 2017), mineral and phenolic contents (Nair et al., 2015) were chosen, including locally adapted varieties (Supplementary Table 1). Two experiments were conducted to optimize high-throughput phenotyping protocols.



Plant Growth Conditions

In the first experiment, plants were grown initially under open air (natural) conditions outside a greenhouse in 12-inch-diameter plastic pots (Nisarga 302) filled with 14 kg clay loam soil. Physico-chemical properties of the soil were as follows: pH 8.4, EC 0.24 dSm−1, organic carbon 6.3 g kg−1, 170 kg nitrogen, 17 kg phosphorous, and 140 kg potash ha−1, 72% clay, 24.4% sand, and 4% silt. Eight seeds were sown in each pot, and later only three seedlings were maintained. These pots were shifted to the greenhouse 30 days after sowing. Inside the greenhouse, temperatures were maintained at 32/24°C day/night, 50–65% relative air humidity, and 450–750 μmol m−2s−2 PAR. Three pots each for well-watered and water-stressed treatment were maintained (as replicates) for each genotype throughout the experiment.

In the second experiment, the growing conditions were almost identical as described above except that the water stress was imposed by depleting soil moisture while keeping the control with the soil moisture level of 60–80% of the field capacity (FC).



Gravimetric Assessment of Soil FC

Air-dried soil was ground to pass through a 5-mm sieve at room temperature to determine FC. Water holding capacity was assessed by using a gravimetric method (Canavar et al., 2014). Five pots, filled with soil as described in the previous section, were kept in a tray containing water, and the soil was allowed to absorb water through drainage holes at the bottom of the pots by capillary action overnight. The wet surface on the top layer of the soil was considered as an indicator of the completion of capillary action, and hence allowing the absorption of soil moisture up to the FC. Then, excess water was allowed to drain by moving the pots carefully to empty trays without water until there was no sign of water droplets dripping from the pots. The FC was calculated based on the initial dry and final weights of the pots. The pot weights were observed every day, and the reduction in pot weight was used to calculate relative water losses. Nearly 80 and 50% of water at FC were maintained in well-watered and water-stressed treatments, respectively.



Watering and Weighing

In automated plant phenotyping platforms, plants were watered at the watering/weighing station by using the peristaltic pumps that supply water or nutrient solutions either as a predefined fixed volume or as an individually calculated amount being the difference of a carrier (including pot) weight to a predefined target weight. There were no mineral deposits and algal growth on the soil surface area that could affect the image background quality seen as particle fluorescent signals. During watering (target volume) with a high-throughput system, both weights before and after watering were measured and recorded in the database to estimate the water consumption of plants per day. These values were used for determining a water-use index (WUI).



Image Acquisition

Plants were imaged regularly by using a Scanalyzer 3D imaging system (LemnaTec GmbH, Aachen, Germany). The images of plants were acquired by using light in the visible range of the electromagnetic spectrum, and five-megapixel color images of the plants in each pot were captured in the top view and the side view (Figure 1) at two different rotations (0°, side view 1; 90°, side view 2). High-resolution cameras (piA2400-17gc CCD cameras; Basler, Ahrensburg, Germany) placed at the top and sides of imaging chambers were engaged for capturing the images in the visible range (400–700 nm) of the electromagnetic spectrum. Near-IR (NIR) images in the top view and two side views (0°, side view 1; 90°, side view 2) were acquired by using a NIR-300 camera (NIR-600PGE, Allied Vision Technologies GmbH, Stadtroda, Germany). The camera had a spectral sensitivity of 900–1700 nm and an optical resolution of 320 × 256 pixels. The water absorption band at 1450 nm is the strongest absorption feature in this spectral region, and the NIR signal has been used to estimate the water content in shoots (Seelig et al., 2009). Since the object recognition in the gray-scale NIR images is difficult, the identified object from the red green blue (RGB) images was used to create a mask for overlaying with the NIR images. The mean gray value (8-bit scale) of the identified objects from both NIR images was calculated, where the high values represent a high reflectance and indicate a low water content while the low gray-scale values represent a high absorption and high water content. In addition, IR cameras (IRC-320LGE, Allied Vision Technologies GmbH, Stadtroda, Germany) were engaged to capture the images to interpret the plants' surface temperature.


[image: Figure 1]
FIGURE 1. Red green blue (RGB) image of a mungbean genotype IC-415144 on the top view (A) and side view (B) represents the same plant from 0 to 37 days of control and water stress treatments.




Image Analysis and Data Mining

The LemnaGrid software (LemnaTec GmbH, Würselen, Germany) was used for image analysis (Supplementary Figure 1). To get the best segmentation of the plant image from the background, a region of interest was defined to get the entire plant's image, excluding the visible parts of the imaging hardware (e.g., lifter/turner). Plants were segmented from the background by using a nearest-neighbor color classification. The noise was removed through erosion and dilatation steps before composing all parts identified as a plant to one object. Since the plants' height did not vary significantly, there was no need of accounting image pixels for the changing distance effect. The output from the image analysis was then converted into a data table for various image parameters through the Data miner software (LemnaTec GmbH, Würselen, Germany). We generated the data on 18 different parameters (Supplementary Table 2) for each of the three acquired images (top and two side views) for each of the plants. There were 42 different parameters depicting only the plant geometry available to predict the biomass of plants for growth responses to different levels of soil moisture.



Measurement of Actual Plant Biomass

Plants were harvested 67 days after sowing. The leaf and the stem fresh weights (g) per pot were determined and also on a single-plant basis by harvesting manually the shoot (above ground) using a medium-scale balance (Model Ohaus R21PE30). The sum of leaf and stem fresh weight was considered as the total shoot biomass. Dry weight was recorded after drying the harvested shoot biomass in a hot air oven at 65°C till constant tissue weights were obtained.



Selection of Biomass Prediction Model

In order to assess plant growth through a time scale, eight different growth models viz. linear model (LM), random forest (RF), step model (SM), elastic net, gradient boosting machine (GBM), principal component (PC), partial least square (PLS) regression, and multivariate adaptive regression splines (MARS) were applied by using machine learning algorithms. Actual measured fresh biomass was used as a reference for predicting the biomass from all the geometric parameters of each of the images acquired from the three different views of the plants. The suitability of each model was judged on how well it approximated the data based on a best-fit analysis using mean absolute error (MAE), root mean square error (RMSE), and R2 values (Tables 1A–C). The following formulae were used for assessing these parameters.
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where N represents the total number of combinations tested for the validity of the model with relatively higher mean R2 (R-squared), and less MAE and RMSE were used to finalize the model for the prediction of the biomass of all the plants for all the days. R2 inevitably increases with additional predictors within one data set. However, a cross-validation error decreases only as long as the additional predictor improves the prediction accuracy of the model in an independent data set (Golzarian et al., 2011). The cross-validation analysis was performed by using the R package “DAAG” (Bay and Schoney, 1982; Rahaman et al., 2017). Based on all these analyses, the PLS was prioritized for the prediction of biomass, which was used to estimate growth rates and a WUI (Supplementary Table 3).


Table 1. Validation parameters for different machine learning algorithm-based prediction models employed for predicting fresh biomass.
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Growth Rates and WUI

Growth rates were calculated for the entire experimental period or at different phases of plant growth by using the following formulae (Williams, 1946).

Absolute Growth Rate (AGR) [gd−1]
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Relative Growth Rate (RGR) [gg−1d−1]

[image: image]

where “PFB” refers to the predicted fresh biomass, “tk” and “tj” are the final day and the initial day, respectively, of the time interval at which the growth rate was computed.

WUI (in mg PFB ml−1) was computed by using the following formulae,
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where cumulative “WU” refers to the total amount of water utilized for both transpiration and evaporation process during the interval between “tk” and “tj.” WUCum and PFB refer to the cumulative use of water and the predicted fresh biomass on a particular day. AGR and RGR refer to the absolute growth rate and relative growth rate during the interval between tk and tj.



Broad Sense Heritability

Heritability of WUI_RGR was calculated by adopting the formula compiled by Schmidt et al. (2019) and by using the “H2cal” function of “agridat” package in R. The following equations were used for the estimation of heritability (H2) by a standard Cullis et al. (1996) and Piepho and Möhring (2007) method, which have been explained in the notes given in Supplementary Table 4.

Standard method
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where [image: image] is the genotypic variance and [image: image] is the phenotypic variance.

Cullis method

[image: image]

where [image: image] is the genotypic variance and [image: image] is the mean variance of a difference of two genotypic BLUPs (best linear unbiased predictor of genotype main effects) as explained by Covarrubias-Pazaran (2019).

Piepho and Mohring method
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where [image: image] is the genotypic variance and [image: image] is the mean variance of a difference of two genotypic BLUEs (i.e., adjusted means based on best linear unbiased estimators for genotype main effects) as explained by Covarrubias-Pazaran (2019).

Heritability analysis of WUI parameters was carried out with the data generated during the first 3 weeks after imposing water stress by taking into consideration the variances due to replication, treatment (T), days after treatment (DAT), and genotype (G) in addition to an interaction effect between G × T, G × DAT, and G × T × DAT as they all contribute to a phenotypic variance.



Statistical Analysis

Specific models were selected based on the MAE, RMSE, and R2 by using the statistical package “Caret” in R (Kuhn, 2008). We employed the smooth spline function of the Growth Pheno package designed for R (Brien, 2020) to fit a spline to all predicted biomass values. The fitted spline derivatives were obtained, and the AGR and RGR were computed by using them. By default, the smooth spline will issue an error if it is not having at least four distinct x-values. On the other hand, fit splines issue a warning and set all smoothed values and derivatives to NA. The handling of missing values in the observations is controlled via na.x.action and na.y.action.

ANOVA was carried out with general linear models (GLMs) by using the “agricolae” package in R. Data were tested for normality and log-transformed if necessary to satisfy the assumptions of the statistical methods. The Duncan Multiple Range Test was implemented for pairwise comparisons of means. Any pair of means annotated with the same letter in graphs indicate the absence of a significant difference at 95% CI.




RESULTS


Performance Evaluations of the Proposed Model

For the selection and evaluation of the model, we used the “Caret” package of R as it takes information from different machine learning packages such as RF and PCL. It allows nearly identical lines of codes for different models including those selected for the present study (Kuhn, 2008). Further, this automatically resamples the models and conducts parameter tuning. This enables one to build and compare models with very little overhead.

Preferring the features for regression over the classification for prediction, we selected eight machine learning models for the prediction of fresh biomass and evaluated their performance. When there is a sufficient data set, conventionally, the data are split into training and test data sets. However, we used a whole set of corresponding data of image features on the final day of the experiment when the actual biomass was estimated. This set of data was not sufficient to split into training and test data for some of the chosen models. So, instead of splitting the data into training and test data sets, we preferred realistic model estimates through built-in resampling. We used a train function of the Caret package to predict the best regression model and extracted the best model with an attribute “final.model.” The training set up for the resampling had repeated CV as a method, 10 times sampling each with five repeats. The object created by this function was used for the performance evaluation of the models in the prediction of biomass. During this exercise, we considered that the goal of a predictive model is to predict the data, which were never seen before, and hence attention was made to retain the same data structure for modeling data sets in order to develop a model that will predict new data sets.

The resampling approach enabled the computation of realistic R2 values as it involved subsetting of data and using them repeatedly for prediction as if they are a new set of data. The process of carrying out this exercise over and over again is referred to as resampling, which allows a possible bias and omission of outliers to get the best prediction model. This process provides a realistic R2 to explain the performance of the model with a new data set and those can also be used for a comparison of models. This is in contrast to the conventional approach of R2 without sampling, which is not a realistic measure of how well the model is likely to perform on a new data set.

R2 is the proportion of variation in the outcome that is explained by the predictor variables. In multiple regression models, R2 corresponds to the squared correlation between the observed outcome values and the predicted values by the model and is often referred to as the coefficient of determination. The higher the R2, the better is the model. Other measures for the performance of the evaluation of prediction models were RMSE and MAE. RMSE measures the average error performed by the model in predicting the outcome for an observation. Mathematically, the RMSE is the square root of the mean squared error (MSE), which is an average squared difference between the observed actual outcome values and the values predicted by the model. So, the lower the RMSE, the better the model. MAE measures the prediction error. Mathematically, it is an average absolute difference between the observed and predicted outcomes, and hence if MAE is lesser the better the model.

Conventionally, Akaike's information criteria (AIC) and Bayesian information criteria (BIC) are the commonly used unbiased estimate of the model prediction error MSE, a metric developed by the Japanese Statistician, Akaike (1970). The basic idea of AIC is to penalize the inclusion of additional variables to a model. It adds a penalty that increases the error when including additional terms. The lower the AIC, the better the model. On the other hand, BIC is a variant of AIC with a stronger penalty for including additional variables to the model. A prediction model with lower values of AIC and BIC is considered better than the model having higher values for these estimates.

AIC, which is defined as AIC = 2k−2ln(L), can be employed for the evaluation of the accuracy of multivariate models like linear multiple regression, where the number of parameters (k) is actually the number of predictors used in the multivariate regression. In addition, AIC computation requires ln(L), which is a log-likelihood possibly for multivariate LMs. In contrast, the multivariate computation that involves RF is not fitted by using maximum likelihood and there is no obvious likelihood function for it. The second problem is the number of parameters k, for RF being not clear and any of the parameters such as number of trees, their depth, number of splits if used in the computation of AIC, can be misleading. Hence, for evaluation and comparison, we used the features of Caret package (Kuhn, 2008) that enables the computation of the realistic MSE, RMSE, and R2 values by bootstrap resampling with 25 repetitions—this is the default resampling approach in caret. In our study, there was a marginal difference in the generally computed, but an unrealistic, R2 value, and the realistic R2 values were extracted from resampling.

The influence of a number of randomly selected predictors on the performance of the model is one of the concerns in arriving at the best performing model, but the best value cannot be derived analytically and will be different with different data. Hence, to get the best performance model for each of the machine learning algorithms, the inbuilt features were used for tuning parameters, and the best performing models within each of the machine learning algorithms were used for final comparisons.

For the reason explained above, we preferred the most widely used performance evaluation metrics of MSE, RMSE, and R2 values along with their statistical parameters (mean, median, and quartiles) computed for all the samples of each of the eight models viz. LM, RF, stepwise regression model (SM), GLMnet, GBM, PC analysis, PLS regression, and MARS for the prediction of biomass. The Results revealed that PC and PLS were relatively more efficient with relatively low values for MAE and RMSE and high R2 values (Table 1, Figure 2). Though the RMSE values of GLMnet were relatively lower, the range was wider than PC or PLS. However, we preferred PLS over PC as a cross-validation revealed that the least RMSE could be achieved with a minimum number of components relative to the latter model (Supplementary Figure 2). In addition, 93% of the variance was explained by only three components in PLS while PC used nine components.
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FIGURE 2. Quantitative relationship between the predicted fresh biomass (PFB) from image-features and the observed plant fresh biomass. Scatter plots of the manually measured plant biomass (fresh weight) vs. predicted biomass values using eight prediction models: (A) linear model (LM), (B) random forest RF, (C) GLMnet, (D) gradient boosting machine (GBM), (E) step model (SM), (F) principal component (PC), (G) partial least square (PLS), and (H) multivariate adaptive regression splines (MARS). The blue line indicates the expected prediction (y = x). The prediction models were evaluated by mean absolute error (MAE), root mean square error (RMSE), and the percentage of variance explained by the models (the coefficient of determination R2). Each figure in the panel has **R2 values computed as the mean of R2 of repeated sampling of data and is a more realistic estimate of power of prediction of the model with a new set of data in comparison to the conventional *R2 value derived from the regression equation using a whole set of predicted values without resampling.


When the non-availability of test data makes the estimation of test error very difficult, the situation is handled by methods such as cross-validation (Varoquaux et al., 2017) that is applied for estimating the test error (or the prediction error rate) by using training data. As explained earlier in this section, the model for prediction was built based on the cross-validation options. In addition, as a double check of accuracy of the PLS model finally selected for further use in the experiment, we performed a 10-fold cross-validation (Figure 3) using the cv.lm function of “DAAG” package of R (Bay and Schoney, 1982). The cv.lm function gives internal and cross-validation measures of predictive accuracy for ordinary linear regression. The data are randomly assigned to a number of “folds.” Each fold is removed in turn while the remaining data are used to refit the regression model and to predict at the deleted observations. The 10-fold cross-validation was used to assess the prediction performance of the final PLS model. The ANOVA test revealed that the prediction of fresh weight by the finalized model was highly significant (p < 2e-16). Hence, we chose a PLS model for the non-destructive estimation of biomass of plants from the day of stress treatment.
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FIGURE 3. Cross-validation output for the final PLS model. The “cv.lm” function of “DAAG” package was used for simple linear regression models. The k-fold method randomly removes k-folds for the testing set and models the remaining (training set) data. Here, we use the commonly accepted 10-fold application. The figure depicts the cross-validation residual sums of squares, which is a corrected measure of prediction error averaged across all folds. The function also produces a plot of each fold's predicted values against the actual outcome variable (y); each fold having a different color.




Biomass and Growth Rate

It was observed that the predicted biomass did increase continuously in well-watered plants while it was nearly stagnant in water-stressed plants. Approximately a 4-fold increase in biomass was observed at the end of the experiment in well-watered plants compared to a nearly 2-fold increase in water-stressed plants (Figure 4A). Similarly, the AGR showed significant differences in well-watered (4-fold increase) and water-stressed plants at initial stages (Figure 4B). The RGR differences between the treatments were significant in the first week of water stress (Figure 4C).


[image: Figure 4]
FIGURE 4. Biomass and absolute growth rates (AGRs) in well-watered (C) and water-stressed (S): mungbean plants: (A) biomass was predicted by PLS based on different image parameters, (B) smoothed AGR values were obtained from the predicted biomass, and (C) smoothed relative growth rate (RGR) values were obtained from the predicted biomass. The solid line represents the grand average of well-watered conditions (blue) and water-stressed conditions (red). Shaded part along the curve displays CI of 0.95.




Genotypic Variation in Growth Rates

The measured AGR during the first 6 DAT revealed a significant genotypic variation across water-stressed than well-watered conditions. The average values for AGR at the initial phase of the stress were more than 6-fold (Supplementary Figure 3A). A similar trend was observed in the computed AGR for the interval between 5 and 12 days after the stress (Supplementary Figure 3B) or during the interval between 2 and 12 days after the stress (Figure 5). Genotypes such as EC 693367 and IC-415144 maintained higher AGR in contrast to any other genotypes under soil moisture stress conditions during the period between 2 and 12 days after stress.
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FIGURE 5. Genetic variation in AGRs during the initial phase in response to two levels in well-watered (C) and water-stressed (S) plants; AGRs were computed for 2–12 days. Each box in the treatment effect represents 60 observations (3 replications and 20 genotypes). Each bar in the genotype effect for each treatment represents mean values of three replications. Letters represent the significance of differences among mean values as computed by the Duncan multiple range test at 0.95 CI. Genotypes with common letters are not significantly different.


In contrast to AGR, RGR showed a significant genotypic variation both under well-watered and water-stressed conditions at the early stages after the stress treatment (2–6 days) (Supplementary Figure 4A). However, the contrast between the genotypes was widened and became more conspicuous at later stages (5–12 days) (Supplementary Figure 4B). RGR measured for the first 3 weeks after the stress treatment could also differentiate the genotypic responses more efficiently (Figure 6). EC 693367 and IC-415144 maintained higher RGR in contrast to any other genotypes under soil moisture stress conditions during the period between 2 and 12 days after stress.


[image: Figure 6]
FIGURE 6. Genetic variation in RGRs during the initial phase in response to two levels in well-watered (C) and water-stressed (S) plants; RGRs were computed for 2–12 days. Each box in the treatment effect represents 60 observations (3 replications and 20 genotypes). Each bar in the genotype effect for each treatment represents mean values of three replications. Letters represent the significance of differences among mean values as computed by the Duncan multiple range test at 0.95 CI. Genotypes with common letters are not significantly different.




Water-Use Index

As expected, cumulative water use (WUCum) was 4-fold higher in well-watered relative to water-stressed plants 3 weeks after imposing the treatment (Figure 7A). In contrast, the WUI (WUI_BM) representing the biomass accumulation per unit of spent water was high in water-stressed relative to well-watered plants but the treatment difference was not significant (Figure 7B). In contrast, WUI_AGR computed based on AGR (Figure 7C) could differentiate the plant responses to water stress more effectively as compared to the WUI_RGR computed based on the RGR (Figure 7D), particularly at the early stage after water stress. With the lapse of time, WUI of both well-watered and the water-stressed plants were found to be the same. Considering this fact, the genetic variation for WUI was assessed for the initial 6 days of treatment only.
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FIGURE 7. Assessment of different parameters for water use using mungbean plants: (A) cumulative water use (WUCum), (B) a biomass-based water-use index (WU_BM), (C) an AGR-based water-use index, and (D) a RGR-based water-use index in well-watered (C) and water-stressed (S) plants: WUCum represents the cumulative water use in ml plant−1 at any given point of growth while WUI_BM computed as the predicted biomass mg ml−1 water, WUI_AGR or WUI_RGR was computed for per unit of water as given in Material and Methods. Solid lines represent the means of all genotypes while the shaded part indicates the CI at 0.95.




Genetic Variation in WUI and Tissue Water Content (Derived From NIR Reflectance)

There was a significant variation in cumulative water-use WUCum among the genotypes both under well-watered and water-stressed conditions (Figure 8A); however, the genotypic differences in the trend of drought responses were more conspicuous in WUI_RGR (Figure 8B). Under limited irrigation, genotypes such as IC-415144, EC693367 had high WUI_RGR relative to genotypes such as NM92 and EC693358 (Figure 8C).
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FIGURE 8. Genetic variation in (A) cumulative water use (WUCum, ml plant−1), (B) WUI_RGR derived from RGR as in Material and Methods, and (C) genetic variation in WUI_RGR of mungbean genotypes under well-watered (C) and water-stressed (S) conditions. In (C), the values for each box in the treatment effect represent 60 observations (3 replications and 20 genotypes), and each bar in the genotype effect for each treatment represents mean values of three replications. Letters represent the significance of differences among mean values as computed by the Duncan multiple range test at 0.95 CI. Genotypes with common letters are not significantly different.


There were significant differences in tissue water contents among the genotypes studied in this experiment, as reflected by NIR signals received from the top view and the side view (Figure 9). NIR signals tend to be higher when emitted from dry leaves than from wet leaves due to the absorption of EMR in the NIR range of the spectrum. The results from the present experiment revealed that the high WUI_RGR genotypes such as IC-415144 and EC693367 had less tissue water content compared to EC693360, NM94, and BM2002-1, which had relatively low WUI_RGR under water-stressed conditions. Further, it was evident that the genotypes like IC-415144 had relatively less tissue water content compared to other genotypes both under well-watered as well as water-stressed conditions providing a hint that it must be extracting water from soil with greater efficiency.


[image: Figure 9]
FIGURE 9. Genetic variation in the tissue water content of mung bean genotypes as indicated by near-IR (NIR) signals. (A) Values indicate normalized values of NIR signals received from the top view and (B) side view of well-watered (c) and water-stressed (s) plants of mungbean. Values for each box in the treatment effect represent 60 observations (3 replications and 20 genotypes) and each bar in the genotype effect for each treatment represents mean values of three replications. Letters represent the significance of differences among mean values as computed by the Duncan multiple range test at 0.95 CI. Genotypes with common letters are not significantly different.


Compared to the constant level of soil moisture stress, depletion of the soil moisture condition represents open field environments that face unexpected drought or limited irrigation. The level of depletion could easily be monitored in a high-throughput mode for all genotypes. The stress imposed in the second experiment did result in the depletion of soil moisture from 70 to <50% of the FC while the same was around to be constantly 75% in well-watered plants (Figure 10A). The impact of imposed water stress was also reflected by the NIR signals that increased from about 180 to 220 with a gradual reduction in soil moisture (Figure 10B). There was a significant difference among genotypes in their capacity to extract water from the soil (Figure 10C). Genotypes such as IC-415144, which had high WUI and drier leaves in the previous experiment, found to deplete more soil moisture relative to other genotypes, thus substantiating the results of the previous experiment.


[image: Figure 10]
FIGURE 10. Responses of the selected mungbean genotypes to depleting soil moisture. (A) Level of soil moisture as indicted by % field capacity (FC) in well-watered (c) and water-stressed (s) plants. Solid lines represent mean values for all genotypes in each of the treatments. (B) Tissue water content in response to the depletion of soil moisture as indicated by NIR signals. High and low NIR values indicated more and less tissue water content, respectively. Values indicated along the curve represent days after withdrawal of water application to pots. (C) Rate of depletion of soil moisture in different mungbean genotypes; each value is an average of three replications of water-stressed plants. Letters represent the significance of differences among the mean values as computed by the Duncan multiple range test at 0.95 CI. Genotypes with common letters are not significantly different.




Heritability of WUI

Heritability in a broad sense was computed for WUI derived from fresh biomass, AGR, or RGR at the early stages of stress. Heritability of traits WUI_AGR or WUI_RGR was higher than that of WUI_BM. This could be attributed to the relatively higher heritability of AGR and RGR at the early stages of water stress (Supplementary Table 4).




DISCUSSION

Drought tolerance, a complex plant trait, is highly influenced by the time of occurrence, intensity, duration, and the plant growth stage (Araus et al., 2012; Passioura, 2012). The drought stress experienced by a mungbean crop is typical as it has to survive on the stored or residual soil moisture in the later stages of growth with the luxury of wetness in the early stages (Bindumadhava et al., 2016; Sharma et al., 2016). Further, being a very short-duration crop, a rapid growth at the early stages is crucial for gaining biomass enough to feed all reproductive-stage needs. Hence, the assessment of growth rate assumes to be more significant than biomass at any given crop stage and/or time. Such approaches have been demonstrated to assess the plant growth in crops like barley (Chen et al., 2014; Neumann et al., 2015), rice (Hairmansis et al., 2014; Yang et al., 2014; Campbell et al., 2015; Al-Tamimi et al., 2016), wheat (Nagel et al., 2015), and model crops like Arabidopsis (Zhang et al., 2012; Slovak et al., 2014). Some of these studies had also focused on the methods to assess water-use efficiency in crop plants (Al-Tamimi et al., 2016). However, so far, to the best of our knowledge, no high-throughput protocol reported on the assessment of growth rates in legumes like mungbean. Hence, the present study was designed and aimed as a more practical approach toward optimizing the phenotyping method in mungbean genotypes for assessing growth rates and a WUI under controlled drought conditions.


Determination of Plant Biomass

Most of the conventional studies rely on the determination of plant biomass by a destructive sampling method, which is resource intensive as demonstrated in rice (Yang et al., 2014), wheat (Golzarian et al., 2011), and other annual and perennial grass species (Tackenberg, 2007), and the measurement of water use in a single plant is highly cumbersome. Despite their high accuracy, these methods have limitations in integrating dynamic nature of plant responses in different stress environments.

Further, destructive and periodic sampling does not permit the collection/harvesting of seeds from individual lines tested in crop breeding programs, as seen in rice (Hairmansis et al., 2014). Hence, the focus of the present study has been on using the imaging-based non-destructive approach to predict the plant biomass without a periodic sampling of the whole plant. Image-based biomass estimation methods developed so far used the total biomass at the end of the experiment or the biomass estimated during the measurement of other traits such as shoot fresh weight and shoot dry weight as well (Tackenberg, 2007; Golzarian et al., 2011).

Several methods were suggested earlier to estimate biomass non-destructively and were based on the area of color pixels derived from an analysis of the images of plants from three different views in barley (Neumann et al., 2015) and rice (Al-Tamimi et al., 2016). To further improve the accuracy of the biomass estimation in cereals, an additional parameter such as compactness derived from the images was also suggested (Rahaman et al., 2017). However, we observed that these models have prediction errors when extending to legume crops such as mungbean. Hence, eight different multivariate analysis models were tested with machine learning algorithms to predict the plant biomass, including several image parameters across three different views of plants as predictors. Based on MSE, RMSE, and R2 values, both PC and PLS methods were relatively more efficient than other models in the prediction of biomass (Table 1). We finally chose a PLS method for the plant biomass prediction as it did not differ significantly from the PC analysis. The choice of the PLS method was further supported by cross-validation of the predicted and actual fresh biomass recorded at the end of the experiment. The predicted biomass showed a clear trend when plotted against days after the water stress treatment with the growth almost stationary in stressed plants and continuous in well-watered plants, which matched with general anticipation. After the confirmation of the precision of the selected model through a robust validation tool, the biomass computed for each day was used for the estimation of growth rates. A similar approach was followed for rice to assess salinity tolerance (Al-Tamimi et al., 2016).



Plant Growth Rate

The initial growth rate (in place of biomass) is a good measure of the capacity of plants to cope with soil moisture limitations. Some plants may continue their growth by acquiring water efficiently while others may stall the growth during water stress and then recover after the retrieval of stress. The growth rate assessment can differentiate these two groups of plants (Condon et al., 2004; Lopes et al., 2011). In our study, AGR and RGR were considered for assessing the effectiveness of treatments and the effect of genotypes as demonstrated earlier in rice on salt tolerance (Al-Tamimi et al., 2016). As evident from the results, there were significant treatment effects on AGR and RGR computed for two phases of the early growth of mungbean. However, genetic variations in AGR, as well as RGR, were more conspicuous in water-stressed plants. This approach could differentiate the genotypes of mungbean capable of maintaining a relatively higher growth even with limited soil moisture. This feature is crucial for short-duration crops like mungbean, which are accommodated between the two major consecutive crops (mostly cereals) in the commonly practiced cropping (cereal-legume-cereal) system to make the best use of time, space, and moisture leftover in the soil after the harvest of the previous crop, mostly a cereal (Raina et al., 2019).



Water-Use Index

In this study, we derived and projected water-use efficiency through WUI, a ratio of biomass accumulated to water use (both transpiration by plant and evaporation from the soil surface), often projected as a trait for the improvement of crop productivity in water-deficit agroecologies. Implicitly, crop genotype/s that show more biomass per unit of water can be promising candidates in drought research for developing types of tolerance. Transpiration combines the plant's physiological and environmental parameters that determine water relations in plants (Sinclair, 2012). Hence, it is emphasized that component traits contributing to transpiration efficiency need to be investigated to improve the effective use of available water through the growing season for maximizing the growth and productivity of crop plants. In this context, our focus was on plant trait—early ground cover—that defines the capacity of plants to protect the root zone soil moisture by preventing direct exposure to sunlight. Soil moisture saved in this process can be made available for transpiration to improve water-use efficiency (Raina et al., 2016).

Genotypes that accumulate more biomass can be identified by assessing the growth rates while the water-use estimation is a tedious task. High-throughput phenomics methods are rightly equipped with systems to monitor and replenish the water requirements of several plants regularly. This provision has frequently been used to create the desired level of water stress and assess the water use of crop plants' genotypes (Al-Tamimi et al., 2016). Assessing water-use indices at various water regimes and growing scenarios helps understand the cause-effect relationship between the biomass accumulation and the extent of water use (Sheshshayee et al., 2003). It is also evident that the interrelationship between cumulative water transpired to the biomass production is not always straightforward, which largely depends on whether mesophyll or stomatal factors drive the process (Udayakumar et al., 1998; Sheshshayee et al., 2003; Bindumadhava et al., 2005, 2011). From this background, too, WUI holds a larger significance than measuring WUE either at a single-plant level and/or canopy level (Sheshshayee et al., 2003; Bindumadhava et al., 2011). Hence, we explored different ways to derive WUI for differentiating mungbean genotypes for their water-use efficiency at the canopy level. We imply that measuring WUI non-invasively with the phenomics approach is highly effective in deducing the factors that determine plant biomass and water use. In our study, there was a remarkable difference in the cumulative water use as well as biomass accumulation between well-watered and water-stressed plants. The data revealed that mungbean genotypes, in general, maintain their capacity to use water efficiently even with a limited water supply, as evident from a non-significant difference in RGR between well-watered and water-stressed plants at the later stages of growth. On the other hand, WUI computed as the ratio of AGR to actual water use could differentiate the treatment effects at the initial phases of imposed water stress. Further, these indices also clearly differentiate the genotypes with respect to their capacity to use water efficiently for maintaining growth.

Heritability of traits is an issue when a novel trait is suggested for use in a breeding program for the improvement of crops. The broad sense heritability (H2) of a trait is the proportion of an overall phenotypic variance attributable to a genotype (Schmidt et al., 2019). It is a descriptive measure to assess the utility and precision of the results obtained from the cultivar responses in trials. Hence, H2 values were computed for growth rate and WUI indices derived in this study. Reasonably high values of H2 for WUI_AGR and WUI_RGR provide evidence for suggesting these two parameters as excellent surrogate traits to distinguish the responses of mungbean genotypes to a suboptimal level of soil moisture and interpret genotypic variations for the productive use of water. This can be attributed to the fact that the growth rate can evade the error due to the initial differences in biomass. Here, we could also test the hypothesis that the genotypes with a low WUI probably deplete more soil moisture relative to other genotypes with a high WUI. This was confirmed from our second validation experiment in which the stressed plants were grown by depleting soil moisture in contrast to the first experiment in which the soil moisture was restricted at a suboptimal level. Additionally, the NIR signals revealed that the genotypes having a higher WUI tend to be drier than those with less WUI when the mean values of these parameters for the first 3 weeks after the water stress were considered. It indicates that these genotypes possibly need more water and deplete soil moisture rapidly. Hence, high WUI genotypes might be having an efficient root system, and it needs to be examined further for using genotypes with this trait as donor lines in the mungbean improvement program.



Relevance of Growth Rates to Field Performance of Mungbean Genotypes

Many of the genotypes included in the present study were examined earlier for their seed yield under a prevailing high temperature environment due to delayed sowing (Sharma et al., 2016; Bindumadhava et al., 2018). In these studies, genotypes such as EC693357, EC693358, Harsha, and ML1299 were found to be heat tolerant, and KPS1, EC693363, NM92, and VC6372 were sensitive. Of several abiotic constraints, high temperature, and drought stresses go hand-in-hand, implying an increase in air temperatures tending to heat up soil temperatures, thereby depleting soil moisture (Bindumadhava et al., 2016; Priya et al., 2019; Douglas et al., 2020). Any crop/plant genotypes withstand high temperatures through organizing or reorganizing intrinsic cellular mechanisms, and could manage soil moisture stress better (Bindumadhava et al., 2016; Nair et al., 2019; Douglas et al., 2020). There is also a consensus that drought-sensitive genotypes experience a sense of high temperature stress when water is withdrawn from their stress thresholds (Sheshshayee et al., 2003; Bindumadhava et al., 2016; Douglas et al., 2020). Similarly, the genotypes that perform well under the soil moisture depletion can handle high temperature stress effectively as a strategic synergy at molecular and gene levels, which have been amply suggested and demonstrated (Bindumadhava et al., 2016; Priya et al., 2019; Chaudhary et al., 2020). Interestingly, EC693357, EC693358, and ML1299 showed salt tolerance both at a seedling and also whole plant level (Manasa et al., 2017). It has been observed that drought-tolerant genotypes of legume crops such as chickpea can tolerate the drought and heat more effectively as compared to those, which could tolerate only the high temperature (Awasthi et al., 2017). These observations all together support the interpretation that the method developed by us to identify promising genotypes being relevant to field performance.

Our data revealed that the AGRs of EC693357 (0.14), ML1299 (0.10), and EC693358 (0.09) were 3- to 4-fold higher than those in sensitive genotypes, such as VC6372 (0.03) and NM92 (0.022) during the initial phases of water stress. Similarly, most of the high temperature-tolerant genotypes had a higher biomass production per unit of water relative to the sensitive genotypes such as VC6372 and NM92. Further, WU_RGR recorded in NM92 was substantially lesser than that of the high temperature-tolerant lines; however, KPS1, which was reported to be sensitive in field studies, also had high WU_RGR. It is suggested that the superior genotypes such as EC693367 and IC-415144 with higher initial growth rates than the promising genotypes mentioned above can also be useful as donors in the genetic improvement of mungbean for drought and high temperature stresses, which is largely due to their rapid growth with a higher extraction or utilization of available soil moisture. Possibly, the higher capacity of evaporative cooling reflected indirectly from higher depletion (or higher transpiration) of soil moisture in these genotypes, particularly at the reproductive stage, might be contributing to the cooler canopy, as shown in the present study, but needs further investigation. IC-415144 is one of the recent collections from arid regions of Rajasthan, India, and has not been studied extensively. In a previous study (Raina et al., 2016), IC-415144 exhibited a low excised leaf water loss and appeared to have a better control over stomatal mechanisms, which might be contributing to high water-use indices. In the present study, WUI_AGR and WUI_RGR could efficiently differentiate genotypes that use more water than others for producing the same amount of biomass. Moderate-to-high heritability recorded for WUI_AGR and WUI_RGR using different methods support the use of these traits as surrogates for efficient selection in mungbean breeding programs.



Suggested Screening Protocol for Early Growth Rate and Water Use in Mungbean

If the canopy level water-use efficiency trait is a strategy to harvest more grains from legume crops like mungbean, an early growth rate with a high biomass accumulation can serve as a reliable selection criterion. Phenotyping this trait in a high-throughput mode can be effective if the non-destructive estimation of biomass is derived from the changes in plant features that can be extracted from the images captured periodically (Figure 11). Based on our study, we propose a high-throughput phenotyping protocol for mungbean that should involve: (1) the imposition of suboptimal soil moisture stress, (2) acquisition of different parameters of images of plants from the top view and side view, (3) identification of the suitable biomass prediction models that use machine learning algorithms to interpret different image parameters, (4) determination of growth rates based on a smoothed biomass curve for each genotype at the early growth stages under imposed stress conditions, and (5) estimation of the productive use of water by plants with the WUI derived from the predicted biomass. The protocol can help in phenotyping mungbean genotypes for their capacity to cover the ground rapidly in order to prevent soil moisture loss, and thus contributing to an enhancement in the canopy level water-use efficiency. Alternatively, genotypes with high WUI can serve as promising donors for improving water-use efficiency in mungbean that is to be grown in soil with poor water holding capacity.


[image: Figure 11]
FIGURE 11. A suggested phenotyping protocol for mungbean genotypes. Workflow for image-derived biomass model construction consists of the following steps: (1) image acquisition, (2) image processing, (3) different geometric and color-related phenotypic trait observed, (4) biomass harvested manually at the last day of imaging and fresh weight and dry weight measured, (5) different machine learning algorithms RF, SM, GLMnet, LM, GBM, PC, PLS, MARS models were used to predict plant biomass, (6) model validation, (7) model selection, evaluation, and result interpretation, and (8) selection of genotypes with high water-use index (WUI).





CONCLUSION

In this study, we focused mainly on optimizing the phenomics method for identifying water-use efficient genotypes (use less water to produce relatively more biomass) of a legume crop such as mungbean by applying high-throughput phenotyping approach. The model proposed by us to predict the biomass that is essential for assessing the plant growth rates, employs different parameters extracted from the images at two levels of soil moisture regimes. When integrated with the soil moisture extraction, this model enables a high-throughput non-destructive estimation of crop capacity to continue its growth even under limited available soil moisture. The method would be useful to advance our views for the accurate assessment of water-use efficiency involving a high-throughput image analysis. Water-stressed plants are a better choice than well-watered plants for assessing the genetic variation in the early stage growth rates of legume crops like mungbean. The genetic variation in a WUI at the early stages compared to the later stages of water stress would be more effective in the selection of genotypes. Surrogate traits such as WUI_AGR and WUI_RGR explain water-use efficiency at the canopy level and can help phenotyping legume crops like mungbean for tolerance to depleting soil moisture stress that occurs during drought or restricted irrigation. It can further facilitate the identification of relevant genes for the molecular marker-aided genetic improvement of the mungbean.
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Manteca yellow dry beans (Phaseolus vulgaris L.) have many quality traits that appeal to consumers, including fast cooking times, creamy texture, and sweet, buttery flavor. They are native to Chile and consumed in regions of South America and Africa but are largely unfamiliar to United States consumers. While cooking time, flavor, and texture have not been prioritized in United States dry bean breeding programs, genetic variability exists such that these traits could be addressed through breeding. In this study, a recombinant inbred line (RIL) population was developed from a cross between Ervilha (Manteca) and PI527538 (Njano), yellow dry beans with contrasting cooking time and sensory attributes. The population and parents were grown for 2 years in Michigan and evaluated for cooking time and sensory attribute intensities, including total flavor, beany, vegetative, earthy, starchy, sweet, bitter, seed-coat perception, and cotyledon texture. Cooking time ranged 19–34 min and exhibited high broad-sense heritability (0.68). Sensory attribute intensities also exhibited variation among RILs, although broad-sense heritability was low, with beany and total flavor exhibiting the highest (0.33 and 0.27). A linkage map of 870 single nucleotide polymorphisms markers across 11 chromosomes was developed for quantitative trait loci (QTL) mapping, which revealed QTL for water uptake (3), cooking time (6), sensory attribute intensities (28), color (13), seed-coat postharvest non-darkening (1), seed weight (5), and seed yield (2) identified from data across 2 years. Co-localization was identified for starchy, sweet, and seed-coat perception on Pv01; for total flavor, beany, earthy, starchy, sweet, bitter, seed-coat perception, cotyledon texture, and color on Pv03; water uptake and color on Pv04; total flavor, vegetative, sweet, and cotyledon texture on Pv07; cooking time, starchy, sweet, and color on Pv08; and water uptake, cooking time, total flavor, beany, starchy, bitter, seed-coat perception, cotyledon texture, color, and seed-coat postharvest non-darkening on Pv10. The QTL identified in this work, in particular CT8.2 and CT10.2, can be used to develop molecular markers to improve seed quality traits in future dry bean varieties. Considering yellow dry beans already excel in quality and convenience, they might be an ideal market class to signal a new focus on consumer-valued traits in the United States.
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INTRODUCTION

Dry beans (Phaseolus vulgaris L.) are widely regarded as a nutritious and affordable food (Akibode and Maredia, 2011). The species encompasses many different market classes grown and consumed around the world with many regional preferences (Siddiq and Uebersax, 2012). There is variability not just for seed size, color, and shape, but also end-use quality attributes, including cooking time, mineral concentration and bioavailability, color, flavor, and texture (Katuuramu et al., 2018; Bassett et al., 2020b). Some market classes may be of particular interest to modern consumers looking to incorporate beans into their diets for their nutritional benefits and also looking for convenience not typically associated with dry beans considering their often long cooking times (Sloan, 2015).

The Manteca yellow bean market class has multiple quality traits of value to consumers (Leakey, 2000; Wiesinger et al., 2016, 2018). Manteca are pale yellow with a gray hilum. They are Andean beans native to Chile (Leakey, 1992) and currently consumed in South America and Africa (Wiesinger et al., 2018). Manteca are appreciated for their sweet, buttery flavor (Leakey, 2000) as well as fast cooking time and high iron bioavailability (Wiesinger et al., 2016, 2018). United States consumers are largely unfamiliar with this yellow market class. Its novel color has the potential to set the market class apart from familiar market classes and signal the presence of quality attributes if introduced more broadly.

Current dietary guidelines recommend [image: image] cup (∼56 g) of pulse per day, but less than 50% of the population meets that recommendation (Britten et al., 2012). There is an opportunity to increase utilization of dry beans by addressing consumer preferences for convenience and flavor as well as developing bean products to reach new consumers (IPSOS, 2010; Karlsen et al., 2016; Hooper et al., 2019; Winham et al., 2019). While United States dry bean breeders have always prioritized quality traits, they primarily have focused on seed size, shape, color, and canning quality and production-related traits with minor if any consideration for cooking time and flavor (Kelly and Cichy, 2012). As a result, genetic variability exists for cooking time, flavor, and texture in modern cultivars as well as the breeding lines used for their development (Bassett et al., 2020b). There is an opportunity to address these consumer-valued traits through breeding to increase dry bean consumption, and Manteca beans are an ideal target for this effort, as they already excel in these traits and provide novelty to those unfamiliar with them.

Cooking time has been reported to be controlled by few genes and have moderate to high heritability, with narrow sense heritability values estimated between 0.74 and 0.90 (Elia et al., 1997; Jacinto-Hernandez et al., 2003). Genotypic cooking time patterns are stable across environments (Cichy et al., 2019; Katuuramu et al., 2020). Following screening of 206 accessions of the Andean Diversity Panel (ADP), several significant single nucleotide polymorphisms (SNPs) associated with cooking time were identified on Pv02, Pv03, and Pv06 (Cichy et al., 2015b). A more recent screening of 430 accessions of the ADP revealed additional significant SNPs on Pv03, Pv04, Pv06, Pv07, Pv08, and Pv11 (Bassett et al., 2020b). In addition, a recent quantitative trait loci (QTL) mapping study using a recombinant inbred line (RIL) population developed from two ADP accessions revealed QTL for cooking time on Pv01, Pv02, Pv03, Pv05, Pv06, Pv10, and Pv11 (Berry et al., 2020). With further study, marker-assisted selection may be a feasible method for breeding faster cooking beans, which could reduce the need to phenotype for cooking time and allow greater incorporation of the fast-cooking trait in breeding programs.

Flavor is a major influence on consumer food choices (Glanz et al., 1998), but evaluating flavor and texture is time consuming and requires trained panelists. As it stands, little is understood about consumer preference in regard to flavor and texture in dry beans apart from a general preference for beans that are sweet and soft and for bean products without a beany “off” flavor (Kinsella, 1979; Bott and Chambers, 2006; Mkanda et al., 2007; Hooper et al., 2019). A few studies have identified genetic variability for sensory attributes, including flavor and texture acceptability, seed-coat perception, seed-coat roughness, cotyledon mealiness, and beany flavor intensity (Koehler et al., 1987; Rivera et al., 2013). A recent study identified genetic variability in the Andean Diversity Panel (ADP) for total, beany, vegetative, earthy, starchy, bitter, and sweet flavor intensities as well as seed-coat perception and cotyledon texture (Bassett et al., 2020b). Using a genome-wide association approach, significant SNPs were identified for many of these traits. As for cooking time, the potential for marker-assisted selection could reduce the need for extensive phenotyping and allow breeders to incorporate flavor and texture into their breeding programs more easily. With a greater understanding of consumer preference for flavor and texture, new varieties could be developed that appeal to consumers and are suitable for use as ingredients in products.

In this study, a yellow dry bean RIL population developed from two ADP accessions with contrasting cooking time and sensory characteristics was screened for cooking time and sensory attribute intensities to elucidate their genetic control and aid in the development of molecular markers for these traits.



MATERIALS AND METHODS


Germplasm

A RIL population of 242 F5:F7-F8 lines was developed from a cross between two yellow bean genotypes of the Andean gene pool: Ervilha (ADP0512) and PI527538 (ADP0468) (Figure 1; Bassett and Cichy, 2020). The RILs were developed by advancing F2 seed via single seed descent to the F5 generation and then bulking seeds from individual plants to form RILs.


[image: image]

FIGURE 1. Images of Ervilha and PI527538 raw seeds.


Ervilha is a pale yellow Manteca seed type with a gray hilum with a seed weight of 52.8 (g per 100 seeds) in this study (Supplementary Table 1). Ervilha was originally collected at a marketplace in Angola in 2010 (Cichy et al., 2015a). PI527538 is a yellow-green Njano seed type with hints of purple and a black hilum with a seed weight of 48.0 (g per 100 seeds) in this study (Supplementary Table 1). PI527538 was originally collected in Burundi in 1985 (Cichy et al., 2015a). Both genotypes are likely members of race Nueva Granada. These genotypes were selected to develop a RIL population after a screening of 206 lines of the Andean Diversity Panel (ADP) for cooking time, mineral concentration, and iron bioavailability (Cichy et al., 2015b; Katuuramu et al., 2018). Ervilha cooks about 10 min faster than PI527538 when soaked, and this relative difference in cooking time is stable across growing environments, although specific cooking times vary depending on the growing environment and storage conditions (Cichy et al., 2015b; Katuuramu et al., 2020).

The genotypes were grown at the Montcalm Research Farm in Lakeview, MI in 2016 and 2017. The soil type is Eutric Glossoboralfs (coarse-loamy and mixed) and Alfic Fragiorthods (coarse-loamy, mixed, and frigid). Two row plots 4.75 m long with 0.5 m spacing between rows were arranged in a randomized complete block design with two replications per genotype. In 2016, 100 seeds were planted per plot due to limited seed, and in 2017, 160 seeds were planted per plot. Standard agronomic practices were followed as described in the MSU SVREC 2017 Farm Research Report (Kelly et al., 2017). Plants were hand-pulled at maturity and threshed with a Hege 140 plot harvester (Wintersteiger, Salt Lake City, UT, United States). Following harvest, seeds were cleaned by hand to remove field debris, off types, and damaged seed. Seed weights (g per 100 seeds) and seed yield (kg per ha) were recorded for each field replicate.



CIELAB Analysis and Seed-Coat Postharvest Darkening

For both years, images were collected for one field replicate of each genotype using a custom machine vision system as described in Mendoza et al. (2017). For each image, a 60 × 15 mm petri dish was filled with representative seeds cleaned of debris and damaged seeds. The EOS Rebel T3i software settings were consistent across each image as follows: lens aperture f = 5.6, shutter speed 1/125, white balanced, and ISO = 100. Following image collection, each image was cropped to center the petri dish and minimize background. To examine the relationship among color, cooking time, and sensory attributes, CIELAB values were obtained using a custom batch macro in ImageJ developed by Bornowski et al. (2020) that applies a gamma correction of 0.5, excludes background pixels outside the petri dish, and measures each slice of the LAB stack. CIELAB uses three values to describe color: L∗ for black (0) to white (100), a∗ for green (−) to red (+), and b∗ for blue (−) to yellow (+). These values were collected relative to the imaging conditions and reflect average color of seeds without calibration for the purpose of observing differences among lines rather than determining absolute color.

Variability in seed-coat postharvest darkening among genotypes was observed after the first year, so the potential presence of the non-darkening trait in this population was explored. Genotypes grown in 2017 were stored for approximately 2 years in opaque paper bags in a cool, dry barn prior to evaluation for seed-coat postharvest darkening in January 2020. Samples that appeared visibly darkened after this storage period were given a score of 1 and those that remained light were given a score of 0.



Cooking Time Evaluation

For each year, two field replicates of 30 seed per genotype were equilibrated to 10–14% moisture in a 4°C humidity chamber prior to evaluating for cooking time. Each 30 seed sample was soaked for 12 h in distilled water prior to cooking time evaluation using an automated Mattson cooker method (Wang and Daun, 2005). Genotypes were cooked in a random order to minimize seed aging effects. Seed weights after soaking were recorded for each sample to determine water uptake. Mattson cookers loaded with soaked seeds were placed into 4 L stainless steel beakers with 1.8 L of boiling distilled water on Cuisinart CB-30 Countertop Single Burners to cook. The Mattson cookers (Michigan State University Machine Shop, East Lansing, MI, United States) use twenty-five 65 g stainless steel rods with 2 mm diameter pins to pierce beans as they finish cooking in each well. As the pins drop, a custom software reports the cooking time associated with each pin. A low boil was maintained during cooking, and the 80% cooking times were recorded and regarded as the time required to fully cook each sample. Final cooked seed weights were recorded.



Sensory Evaluation

Ervilha, PI527538, and the RILs were evaluated in duplicate using a modified Quantitative Descriptive Analysis (QDA) approach (Stone et al., 1974), in which four panelists per session independently evaluated samples using a non-consensus approach to limit group bias. For the purposes of this study, the QDA approach was modified as described by Bassett et al. (2020b) to increase suitability for implementation in public breeding programs with limited resources. In brief, seeds from each field replicate were prepared for sensory evaluation in the same order that they were cooked for cooking time evaluation to minimize seed aging effects. Sensory evaluation sessions were held daily with four panelists per session until each genotype had been evaluated twice for each year. Twelve genotypes were evaluated at each session including Ervilha and PI527538 as controls. Each sample was evaluated using 5-point attribute intensity scales (low → high intensity) for total, beany, vegetative, earthy, starchy, bitter, and sweet flavor intensities as well as seed-coat perception and cotyledon texture. The scale for seed-coat perception ranged from imperceptible (1) to tough and lingering (5). For cotyledon texture, the scale ranged from mushy (1) to very gritty/firm (5) (Bassett et al., 2020b). This sensory evaluation protocol was approved by the Institutional Review Board of Michigan State University (IRB# x16-763e Category: Exempt 6).



Panel Training

Panelists were recruited from the USDA (East Lansing, MI, United States) and Michigan State University dry bean breeding programs due to their familiarity with dry beans and their availability for long-term sensory evaluation projects. Initially, seven panelists were trained using a diverse set of dry bean genotypes selected from the USDA and MSU dry bean programs with the intention of exposing panelists to a wide range of attribute intensities. This initial set included dark red kidney, Jacob’s cattle, white kidney, and yellow beans. A training set of genotypes exhibiting extreme attribute intensities identified in the ADP (Bassett et al., 2020b) was used to train eleven panelists for the second year. This training set was grown at the MSU Montcalm Research Center in Lakeview, MI alongside the RIL population.

Panelists were trained over multiple sessions using a consensus approach. Panelists then practiced using a non-consensus approach to improve their familiarity with the selected scales and their sensory evaluation skills. Panelist performance was assessed via ANOVA with FGenotype (p-value < 0.05) indicating ability to discriminate and Frep (p-value > 0.05) indicating consistency (Meilgaard et al., 1999; Armelim et al., 2006). Sensory evaluation commenced after successful training of each panelist. Following screening of the parents and RILs from both years, panel performance was assessed as during training.



Sample Preparation for Sensory Evaluation

Samples were prepared as described in Bassett et al. (2020b). Prior to each session, four seeds per panelist of each genotype scheduled for evaluation were soaked for 12 h in distilled water prior to cooking. Large tea bags filled with the soaked samples were boiled in distilled water for the cooking time determined by the Mattson cooker method, timed so they all finished cooking together. The cooked samples were poured into preheated (105°C) ceramic ramekins, covered with aluminum foil, and placed in a chafing dish to maintain temperature prior to evaluation. Samples were given a random letter code to mask their identity. Panelists were asked to refrain from wearing strong scents or eating during the hour before each session. Samples were served out of the ceramic ramekins with a plastic spoon onto paper plates. Lemon water was made available as a palate cleanser, and panelists were asked to drink water between samples.



Statistics

PROC MIXED in SAS version 9.4 of the SAS System for Windows (SAS Institute Inc., Cary, NC, United States) was used to conduct analyses of variance (ANOVAs) for all traits. For seed weight, seed yield, water uptake, and cooking time, the fixed effects were genotype, year, and genotype by year with replicate as a random effect. For L∗, a∗, and b∗ color values, the fixed effects were genotype and year with no random effects. For the sensory attribute intensity traits, the fixed effects were genotype, year, and genotype by year with replicate, panelist (year), and session (year) as random effects. Least squares estimates for sensory traits were calculated via the LSMeans statement in PROC MIXED for visualization of trait distributions. Mean separation of parents was determined using pdiff in PROC MIXED. Density plots of traits were generated in R (R Core Team, 2017) using the sm package version 2.2–5.6 (Bowman and Azzalini, 2018).

To analyze both years combined while minimizing environmental effects, best linear unbiased predictors (BLUPs) were generated for each trait using the lme4 package (Bates et al., 2015) in R version 4.0.3 with genotype, year, genotype by year, and rep nested in year as random effects. For sensory traits, panelist nested in year and session nested in year were also included as random effects. For analysis within individual years, BLUPs were calculated for sensory traits with genotype, rep, panelist, and session included as random effects. The normality of trait distributions was assessed visually using Q–Q plots.

Broad sense heritability (H2) was calculated on a family mean basis for each trait using the following equation:
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where [image: image] is genotypic variance, [image: image] is genotype year interaction variance, [image: image] is environmental variance, y is number of years, and r is number of replications. For seed-coat postharvest non-darkening, the [image: image] component was excluded from the equation as the trait was only assessed in 1 year. Variance components were calculated using PROC VARCOMP in SAS version 9.4 with method = restricted maximum likelihood method (reml) (Holland et al., 2003). Principal component analysis (PCA) among traits was conducted via singular value decomposition of the centered and scaled BLUPs from both years combined using the prcomp function in R.



Genotyping

Genomic DNA was extracted from young trifoliate leaf tissue from three plants each for the 242 RILs and the two parental lines (Ervilha and PI527538) using a Macherey-Nagel NucleoSpin Plant II kit. For each genotype, 10 μL aliquots of DNA at a minimum concentration of 50 ng/μL were loaded into 96-well plates with parental lines prepared in quintuplicate. The plates were genotyped at the USDA Beltsville Agricultural Research Center in Beltsville, MD (BARC) using the BARCBean12K BeadChip, which includes all SNPs from the BARCBean6K_3 (Song et al., 2015) and additional SNPs among a set of Andean accessions. Illumina’s GenomeStudio software was used to confirm variant calling. SNP positions were reported according to Phaseolus vulgaris v2.1 genome (DOE-JGI and USDA-NIFA1) positions. Raw SNPs (11,292 markers) were filtered to eliminate markers that were heterozygous or monomorphic (9,085 markers), duplicates (1,301 markers), or exhibiting extreme segregation distortion (p-value < 1e–10; 31 markers).



Linkage and QTL Mapping

Linkage mapping was performed using MapDisto version 2.1.7 (Heffelfinger et al., 2017). Markers causing excessive map length and/or exhibiting aberrant segregation distortion patterns were excluded (five markers). A fixed-order genetic map of 439.53 cM was generated using the Kosambi function with the remaining 870 markers. Markers were grouped by chromosome with marker order reflecting physical positions. The Ripple function was used to confirm marker order.

Quantitative trait loci mapping was performed using QTL Cartographer version 2.5 (Wang et al., 2012). The composite interval mapping (CIM) procedure was performed with the parameters set to 10 cM window size and 1 cM walkspeed with forward and backward regression. BLUPs were used for all traits in QTL mapping for both years combined and for sensory traits for individual years, and means were used for analyses of all other traits for individual years. The LOD thresholds for each trait in each year and across years were determined using 1,000 permutations in scanone from rQTL with the extended Haley–Knott method (p-value < 0.05) (Broman et al., 2003; Feenstra et al., 2006). QTL regions were defined including all significant markers for each QTL peak. LOD information by position is available for each trait in the Supplementary Material. The constructed linkage maps with QTL overlaid were visualized using Mapchart 2.32 (Voorrips, 2002). Each QTL was named according to the guidelines for common bean QTL nomenclature (Miklas and Porch, 2010).



RESULTS


Cooking Time Evaluation

Genotype and year significantly affected water uptake, and cooking time (p-value < 0.05) and genotype by year significantly affected cooking time (p-value < 0.05) (Table 1 and Supplementary Table 1). The parental lines, Ervilha and PI527538 had water uptakes of 109.3 and 98.8% and cooking times of 21.0 and 29.7 min, respectively averaged across both years.


TABLE 1. Parental phenotypes, means with standard error, ranges, and broad-sense heritability (H2) estimates for the RILs for both years combined with ANOVA p-values for genotype, year, and genotype by year indicated.

[image: Table 1]
Water uptake and cooking time for the RILs exhibited approximately normal distributions (Supplementary Table 2 and Figure 2). Averaged across both years, water uptake ranged 69.2–117.4%, and cooking time ranged 19.1–33.9 min (Table 1). Broad-sense heritability for cooking time was 0.68 and water uptake was 0.25 (Table 1).
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FIGURE 2. Density plots of water uptake and cooking time for the RILs from 2016, 2017, and both years combined (C). Means for Ervilha and PI527538 from both years combined are indicated in yellow and brown, respectively.




Sensory Evaluation

Genotype significantly affected all sensory attributes (p-value < 0.05) (Table 1). Year did not significantly affect any sensory attributes, and genotype by year only significantly affected cotyledon texture (p-value < 0.05). Rep effects were insignificant for all sensory attributes, which indicates panelists were consistent across reps, although significant panelist and session effects were observed (Supplementary Table 3). For the parents Ervilha and PI527538, respectively with least squares estimates averaged across both years, the total flavor intensities were 3.1 and 3.2; beany intensities were 2.2 and 3.3; vegetative intensities were 2.7 and 2.5; earthy intensities were 2.0 and 2.2; starchy intensities were 3.6 and 3.0; sweet intensities were 2.3 and 1.8; bitter intensities were 1.4 and 1.9; seed-coat perceptions were 2.8 and 3.4; and cotyledon textures were 2.4 and 2.0 (Table 1).

Least squares estimates for all sensory attribute intensities varied minimally across years and exhibited approximately normal distributions (Supplementary Table 2 and Figure 3). Across both years, least squares estimates ranged 2.2–4.1 for total flavor intensity, 1.5–3.9 for beany intensity, 1.7–3.4 for vegetative intensity, 1.5–3.1 for earthy intensity, 2.5–3.9 for starchy intensity, 1.3–3.2 for sweet intensity, 1.1–2.3 for bitter intensity, 2.4–3.9 for seed-coat perception, and 1.4–3.0 for cotyledon texture (Table 1). While panelists were able to differentiate among genotypes using 5-point scales, sensory attribute ranges did not exceed 2.4, suggesting panelists did not make full use of the scales. This could reflect the limited differences in sensory attribute intensities observed between the parents.
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FIGURE 3. Density plots of least squares estimates of sensory attribute intensities for the RILs from 2016, 2017, and both years combined (C). Attribute intensities for Ervilha and PI527538 from both years combined are indicated in yellow and brown, respectively.


Broad-sense heritability for sensory attribute intensities were low, ranging from 0.05 to 0.33 (Table 1). Beany intensity and total flavor intensity exhibited the highest broad-sense heritability (0.33 and 0.27), while vegetative intensity, earthy intensity, and cotyledon texture exhibited the lowest (0.05, 0.06, and 0.06).



Color and Seed-Coat Postharvest Darkening

Genotype significantly affected L∗, a∗, b∗, and seed-coat postharvest non-darkening (p-value < 0.05) (Table 1). Year significantly affected L∗, a∗, and b∗ (p-value < 0.05). For the parents Ervilha and PI527538, respectively averaged across both years, L∗ values were 64.8 and 54.1; a∗ values were −0.7 and 3.5; b∗ values were 22.3 and 14.6; and seed-coat postharvest non-darkening values were 0 (non-darkening) and 1 (darkening).

The L∗, a∗, and b∗ for the RILs varied minimally across years and exhibited approximately normal distributions (Supplementary Table 2 and Figure 4). Averaged across both years, L∗ ranged from 40.3–67.3; a∗ ranged from −3.2 to 5.9; and b∗ ranged from 8.5 to 34.4 (Table 1). Seed-coat postharvest darkening was only determined for seeds from 1 year (2017), and progeny exhibiting both non-darkening and darkening were observed. Broad-sense heritability was high for L∗ (0.86), a∗ (0.86), b∗ (0.78), and seed-coat postharvest non-darkening (1.00).
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FIGURE 4. Density plots of CIELAB values for the RILs from 2016, 2017, and both years combined (C). Attribute intensities for Ervilha and PI527538 from both years combined are indicated in yellow and brown, respectively.




Seed Yield and Seed Weight

Genotype, year, and genotype by year significantly affected seed weight and seed yield (p-value < 0.05) (Supplementary Table 1). For the parents Ervilha and PI527538, respectively averaged across both years, the seed weights were 52.8 and 48.0 g per 100 seeds. Seed yield data for Ervilha is not available for 2016 (Supplementary Table 2), and fewer seeds were planted per plot in 2016, making averages across years misleading. In 2017, the seed yields for Ervilha and PI527538, respectively, were 1,731.4 and 2,384.4 kg/ha.

The seed weight for the RILs exhibited approximately normal distributions (Supplementary Table 2 and Supplementary Figure 1). Seed yield for the RILs varied substantially across years due to reduced seeds planted per plot in 2016 but exhibited approximately normal distributions. Averaged across both years, seed weight ranged 39.1–68.4 g per 100 seeds and seed yield ranged 751.0–3,283.9 kg per ha (Supplementary Table 2).

Broad-sense heritability for seed weight (0.89) was high and for seed yield was moderate (0.57) (Supplementary Table 1).



Principal Component Analysis

A PCA for the seed quality trait relationship was conducted and the first two principal components (PCs) explained approximately 52% of the variance (Figure 5). The first PC separates the genotypes approximately by beany, earthy, and bitter intensities as well as L∗, a∗, b∗, and seed-coat postharvest non-darkening and represents over a third of the variation (38.5%). The second PC separates the genotypes approximately by cooking time; total flavor, vegetative, starchy, and sweet intensities; and cotyledon texture and seed-coat perception. The second PC represents over an eighth of the variance (13.0%). The remaining PCs accounted for 11.1, 7.4, 6.0, 5.4, 4.2, 3.2, 2.9, 2.5, 2.2, 1.6, 1.1, and 0.9% of the variance, respectively (data not shown).
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FIGURE 5. Principal component analysis biplot with loadings for cooking time (CT), total flavor intensity (TFI), beany intensity (BFI), vegetative intensity (VFI), earthy intensity (EFI), starchy intensity (STI), sweet intensity (SWI), bitter intensity (BI), seed-coat perception (SPE), cotyledon texture (CTX), L*, a*, and b*. Ervilha and PI527538 are indicated in yellow and brown, respectively.


The PCA biplot highlights distinct groupings of traits that tend to be observed together. Loadings that group together highlight strong positive relationships within each group, and groups of loadings opposite of each other highlight strong negative relationships between groups. Loadings for starchy intensity, sweet intensity, and cotyledon texture are positioned close to each other and opposite cooking time and seed-coat perception. Loadings for beany intensity and bitter intensity also group together and are somewhat opposite starchy intensity, sweet intensity, and cotyledon texture. The loadings for total flavor intensity earthy intensity, a∗, and seed-coat postharvest non-darkening group together, opposite of loadings for L∗ and b∗. The loading for vegetative intensity does not appear to group with or opposite of other loadings but lies in between loadings for total flavor intensity and sweet intensity. The genotypes are spread across the biplot, with Ervilha and PI527538 positioned opposite each other.



QTL Mapping

A linkage map was developed with 870 SNPs spread across eleven chromosomes for a total map length of 439.53 cM with a marker density of one SNP per 0.51 cM (Table 2). Significant QTL were identified using BLUPs from both years combined for water uptake, cooking time, total flavor intensity, beany intensity, vegetative intensity, earthy intensity, starchy intensity, sweet intensity, bitter intensity, seed-coat perception, cotyledon texture, L∗, a∗, b∗, seed-coat postharvest non-darkening, seed weight, and seed yield (Tables 3–5, Figures 6–8, and Supplementary Figure 2). Additional QTL were also identified in individual years for these traits (Supplementary Tables 4–7).


TABLE 2. Linkage map information for the 242 RILs.
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TABLE 3. Quantitative trait loci identified in the RIL population (N = 242) using BLUPs from samples grown in Entrican, MI in 2016 and 2017 for water uptake and cooking time.
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TABLE 4. Quantitative trait loci identified in the RIL population (N = 242) using BLUPs from samples grown in Entrican, MI in 2016 and 2017 for sensory attributes. Linkage group (LG), year, peak position (Pos), logarithm of odds (LOD), R2, QTL effect (a), physical interval, map interval, and significance of the QTL are indicated.
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TABLE 5. Quantitative trait loci identified in the RIL population (N = 242) using BLUPs from samples grown in Entrican, MI in 2017 for color and seed-coat postharvest non-darkening.
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FIGURE 6. QTL map for water uptake (WU) and cooking time (CT) in the RIL population. Size is in cM. All QTL were detected in both years combined.
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FIGURE 7. QTL map for total flavor intensity (TFI), beany intensity (BFI), vegetative intensity (VFI), earthy intensity (EFI), starchy intensity (STI), sweet intensity (SWI), bitter intensity (BI), seed-coat perception (SPE), and cotyledon texture (CTX) in the RIL population. Size is in cM. All QTL were detected in both years combined.
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FIGURE 8. QTL map for L*, a*, b*, and seed-coat postharvest non-darkening (ND) in the RIL population. Size is in cM. All QTL were detected in both years combined.


Several QTL were identified for water uptake and cooking time in both years combined. For water uptake, three QTL were identified: WU4.1, WU9.1, and WU10.1 (Table 3 and Figure 6). The total proportion of variance explained by the three QTL was 19.0%. For cooking time, six QTL were identified: CT2.2, CT2.3, CT5.3, CT8.1, CT8.2, and CT10.2 (Table 3 and Figure 6). The total proportion of variance explained by the six QTL was 50.9%. CT8.2 and CT10.2 were the most significant cooking time QTL identified. RILs with both fast-cooking alleles for these QTL cooked 5 min faster on average than RILs without fast-cooking alleles (Figure 9).
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FIGURE 9. Phenotypic effect of CT8.2 and CT10.2 in the RIL population based on the peak SNP alleles and average cooking time across both years. Cooking times for RILs with no fast-cooking alleles (none), the fast-cooking CT8.2 allele (CT8.2), the fast-cooking CT10.2 allele (CT10.2), and both fast-cooking alleles (both) are displayed in boxplots. Means for Ervilha and PI527538 from both years combined are indicated in yellow and brown, respectively.


Many QTL were identified across all sensory characteristics in both years combined. For total flavor intensity, four QTL were identified: TFI2.1, TFI3.1, TFI7.1, and TFI10.1 (Table 4 and Figure 6). The proportion of variance explained by the four QTL was 39.3%. For beany intensity, two QTL were identified: BFI3.1 and BFI10.1 (Table 4 and Figure 7). The proportion of the variance explained by the two QTL was 38.2%. For vegetative intensity, one QTL was identified: VFI7.1 (Table 4 and Figure 7). The proportion of variance explained by VFI7.1 was 9.3%. For earthy intensity, one QTL was identified: EFI3.2 (Table 4 and Figure 7). The proportion of variance explained by EFI3.2 was 5.9%. For starchy intensity, four QTL were identified: STI1.1, STI3.1, STI6.1, and STI10.1 (Table 4 and Figure 7). The proportion of variance explained by the four QTL was 29.2%. For sweet intensity, six QTL were identified: SWI1.1, SWI2.1, SWI3.1, SWI7.1, SWI8.1, and SWI8.2 (Table 4 and Figure 7). The proportion of variance explained by the six QTL was 32.5%. For bitter intensity, three QTL were identified: BI2.1, BI3.1, and BI10.1 (Table 4 and Figure 7). The proportion of variance explained by the three QTL was 24.3%. For seed-coat perception, three QTL were identified: SPE1.1, SPE3.1, and SPE10.1 (Table 4 and Figure 7). The proportion of variance explained by the three QTL was 29.8%. For cotyledon texture, four QTL were identified: CTX3.1, CTX4.1, CTX7.1, and CTX10.1 (Table 4 and Figure 7). The proportion of variance explained by the four QTL was 24.4%.

Many QTL were identified for color traits across both years combined. For L∗, four QTL were identified: SL∗3.1, SL∗6.1, SL∗8.1, and SL∗10.1 (Table 5 and Figure 8). The total proportion of variance explained by four QTL was 70.4%. For a∗, four QTL were identified: Sa∗1.1, Sa∗3.1, Sa∗3.2, and Sa∗10.1 (Table 5 and Figure 8). The total proportion of variance explained by the four QTL was 61.2%. For b∗, five QTL were identified: Sb∗3.1, Sb∗4.1, Sb∗4.2, Sb∗5.1, and Sb∗10.1 (Table 5 and Figure 8). The total proportion of variance explained by the five QTL was 39.3%. For seed-coat postharvest non-darkening, one QTL was identified: ND.10.1 (Table 5 and Figure 8). Seed-coat postharvest non-darkening was only evaluated for 2017 seeds. The proportion of variance explained by ND10.1 was 87.5%, and Ervilha contributed an allele conferring a negative effect, reflecting its lack of darkening over time (Tables 1, 5).

While seed weight and seed yield were not central to this study, several QTL were identified for these traits as well. Additional information is available in the supplementary material (Supplementary Figure 2 and Supplementary Table 7).

Several QTL co-localized on Pv01, Pv03, Pv04, Pv07, Pv08, and Pv10. On Pv01, QTL for starchy intensity (STI1.1), sweet intensity (SWI1.1), and seed-coat perception (SPE1.1) co-localized. Alleles from Ervilha conferred positive effects for STI1.1 and SWI1.1 and a negative effect for SPE1.1. On Pv03, QTL for total flavor intensity (TFI3.1), beany intensity (BFI3.1), earthy intensity (EFI3.1 and EFI3.2), starchy intensity (STI3.1), sweet intensity (SWI3.1), bitter intensity (BI3.1), seed-coat perception (SPE3.1), cotyledon texture (CTX3.1), L∗ (SL∗3.1), a∗ (Sa∗3.1), and b∗ (Sb∗3.1) co-localized. Alleles from Ervilha conferred positive effects for STI3.1, SWI3.1, CTX3.1, SL∗3.1, and Sb∗3.1 and negative effects for TFI3.1, BFI3.1, EFI3.1, EFI3.2, BI3.1, SPE3.1, and Sa∗3.1. On Pv04, QTL for water uptake (WU4.1 and WU4.2) and b∗ (Sb∗4.1 and Sb∗4.2) co-localized. Alleles from Ervilha conferred positive effects for WU4.2, Sb∗4.1, and Sb∗4.2 and a negative effect for WU4.1. On Pv07, QTL for total flavor intensity (TFI7.1), vegetative intensity (VFI7.1), sweet intensity (SWI7.1), and cotyledon texture (CTX7.1 and CTX7.2) co-localized. Alleles from Ervilha conferred positive effects for TFI7.1, VFI7.1, SWI7.1, CTX7.1, and CTX7.2. On Pv08, QTL for cooking time (CT8.1), starchy intensity (STI8.1), sweet intensity (SWI8.1 and SWI8.2), and L∗ (SL∗8.1) co-localized. Alleles from Ervilha conferred positive effects for STI8.1, SWI8.1, SWI8.2, and SL∗8.1 and a negative effect for CT8.1. On Pv10, QTL for water uptake (WU10.1), cooking time (CT10.2), total flavor intensity (TFI10.1), beany intensity (BFI10.1), starchy intensity (STI10.1), bitter intensity (BI10.1), seed-coat perception (SPE10.1), cotyledon texture (CTX10.1), L∗ (SL∗10.1), a∗ (Sa∗10.1), b∗ (Sb∗10.1), and seed-coat postharvest non-darkening (ND10.1) co-localized. Alleles from Ervilha conferred positive effects for WU10.1, STI10.1, CTX10.1, SL∗10.1, and Sb∗10.1 and negative effects for CT10.2, TFI10.1, BFI10.1, BI10.1, SPE10.1, Sa∗10.1, and ND10.1.



DISCUSSION

The broad-sense heritability for cooking time was moderately high in this study, as was the case for previous reports looking at both broad-sense and narrow-sense heritability (Elia et al., 1997; Jacinto-Hernandez et al., 2003; Cichy et al., 2019; Bassett et al., 2020b). This supports the idea that marker-assisted selection for fast cooking time may be feasible with few molecular markers. Using marker-assisted selection as opposed to phenotyping could save breeding programs time and prevent the need to purchase specialized machinery specific for the evaluation of cooking time. It could also allow for early generation screening that would otherwise not be feasible due to limited seed and the large number of lines to be evaluated for cooking time.

Differences in sensory attribute intensities among genotypes were successfully detected, allowing the relationship among attributes in this population to be determined and for significant QTL to be identified for the evaluated sensory attributes. While significant panelist and session effects were identified (Supplementary Table 2), QDA does not rely on consensus among panelists, and these effects can be accounted for by using least squares estimates and BLUPs where appropriate. Although broad-sense heritability for sensory attributes tended to be low to very low, it is clear that genotype is important for flavor and texture. In the context of a breeding program, heritability can be improved by screening fewer lines with greater replication to better account for panelist and session effects while managing limited seed and personnel resources. As has been previously noted, panelists tend not to use the full range of the rating scales, which prevents detection of small differences between samples (Bassett et al., 2020b). In the case of this population, it is unlikely that this RIL population exhibited a full range of sensory attribute intensities, especially for traits with limited differences in the parents, so incomplete use of the scales likely reflects a lack of extreme differences among genotypes. However, increasing the size of the scales or using line scales that allow for continuous ratings may better reflect the diversity of attribute intensities exhibited in a population in future studies, which might return higher heritability for sensory traits. Year and genotype by year effects were not significant for sensory traits, apart from cotyledon texture, which had a significant genotype by year effect. This is encouraging because location of production and crop management practices have previously been identified as factors affecting sensory quality (Mkanda et al., 2007; Ferreira et al., 2012). This indicates that flavor and texture traits do not change across years in the same production environment, which is useful for meeting expectations of consistency for consumers and for product developers, who need consistent ingredients over time for their products to be successful.

There did not appear to be distinct groupings of genotypes based on cooking time and attribute intensity in the PCA biplot, indicating that there was a general mixing of these traits in the progeny (Figure 4). This suggests that extensive efforts at breaking linkages among traits are not needed to combine desired traits and achieve a target cooking time and sensory profile. Developing new yellow bean varieties with both fast cooking time and desirable flavor and texture would address two major factors influencing consumer purchasing decisions regarding dry beans and provide novelty for the many consumers unfamiliar with the yellow seed type (Leterme and Carmenza Muñoz, 2002; Eihusen and Albrecht, 2007; Winham et al., 2019).

Many QTL were identified in this study, with those for cooking time and sensory attribute intensities of particular interest. Two cooking time QTL (CT2.3 and CT8.2) cover physical ranges including ss715646000 (Pv02 48,676,223 bp), ss715646002 (Pv02 48,704,298 bp), S08_60104796 (Pv08 60,104,796 bp), and S08_62659170 (Pv08 62,659,170 bp), which are significant SNPs previously identified via genome-wide association in the ADP (Cichy et al., 2015b; Bassett et al., 2020b). Another recent study identified cooking time QTL on Pv02, Pv05, and Pv10, but the physical positions are not proximal to cooking time QTL identified in this study (Berry et al., 2020). All cooking time QTL identified in this study were detected in both years combined and have potential for use in marker-assisted selection. Because the LOD and R2 values for CT8.2 and CT10.2 are particularly high, these two cooking time QTL are the most compelling for marker development. The genetic control of sensory attributes is a new area of research in dry beans with limited study (Bassett et al., 2020b). For total flavor intensity, TFI2.1, TFI3.1, and TFI10.1 cover physical ranges including or in close proximity to S02_34288083 (Pv02 34,288,083 bp), S03_36213088 (Pv03 36,213,088 bp), S10_42515259 (Pv10 42,515,259 bp), and S10_42798266 (Pv10 42,798,266 bp), which were identified in association with total flavor intensity for the ADP (Bassett et al., 2020b). In addition, BFI10.1 and CTX3.1 cover physical ranges including or in close proximity to S10_42475118 (Pv10 42,475,118 bp) and S03_31659572 (Pv03 31,659,572 bp), which were also identified in the ADP in association with beany intensity and cotyledon texture, respectively (Bassett et al., 2020b). Otherwise, the QTL identified for sensory attributes in this study were novel. While most QTL identified for flavor and texture were consistent across years and many exhibited high LOD and R2 values, further validation would be beneficial before use in marker-assisted selection.

Three QTL were identified for water uptake and 13 QTL for CIELAB values. Some water uptake and CIELAB QTL were proximal to QTL and genetic markers identified in previous studies (Cichy et al., 2014; Mendoza et al., 2017; Erfatpour et al., 2018; Bassett et al., 2020b). WU4.2 and WU10.1 are near SNPs for water uptake identified in the ADP (Bassett et al., 2020b). SL∗10.1, Sa∗10.1, and Sb∗10.1 overlapped with the J-locus associated with postharvest non-darkening (Erfatpour et al., 2018). SL∗8.1, SL∗10.1, and Sa∗10.1 overlapped with QTL for L∗ and a∗ of canned black beans identified by Bornowski et al. (2020). Two seed coat lightness QTL fall within the ranges of known P. vulgaris color genes. The V color gene responsible to violet (blue to black) color falls within the SL∗6.1 interval and the Gy color gene (greenish yellow coat color) falls within the SL∗8.1 interval (Myers et al., 2019).

Seed-coat postharvest darkening was detected in PI527538 and half of the RILs. Seed-coat postharvest darkening describes the tendency of some genotypes to darken in color over time due to the presence of proanthocyanidin precursors in the seed coat (Beninger et al., 2005; Chen et al., 2015). This phenomenon has been most studied in pinto and cranberry beans but can be observed in other market classes. Lighter seed coats are perceived by consumers as indications of freshness or quality, so seeds exhibiting postharvest darkening have reduced market value (Nasar-Abbas et al., 2009; Erfatpour and Pauls, 2020). The J locus was previously identified on Pv10, and genotypes that are homozygous recessive at J do not exhibit postharvest darkening (Bassett, 2007; Elsadr et al., 2011; Erfatpour et al., 2018). The QTL identified for the non-darkening trait in this study overlaps with a previously identified QTL for non-darkening located between 40.16 and 40.30 Mb on Pv10 (Supplementary Table 5; Erfatpour et al., 2018). Flavan-3-ols, which include proanthocyandidins, have been previously associated with bitterness and astringency depending on their degree of polymerization (Robichaud and Noble, 1990; Peleg et al., 1999), so seed-coat postharvest darkening may alter flavor over time. The relationship between seed-coat postharvest darkening and flavor after beans have darkened was not examined in this study, but it remains practical to select against darkening when developing new varieties to ensure greater visual appeal to consumers, which would bypass flavor changes caused by darkening altogether. A SNP-based marker has been developed to allow marker-assisted selection for this trait (Erfatpour and Pauls, 2020).

As there is still much to be understood regarding flavor and texture in dry beans, other methods for assessing these sensory traits like GC-MS and texture measurements should be explored. Volatile concentrations and texture measurements have been used successfully as proxies for flavor and texture in studies looking at genetic control of sensory traits in other crops, and these measurements can be cheaper and easier to obtain than those generated by a descriptive panel (Zhang et al., 2015; Amyotte et al., 2017; Bauchet et al., 2017; Zhao et al., 2019). Apart from beany intensity (Vara-Ubol et al., 2004; Bott and Chambers, 2006), however, the contribution of volatiles to perceived flavors in dry beans is not well understood, and texture measurements have not been well explored outside of their use in the evaluation of firmness in canned samples (Kelly and Cichy, 2012). In addition, research assessing consumer preference for flavor and texture in dry beans is needed to define breeding targets for sensory attributes. Understanding which traits are most important for consumer preference and what the expectations are for different seed types will help breeders address flavor and texture with a focused, efficient approach.

Dry beans in the United States are sold as market classes rather than variety preserved. Variation exists within market classes for consumer-valued traits like cooking time, flavor, and texture so consumers are not able to make informed purchasing decisions taking these traits into account (Cichy et al., 2015b; Bassett et al., 2020b; Berry et al., 2020). In addition, the canning industry cannot receive the benefits of reduced energy costs and higher efficiency associated with fast-cooking genotypes if slow-cooking genotypes are present in the same cans (Bassett et al., 2020a). Because yellow beans are largely unfamiliar to United States consumers, there is an opportunity to develop new yellow bean varieties that prioritize these traits so that the yellow color can serve as a marker for convenience and culinary quality to consumers and the canning industry can produce quality canned products with yellow beans while benefitting from shorter processing times. Consumers are already seeking out unique flavors, textures, seed patterns, and colors from heirloom beans (Bullard, 2016), but heirlooms are not suited to modern farming practices, which makes them more expensive and less widely available than more familiar market classes. Yellow beans, the Manteca market class in particular, could serve this consumer interest while addressing grower needs.



CONCLUSION

This work adds to the currently limited pool of resources available for dry bean breeders to target fast cooking time, flavor, and texture in their breeding programs. The QTL identified in this work, in particular CT8.2 and CT10.2, can be used to develop molecular markers for the incorporation of fast cooking time into new bean varieties to benefit both consumers and the canning industry. For sensory attributes, many QTL for attribute intensities including total flavor, beany, earthy, starchy, sweet, bitter, seed-coat perception, and cotyledon texture were consistent across years and show potential for use in marker-assisted selection following identification of breeding targets informed by consumer preference. Consumers are seeking pulse products with improved culinary characteristics and unique appearance. Yellow dry beans like those used in this study are unfamiliar to United States consumers, but they tend to be fast cooking with desirable sensory attributes. With the recent increased interest in plant-based proteins, now is an opportune time to address consumer preference in dry beans to remain competitive with other pulses, and yellow beans might be an ideal vehicle to a fast-cooking, flavorful, and flourishing future of dry beans.
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Soil moisture and air temperature stress are the two major abiotic factors limiting lentil (Lens culinaris Medik.) growth and productivity in the humid tropics. Field experiments were conducted during winter seasons (November to March) of 2018–2019 and 2019–2020 on clay loam soil (AericHaplaquept) of Eastern India to cultivate rainfed lentil, with residual moisture. The objective was to study the effect of different time of sowing and foliar spray of micronutrients in ameliorating the effect of heat and moisture stress lentil crop experience in its reproductive stage. The study was conducted with two different dates of sowing, November and December, as main plot treatment and micronutrients foliar spray of boron, iron, and zinc either alone or in combination as subplot treatment. No foliar spray treatment was considered as a control. The soil moisture content is depleted from 38 to 18% (sowing to harvest) during November sowing; however, in December sowing, the depletion is from 30 to 15%. The foliar spray of micronutrients helped to have a better canopy cover and thus reduced soil evaporation during the later stages of crop growth when the temperature was beyond the threshold temperature of the crop. Crop growth rate (CGR) and biomass were significantly higher (p ≤ 0.05) for November sown crop and with foliar spray of boron and iron (FSB + FE) micronutrients. In the later stages of the crop when the soil moisture started depleting with no precipitation, the canopy temperature increased compared with air temperature, leading to positive values of Stress Degree Days (SDD) index. Delay in sowing reduced the duration by 11.4 days (113.5 vs. 102.1 days), resulting in varied accumulated Growing Degree Days (GDD). FSB + FE resulted in the highest yield in both years (1,436 and 1,439 kg ha−1). The results of the study concluded that the optimum time of sowing and foliar spray of micronutrients may be helpful to alleviate the soil moisture and heat stress for the sustainability of lentil production in the subtropical region.

Keywords: lentil, moisture stress, heat stress, sowing times, SDDI, micronutrients


INTRODUCTION

Abiotic stresses, such as high temperature and moisture, are major environmental factors that limit the growth and productivity of crops. Climate change has increased the intensity of adverse crop environment, resulting in severe economic loss in agricultural and horticultural crops (Beck et al., 2007). Elevated temperatures and moisture stress can cause various morpho-anatomical, physiological, reproductive, and biochemical changes in plants, which can affect plant growth and development and ultimately lead to reduction in economic yield (Bita and Gerats, 2013). High temperature is very often related to reducing the availability of water (Barnabás et al., 2008). The effects of abiotic stresses, mainly at the time of the reproductive stage of plants, are gaining attention, as they are a serious threat to the productivity of leguminous crops by reducing pollen viability, fertilization, and pod set (Gaur et al., 2015). The incidence of drought, accompanied by heat stress, is likely to increase in the near future (IPCC, 2014), which highlights the need to investigate a more economical management option to reduce its adverse effect.

Lentil (Lens culinaris L.) is the second most important cool-season legume crop in India (Ram and Punia, 2018). It covers an area of 1.51 million ha with a production of 1.56 million tons and productivity of 1,032 kg ha−1 (Directorate of Economics and Statistics, 2020). Lentil is generally grown as a rain-fed crop during the winter season. It can be grown on residual soil moisture without any additional irrigation in the vast fallow land in India just after the harvest of Kharif rice (previous crop). However, fluctuation in temperature limits the growth and productivity of lentil in the country. During the cool season, legumes are adapted to the low and mild temperature and, hence, show high sensitivity to heat stress, as observed in chickpea (Kaushal et al., 2013) and lentil (Sita et al., 2018). Lentil is reported for its high sensitivity to high temperature and moisture stress, particularly during the reproductive stage, leading to a drastic reduction in yield (Sita et al., 2017). It requires low temperatures at the time of vegetative growth but comparatively warm temperatures during the maturity stage: for optimum growth, the required temperature ranges from 18 to 30°C (Sinsawat et al., 2004). Temperatures above 32/20°C (max/min) at the time of flowering and pod filling in lentil can drastically reduce seed yield and quality(Delahunty et al., 2015; Bourgault et al., 2018). In addition, the cultivation of long-duration rice inhibits the sowing of lentil as a sole crop in India. Long-term trend data showed that the crop would face the adverse effect of heat and moisture stress when sown late. Apart from the temperature stress during the reproductive stage, the crop may face initial or late moisture stress because of the hard layer of puddled rice soil and depleting soil moisture as no external irrigation is provided. It has been reported that lentil is largely affected by temperature, rainfall, and sowing date (Saxena, 2009).

Foliar application of micronutrients helps in the rapid translocation when compared with soil application, which is very pertinent in mitigating stress in plants especially under late sown conditions. Exogenous application of nutrients might prove a potent tool to alleviate the deleterious impacts of heat (Waraich et al., 2012). All three micronutrients, zinc, iron, and boron, have a diverse role in plant reproductive development. Zinc is a micronutrient known for its metabolic and regulatory functions (Broadly et al., 2007). It also plays a pivotal role in the reproductive phase of the crop. Iron (Fe) is important for various biochemical pathways of plants (Briat et al., 1995; Rout and Sahoo, 2015). The impact of boron deficiency on assimilate partitioning may greatly influence the ability of plants to cope with other unfavorable environmental conditions such as soil water deficit and low supply of other nutrients. Boron plays an important role in the reproductive growth of plants (Dear and Lipsett, 1987; Dell and Huang, 1997). Various earlier literatures revealed that zinc, iron and boron can also regulate the biosynthesis of chlorophyll, improve photosynthetic rate, and, thus, alleviate the effect of stress on crops (Marschner, 2012). Thus, we hypothesize that foliar sprays of micronutrients would be effective agronomic management that can help in mitigating stress and improving yield. Against this background, the study was conducted with two objectives: (1) appropriate date of sowing and foliar spray of micronutrient will have a positive impact on CGR, biomass, LAI (leaf area index), and growth; and (2) the appropriate time of sowing and foliar spray of micronutrients will have an impact on canopy temperature, SDD index, soil water availability, and phenology of crops and better yield.



MATERIALS AND METHODS


Site Characteristics

The field experiment was conducted during the rabi season of 2018–2019 and 2019–2020 at the Seed Farm of Bidhan Chandra Krishi Viswavidyalaya (latitude 22°58′ N and longitude 88°32′ E), Kalyani, West Bengal, India. The study site is flat and is located at an altitude of 9.75 m above mean sea level (AMSL). The soil is well-drained Gangetic alluvial soil (order: inceptisol), which belonged to the class of clayey loam with medium fertility and almost neutral in reaction. The soil was low in organic carbon (wet digestion method), available nitrogen (alkaline permanganate-oxidizable), zinc (DTPA-extractable), boron (azomethine H), and iron (DTPA extractable) (0.52%; 138 kg ha−1; 0.4, 0.49, and 0.45, respectively), fairly rich in available P2O5 (Bray'P), and K2O (NH4OAC-extractable) (30 and 160 kg ha−1, respectively).



Treatment Description and Experimental Design

The experiment was laid in a split-plot design with three replications. The main plots were two different dates of sowing, November (normal) and December (late), and the subplots were foliar spray of different micronutrients. Treatment abbreviations along with the definition of treatments are given in Table 1. In this study, we used a popular lentil variety, namely, Moitree (“WBL 77”). It is a red, small-seeded lentil variety. This is the most preferred variety among farmers because of its medium duration and better yield. The foliar sprays were given at the flower and pod initiation stages.


Table 1. Treatment description and abbreviation used.

[image: Table 1]



Crop Management

The seeds were sown at 30 cm row spacing in an experimental plot of 5 × 4 m as per the sowing time of various main plot treatments. Standard crop management practices, such as a uniform fertilizer dose of 20:40:40 kg ha−1 of N: P2O5 and K2O, and one hand weeding at 25–30 days after sowing (DAS), were given. No irrigation was provided, because lentil was grown on residual soil moisture along with little precipitation during the rabi season.



Weather

The meteorological data for the period of investigation (November 2018 to March 2019 and November 2019 to March 2020) were collected from the AICRP at the Agrometeorology unit, Directorate of Research, Kalyani, West Bengal. The mean Tmax, Tmin, and rainfall received during different growth stages are reported in Table 2 and Figure 1.


Table 2. Phenological-stage wise mean rainfall, and maximum and minimum temperature during the study period.
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FIGURE 1. Average daily distribution of temperature and rainfall during the study period [(A) 2018–2019 and (B) 2019–2020]. Arrows indicate the sowing dates of lentil under November sowing and December sowing.




Measurement of Crop Growth, Thermal Indices, Phenology, and Yield Attributes

For sampling, 20 random plants were selected from each plot, excluding border row, for taking observation on growth and yield attributes of lentil. The phenological stages (viz., emergence, flower, and pod initiation and maturity) of the crop sown on different dates were noted by a regular field inspection method. Phenophase-wise growing degree days (GDD) were calculated following Nuttonson (Nuttonson, 1955) by taking a base temperature of 5°C.

For the analysis of leaf area index (LAI) and dry biomass production of lentil, plant samples were taken from 10 randomly selected plants per plot at vegetative (30–45 DAS), flowering (45–75 DAS), pod formation (75–90 DAS), and maturity (90–105 DAS) stages. The green leaf portions were separated, and the area of the leaves was measured. Mean value per plant was used in calculating the LAI, which was derived using Equation 1:

[image: image]

Crop growth rate (CGR) is the rate of dry biomass production per unit ground area per unit time. It was calculated using Equation 2 and expressed as g m−2 day−1.

[image: image]

where, W1 is the dry weight of the plant (g m−2) at time t1; W2 is the dry weight of the plant (g m−2) at time t2; (t1-t2), the time interval in days; the dry biomass was measured at the vegetative, flowering, and at pod-formation stages of the crop. The net assimilation rate (NAR g m−2 day−1) was worked out from the ratio of and LAI using Equation 3:

[image: image]

After lentil attained physiological maturity, grain yield was determined by hand-harvesting on the whole-plot basis from each plot, and the yield data were normalized to 14% seed moisture content.

Canopy temperature (°C) was measured at 11:30 h with the help of an infrared thermometer.

The same was used in calculating the SDD index using Equation 4:

[image: image]

where Tc= canopy temperature at midday and Ta = air temperature at mid day.

A line quantum sensor was placed across the row 25 cm above the crop canopy to measure the incident radiation. The instrument was lowered down the canopy horizontally and placed above the soil surface to measure the radiation at the bottom. The reflected PAR was measured from the same position by simply inverting the sensor. The PAR use efficiency (PARUE) was estimated using Equation 5:

[image: image]

where accumulated absorbed PAR (APAR) was estimated using Equation 5.1.

[image: image]

where PAR (o) = the portion of the incident PAR above the canopy.

RPAR (s) = reflected PAR from the surface under the lentil canopy (reflected PAR value at the bottom level of crop.

TPAR = transmitted portion of the PAR through the canopy to the soil surface (Incident PAR value at the bottom of the crop).

RPAR(c) = reflected PAR from the crop (reflected PAR value at the uppermost layer of the crop canopy).



Measurement of Soil Moisture

Soil moisture measurement was carried out gravimetrically. Moisture was recorded from three depths, viz., 0–15, 15–30, and 30–45 cm. All the samples were dried in an oven at 105°C for 24–48 h, so that the moisture present in the soil samples may be lost. Thereafter, all dried soil samples again were weighed on an electrical balance, and the readings were noted. Actual moisture content in each soil sample was calculated using Equation 6.

[image: image]

From percent soil moisture, soil moisture on a depth basis was estimated using Equation 7.

[image: image]

where Ai = apparent specific gravity of soil (or bulk density of soil, dimensionless) and D = depth of soil (cm).

The profile water contribution (ΔS) from soil at various depths was computed from moisture content of the soil. It was determined from the difference in soil moisture content at sowing, and harvesting of lentil and was estimated using Equation (8).

[image: image]

where ΔS–profile water contribution (mm); Ms-moisture content of the soil at sowing (%); Mh-moisture content of the soil at harvest (%); Ai-apparent specific gravity of soil of ith profile (orbulk density of soil, dimensionless) and Di–depth of soil (mm) of the ith profile.



Statistical Analysis

Statistical analysis of the data was performed applying the analysis of variance (ANOVA) technique of split-plot design (Gomez and Gomez, 1984). When the data were similar during both years, pooled analysis was carried out and presented. presented.ANOVA was conducted, and least significant values were calculated (p ≤ 0.05). Tukey's post-hoc test was applied to compare differences between the mean values.




RESULTS


Temperature and Rainfall Prevailed During Lentil Growth

Daily distribution of rainfall and temperature (max and min) varied during the growth of lentil for the two consecutive years (Figures 1A,B) under different sowing dates. The range of temperatures at the time of flowering to pod formation (55–75 days) of lentil during 2018–2019 and 2019–2020 seasons were 6–28.4 and 9–32.2°C for the November-sown and 7.8–30 and 8.9–32°C for the December sown crops. Figure 1 shows that the crop received 16.2 cm of rainfall at vegetative to the flowering period (35–70 DAS) in the 2018–2019 season. However, the crop grown in the year 2019–2020 did not receive any rainfall during its vegetative phase.



Effect of Different Date of Sowing and Foliar Spray of Micronutrients on Soil Moisture Distribution

Temporal soil moisture distribution indicated a decreasing trend from sowing to harvesting (Figures 2A,B) at each depth in different tillage systems for two consecutive years. During sowing, the moisture content varied between 28 and 38% in the November sowing, and 30 and 38% in the December sowing across the depth (0–45 cm). It started depleting throughout the crop season. The foliar spray of micronutrients did not show any significant result across the treatments. However, the foliar spray of FSB+FE and FSB+FE+ZN reported slightly more soil moisture availability than the control in the later stages. In the year 2018–2019, the soil moisture content ranged from 35 to 37, 25 to 29, 20 to 24, 18 to 22, and 15 to 18% for sowing to vegetative (S–V), vegetative to flowering (V–F), flowering to pod development (F–P), pod development to maturity (P–M), and maturity to harvest (M–H) periods, respectively, for the November sown crop.


[image: Figure 2]
FIGURE 2. (A) Soil moisture content at different growth periods under different dates of sowing and foliar spray (data of 2018–2019 crop season) (error bars represent the standard error of mean, and different letters indicate significant differences between means); and (B) soil moisture content at different growth periods under different dates of sowing and foliar spray (data of 2019–2020 crop season) (error bars represent the standard error of mean, and different letters indicate significant differences between means). Treatments details are available in Table 1.


The December sown crop was available with less soil moisture throughout the season when compared with the November sown one. It ranged from 30 to 33, 22 to 25, 16 to 19, 13 to 17, and 11 to 15% for the S–V, V–F, F–P, P–M, and maturity to harvest (M–H) periods. In the year 2019–2020, throughout the root zone (0–45 cm), the soil moisture content ranged from 33 to 36, 25 to 31, 18 to 25, 17 to 20, and 15 to 18% during the S–V, V–F, F–P, P–M, and M–H periods, respectively, for the November sown crop. Similarly, for the December sown crop, the soil moisture content varied from 30 to 32, 25 to 28, 25 to 28, 19 to 22, and 13 to 15% during S–V, V–F, F–P, P–M, and M–H periods, respectively. The change in soil moisture for both years also supports the data (Figure 3) December sown crop experienced a drastic reduction in the soil moisture content when compared to the November sown one, except for the initial soil moisture since the crop received a fair amount of rain (15.4 mm) just before its sowing.


[image: Figure 3]
FIGURE 3. Change in soil moisture storage (0–45 cm soil profile) under different dates of sowing (data of 2 years (error bars represent the standard error of mean). S–V, sowing to vegetative; V–F, vegetative to flowering; F–P, flowering to pod development; P–M, pod development to maturity; and M–H, maturity to harvest.




Effect of Dates of Sowing and Foliar Spray of Micronutrients on Physiological and Growth Traits of Lentil

An increasing trend in LAI, CGR, and NAR from the early growing season was observed under both the dates of sowing in both the years. However, in the latter stages of the year 2018–2019, LAI and CGR decreased in the second date of sowing (Figure 4A). During the year 2018–2019, we observed heavy leaf fall in the later stages of the crop in the second sowing due to heavy wind prevalence during that period, thus decreasing the leaf area and crop growth rate.


[image: Figure 4]
FIGURE 4. (A) Growth parameters at different growth periods under different dates of sowing (data of 2018–2019 crop seasons); (B) growth parameters at different growth periods under different dates of sowing (data of 2019–2020 crop seasons).


LAI almost remained the same during the later stages, and CGR showed a decreasing trend (Figure 4B). Maximum LAI of 2.12 was observed for November and 1.97 was observed for December sown crops, respectively. Moisture stress (higher depletion rate) during pod development and maturity stages (Figure 2) reduced the LAI and CGR (Figures 4A,B). We observed only some significant changes in LAI with the foliar spray treatments and an increase in dry matter. The pooled data over 2 years of CGR, NAR, and biomass are presented in Table 3.


Table 3. Growth parameters of lentil influenced by date of sowing and foliar spray of micronutrients (pooled data of 2 years).

[image: Table 3]



Effect of Dates of Sowing and Foliar Spray of Micronutrients on Thermal Indices and Phenology

The temperature in this region normally begins to rise from the end of February, reaches its maximum in May, and starts to decline from mid October, reaching a minimum of about 10°C by January. The variation in daily maximum and minimum temperature for 2 years during the crop season is given in Figure 1. During the first crop growing season, the total GDD accumulated was 1,676°C days for November sown crop and 1,514.9°C days for the December sown crop. The trend remained the same for the second crop season too. Mean GDD from sowing to emergence (S–E), germination to flower initiation (G–F), flower initiation to pod initiation (F–PI), pod initiation to maturity (PI–M), and total GDD accumulated for both the years are given in Figure 5.


[image: Figure 5]
FIGURE 5. GDD at different growth period under different dates of sowing (data of 2018–2019 and 2019–2020 crop seasons). S–E, sowing to emergence; G–F, germination to flower initiation; F–PI, flower initiation to pod initiation; and PI–M, pod initiation to maturity.


Mean air temperature was higher for the December sown crop than the November sown one, which accelerated the phenological development of the later sown crop, especially during the flower initiation stage and early pod development stage. As lentil is an indeterminate crop, it keeps on producing flower as far as the source-sink relationship is maintained. SDD index is another thermal index that is largely used to estimate crop stress. Canopy temperature measurement is necessary to understand the plant-water status in a particular phenophase of a crop. The canopy temperature recorded at different stages of the crop is given in Table 4.


Table 4. Canopy temperature of lentil influenced by date of sowing and foliar spray of micronutrients (pooled data of 2 years).

[image: Table 4]

The normal sown crop recorded less canopy temperature when compared with the late sown crop. A variation of 3–5°C was observed at various growth stages. The increase in canopy temperature brought the crop under stress, as a result of which the late sown crop finished its life cycle almost 11 days earlier than the normal sown crop. However, this reduction in phenophase has a negative effect on crop yield and quality. The SDD index at various stages are presented in Figure 6. Lentil sown late recorded positive values at the later stage of crop growth (Figures 6A,B), indicating soil-moisture stress during this period. We have also observed low soil moisture as well as soil moisture storage at this stage (Figures 2, 3). The amount of intercepted PAR differed among sowing dates as well as treatments. The PARUE (g/MJ) among the treatments are given in Figures 7A,B.


[image: Figure 6]
FIGURE 6. (A) SDD index at different growth period under different dates of sowing and foliar spray (data of 2018–2019 crop season) (error bars represent the standard error of mean, and different letters indicate significant differences between means.); (B) SDD index at different growth period under different dates of sowing and foliar spray (data of 2019–2020 crop seasons) (error bars represent the standard error of mean, and different letters indicate significant differences between means).



[image: Figure 7]
FIGURE 7. (A) PARUE at different growth periods under different dates of sowing and foliar spray (data of 2018–2019 crop season) (error bars represent the standard error of the mean, and different letters indicate significant differences between means.); and (B) SDD index at different growth periods under different dates of sowing and foliar spray (data of 2019–2020 crop season) (error bars represent the standard error of the mean, and different letters indicate significant differences between means). Treatments details are available in Table 1.


Marked differences were found in the amount of PAR intercepted between treatments up to the final harvest. In the year 2018–2019, PARUE ranged from 0.15 to 0.47 g/MJ in the November sown crop and 0.15– 0.43 g/MJ in the December sown crop (Figure 7A). In the year 2019–2020, PARUE varied from 0.15 to 0.47 g/MJ under November sown conditions and 0.15–0.41 g/MJ under December sown conditions (Figure 7B). There was a marked difference in the PARUE of the treatments. The foliar spray had a positive influence on the crop growth and crop canopy; and hence, the radiation absorption was also better. We observed an improvement of 14–18% more PARUE in crops that received foliar spray of FSB+FE and FSZN+FE+B when compared with control during both the years at the reproductive stage. We also found that APAR was strongly and positively correlated with LAI at the reproductive stage of the crop in both years (Figure 8), clearly indicating a better canopy cover intercepts and absorbs more radiation.


[image: Figure 8]
FIGURE 8. PARUE at the reproductive stage (75–90 DAS) under different dates of sowing and foliar spray (data of 2018–2019 and 2019–2020 crop seasons) (error bars represent the standard error of mean).


The duration of the lentil crop was drastically reduced with a delay in sowing from November to December (Table 5). On average, the lentil sown on the first week of November took 113.5 days from sowing to maturity. However, the crop sown on the first week of December completed its life cycle in 102 days. Mean days for the crop sown on the normal date of sowing from sowing to emergence (E), Germination to flowering initiation (FI), Flowering to pod initiation (PI), and maturity (M) were 7.1, 45.8, 17.2, 45.3, and 113.5. On the other hand, the delayed date of sowing finished the stages of growth in 8.1, 39.1, 19.1, 35.9, and 102.1 days, respectively.


Table 5. Phenology of lentil influenced by date of sowing and foliar sprayof micronutrients (pooled data of 2 years).
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Yield of Lentil Is Influenced by Date of Sowing and Foliar Spray of Micronutrients

With a maximum duration of the growth period, less soil moisture and temperature stress for the November sown crop led to higher grain yield (Figure 9). On an average, 1,309 and 1,347 kg ha−1 yields were obtained from the November sown crop, which were almost 33% more than those from the December sown crop. Among the micronutrient foliar spray treatments, FSB+FE resulted in the highest yield in both the years (1,436 and 1,439 kg ha−1).


[image: Figure 9]
FIGURE 9. Yield for (A) 2018–2019; and (B) 2019–2020 of lentil is influenced by the date of sowing and foliar spray of micronutrients. Treatments details are available in Table 1.





DISCUSSION


Moisture Availability and Storage

According to Yadav et al. (2007), lentil needs low temperatures at the time of vegetative growth, while maturity requires warm temperatures; the best temperature for its optimum growth has been found to be 30/18°C (max/min), and above 32/20°C (max/min) during flowering and pod filling in lentil can drastically reduce seed yield and quality (Sita et al., 2018). The experiments revealed that the cooling periods were shorter, and that the heat periods were becoming longer under late sowing, further resulting in exposure of cool-season crops to heat stress and moisture stress, particularly in the reproductive stage. From Table 2, it is clear that during the reproductive stage (pod initiation to maturity), there was a difference of 2–3°C between the November and December sown crops in both the years. Moreover, there was an incidence of more than 32°C (Tmax) for 3–5 consecutive days. An increase in temperature beyond 32/20°C (Tmax/Tmin) is reported to severely affect the yield of the crop. This finding is in accordance with that reported earlier (Saxena, 2009; Malik et al., 2015). In both years, the crop was exposed to supra-optimal temperatures, especially when sown late. Since the crop is also raised without irrigation, along with heat stress, the crop also experienced severe moisture stress during the terminal stage, particularly when sown late. The severity increases when the crop faces both terminal heat and moisture stress together. Though late sowing of crop had lesser moisture availability, there was no significant effect of foliar spray except for FSB+FE and FSB+FE+ZN reporting slightly more soil moisture availability than the control at the later stages probably due to a better foliage cover.



Physiological Parameters

Though the November sown crop is the appropriate time for sowing, the farmers in this region could not take up this time of sowing. Since in a larger situation a long duration rice crop (more than 150 days) is taken up, the sowing of lentil always gets delayed to the end of November or December. In agreement with the previous reports, the yield of any particular lentil variety is low when no alleviation measures are taken up. In this study, we found better growth with the application of foliar spray, especially FSB+FE. An increase in foliar growth of plants leading to more LAI and CGR, resulted in establishing a better canopy coverage, reducing the soil evaporation and thus higher soil moisture. According to Saxena (2009), the presence of abundant soil moisture greatly delays the maturity of lentil. Higher initial soil moisture in the soil profile under November sown lentil crop (after the harvest of rice), resulted in water availability for a longer period. The decrease in NAR and CGR may be due to low water uptake and higher transpiration rate under stress conditions (Talukdar, 2013). The rate of CGR to LAI indicates the NAR of the crop. An increasing or decreasing trend in LAI might promote the mutual shading of the leaves. Whenever the shading increases, it leads to a decrease in the average NAR of the leaves of lentil with an increase in the growth period (Sinclair and Muchow, 1999). The LAI of the crop gradually increased until early pod development, after which it started declining in the late sown crop because of a reduction in phenology due to stress. However, the normal sown crop maintained it until maturity. It was pointed out by Chaturvedi et al. (1980) that dropping of lower leaves did not contribute to photosynthesis but retained respiratory activity. Lower NAR at the later stages might have resulted in a lower photosynthetic rate. However, the respiratory activity would have remained high, leading to plant stress. In cluster bean, similar effects of soil moisture stress on NAR have been observed (Vyas et al., 2001).



Thermal Indices and Phenology

Changes in maximum and minimum temperatures reduce the duration of different phenological stages and adversely affect growth processes in crops (Parya et al., 2010). Any temperature change will bring a change in canopy temperature, which will affect the growth and development of a crop. Higher canopy temperature and SDD index negatively affect dry matter production and yield (Chakravarti et al., 2010). An increase in canopy temperature results in an increased rate of transpiration as diffusive resistance gets increased (Baligar et al., 2012). The interesting finding during this experiment was that in the late sown crop, the treatment with foliar spray of FSZN+FE, FSB+FE and FSZN+FE+B recorded a negative SDD index value at this stage. This results from prominence the fact that micronutrients like zinc, iron, and born can ameliorate the increase in temperature to a better extent. Solar radiation is important for efficient photosynthesis. The absorption of photosynthetically active radiation depends on the canopy and duration of the crop. The higher interception of PAR in November sowing over December sowing was due to the longer duration. The November sown crop also has a higher canopy cover, which is clear from its LAI. Similar results were reported in lentil (Azam et al., 2002) and chickpea (Hussain et al., 1998). Improved PARUE is a clear indication of a high photosynthetic rate. All these factors might have led to improved productivity in crops that were sprayed with a foliar application of micronutrients.

The phenology of the crop reduced when the sowing was delayed. As the temperature started increasing and the crop started experiencing moisture and heat stress, the life cycle of the crop started reducing. A reduction in time to 50% flowering and maturity for the December sown lentil (cv. LG 308) was observed by Singh et al. (2005) and Sen et al. (2016). Though the differences between the stages are not standardized, the study found that G–F and PI–M influenced the life cycle of the lentil crop as a whole. The emergence of lentil seedlings was faster (7 days) in normally sown plots than in later sown dates, i.e., delayed (8 days), which may be due to better residual soil moisturization.



Yield of Lentil

We could observe from the SDD index and canopy temperature results that the crop experienced stress during the later stage of growth (reproductive stage). It has been reported that the reproductive stage is more sensitive to moisture and heat stress. The reproductive stage of growth is more sensitive to drought than the vegetative stage, resulting in poor seed set and, hence, affecting the yield (Pushpavalli et al., 2014). We could, however, observe that when the crop is sown late, the application of foliar nutrients can help in ameliorating the adverse effect of heat and moisture stress and help in reducing the stress, thereby improving the yield (Roy et al., 2009). Since lentil was raised as a rain-fed crop, the change in soil moisture storage has a big role to play. The increase in temperature along with the soil moisture stress has resulted in differences in the length of the growth period and, hence, the yield of the crop is drastically affected (Tiwari and Vyas, 1994). Change in higher soil moisture storage in the November sown crop compared with the December sown crop from sowing to harvesting resulted in less residual soil moisture evaporation or less transpiration. Apart from that, foliar spray of micronutrients, especially FSB+FE and FSZN+FE+B resulted in ameliorating the effect of both heat and moisture stress to an enhanced extent. This result is in close agreement with Tuti et al. (2012) and Visha Kumari et al. (2019) in humid tropical and sub-tropical climates. Early sowing has an advantage in enabling the long flowering to pod filling period (70–100 DAS) that may influence fruit setting and yield. Foliar spray, though not very evident, has some effect on keeping the crop to flower more as lentil is an indeterminate crop.




CONCLUSIONS

The effect of sowing date and application of foliar spray of micronutrients implies an improvement in crop yield of lentil crop in Eastern India. This study found that the soil moisture storage experienced a continual reduction from sowing (relatively high storage) to harvest (much-reduced storage). However, it is highly influenced by the date of sowing and foliar spray (to some extent). Rapid depletion of soil moisture, along with an increase in air temperature in delayed sowing, increased soil moisture and plant heat stress, especially during the reproductive phase of the crop. The LAI, CGR, and NAR could be considered as important indices for the better expression of plant water stress. Canopy temperature, SDD index, phenology, and PARUE could be better indicators for heat stress. This study has concluded that appropriate time of sowing, along with foliar spray of micronutrients, could result in higher yield. Under delayed sowing conditions, foliar spray of boron at the rate of .2% and iron at the rate of .5% would help in reducing stress and could help farmers in sustaining better yield, especially during the rice-lentil cropping system.
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In the Arctic part of the Nordic region, cultivated crops need to specifically adapt to adverse and extreme climate conditions, such as low temperatures, long days, and a short growing season. Under the projected climate change scenarios, higher temperatures and an earlier spring thaw will gradually allow the cultivation of plants that could not be previously cultivated there. For millennia, Pea (Pisum sativum L.) has been a major cultivated protein plant in Nordic countries but is currently limited to the southern parts of the region. However, response and adaptation to the Arctic day length/light spectrum and temperatures are essential for the productivity of the pea germplasm and need to be better understood. This study investigated these factors and identified suitable pea genetic resources for future cultivation and breeding in the Arctic region. Fifty gene bank accessions of peas with a Nordic landrace or cultivar origin were evaluated in 2-year field trials at four Nordic locations in Denmark, Finland, Sweden, and Norway (55° to 69° N). The contrasting environmental conditions of the trial sites revealed differences in expression of phenological, morphological, crop productivity, and quality traits in the accessions. The data showed that light conditions related to a very long photoperiod partly compensated for the lack of accumulated temperature in the far north. A critical factor for cultivation in the Arctic is the use of cultivars with rapid flowering and maturation times combined with early sowing. At the most extreme site (69°N), no accession reached full maturation. Nonetheless several accessions, predominantly landraces of a northern origin, reached a green harvest state. All the cultivars reached full maturation at the sub-Arctic latitude in northern Sweden (63°N) when plants were established early in the season. Seed yield correlated positively with seed number and aboveground biomass, but negatively with flowering time. A high yield potential and protein concentration of dry seed were found in many garden types of pea, confirming their breeding potential for yield. Overall, the results indicated that pea genetic resources are available for breeding or immediate cultivation, thus aiding in the northward expansion of pea cultivation. Predicted climate changes would support this expansion.

Keywords: phenology, phenotyping, ideotype, yield components, thermal modeling, garden pea, field pea, landraces


INTRODUCTION

Agriculture in the Arctic part of the Nordic region requires crops that have adapted to extreme climate conditions, such as low temperatures, very long days, and a short growing season. Today, the variety of these crops is more or less limited to forage crops and barley, but climate change scenarios project it will be possible to cultivate more crops in these areas in the near future. Of particular interest are crops that can provide plant protein for both livestock and humans. An increased cultivation of grain legumes is already considered suitable in Europe, in general, and in northernmost Europe, in particular (Watson et al., 2017). The best-suited crop for marginal agricultural areas is probably the pea (Pisum sativum L.).

The Pea has a long tradition in historical Nordic agriculture and has probably been cultivated in the region since the Bronze Age, although grain legumes seldom are preserved as archaeological remains (Regnell, 1998; Kirleis, 2019). The crop was most likely domesticated from wild Pisum elatius (Jing et al., 2010) and spread from the Fertile Crescent, among other agricultural founder crops, across the Mediterranean before it began its northward expansion (Colledge et al., 2005). Adaptation to novel light and temperature conditions must have been a necessity as pea cultivation gradually moved north. Historically and today, the pea is the most important protein crop in the Nordic countries (Osvald, 1959; Watson et al., 2017). At present, the pea is cultivated on 40 kha in Sweden (Statistics Sweden, 2020), 25 kha in Finland (Statistics Finland, 2020), and in Denmark on 3.8 kha for consumption and 7.4 kha for feed (Danmarks statistik, 2020). In Norway, the total legume cultivation only covered 3.9 kha in 2019 (Landbruksdirektoratet, 2020).

Cultivation is concentrated in the southern parts of the region, however, primarily because yield security is not sufficient in the region around and above the Arctic Circle with its colder climatic conditions. This problem could be solved by improving the existing germplasm through adaptation.

The gene bank at the Nordic Genetic Resource Center (NordGen) holds exceptionally rich resources of pea germplasm, not least of landraces gathered in the Nordic countries (Leino and Nygårds, 2008), as well as Nordic cultivars and breeding material. Molecular genetic analyses of this material show a great variability and high genetic differentiation among accessions from different geographical areas (Hagenblad et al., 2013; Leino et al., 2013; Solberg et al., 2015).

The pea has been cultivated in the Nordic countries under a range of climatic conditions with a growing season ranging from approximately 140–220 days. Thus, adaptive traits such as the time for flowering vary significantly in the material. Vanhala et al. (2016) studied a set of Swedish landraces under controlled greenhouse conditions and found a strong correlation between the days required for flowering and duration of the growth season at the site of origin. The pea is a typical facultative long-day plant and is therefore relatively insensitive to the variation in the length of day occurring in high altitude regions. The flowering time is dependent on the alleles in the HIGH RESPONSE TO THE PHOTOPERIOD (HR) gene, but also on other unknown genetic factors contributing to this trait. Several of the accessions that appear adapted to the Northern cultivation conditions, but are currently only cultivated in household gardening, have the potential for use in large-scale cultivation.

Adaptation and yield potential greatly depend on the flowering times and duration of growth. In turn, these traits vary among genotypes due to differences in their phenological response to temperature and photoperiods (Gottschalk, 1988; Wilson and Robson, 2006). The genetic control of this variation is well known (Paton, 1968; Berry and Aitken, 1979; Yan and Wallace, 1998; Weller and Ortega, 2015), but the phenotypic expression of responses to light and temperature is not well-defined. Knowledge about the responses of different genotypes to contrasting climates in terms of their phenology and yield components is important for the selection of the most appropriate cultivars and breeding materials for each environment. The information can also contribute to predicting the effects of climate change on agricultural production.

Most crop physiological studies so far have focused on responses to warm climates and heat stress. For example, Anwar et al. (2015) found dramatic effects on pea phenology and yield in a projected warmer climate in Australia. Huang et al. (2017) exposed a set of recombinant inbred lines (RILs) to heat stress through delayed sowing and found that flowering accelerated and yield decreased, but differed based on the genotype. Sadras et al. (2019) evaluated RILs segregating in phenology in different environments in Australia and found that flowering time had high heritability, whereas the later developmental stages were greatly affected by the environment. In contrast, there are fewer field trials that are performed at high latitudes, investigating the response of different genotypes to extreme day length, low temperatures, and a shorter growing season.

The major objective of this study was therefore to evaluate the responses of a wide range of genotypes in terms of phenology and yield to the specific climatic conditions of Arctic and sub-Arctic latitudes. Fifty accessions with a Nordic landrace or cultivar origin were cultivated in four contrasting environments, with two of the locations situated a long way north of the present-day cultivation area for peas. The phenology and yield parameters were recorded and analyzed in response to climatic variables.



MATERIALS AND METHODS


Plant Materials

Fifty pea accessions from the collection at NordGen were selected for the trials (Table 1). The accessions were chosen based on the available documentation, such as place of origin and cultivation history. In particular, early flowering accessions with a short flowering time, primarily from the northern part of Finland, Norway, or Sweden, were picked. Sugar, shelling, and field pea types were obtained from both white flowering as well as color flowering Pisum sativum L. Furthermore, the accessions represented the different improvement groups, with two accessions classifying as breeding lines, 12 as cultivars and 36 as landrace material.


Table 1. Information about accessions in field trials in 2018 and 2019.
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Many of the accessions in the study were regenerated in Taastrup, Denmark, in 2017, and the new seed material could be used in this study. For the remaining 17 accessions, seeds of good quality and in good amount were already available. Depending on the estimated germination percentages for the individual accessions, sufficient seed quantities were aliquoted by NordGen's seed laboratory. Seeds for two replicated trials performed in 2018 and 2019 were prepared and stored in NordGen's freezers until the time of sowing. The accessions for the two trial years were identical, except for two reference cultivars, “Ingrid” and “Karita,” which were included in 2019. Seeds for these two accessions were received from Boreal Plant Breeding Ltd. in Finland.



Field Trials

Four contrasting growing locations of latitudes ranging from 55° to 69°N were selected. Seeds were distributed to the trial sites in Denmark (Taastrup, 55°40′ N; 12°18′ E), Finland (Jokioinen, 60°48′ N; 23°29′ E), Sweden (Umeå, 63°49′ N; 20°11′ E), and Norway (Tromsø, 69°39′ N; 18°54′ E) (Figure 1A).


[image: Figure 1]
FIGURE 1. (A) The map of trial sites (blue squares) and landrace accessions with identified locations of origin (red dots). (B) The Tromsø trial site (Norway). Photo by Ulrika Carlson-Nilsson, NordGen, Sweden. (C) The Jokioinen trial site (Finland) where fava beans were used as climbing support. Photograph by Sanna Kulmala, Natural Resources Institute, Finland.


The trials at all four locations had an identical layout with four blocks, each following a randomized order. In 2019, all the trials followed the same layout, but with a different randomized order within the blocks compared to that in 2018.

At all sites, the number of seeds of each accession were sown according to the estimated germination percentages, and plants were counted after emergence, aiming at 20 plants per accession and block. If the number of established plants per plot greatly exceeded 20, the surplus was removed. Each plot for the 20 plants per accession was a two-meter row (in Jokioinen, 2 × 1-m rows), with an average of 10 cm between plants. However, the total number of plots in a row varied between sites.

Date of sowing for the sites varied between 3 May (Taastrup, Denmark) and 12 June (Tromsø, Norway) in 2018, whereas in 2019 sowing took place between 2 May (Taastrup) and 24 June (Umeå, Sweden) (Table 2).


Table 2. The sowing dates.
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The model of field establishment and cultivation practices varied at the different sites. At Taastrup and Tromsø, the seeds were hand sown, at Jokioinen they were sown with a plot seeder directly into the field in both years, while in Umeå in 2018 they were sown into small pots at room temperature between 25 and 29 May, placed outdoors and covered with a non-woven fiber on 31 May to acclimatize them, and then transplanted to the field between 19 and 21 June. In 2019, seeds were sown directly into the field at this site as well.

In Denmark, Sweden, and Norway, accessions were cultivated with poles and nets for climbing support in both years (Figure 1B). In Finland, fava beans were used for support instead (Figure 1C). Drip hoses were used for automatic irrigation in Denmark, while at the other sites in both years manual irrigation was carried out when needed.

The trial in Umeå, Sweden, was fertilized with NPK 11-5-18, 450 kg/ha on 15 June in 2018 and with NPK 11-5-18 545 kg/ha, on 12 June in 2019. No other treatments were performed.

The trial in Tromsø, Norway, was fertilized with 200 kg/ha potassium sulfate (41% K, 18% S) as a strip application at the time of sowing in both years. No pesticides were used during the cultivation period.

The trial in Jokioinen, Finland, prior to sowing, was fertilized with NPK 23-3-8, 175 kg/ha in both years. The weeds were controlled with two applications: Fenix (active ingredient aclonifen 600 g/l, Bayer Crop Science) 3 l/ha 5 days after sowing, and Senkor WG (active ingredient metribuzin 700 g/kg, Bayer Crop Science) 0.1 kg/ha after plant stand establishment.

In Taastrup, Denmark the trial was fertilized with 600 kg/ha NPKS 0-4-21-6 in both years in mid-April. On 15 May Karate 2.5 WG (active ingredient lambda-cyhlothrin 2.5 g/l, Syngenta Nordics A/S) 0.2 kg/ha and on 1 June 2018 Mavrik 2F (active ingredient tau-fluvalinate 240 g/l, Adama Northern Europe B.V.) 0.2 l/ha were used to treat against pea weevils. On 29 June, Mavrik 2F 0.1 l/ha was also used against pea moth. In 2019, treatments were performed on three occasions: Mavrik Vita (active ingredient tau-fluvalinate 240 g/l, Adama Northern Europe B.V.) 0.2 l/ha against pea weevil on 28 May, Ferrex (active ingredient iron (III) orthophosphate 2.5% (25 g/kg), DLG Denmark) 6 kg/ha against snails and slugs on 9 June, and Mavrik Vita 0.2 l/ha against aphids on 28 June.

Rhizobium was not applied at any of the sites in either year.



Field Evaluations

In both years, observations and evaluations of traits were performed at all sites during the growing season. As far as possible, the same person at the respective site performed all evaluations of the same trait throughout each season. The focus was on characters of importance for successful cultivation in more northern regions and a number of more common traits were also evaluated (Table 3).


Table 3. The traits evaluated.
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Climate Conditions

Meteorological data for daily values of precipitation and hourly values of air temperature and global radiation were downloaded from meteorological stations at the locations for the field trials or in their proximity (0–3 km). Meteorological data from 2018 to 2019 at Taastrup, Denmark were downloaded from Svane et al. (2020). Data at Umeå, Sweden were downloaded from SMHI (SMHI, 2020). Data from the Holt agricultural research station in Tromsø, Norway were downloaded from Norsk Landbruksmeteorologisk Tjeneste (Norsk Landbruksmeteorologisk Tjeneste, 2020). Data from Jokioinen, Finland were provided by the Finnish Meteorological Institute (Finnish Meteoroligical Institute, 2020). The average days for the developmental stages (first flowering, full flowering, green maturation, and full maturation) for each accession were related to the accumulated day degrees per test site and year, with the base temperature set at 5°C. The temperatures at all sites in 2018 were consistently higher than those in 2019 (Figure 2, Table 4).


[image: Figure 2]
FIGURE 2. The accumulated day degrees from date of sowing for different sites and years.



Table 4. The average temperature, total precipitation, total global radiation, average daily photosynthetic light period (PAR), and the average photoperiod during the field trials in 2018 and 2019.
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The total global radiation during the field trials was highest at the southernmost site in Taastrup, Denmark and lowest at the northernmost site in Tromsø, Norway in 2018, and in Umeå, Sweden in 2019 when seeds were sown in late June (Table 4). Conversely, precipitation was lowest in Taastrup, Denmark in 2018 at 63 mm and highest in Tromsø at 309 and 287 mm in 2018 and 2019, respectively. The photoperiod for each site and year was obtained on a daily basis using the NOAA Solar calculator (2020), and ranged from an average of 16.7 h in Taastrup to 19.7 h in Tromsø. The average estimates of photosynthetic light periods (PAR) were also calculated based on the daily duration of global radiation above 50 W/m on a daily basis, assuming a linear change per measured 24-h time points per day. Even though the photoperiod was 24 h in mid-summer in Tromsø and the maximum PAR duration of 22.5 h was observed on a daily basis, cloudiness and rapidly decreasing day lengths in autumn compared with the other sites resulted in the lowest average PAR, on a daily basis, for Tromsø in both years. The PAR at the other locations/years ranged between 14.9 and 16.0 h (Table 4).



The Harvest

The harvest took place at the various sites when plants reached full maturation (identified as dry pods with dry and hard peas) or, in case of the accessions being too late, before the end of the growing season. At harvest, plants were cut at ground level and each accession within each block was put into net bags and dried. The weight of the total biomass was measured before and after drying.

After drying, threshing was performed by hand as in 2017 it had been observed that seeds were too heavily damaged if they were threshed by machine. Threshing was either performed at each site or at NordGen (harvests from Umeå, Sweden and Taastrup, Denmark in 2018, and from Taastrup in 2019).

In both years, where a sufficient harvest had been obtained, seed yield and thousand grain weight (TGW) of each accession and block were measured.

A sample of 50 grams was then taken and sent for protein analysis. The protein concentration was measured by Boreal Plant Breeding Ltd., in Jokioinen, Finland with a near-infrared (NIR, FOSS InfraXact) analyser with a wavelength of 570–1,850 nm. Samples were sieve-milled using Falling Number Laboratory Mill 3,100 with a 0.8 mm sieve. In 2018, the mature peas were available for protein analysis from Taastrup, Jokioinen and Umeå, and in 2019 from Taastrup and Jokioinen.



Data Analysis

The mean days from sowing to the observed first flowering, full flowering, green maturation, first maturation, and full maturation were analyzed using Minitab®19 (v. 19.2), by GLM ANOVA across cultivars, with location and year as fixed variables. Mean days for cultivars (across location and year) were analyzed by the one-way ANOVA.

Mean estimations for variables related to yield, yield components, and protein were calculated by SAS software's MIXED procedure using version 9.4 (SAS.inc, 2020). The data were analyzed using linear mixed models. The Square root, logarithm, or arc sin square-root transformation was done prior to analysis to normalize random variances. However, all the estimates were transformed back to the original scale for presentation purposes. Accessions were classified into three types: sugar, shelling, and field pea. The trial variable identified the experiment by location and year. The type of accession and accession nested within the type of accession were fixed factors in the linear mixed model. Random effects included the trial (location-by-year combination), blocks nested within the trial, and the accessions nested within the type of accession-by-trial interaction effect. Correlation analysis was carried out computing Pearson correlation coefficients by the SAS Corr procedure using version 9.4 (SAS.inc, 2020).




RESULTS

The study included a collection of 50 pea accessions comprising 11 cultivars (released from 1905 to 1995), two breeding lines and 37 landraces (Table 1). The landraces all have a long history of cultivation in Nordic countries. The accessions were evaluated for performance at four locations from latitude 55° to 69°N above the polar circle and from longitude 12° to 23°E. The field trials were carried out for 2 years, and at two locations, Taastrup (55°N), Denmark and Jokioinen (60°N), Finland; all accessions could be harvested at full maturation, whereas those in the sub-Arctic regions gave more variable results regarding flowering, green harvest, and maturation.


Phenology and Thermal Requirements

Since the field experiments were performed in different environmental conditions, the phenological development stages are expressed in day degrees (with the base temperature at 5°C) rather than number of days. The thermal sums required for the start of flowering and the full flowering (Figure 3A) differed between sites and years (P < 0.001). In both years of the trial, the start of flowering and the full flowering in the northern most location of Tromsø, Norway were consistently reached in lower day-degree sums than other locations. When using the number of days for comparison, however, the northernmost site took longer to reach these stages (mean 67 days in 2018 and 75 days in 2019) compared with the other sites (mean range 49–59 days). On average across accessions and years, the difference from the lowest to the highest latitude for the full flowering was in the magnitude of 100 day degrees. For all locations except Umeå, Sweden the flowering stages were reached at a higher number of day degrees in 2018 than in 2019, although it should be noted that sowing in Umeå in 2019 was undertaken several weeks later than in the previous year.
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FIGURE 3. Average day-degree sums at different sites and years for the development of (A) full flowering and (B) full maturation in (n = 49–52) accessions, with error bars indicating a 95% confidence interval. There was no development of mature pods in Tromsø in either year or in Umeå in 2019. The data for full maturation were not recorded and are therefore missing at Taastrup for the year 2019.


In the two lowest latitudinal sites of Taastrup, Denmark and Jokioinen, Finland, full maturation was reached for all accessions in both years (Figure 3B). In Umeå, Sweden, all accessions reached full maturation in 2018, but none did so in 2019. In the northernmost location of Tromsø, Norway, no accessions reached full maturation in either year, with just 21 accessions reaching the “green maturation” stage in 2018 and 35 in 2019. There was no significant difference between location/years for full maturation, with mean day degrees in the range of 1,045–1,110.



The Earliest Accessions

There was a significant difference in accumulated day degrees between the cultivars for all the observed developmental stages: first flowering (P < 0.001), full flowering (P < 0.001), green maturation (P = 0.008), first maturation (P < 0.001), and full maturation (P < 0.001). The full flowering means ranged from the lowest at 425 day degrees for the sugar pea landrace “Tant Erika” (17855) to the highest at 656 day degrees for the landrace “Raber” (22830) (Figure 4A). There were nine cultivars with shorter means than the reference cultivars “Karita” and “Ingrid,” mostly sugar pea varieties, several with northern origins in Sweden. The full flowering, expressed in the number of days, was reached within the range of 47–68 days. The order of means for the full maturation of pods was similar to those for flowering, with the sugar pea landrace “Sockerärt från Arvidsjaur” (11750) originating in northern Sweden at the lowest of 956 day degrees and again the landrace “Raber” (22830) was highest at 1,180 day degrees (Figure 4B). In the sites where full maturation was reached, the number of days required for this stage spanned a mean range of 82–99 days.
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FIGURE 4. Average day-degree sums for the development of (A) full flowering, sample size n = 7–8 in all accessions, except reference cultivars “Karita” and “Ingrid” (in red color), which were only tested in 2019 (n = 4), and (B) full maturation of pods in accessions grown at all sites and in both years. The development of fully mature pods was observed at (n = 4–5) location x years, except for “Karita” and “Ingrid” in 2019, where there were data only from Jokioinen. There was no development of mature pods in Tromsø in either year and in Umeå in 2019. The data for full maturation were not recorded and are therefore missing at Taastrup for the year 2019.


The accessions that reached full flowering earlier than reference cultivars in terms of day degrees and across all locations and years were the sugar peas “Tant Erika” (17855), “Svartbjörsbyn” (17837), “Hedenäset” (20011), and “Sockerärt från Arvidsjaur” (11750); the shelling peas “Enviken” (17865) and “Edsås” (17842); and the field peas “Lom” (20043), “Kärrboda” (17869), and “Sunna” (17650) (Figure 4A). All are landraces, except for “Sunna,” which is a cultivar from Finland. Although their individual order varied somewhat between locations, these accessions were consistently among the earliest to reach the full flowering stage at all locations.

Since two of the trial locations are at latitudes well above the areas for commercial pea production, it was not expected that all accessions would reach full maturation. To be able to give a tentative ranking of the accessions after the full flowering stage in these locations, the phenological stage “green maturation” was introduced. The “green maturation” stage corresponds to the field pea BBCH growth stage 79 (green ripe). In the northernmost location of Tromsø, Norway the annual average day-degree sum (based on the 30-year normal, 1961–1990) was only 612. All of the earliest accessions at the full flowering stage were among those that also reached the “green maturation” stage. In Tromsø in 2018, 21 accessions reached “green maturation” in day-degree sums ranging from 689 to 702, while the numbers for 2019 were 35 accessions in day-degree sums ranging from 562 to 640. The earliest accession to reach “green maturation” in Tromsø in both years was the field pea landrace “Lom” (20043), originating from a mountainous/high-altitude location in Norway, which has a short growing season. This accession also differed from all other accessions by being exceptionally short and compact in growth, with an average height below 20 cm in all locations.



Yield Components and Seed Traits

In Tromsø, Norway, accessions failed to reach dry seed maturation in both years, and this was also the case in Umeå, Sweden in 2019 where sowing dates were delayed compared to 2018. The seed yield (g/plant) varied greatly across locations and years. The average seed yield across the accessions was 13.3 g/plant in Taastrup, Denmark, 2.0 g/plant in Jokioinen, Finland, and 7.8 g/plant in Umeå, Sweden in 2018. The low yield in Jokioinen was due to low precipitation during the sowing period and drought in the early growing season. This resulted in poor and uneven seedling emergence and weak growth. In 2019, the average seed yield was 9.5 and 17.1 g/plant in Jokioinen and Taastrup, respectively.

The modern cultivars, “Ingrid” and “Karita,” were included in 2019 as reference genotypes. In terms of seed yield across locations, these performed well—“Ingrid” 9.3 g/plant and “Karita” 8.5 g/plant—but were not among the highest-yielding genotypes at any location (Figure 5A). The accessions “Biskopen 2” (17866, sugar pea), “Marma” (13784, field pea), “WBH3523” (103523, field pea), and “Puggor från Ballingslöv-Glimåkra” (17873, field pea) were among the top-yielding (13.2–14.0 g/plant) genotypes across locations and years, performing well at all sites (Figure 5A). These high-yielding accessions were all tall-stem types, with the average stem height ranging from 98 cm to 132 cm compared with 80 cm and 60 cm for “Ingrid” and “Karita,” respectively. Many sugar pea and shelling pea accessions produced dry seed harvests in the same range as the accessions aiming for dry seed production. Landraces and cultivars were not separated for the purpose of ranking the seed yield at any location (Figure 5A).
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FIGURE 5. Ranking of accessions regarding (A) seed yield gram per plant and (B) protein percent. The values are based on the average of 2 years (2018 and 2019) except for Umeå, which is based on values obtained for the year 2018 alone. The blue background represents the sugar pea, the green represents the shelling pea, and the yellow background represents the field pea. Cultivars and breeding lines are shown in red, the rest are landraces.


The accessions “Bjurholms gråärt” (24334, field pea), “Enviken” (17865, shelling pea), “Aslaug” (10778, sugar pea), and “Delikatess” (20012, sugar pea) had the highest protein concentration, above 27%, across locations and years, whereas in reference genotypes “Ingrid” and “Karita” (both field peas) protein was 22.2 and 21.4%, respectively (Figure 5B). In terms of the protein yield (g protein/plant), the same four genotypes producing the highest seed yield were also the highest protein yield producers (“Biskopen 2” 2.9 g protein/plant, “Marma” 3.0 g protein/plant, “WBH3523” 3.1 g protein/plant and “Puggor från Ballingslöv-Glimåkra” 3.4 g protein/plant). “Ingrid” and “Karita” produced 2.0 and 1.8 g protein/plant, respectively. No distinction was found between landraces and cultivars in terms of the protein content and many sugar peas and shelling pea accessions ranked at the top.

Despite variation in seed yield, the connection between seed yield with yield-associated traits was fairly similar across locations. The seed yield (g/plant) was more strongly associated with traits related to seed number determination than seed weight. The seed yield (g/plant) correlated more positively with the seed number per plant, the aboveground dry biomass (g/plant) and, to a lesser extent, with the harvest index (HI, %) and the stem length (cm). The seed yield (g/plant) correlated negatively with the start of flowering period. The protein concentration (%) correlated slightly negatively with seed yield (g/plant) and much more negatively with HI (%). The protein yield (g protein/plant) correlated more positively with the aboveground dry biomass (g/plant), the seed yield (g/plant), and traits related to the seed number, but not with protein concentration (%) (Figure 6).


[image: Figure 6]
FIGURE 6. The Pearson correlation coefficients for yield and protein-related traits are represented by the colored background, while p-values and the number of observations are represented by the gray background. Flowering indicates first flowering. prot, protein; biom, biomass; HI, harvest index; TSW, thousand seed weight.





DISCUSSION


Phenology and Thermal Requirements

A major limitation to reaching full maturation in northernmost locations is low temperatures in spring and early summer, leading to delayed sowing times and slow germination. The main hindrance to crop production in northern growing conditions is the short duration of a favorable growing period. Despite acceleration in the development rate due to the long photoperiod at high latitudes, crops run the risk of failing to mature and/or harvest due to unfavorable weather conditions during the harvesting period (Peltonen-Sainio et al., 2014). Temperatures fall more rapidly at high latitudes in autumn due to lower solar elevations and increased shortening of day lengths in comparison with those further south (Nilsen, 1985). In addition, at high latitudes, there are also greater risks of late spring frosts as well as early autumn frosts. The requirement for up to 1,000 day degrees for full maturation in peas in Scandinavian summer conditions (Figures 3, 4) thus limits the possibility of cultivation above the Arctic Circle to early-flowering varieties of green maturing sugar peas. In the present tested material, historic varieties from areas near the Arctic Circle, particularly from Sweden, and one variety from a mountainous part of Norway stand out as possible candidates for production at high latitudes. Vanhala et al. (2016) found a strong correlation between the length of growing season at the location of origin and the flowering time in Swedish pea landraces. This and the direct importance of early flowering in these regions are confirmed by this study.

The present data show that a lower accumulated day-degree sum is required for flowering at the two northernmost field sites above the Arctic Circle in Tromsø, Norway and near it in Umeå, Sweden (Figure 3). This observation indicated that longer photoperiod and/or longer daily PARs in June/July can reduce the temperature requirement for flowering at high latitudes. A similar effect has been observed for the development of floral heads in broccoli grown across a wide latitudinal range from Tromsø to central Europe (Johansen et al., 2017). However, while the 24-h photoperiod is well above the threshold of 12–13 h for flowering in peas (Iannucci et al., 2008), flowering was recorded on average 15–20 days later in Tromsø than at the other sites, suggesting that average temperatures, below 14.4°C, observed at this site are too low. Sensitivity to a long photoperiod in peas varies between cultivars depending on temperature, with especially early varieties becoming insensitive at low temperatures (Berry and Aitken, 1979). However, in 2018, the observed difference between years in the required temperature sum accumulation to reach certain developmental stages, such as the start of flowering period, indicated that pea genotypes adapted to the northern growing conditions could not fully utilize the higher temperature for their development. Extremely high temperatures and dry conditions have been shown to shorten the vegetative growth and flowering period in field peas in Australia and southern Canada (Bueckert et al., 2015; Sadras et al., 2019). The threshold temperature for this negative impact on flowering is close to or above 28°C. In this study, the threshold temperature was exceeded at the southernmost location of Taastrup, Denmark in 2018, and accordingly a slightly shorter time (6 days) for full flowering was observed, compared with the cooler year of 2019.



Yield and Yield Parameters

The yield of mature pea appears to depend more on the number of seeds than on the thousand seed weight (TSW) (Figure 6). This result is in accordance with earlier studies on pea (Hovinen, 1988; Sadras et al., 2019; Klein et al., 2020). The dominance of seed number over seed weight is a typical phenomenon in other seed-producing crops as well, such as cereals (Peltonen-Sainio et al., 2007; Rajala et al., 2017). In cereals, plant breeding has shortened the stem length and altered aboveground dry matter allocation from vegetative plant organs to generative ones, while no marked changes in total aboveground biomass have occurred (Bingham et al., 2012; Rajala et al., 2017). Also in peas, plant breeding has changed the aboveground architecture by incorporating afila and dwarf genes into pea cultivars (Hovinen, 1988; Hofer and Ellis, 1998; Reid and Ross, 2011). Leafless and semi-leafless types combined with a shorter stem type result in lower aboveground biomass, a slightly lower seed yield, but a higher proportion of total above ground biomass were seeds, i.e., increased harvest index (Snoad, 1981). In this study, only three out of 50 accessions were afila types (Supplementary Material). When considering the (feed) value of a crop, an equally important trait as seed yield is the protein yield (kg protein/ha) produced by the crop. In this study, protein yield was strongly associated with seed yield, but not with the seed protein concentration (Figure 6). This is in accordance with an earlier study by Hovinen (1988).

In this study, stem length and the late start in flowering were associated with a higher seed yield (Figure 6). However, accessions with these traits have a higher risk of never reaching maturation in locations with insufficient day degrees. Some of the landraces and older cultivars showed a superior yielding capacity compared to the reference cultivars (Figure 5A). However, the agronomic traits of landraces and old cultivars contrast with modern cultivars in several aspects. Non-uniformity, late maturation, and tall stems inducing lodging susceptibility and complications in combine harvesting are particularly undesirable traits that restrict the large-scale cultivation of landraces and old cultivars in modern agriculture. It should also be noted that these field trials were conducted using supporting nets or support crops. In a free-standing population, tall-stem types probably perform worse. Nonetheless, these landraces and old cultivars can provide an alternative source of genetic material, both for breeding and direct cultivation, to broaden and diversify pea cultivation in Nordic countries. A high yield of mature pods and protein content in types (sugar pea, shelling pea) primarily intended for the green harvest of pods or immature seeds was also observed (Figure 5B). The gene pools of garden-type peas used for fresh harvest and field-type peas used for the harvest of dry seed overlap (Baranger et al., 2004; Hagenblad et al., 2013), which partly explains this finding. In addition, the protein content as well as composition (albumin, legumin and vicilin) and starch content are known to vary between smooth and wrinkled seeds, depending on the genes at the rugosus loci (Wang and Hedley, 1991; Perez et al., 1993). Both seed types were represented within the groups of garden peas and field peas in this study (Supplementary Material). The high yield of dry seed in many garden types indicates that these may contain genetic variability that can contribute to yield in dry seed cultivars.



Cultivation of Peas in the Arctic Region

The cultivation of peas in the Arctic region is challenging. At the northernmost location of the field trial, no accession reached full maturation in either year. It should nevertheless be noted that green harvest of peas as a fresh vegetable was still possible at the northernmost location, suggesting that cultivation of garden-type peas for green harvest is the best alternative in most extreme conditions. Historically, garden peas have indeed been produced in these northern areas. For example, during the Second World War, several hundred farms or market gardens commercially produced garden peas in the two northernmost counties of Sweden, Västerbotten and Norrbotten (Statistiska centralbyrån, 1944). Many of the best performing accessions in Tromsø, Norway and Umeå, Sweden were sugar pea landraces gathered from northern locations. These could be a starting material for adapting the pea to the Arctic.

Whatever the end result, pea cultivars suitable for cultivation in the Arctic have special trait requirements. Ideotypes for pea under different conditions have previously been investigated. In the French PeaMUST project, the focus was on plant architecture and resistance traits to avoid stress (Burstin et al., 2018). Annicchiarico and Filippi (2007) identified traits suitable for organic production in Northern Italy, such as weed competition, while Castel et al. (2017) investigated the winter hardiness traits important in French winter peas in response to climate change. When it comes to pea ideotypes suitable for Arctic conditions, phenology must be prioritized when identifying ideotypes. The most useful investigation done so far was by Hovinen (1988) in a study of field peas in Finland. Besides the importance of lodging resistance traits, which were not studied here, Hovinen found that a growth period of 91–101 days and a flowering period of 19–28 days were optimal. In the more northerly locations tested here, where that number of days are not available, rapidly developing cultivars would be more suitable. In the Arctic, the agricultural practices and the time of sowing for pea cultivation will be extremely important in using available light and temperature as efficiently as possible.



Perspectives of Climate Change

All climate change scenarios predict significant changes that have future implications in agriculture in the Arctic and the sub-Arctic regions. A study by Uleberg et al. (2014) on the agricultural effects of predicted climate change in the northern part of Norway (65–70°N) estimates a prolonged growing season of 11–25 days in Tromsø for the period 2021–2050, compared with the 30-year normal (1961–1990). Mean temperature is also predicted to be higher. Higher mean temperatures and longer growing seasons will inevitably lead to higher accumulated day-degree sums. For coastal sites such as Tromsø, the increase in day-degree sums during the growing period is predicted to be in the range of 100–200 (Hanssen-Bauer et al., 2010). Based on the phenology data in this study, this increase in day-degree sums might still be insufficient for the full maturation of peas in this Arctic location, while peas regularly reaching “green maturation” would be more likely.

Growers at locations above the Arctic Circle often cannot establish the fields until they are close to the summer solstice due to snow cover and ground frost. An earlier start to the growing season as a result of increased spring temperatures would allow more growth to take place during high light intensity and longer 24-h photoperiods of the midnight sun period of continuous daylight (Mølmann et al., 2021). As already discussed, this study indicates that longer photoperiods and longer daily PARs could reduce the temperature sum requirement at high latitudes. It is still unclear whether increased temperatures in combination with the midnight sun could contribute to a further reduction in the heat sum requirement for the flowering and development of peas in the far north.

Longer-term scenarios predict considerably higher temperatures toward the end of the century (2071–2100), with the highest increase in the northern regions and the greatest increase in air temperature in spring and autumn (Hanssen-Bauer et al., 2009). If these predictions become reality, commercial pea production in the Arctic regions of northern Europe would appear to be a promising prospect, paving the way for the cultivation of Arctic peas.
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Australian lentil production is affected by several major biotic constraints including Ascochyta blight (AB), caused by Ascochyta lentis, a devastating fungal disease. Cultivation of AB resistant cultivars, alongside agronomic management including fungicide application, is the current most economically viable control strategy. However, the breakdown of AB resistance in cultivars, such as Northfield and Nipper, suggests the need for introgression of new and diverse resistance genes. Successful introgression entails an understanding of the genetic basis of resistance. In this context, a biparental mapping population derived from a cross between a recently identified AB resistant accession ILWL 180 (Lens orientalis) and a susceptible cultivar ILL 6002 was produced. A genetic linkage map was constructed from single-nucleotide polymorphism markers generated using a genotyping-by-sequencing transcript approach. Genetic dissection of the mapping population revealed a major quantitative trait loci (QTL) region nested with three QTLs on linkage group 5 and explained 9.5–11.5 percent (%) of phenotypic variance for AB resistance. Another QTL was identified on LG2 with phenotypic variance of 9.6%. The identified QTL regions harbored putative candidate genes potentially associated with defense responses to A. lentis infection. The QTL analysis and the candidate gene information are expected to contribute to the development of diagnostic markers and enable marker-assisted resistance selection in lentil breeding programmes.
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INTRODUCTION

Lentil (Lens culinaris Medikus), a member of the Fabaceae legume family, is cultivated across the world for its high dietary benefits. Owing to the demand and export value, Australian lentil production scaled to 255,185 MT in 2018, an increase of over 85% compared to 3,000 MT produced in 1990 (Faostat, 2021). However, lentil productivity is highly inconsistent and ranged between 0.8 and 2.4tonnes/ha in the last decade (Faostat, 2021). A major constraint to lentil productivity is yield reduction resulting from infection by the fungal disease ascochyta blight (AB) caused by Ascochyta lentis, estimated to cost the Australian lentil industry 16.2 million AUD per year (Murray and Brennan, 2012). Globally, AB is considered the most widespread and economically important disease in lentil crops (Erskine et al., 1993; Ye et al., 2002). Yield losses of up to 70% are common where conditions favorable for A. lentis spread frequently occur (Gossen and Morrall, 1983; Kaiser, 1992). Use of resistant cultivars is considered an effective control measure in combination with appropriate cultural methods and application of fungicides (Hawthorne et al., 2015). In Australia, prominent variety releases, such as PBA Northfield, Nipper, PBA Jumbo2 and PBA Hurricane XT with improved AB resistance (Rodda et al., 2017; Pulse Australia, 2020), gave hope of a genetic solution to this problem. However, the emergence of highly aggressive A. lentis isolates has contributed to the breakdown of AB resistance of lentil cultivars with similar genetic background, particularly those that derive resistance from cv. Northfield (Davidson et al., 2016). Under controlled environment screening conditions, isolates have also been reported to have caused a susceptible reaction in cultivars (PBA Jumbo and PBA Blitz) with Indianhead pedigree (Davidson et al., 2016) and in cv. Indianhead itself (Dadu et al., 2018b). The widespread production area of cultivars with Indianhead heritage is therefore likely under current selection pressure, underlining the critical need for inclusion of novel and diverse resistance alleles/genes into the breeding programme to enhance the durability of resistance sources to AB.

Novel alleles for commercially important traits exist in the exotic germplasm of crops, including wild relatives and landraces (Wang et al., 2017). Within Lens, phylogenetic and structural analysis using genotyping-by-sequencing (GBS) and exome capture array by Wong et al. (2015) and Ogutcen et al. (2018) have identified four gene pools, primary (L. culinaris/L. orientalis/L. tomentosus), secondary (L. lamottei/L. odomensis), tertiary (L. ervoides) and quaternary gene pool (L. nigricans). Previous studies have revealed several useful sources of useful alleles within wild accessions of L. orientalis, L. odomensis, L. ervoides, L. nigricans and L. lamottei (Bayaa et al., 1994; Tullu et al., 2010). This has included alleles for seedling pigmentation, plant height, time to flower, time to maturity, biomass, number of branches, flower color, seed coat color, cotyledon color, 100 seed weight, seed yield and tolerance to abiotic stress including salinity, drought, heat and cold (Singh et al., 2018). Several sources of resistance to various diseases including AB, anthracnose, rust, wilt, stemphylium blight and the parasitic weed Orobanche have been reported within wild germplasm (Singh et al., 2018).

Novel allelic combinations, including those targeted at improved disease resistance, can be achieved using conventional crossing methods if, as for Lens orientalis, the wild relative is a subspecies or member of the same gene pool (Ladizinsky et al., 1984; Ferguson et al., 2000). To fix and select these novel allelic combinations in inbred lines following a cross, most breeding programmes commonly need six to seven generations of selfing through single-seed descent (SSD) method. In lentil, the time taken to produce six generations may vary between 2 and 4years depending on the availability of resources and is considered laborious and time consuming. Croser et al. (2016) and Ribalta et al. (2017) proposed an accelerated single-seed descent (aSSD) approach wherein rapid generation turnover was achieved through manipulation of key in vivo growing conditions, such as light, photoperiod and temperature and use of immature seeds. This enables production of a single generation within 56days and as many as five generations in a year thus fast-tracking cultivar development process. More recently, L. culinaris × L. ervoides recombinant inbred line (RIL) population was successfully produced in Lens genus using aSSD approach by Lulsdorf and Banniza (2018). Accelerated single-seed descent platforms have the capacity to speed allele fixation, gene discovery and thus genetic gain.

The usual abundance of single-nucleotide polymorphisms (SNPs) across the genomes makes them preferable markers for various downstream studies including linkage mapping, quantitative trait loci (QTL) analysis, genome wide association study (GWAS) and genomic selection (GS; Roorkiwal et al., 2020). The decreasing cost of next-generation sequencing (NGS) technologies facilitated the development of high-throughput genotyping platforms, such as widely used GBS for polymorphism detection and trait mapping (Scheben et al., 2017). GBS through transcriptomics (GBS-t) using RNA-Seq is used as an alternative approach to GBS-RAD (restriction site – associated DNA) to enable selective sequencing of regions with high proportion of functional variants and limited repetitive regions (Hirsch et al., 2014; Scheben et al., 2017). This approach has been successfully used to detect large number of SNPs in different crops including wheat (Miller et al., 2016), canola (Bancroft et al., 2011) and lentil (Malmberg et al., 2018). Polanco et al. (2019) identified genomic regions affecting time to flowering, seed size and AB resistance in lentil using SNPs obtained by transcriptome sequencing.

In lentil, SNPs contributed to the generation of high-density genetic maps and facilitated identification of QTLs linked to agronomical traits (Kumar et al., 2015). Sudheesh et al. (2016a) generated a consensus linkage map by combining three intraspecific linkage maps derived from RIL populations of Indianhead × Digger, Indianhead × Northfield and Northfield × Digger using bridging markers. Furthermore, the map allowed identification of common genomic regions between the populations conferring resistance to AB and associated to Indianhead.

However, in the wake of emergence of isolates able to overcome the existing resistances, the production of interspecific linkage maps may permit identification of novel regions to adaptive traits, such as AB resistance and widen the genetic base of current lentil breeding programmes. The candidate genes underpinning these regions may also help understand the molecular basis of defense mechanism to A. lentis (Malmberg et al., 2018). In this study, we aim (1) to construct high-density genetic linkage map through an GBS-t approach using RIL population developed from a cross between L. orientalis accession ILWL 180 (or IG 72703), highly resistant to Australian and Syrian A. lentis isolates and a universal susceptible L. culinaris cultivar ILL 6002 (Bayaa et al., 1994; Dadu et al., 2017); (2) to locate and characterize the QTLs and candidate genes associated with resistance to AB.



MATERIALS AND METHODS


Development of Biparental Mapping Population

A segregating mapping population was developed from an interspecific cross between L. orientalis accession ILWL 180 and L. culinaris accession ILL 6002. Crosses between accessions ILWL 180 (male parent) and ILL 6002 (female parent) were made at the glasshouse at Dookie College, The University of Melbourne, Australia following the method described by Tullu et al. (2013). Out of 430 crosses made, 201 were successful. F1 hybrid seeds were harvested and then raised in 25cm diameter pots filled with pine bark potting mix (Australian Grow Solutions, Tyabb, VIC, Australia). Seedlings were watered on alternative days and fertilized weekly using nitrogen-enriched liquid fertilizer (Nitrosol, Amsgrow; 4.5ml/L) until maturity. One hundred ninety-eight F2 seeds harvested from a single F1 plant were used to develop the mapping population (F2:5). Individual F2 plants were grown in 15cm diameter pots at the glasshouse at Dookie College, The University of Melbourne, VIC. The F2:5 generations were then individually tracked and cycled under aSSD conditions modified from Croser et al. (2016) and Ribalta et al. (2017) at the Centre for Plant Genetics and Breeding, The University of Western Australia, Crawley, WA. Seeds were sown one per 0.4L pot containing pine bark: peat: sand (2.5:1:1.5) potting mix (Richgro Garden Products) at pH 7 and grown at 22°C day/18°C night, RH 60±10% and 18h photoperiod supplied by natural light supplemented and extended by Valoya AP67 Series B light emitting diode based arrays, with red:far-red ratio of 2.89 and intensity of c. 325μmol m−2 s−1 at canopy (Valoya Oy, Helsinki, Finland). Light spectra and intensity were measured using a Sekonic C7000 SpectroMaster spectrometer (Sekonic Corp., Tokyo, Japan) and calculation of spectral ratio was as per Runkle and Heins (2001). Plants were hand watered daily and fertilized weekly with N:P:K fertilizer (19:8.3:15.8) with micronutrients (Poly-feed Greenhouse Grade, Haifa Chemical Ltd. at a rate of 0.3g per pot. Flowering occurred across all lines within 30days of sowing and immature seed was removed at physiological maturity and resown to the following generation to give a generation turnover time of less than 60days. Back up seed from each line at each generation after the first to enable resowing if required. The F4:5 seed was left to fully mature on the plant and 5–15 seeds from 140 RILs were returned to UoM for characterization.



Phenotypic Assessment of AB Resistance Under Controlled Environment Conditions

The disease reactions to AB were assessed within the RIL population during September 2018 using an aggressive A. lentis isolate FT13038, which was obtained from the South Australian Research and Development Institute (SARDI), South Australia. Isolate FT13038 was previously confirmed to effectively discriminate differential resistance responses between the accessions ILWL 180 and ILL 6002 (Dadu et al., 2017). Seeds of each RIL and parent were sown in 10cm diameter pots filled with pine bark potting mix and maintained at 18±1°C, 12h/12hday/night photoperiod, 60% RH and 300μEm−2 s−1 light intensity in a Conviron growth chamber at Dookie College, The University of Melbourne. The experiments were set out in a completely randomized design with two and three replicates of each RIL (four seeds per replication) and parent (three seeds per replication), respectively. Seedlings were watered and fertilized as mentioned above for F1 seedlings to promote germination and plant development. Fourteen days old seedlings were inoculated with a spore suspension prepared from isolate FT13038 as described below.

The mycelial plugs of a single spored highly aggressive isolate FT13038 received from SARDI were cultured on potato dextrose agar (PDA) media and incubated for 14days as described by Dadu et al. (2017). Spore suspension was prepared from 14days old cultures by flooding with sterile distilled water and gently disturbing the culture surface with a sterile glass rod. Conidia suspended in sterile distilled water were separated from mycelium using a 250mm pore sized sieve and the spore concentration was adjusted to 1×106 spores/ml using a hemocytometer. The spore suspension was then supplemented with two to three drops of surfactant Tween 20 (0.02% v/v) and was used to inoculate RILs and parents until run off using an air pressurized hand sprayer.

The inoculated pots were covered with long inverted solid paper cups (In Hospitality, Shepparton, Australia) to maintain leaf wetness and facilitate high humidity (Chen and Muehlbauer, 2003; Dadu et al., 2017). Pots were then randomly placed in plastic crates and moved to a Conviron growth cabinet at Dookie College, The University of Melbourne. The cups were removed after 48h post-inoculation (hpi). To maintain high relative humidity and promote spore germination, the plants were misted thrice daily and plastic crates were covered with wet hessian bags until first appearance of disease symptoms. The progression of disease was assessed for each seedling at 7, 14, 21 and 28days post-inoculation (dpi; Ford et al., 1999; Sambasivam et al., 2017). The disease severity was assessed based on two disease symptoms: the leaf lesion ratio (number of infected leaves/total leaves) and stem lesion ratio (number of infected nodes/total nodes) of inoculated plants and shown as percentage diseased (%; Davidson et al., 2016; Dadu et al., 2018b). Area under disease progress curve (AUDPC) was used to measure the progression of the disease over time and was calculated as described by Campbell and Madden (1990) and Dadu et al. (2017). The disease severity data of parents and RILs were transformed using square-root and confirmed to be normally distributed using Shapiro–Wilk test for normality. The data were further analyzed for differences between the genotype groups (RIL and parents) using analysis of variance (ANOVA) in Genstat® version 16.1.0.10916 (64-bit edition, VSN International Limited, United Kingdom). Differences between the parents at each time point (7, 14, 21 and 28 dpi) were assessed based on Tukey’s least significant difference (LSD) at 95% confidence interval.



RNA Extraction, cDNA Library Construction and Illumina Sequencing

Total RNA was extracted from selected young leaves of 14–21day old seedlings of parents and 140 RILs using the RNeasy® 96 kit (Qiagen Inc., Hilden, Germany) following the manufacturer’s instructions. The integrity and purity of the total RNA were determined with a TapeStation 2200 platform (Agilent Technologies, Santa Clara, CA, United States) following the manufacturer’s instructions. Total RNA concentration and purity were further confirmed using a NanoDrop 2000 (Thermo-Scientific, Wilmington, DE, United States) at two wavelength ratios of A260/230 and A260/280nm. RNA-Seq cDNA libraries were prepared using a SureSelect Strand-Specific mRNA Library Preparation kit (Agilent Technologies, Santa Clara, CA, United States). This entailed isolation of poly(A) RNA from total RNA, fragmentation of poly(A) RNA, synthesis of double-stranded cDNA, adapter-ligation and indexing of cDNA libraries. The quality of the libraries was assessed using a TapeStation 2200 platform with a D1000 Screen Tape System and equal quantities of each cDNA library with a unique barcode were then pooled to create a single pooled sample suitable for NGS. The multiplexed sample was quantified with a KAPA library qPCR quantification kit (KAPA Biosystems, Boston, MA, United States) and sequenced using a HiSeq 3000 system (Illumina Inc., San Diego, CA, United States).



Variant Calling and Filtering of SNP

The sequence output was demultiplexed and parsed into individual libraries according to the barcodes. Following fastq data generation, the raw sequence reads were filtered using a custom perl script and Cutadapt v1.4.1 (Martin, 2011) software. Reads were filtered by removing adaptor sequences along with reads and bases of low quality (discarding reads which have more than 10% bases with Q ≤20). Reads which had three consecutive N’s and >3 consecutive nucleotides with Phred scores ≤20 were trimmed. Finally, any reads that were shorter than 50bp were removed from the final set. The cleaned and trimmed reads were then mapped to the cultivar Cassab reference transcriptome (Sudheesh et al., 2016b) using Burrows Wheeler Aligner (BWA) v0.7.17 with the Mem algorithm (Li, 2013). Firstly, SNPs between the RIL parents were recorded in the sequence alignment and mapping (SAM) format. The SAM files were converted into binary format (BAM) files, sorted and indexed using SAMtools (version 1.9) sort and view options. BAM files were processed for variant calling through SAMtools mpileup and bcftools (version 1.9) and filtered using vcftools (v0.1.16; Danecek et al., 2011). Variant calling in RILs was then performed using a SNP list (biallelic, homozygote in each parent and polymorphic between parents) generated from the parents. Variants with minimum allele depth of 10, average mapping quality score above 30 and minor allele frequency larger than 0.05 were retained. Markers differing from the above criteria were converted into missing values and those with >10% missing data were subsequently removed.



Genetic Linkage Map Construction

Prior to the construction of a high-quality linkage map, the heterozygote calls were reset to ‘./.’ and were subsequently considered as missing. Markers and genotypes were verified for excessive segregation distortion (5% significance level), genotypes with a high proportion of matching alleles (>95%) and high rates of missing calls (>20%). An additional pre-mapping filtering step was applied to remove any non-polymorphic (between the parents) and multi-allelic loci (number of alleles >2). The SNPs were further phased to ensure consistency of the alleles that were contributed from the male or female parent using a custom script in the R statistical computing environment (R Development Core Team, 2015). Finally, missing call rates were recalculated across markers and genotypes to retain only markers and genotypes with missing rates ≤0.3. The filtered, high-quality SNPs were then clustered into linkage groups (LG) to construct a high-density linkage map using the ‘mstmap’ function from within the ASMap R package (v1.0-4; Taylor and Butler, 2017). The ‘mstmap’ function was invoked with the following parameters: ‘Kosambi’ distance calculating function (dist.fun), missing threshold (miss.thresh) of 10% and population type (pop.type) RIL5 and value of p (p.value) of 5.12e−12. Unlinked markers or minor LGs that comprised less than 10 markers were discarded. The generated map was further tested to identify and remove erroneous markers and genotypes showing double crossovers, highly distorted segregation patterns and missing data using the ‘profileMark’ and ‘profileGen’ functions, respectively, within the ASMap package (v1.0-4; Taylor and Butler, 2017). The map was then reconstructed and the correctness and reliability of the constructed map were confirmed by visually assessing a heatmap, produced by ASMap, showing the estimates of pairwise recombination fraction and LOD scores between each pair of markers (Taylor and Butler, 2017). The linkage map explaining the marker density within each group was plotted using the LinkageMapView R package (version 2.1.2; Ouellette et al., 2018).



QTL Analysis and Identification of Candidate Genes

The constructed linkage map, filtered SNP data and the square-root transformed phenotypic data mentioned previously were used as input for QTL analysis using the R/qtl2 v0.12 package (Broman et al., 2018), an improved modern implementation of the original R/qtl (Broman et al., 2003). A genome scan approach was chosen to identify significant QTL regions, using a linear mixed model accounting for relationships among individuals using a random polygenic effect. This was supported by a permutation test (n=1,000) to determine the LOD threshold for significance for each trait at each time point. A LOD-1 confidence interval (CI) was used to identify the higher and lower limit CIs for the QTLs (LOD>3), determine the width of the QTL regions and detect the underlying loci (Snoek et al., 2018). Phenotypic variance explained by the QTL was estimated from the LOD score: 1−10−(2/n)*LOD (Broman and Sen, 2009) at the peak position within the CI and the number of individuals assessed (n). Loci and QTL positions across the linkage map were prepared in R and exported in MapChart v2.32 for plotting (Voorrips, 2002).

The sequences of the loci underpinning the QTL regions were extracted from the cultivar Cassab reference transcriptome (Sudheesh et al., 2016b) and annotated using the translated Basic Local Alignment Search Tool (BLASTx) against non-redundant protein database (nr) at the National Centre for Biotechnology Information (NCBI), with a threshold of E-value <1e−20. The search results were limited to species of the Fabaceae family to reveal putative candidate genes as described by Leonforte et al. (2013). The sequences of the SNP markers flanking the QTL regions were also BLASTn (threshold E-value of zero) against the draft lentil genome assembly v1.2 (Bett et al., 2016) through the https://knowpulse.usask.ca/portal/blast/nucleotide/nucleotide to identify their genomic locations.



Prediction of Candidate Gene Associated Mutations and Consequences

Coding sequences (CDS) of the putative candidate genes were predicted based on the best matching BLAST results. An in-house R script was used to determine each SNP location relative to the CDS as the 5'-untranslated region (UTR), 3'-UTR or CDS as well as the position of the SNP relative to the open reading frame (ORF) as 1, 2 or 3 for CDS. For SNPs located in the coding region, the CDS for the reference and alternative alleles was translated to their amino acid sequences and compared to determine the effect of the mutation as synonymous, non-synonymous or non-sense (introduction of a stop codon). In the case of a non-synonymous mutation, the exact position and substitution of the amino acid were recorded as AxxB, where A was the reference amino acid, xx was the amino acid position in the predicted peptide and B was the alternative amino acid, as described by Ogino et al. (2007). Sorting intolerant from tolerant (SIFT) analysis was used to predict deleterious effects to the protein function of genes with non-synonymous mutations (Kumar et al., 2009).



Supporting Data

An online dataset containing all supporting genotyping and phenotyping data and the code required to reproduce the results, summary tables and plots found in this publication, is publicly available at Open Science Framework, DOI http://10.17605/OSF.IO/T9ABQ (Dadu et al., 2021). The sequence data have been deposited at NCBI/GEO under the accession GSE176412. BioProject ID for transcriptome is PRJNA736090 while SRA ID is SRP323267.




RESULTS


Response of Parents and RIL Population to AB Infection

Significant differences for AB resistance were found between the parents, ILWL 180 (Leaf lesion score at 28 dpi=0.66±0.50%, mean AUDPC=11; Stem lesion score at 28 dpi=7.77±2.21%, mean AUDPC=122) and ILL 6002 (Leaf lesion score at 28 dpi=72.66±4.37%, mean AUDPC=907; Stem lesion score at 28 dpi=63.33±4.09%, mean AUDPC=1,078) following inoculation with the highly aggressive isolate FT13038 at 14, 21 and 28 dpi (p<0.001; Figures 1A–C). Overall, disease severity within the RIL population ranged from 0 to 100% while AUDPC values ranged from 0 to 1750 with a mean value of 413. A high correlation between leaf and stem lesion scores (r=0.85) was recorded at 28 dpi. Segregation for AB resistance within the RIL population showed a monomodal and normal distribution following square-root transformation for leaf lesion ratio at 21 dpi (Shapiro–Wilk test, W=0.99, p>0.05) and 28 dpi (W=0.99, p>0.05) and stem lesion ratio at 28 dpi (W=0.98, p>0.05). This suggested that resistance to AB within the wild accession ILWL 180 was polygenic and quantitatively inherited. A small proportion of both the positive (5) and negative transgressive segregants (11) that exceeded the ranges of parental means by a minimum of one LSD value were evident in the population.

[image: Figure 1]

FIGURE 1. Distribution of AB disease symptoms in a RIL population derived from the cross ILWL 180 × ILL 6002. The distributions of leaf lesion scores (A) and stem lesion scores (B) are presented as ratios at 14, 21 and 28days post-inoculation (dpi) and AUDPC (C) at 28 dpi. The distributions are presented as raincloud plots, with the median and quantiles shown below as box plots. Each sampling data point is plotted below the box plots, with marker colors and shapes representing genotypes as per the legend (RIL – gray circles; ILL6002 – blue triangles; and ILWL 180 – orange squares). The average scores of the parents and the RIL population are presented as larger markers on the box plots.




Transcriptome Sequencing and SNP Discovery

A total of 694,694,624 paired end reads (150-bp) were generated by sequencing multiplexed cDNA libraries on the Illumina HiSeq 3000 platform with an average of 4,997,803 reads per RIL progeny. On average, 98.5% of the reads for each sample mapped to the reference transcriptome. Variant calling was performed first for the parents after alignment of uniquely mapped reads to the reference transcriptome. A total of 570,099 SNPs were initially identified from the parents and were used to call variants from the RIL data, identifying 403,423 of these SNPs in the RIL population. Sequential filtering of the identified SNPs led to the retaining of 85,748 and 6,662 SNPs from the parents and RIL population, respectively. SNPs were further phased out through additional pre-mapping filtering steps to be considered for genetic linkage mapping. Finally, loci from both parents and RILs were merged to retain only shared SNPs, resulting in 2,514 SNPs in 138 genotypes (parents and 136 RILs, Supplementary Table 1).



Construction of a Genetic Linkage Map

Additional filtration of the markers and genotypes for segregation distortion, double crossovers and missing data resulted in 2,363 markers and 131 RIL genotypes that were used to construct the linkage map (Supplementary Table 1). The linkage map spread across eight linkage groups (LGs) and spanned a total distance of 545.4cM with a mean marker–marker distance of 0.27cM. The number of markers within LGs ranged from 12 (LG8) to 487 (LG4), and the genetic distance varied from 6cM in LG8 to 94cM in LG2. Mean marker density of the longest LG2 and smallest LG8 was 0.24cM and 0.5cM, respectively (Table 1). Among the eight LGs, LG8 had the highest marker density (3/cM) and LG5 had lowest marker density (2.31/cM; Table 1). The high quality and reliability of the map was confirmed by the recombination fraction and linkage between the markers, as demonstrated in Figure 2. Overall, four significant gaps were observed in the map, ranging from 6cM to 11.4cM in length (the latter found in LG2 between 51.7005cM and 63.0689cM). All of the marker loci of the linkage map matched with the seven pseudomolecules and few unmapped contigs on the lentil genome v1.2 (Supplementary Table 2). There were few mismatches in the orientation of linkage groups with the corresponding pseudomolecule of the lentil genome v1.2 (Table 2). Linkage group LG8 matched regions of pseudomolecule LcChr1 and is proposed to be a portion of LG1 that corresponded to regions of LcChr1.



TABLE 1. Marker distribution over the linkage groups of the linkage map derived from a cross between ILWL 180 and ILL 6002.
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FIGURE 2. A heatmap demonstrating the estimated recombination fractions and corresponding linkage between the markers in each of the linkage groups. The upper half of the matrix (left and above the diagonal) represent the recombination fraction, with color scale from red (lowest recombination) to purple-white (highest recombination). The bottom half of the matrix (right and below the diagonal) represent the linkage (in LOD score) between each marker pair, with color scale from blue (lowest linkage) to red (highest linkage). The x-scale shows the number of markers.




TABLE 2. Distribution of SNP markers between linkage map derived from a cross between ILWL 180 and ILL 6002 and lentil genome v1.2.
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QTL Detection

No-significant differences were detected for AB resistance within 7 dpi among the RIL population and parents; hence, leaf lesion and stem lesion scores at 14, 21 and 28 dpi were considered for QTL analysis. The LOD thresholds determined by R/qtl2 for each trait and at each time point averaged at 2.8; therefore, a more stringent LOD threshold was set at 3.0. Seven QTLs with a significant LOD score of 3 and above were subsequently detected on LG2 and LG5 (Table 3). Of the seven, four QTLs (three on LG5 and one on LG2) were associated with leaf lesion score (yellow graph in Figure 3) while two QTLs on LG5 are linked to stem lesion score (blue graph in Figure 3) and one QTL on LG5 was linked to AUDPC (green graph in Figure 3). Four QTLs linked to leaf lesion score at 14 and 21 dpi, stem lesion score at 21 dpi and AUDPC on LG5 shared a common QTL peak at 51cM and hence are considered as similar and single QTL. Considering this and the remaining three QTLs associated with traits leaf lesion score at 28 dpi and stem lesion score at 21 dpi on LG5 and leaf lesion score at 21 dpi on LG2, four separate QTLs were detected (Figure 4). The phenotypic variance contributed by these QTLs ranged from 9.5 to 11.5 percent (%). BLASTn similarity search of transcripts within the regions of the QTLs on LG5 to the lentil genome assembly v1.2 revealed matches on pseudomolecule LcChr6 and some unanchored contigs. Furthermore, the markers underlying QTL on LG2 matched to genomic regions on pseudomolecules LcChr3 and LcChr1 of lentil genome assembly v1.2.



TABLE 3. Quantitative trait loci for AB resistance determined in the ILWL 180 × ILL 6002 RIL population.
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FIGURE 3. LOD scores for Ascochyta blight disease symptoms (leaf lesions – yellow line and stem lesions – blue line) at 14, 21 and 28days post-inoculation (dpi) and AUDPC (green line) at 28 dpi across the major linkage groups. Linkage group 8 is not presented due to its small number of markers with low LOD scores.


[image: Figure 4]

FIGURE 4. Linkage map of the interspecific RIL population derived from a cross between ILWL 180 and ILL 6002. Black horizontal lines represent the position of genetic markers. Regions of identified QTL for Ascochyta blight disease symptoms are marked with blue, orange and green bars for stem lesions, leaf lesions and AUDPC, respectively.




Identification of Candidate Genes and Associated Mutations

A survey for QTL-linked markers revealed 118 SNPs underlying the regions within the intervals of identified QTLs. BLASTx similarity search for the annotations of the transcript sequences underpinning the QTL region returned percent identities ranging between 45.42 and 99.10 percent. Among them, the top five annotations for each transcript were filtered based on the highest percent identity and bit score. One best matching and fully characterized putative candidate gene was selected from the top five annotations for each of the transcript (Supplementary Table 3). In total, the leaf, stem lesion score and AUDPC QTLs contained 44 genes.

Analysis of the SNP locations relative to the CDS of each of the 44 candidate transcripts found 20 positioned on the CDS and the rest in the UTR of putative genes (Supplementary Table 4). A comparison of the SNPs located on the CDS with the reference protein sequence of the candidate genes revealed six non-synonymous and 14 synonymous mutations. The putative candidate genes identified with non-synonymous mutations were cinnamoyl-CoA reductase 1; root border cell-specific protein; phenylalanine-tRNA ligase, chloroplastic/mitochondrial; zinc finger CCCH domain-containing protein ZFN-like isoform X2; ferredoxin-dependent glutamate synthase, chloroplastic isoform X1; R3H domain-containing protein 2; and 50S ribosomal protein 5, chloroplastic. The effects of the non-synonymous mutations revealed substitution of an amino acid at specific positions on the coding sequence of these putative candidate genes, as follows: Asparagine (N) 285 Lysine (K); Valine (V) 132 Methionine (M); Isoleucine (I) 155 Valine (V); Leucine (L) 38 Serine (S); Alanine (A) 980 Threonine (T); Leucine (L) 118 Phenylalanine (F); and Alanine (A) 67 Glycine (G; Supplementary Table 4). SIFT analysis predicted that all of the amino acid substitutions are tolerated (>0.05) and no immediate alterations within the corresponding protein structure and associated function are produced.




DISCUSSION

Interspecific crosses for the introgression of novel alleles from wild to cultivated germplasm are practised to address the genetic bottlenecks that have occurred through recurrent selective breeding processes (Gupta and Sharma, 2007; Tullu et al., 2010; Bhadauria et al., 2017; Dadu et al., 2017). Selection of key traits may then be fast tracked through identification of trait-linked markers and marker-assisted breeding (Bhadauria et al., 2017). In this study, we detail the development of a RIL population derived from L. culinaris × L. orientalis through aSSD and genotyped using a GBS-t approach that produced a high percentage (98.5%) of reads mapped to the reference transcriptome of the lentil cultivar Cassab. This led to the discovery of many genome wide SNP markers among the parents and inter subspecific RIL population and enabled the identification of QTLs and potential candidate genes conferring resistance to A. lentis infection.

The interspecific linkage map constructed in this study included 2,363 markers across eight LGs, corresponding to the seven chromosomes of the lentil genome v1.2 (LG1 and LG8 mapped to the same pseudomolecule LcChr1). The length of the map was shorter (545.4cM) than many previously published maps in lentil (Eujayl et al., 1998; Rubeena et al., 2003; Duran et al., 2004; Hamwieh et al., 2005; Kahraman and Muehlbauer, 2010; De La Puente et al., 2012; Gupta et al., 2012; Ates et al., 2016; Bhadauria et al., 2017; Ates et al., 2018) but was comparable to other recently published maps constructed using SNP markers from GBS-t (432.8cM; Temel et al., 2015) and DArT (497.1cM; Aldemir et al., 2017).

QTL analysis identified three QTLs co-localizing on LG5. Markers underlying these QTLs were located between regions 132,032,337 and 203,277,345bp on the pseudomolecule LcChr6 of the lentil genome v1.2. The genomic region between 51,406,761 and 210,272,490bp on LcChr6 chromosome was previously reported to be associated with AB resistance (Sudheesh et al., 2016a; Polanco et al., 2019). These results indicate that the larger proportion of the resistance at seedling stage is conditioned by common loci and that may be potentially conserved within Genus Lens and further agree with Polanco et al. (2019) that common genes are involved in defense responses to A. lentis infection. The additional QTL found on LG2 in this study is, on the other hand, novel. This may explain the previously reported superior resistance of ILWL 180 compared to cultivar Indianhead (Dadu et al., 2018b). Benefitted from the availability of largely characterized transcriptome and genome, GBS-t revealed several potential candidate genes with known function underlying the QTLs.

The broader biological processes that these candidate genes are part of included signal transduction, oxidation–reduction process, protein metabolic process, proteolysis, cellular response to stimulus and metabolic processes (Supplementary Table 4). Interestingly, several of the genes identified are directly related to defense responses, such as signal transduction, oxidation–reduction process and autophagy. These results agreed with the previous histological assessments, which showed over-expression of reactive oxygen species (ROS) in the cells of ILWL 180 as a predominant host defense mechanism towards AB infection (Dadu et al., 2018a). Although temporally differentially expressed, similar defense responses in general were also found to operate in the AB resistant lentil cultivars ILL 7537, 964a-46 and CDC Robin against A. lentis infection (Mustafa et al., 2009; Khorramdelazad et al., 2018; Sari et al., 2018).

Since three QTLs shared common regions on LG5, there were 24 genes that were identified to be potentially commonly involved among traits including leaf lesion score at 14, 21 and 28 dpi, stem lesion score at 21 dpi and AUDPC. Candidate genes, such as receptor-like protein kinase feronia, zinc finger CCCH domain-containing protein ZFN-like isoform X2 and ubiquitin-conjugation enzyme involved in signal transduction and protein methylene blue sensitivity 1 and thioredoxin F-type, chloroplastic involved in oxidation–reduction process, are found across three time points in both leaflets and stem. The remaining genes were detected to be specific to a trait/s. For example: genes, such as WPP domain-interacting protein 1 and cinnamoyl-CoA reductase 1-like, involved in nucleus organization and cell wall thickening process, respectively, were in play only during 21 dpi in leaflets, whereas genes including cell division cycle protein 48 homologue and triosephosphate isomerase chloroplastic involved in cell division and chloroplast organization were found specific to stem response in resistance to AB (Supplementary Table 4).

A further analysis of potential protein coding effects of SNPs revealed six non-synonymous mutations causing a single amino acid substitution in the predicted protein sequence of the putative candidate genes. Among the six genes with non-synonymous mutations identified in this study, three genes, namely, cinnamoyl-CoA reductase 1-like (Lauvergeat et al., 2001), zinc finger CCCH domain-containing protein ZFN-like isoform X2 (Ciftci-Yilmaz and Mittler, 2008) and ferredoxin-dependent glutamate synthase-chloroplastic isoform X1 (Seifi et al., 2013) are functionally related to plant defense system against pathogen infection. Non-synonymous mutations could potentially alter the structure and function of the corresponding protein and thereby determine host resistance to disease. A non-synonymous SNP causing an amino acid substitution from single glycine to an arginine residue resulted in the drastic modification of the 3D protein structure of an effector AvrLm4-7 secreted by Leptosphaeria maculans (causal agent of stem canker disease in Brassica napus) and resulted in the loss of recognition specificity by two resistance genes (Rlm4 and Rlm7; Blondeau et al., 2015). Although the SIFT predictive analysis indicated that none of the non-synonymous mutations affect the structure or function of corresponding proteins, these mutations may mediate differential transcript processing and expression to resist A. lentis infection. In a similar manner, mutations in non-coding regions, which were not discussed here, may be associated with differential gene expression through modifications of transcription factors binding sites and other epigenetic effects. These non-synonymous and non-coding mutations can be further investigated using predictive bioinformatics models and functional assays, such as targeted perturbation by CRISPR (Lai et al., 2019). Once validated as functional, these markers can be considered as candidate sites for future laboratory induced mutation studies to develop mutant lines with increased resistance to AB.

In all the SNPs within the QTL region, ILL 6002 demonstrated a reference-allele homozygote genotype (0/0) similar to the Cassab reference, while in ILWL 180, all the genotypes were alternative-allele homozygotes (1/1). Though the origin of mutations might be from either parents, given the similarity between the Cassab reference and ILL 6002 in the QTL region and the resistance of ILWL 180, it can be suggested that the SNP mutations have been induced throughout the domestication process of L. culinaris and thus may have weakened the defense response system against A. lentis found in wild species.



CONCLUSION

In conclusion, the present study has utilized a novel interspecific-derived RIL population and reports an interspecific linkage map which will assist in further trait-dissection studies of accession ILWL 180. QTLs identified on LG5 corresponding to pseudomolecule LcChr6 confirm that wild relatives L. orientalis, L. odemensis and cultivated species L. culinaris share a common region associated to AB resistance. The lone QTL on LG2 was not found in earlier studies and can be considered a candidate for gene pyramiding with other novel resistance alleles to produce a diverse gene set for resistance to A. lentis infection. To our knowledge, this is the first report of non-synonymous mutations and corresponding amino acid substitutions being identified in lentil in association with disease response to AB. However, an in-depth study is required to reveal the structural and functional changes of the prospective proteins and subsequently propose the molecular mechanisms contributing to associated potential AB resistance in ILWL 180.
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Plant-derived folates (Vitamin B9) are essential components of the human diet. They provide one-carbon units that are required for the synthesis of nucleic acids and proteins, and folate deficiency is associated with numerous adverse health conditions. The development of high-folate cultivars of common bean (Phaseolus vulgaris L.) and other staple crops is an important tool to combat folate deficiency. A population of 96 P. vulgaris accessions, representing major North American market classes, was grown in 2 years in Ontario, Canada. The population was genotyped for 5,361 molecular markers with an Illumina Infinium platform. Total folate was extracted from mature seeds using the tri-enzyme extraction method and quantified based on a microbiological assay with Lactobacillus rhamnosus. Significant genetic diversity for folate content was observed among the population in both years of study, and folate content had a range 113–222 μg per 100 g of seeds. Quantitative trait loci (QTL) for seed folate content were identified based on a genome-wide association study (GWAS). Six QTL were identified on Chr. 4, 6, 8, and 11, with three in each year of field trials. Both QTL on Chr. 11 occurred in genomic regions that were syntenic to seed folate QTL detected in previous work with P. vulgaris, Z. mays, and O. sativa. Candidate genes were identified for these QTL that might be targets for the development of molecular markers for selecting P. vulgaris cultivars with improved seed folate content. This work reports the largest survey of genetic diversity for seed folate content in P. vulgaris and identified several genotypes, including SCN4, Bat 93, OAC Redstar, and Pompadour 1014, that would be useful for breeding beans with higher than average folate levels.
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INTRODUCTION

Common bean (P. vulgaris) is an economically important agricultural crop, notably due to its ability to fix atmospheric nitrogen. In 2014, the annual worldwide production of dry bean was estimated at 24 million metric tons (Rawal and Navarro, 2019). Dry beans are largely represented by P. vulgaris, which is the most abundantly produced legume for human consumption, but the Food and Agriculture Organization Corporate Statistical Database includes other legumes, such as Vigna spp., in this category (Rawal and Navarro, 2019). It is a major source of protein, carbohydrates, minerals, vitamins and dietary fiber, particularly in developing countries (Díaz-Batalla et al., 2006; Campos-Vega et al., 2010; Tuberosa et al., 2014). It is valuable when animal-based protein is scarce, and it can be combined with other crops, such as maize, to form a complete protein diet (Tharanathan, 2003). Consumption of P. vulgaris has been associated with reduced risk of developing certain types of diabetes mellitus, heart disease, and cancer (Tharanathan, 2003).

The Andean and Mesoamerican regions of South and Central America are the sites of Phaseolus spp. domestication, and the accessions derived from each region constitute two gene pools that are distinguished by morphological, molecular, and ecological data (Gepts, 1998). Following domestication, the two gene pools of P. vulgaris were further subdivided into races. The Mesoamerican group has four distinct races (Durango, Jalisco, Mesoamerica, Guatemala) and the Andean group has three (Nueva Granada, Peru, Chile) (Tuberosa et al., 2014). This inter-gene pool population structure is supported by differences in morphological, biochemical, molecular, and agronomic characteristics (reviewed in: Singh et al., 1991).

Folates (vitamin B9) are essential cofactors in human metabolism that are primarily derived from plant sources. They are tripartite molecules consisting of a pteridine ring, a p-aminobenzoic acid (pABA), and one or more glutamate moieties. One-carbon (C1) units of various oxidation states (methyl to formyl) are substituted to N-5 and N-10 positions and they are transferred to substrates in folate-dependent metabolism (Hanson and Gregory, 2011). The term folate collectively describes all of the C1 substituted forms with varying levels of polyglutamylation. The active ingredient of vitamin B9 dietary supplements is fully oxidized monoglutamyl folate and is termed folic acid (FA). The products of folate-dependent metabolism include nucleic acids (purines), amino acids (methionine, glycine, and serine), and pantothenate (Stover, 2004; Kim, 2007; Blancquaert et al., 2010). Folate deficiency may be associated with Alzheimer’s disease, dementia, coronary and cardiovascular disease, stroke, and cancers including leukemia, colorectal, breast, cervical, pancreatic, and bronchial (Blancquaert et al., 2010). The link between these disorders and folate deficiency are correlative, but there is a clear causal relationship between folate deficiency and megaloblastic anemia and the NTDs spina bifida and anencephaly (Rébeillé et al., 2006; Blancquaert et al., 2010). The prevalence of NTDs is significantly higher (>20%) in low-income countries than in high-income countries (<5%), and it is well established that the consumption of folate rich foods, fortified foods, dietary supplements, or a combination of strategies can reduce the prevalence of this disease (Rogers et al., 2018). In situations where the latter two options of fortification and supplementation are not possible, it is particularly important to provide a source of folate rich foods or to improve the folate content of commonly consumed staples (Bationo et al., 2020).

Folates are commonly extracted from plant material using a method known as tri-enzyme extraction (Arcot and Shrestha, 2005). To protect folates from oxidative degradation, one or more reducing agents such as L-ascorbic acid, DL-dithiothreitol, or B-mercaptoethanol are included in the extraction buffer, which often consists of phosphate (Pfeiffer et al., 1997; Arcot and Shrestha, 2005; Hyun and Tamura, 2005; Chen, 2006). To prevent photooxidation of the labile, reduced folates, manipulations of samples during the extraction protocol are performed in subdued or yellow light (AOAC, 2019). The “tri-enzyme” extraction refers to the use of α-amylase (EC 3.2.1.1), protease (EC 3.4.24.31), and conjugase (EC 3.4.22.12) which degrade starch, protein, and hydrolyze the polyglutamate tail, respectively, in the extraction buffer (Hyun and Tamura, 2005). The first two enzymes liberate folates from the cellular matrix (Yin et al., 2018). The conversion of polyglutamate forms of folate to the monoglutamate form, which is generated by the conjugase treatment, is desired prior to quantification with the microbiological assay (MA) because the test organism does not efficiently metabolize polyglutamate folates with more than three glutamate moieties (Ringling and Rychlik, 2017).

Due to its simplicity, low cost, and high sensitivity, a MA utilizing a folate auxotroph of L. rhamnosus (ATCC 7469) is the most common method of folate quantification across a diverse range of samples, and it is the official method of the Association of Official Agricultural Chemists (Yin et al., 2018; AOAC, 2019). In the MA, L. rhamnosus is grown in microtiter plates containing growth media spiked with samples of unknown folate content or standard folate amounts (Arcot and Shrestha, 2005). Growth of L. rhamnosus is proportional to the amount of folate in the media, and the amounts in unknown samples are interpolated from a standard curve developed from the growth patterns of the wells spiked with standard folate amounts (Molloy and Scott, 1997). The extracts contain all folate forms present in the sample material, and therefore this method estimates total folate. It should be noted that L. rhamnosus responds differently to individual folate species (Bell, 1974). It was shown to respond similarly to FA and the two predominant forms of folate in P. vulgaris seeds, 5-methyltetrahydrofolate (5-CH3-THF) and 5-formyltetrahydrofolate (5-CHO-THF) (Bell, 1974; Khanal, 2012; Jha et al., 2015). Therefore, the MA using a FA standard should provide a good estimate of total folate content in P. vulgaris.

There have been four studies to map QTL for the folate content in the edible portions of various plant species (Khanal, 2012; Dong et al., 2014; Bali et al., 2018; Guo et al., 2019). In all cases, folates were extracted using the tri-enzyme method. The earliest study, conducted by Khanal (2012), measured 5-CH3-THF and total folate in the seeds of an F2 population of P. vulgaris derived from the cross between Redhawk, a dark red kidney bean, and Othello, a pinto bean. The extracts were analyzed by HPLC with fluorescence detection, and a linkage map was constructed based on the segregation of 63 molecular markers distributed across the genome. Four QTL were identified, and they explained 7.7–10.5% of the phenotypic variation with additive effects of 1.2–13.1 μg/100 g total folate. Dong et al. (2014) analyzed seed folate content in two populations of rice (Oryza sativa L.) and quantified total seed folate using the MA. The populations consisted of recombinant inbred lines (RIL) derived from a biparental cross, and composite interval mapping identified three QTL explaining 7.8–25.3% of the phenotypic variation with additive effects of 2.4–13.1 μg/100 g total folate. Bali et al. (2018) used the MA to determine total folate content of potato (Solanum boliviense Dunal) tubers. They generated an intermated F2 RIL population segregating for tuber folate content and identified QTL in two clusters of markers on chromosomes 4 and 6. The QTL explained between 16 and 25% of the phenotypic variation and effect sizes were not reported. Guo et al. (2019) used HPLC to quantify 5-CHO-THF, the most abundant folate species in maize kernels, in a RIL population segregating for kernel folate content. Composite interval mapping identified two QTL for 5-CHO-THF content, collectively explaining 41.6% of the phenotypic variation with additive effects of 0.5 and 0.6 nmol 5-CHO-THF per g of kernels.

All four published studies of folate content QTL were similar in that they identified a few QTL with large effects. As with many QTL studies for complex traits, much of the variation could not be accounted for by the markers that were genotyped in these experimental populations of common bean, maize, rice, and potato. However, in all of the studies the proportion of the variation for folate content that was explained by markers was associated with relatively few loci. This suggests that folate content in the seeds of these species may be controlled by a few genes with large effects, and this is promising for breeding high folate content varieties.

A major objective of the current study was to determine the total seed folate content in a diverse collection of P. vulgaris accessions using the MA, which allowed seed folate content to be compared among market classes, genotypes, and the major gene pools of P. vulgaris, and constituted an estimate of the total genetic diversity that exists for this trait in this species. The population was grown across 2 years of field trials in order to assess potential environmental effects on seed folate content. A GWAS analysis utilizing a whole-genome SNP array for P. vulgaris identified QTL for folate content, and this work produced the largest survey of genetic diversity for seed folate content in P. vulgaris to date.



MATERIALS AND METHODS


Plant Materials

The diversity panel consisted of a diverse collection of 96 P. vulgaris accessions. These included cultivars, breeding lines, and plant introductions from various sources (Supplementary Table 1). The Mesoamerican gene pool was represented by 57 accessions, the majority of which belonged to the black, great northern, pink, pinto, small red, and white market classes. The Andean gene pool was represented by 37 accessions predominated by the cranberry, dark red kidney, light red kidney, white kidney, and yellow market classes. Eight entries did not correspond to any of the common North American market class archetypes. The use of a relatively small population size was a compromise between a desire to do a comprehensive survey of the range of folate content in P. vulgaris and the complexity of conducting folate assays on a large collection of plants. Individuals were chosen to give good representation of the various market classes common to North America and included some widely used varieties as well as some experimental materials.



Experimental Design and Sampling

Field trials were conducted at the Elora Research Station in Guelph, Ontario, Canada during the 2015 and 2016 growing seasons. The P. vulgaris accessions were planted in 2 m rows of 100 seeds each, and rows had a spacing of 60 cm. The trials were mechanically planted and harvested. Experimental units were arranged in a 10 × 10 lattice design with two replications. Each experimental unit was randomized within each complete block, and each complete block was subdivided into 10 incomplete blocks. This provided two biological replicates per year of study. Plants were mechanically harvested and threshed in the field at harvest maturity, and seeds were subsequently dried at 35°C for 48 h. After drying, seeds were manually cleaned, and 20–30 g samples were stored in an opaque bag at −80°C until further analysis. While in storage and during all subsequent manipulations, care was taken to avoid exposure of the samples to light.



Folate Extraction


Chemicals

In accordance with the AOAC Official Method 2004.05, all glassware and metal tools were baked at 200°C for 1–2 h before use in order to vaporize any folate residue or contaminants that could influence the downstream assay. The extraction buffer was prepared fresh daily and consisted of 20 mM sodium phosphate containing 1% (w/v) L-ascorbic acid and 0.5% (w/v) DL-dithiothreitol at pH 7.0. Rat serum (unfiltered) was purchased from Lampire Biological Laboratories, Inc. (Pipersville, PA, United States). Protease from Streptomyces griseus (P5147) and α-amylase from Aspergillus oryzae (A8220) were purchased from Millipore Sigma (St. Louis, MO, United States).

The protease was dissolved in sterile distilled water at a concentration of 4 mg/ml. Prior to extraction, endogenous folates were removed from rat serum and protease following the method of De Brouwer et al. (2008). These solutions were incubated with 1/10 volume of activated charcoal and stirred gently on ice for 1 h. The charcoal was removed by centrifugation at 4,500 × g for 15 min at 4°C, and the supernatant was passed through a 0.45 micron filter. Aliquots of rat serum and protease were subjected to no more than one freeze-thaw cycle, and they were stored at −80 and −20°C, respectively. The α-amylase was used directly without modification, and it was stored at 4°C. It was purchased as an aqueous solution with a concentration of 880 to 1,040 fungal α-amylase units.



Tri-Enzyme Extraction

Total folate was extracted from P. vulgaris seeds based on a modification of the protocols described in Dong et al. (2011) and Jha et al. (2015). All steps were performed under subdued or yellow light. The frozen samples were disrupted in a coffee grinder and passed through 200 micron Nitex nylon mesh to obtain a fine powder. Before remnant bean flour was returned to the −80°C freezer, two samples of 100–200 mg each were placed in two 2 ml microcentrifuge tubes, and their weight was accurately determined. The tubes were stored at −80°C until analysis. Folate values of each experimental unit were the mean of the two technical replicates that were prepared after grinding. Folate was extracted from samples within 1 week after grinding.

The reduced folates found in plant tissues are extremely labile, and degradation during extraction and analysis can result in folate loss and underestimation of folate content. Due to the labor intensive nature of folate extraction, certain steps were modified from previously published work in order to facilitate analysis of a large number of samples. In the ideal folate analysis protocol, plant tissue is disrupted immediately before extraction. Quantification of folate with the MA or other means proceeds immediately following extraction. In the present work, samples were disrupted prior to extraction and stored at −80°C until analysis, and folate extracts were stored at −80°C until quantification with the MA. De Brouwer et al. (2008) measured folate degradation after freeze-thaw treatments of folate extracts derived from rice grains. They found that folate was stable for 2 weeks at both −20 and −80°C with one freeze-thaw cycle. Based on these observations, it was decided that folate losses due to freezing steps in the present work would be acceptable, and this strategy was also used by Jha et al. (2015).

An advanced white bean breeding line, W15HR028, from the University of Guelph breeding program was included in each round of extractions as reference material. All W15HR028 samples were disrupted and weighed on the same day, and they were stored at −80°C until analysis. The values for total folate content of samples were normalized to the values obtained for W15HR028, which had a mean total folate content of 176 ± 8.9 μg/100 g across 30 determinations with two technical replicates per determination. The reference material is a highly inbred accession from a single plot that is well-adapted to the local growing environment and available in a large quantity. It represented a single, homogenous sample that could be present in every batch of extractions and every plate used in the microbiological assay kit.

Extractions were performed on 24 samples at a time: two technical replicates of 11 experimental units, one control sample, and one enzyme blank. The enzyme blanks consisted of empty 2 mL collection tubes that were processed in the same way as the experimental samples.

The samples were subjected to the tri-enzyme treatment as follows. Unless stated otherwise, samples were kept on ice. Extraction buffer (1 mL) was added to each tube and immediately vortexed for 30 s. All samples were incubated at room temperature with shaking (230 rpm) for 30 min with a LabLine 3520 Orbit Shaker (Labline Scientific Instruments, Mumbai, MH, India). They were then boiled (100°C) for 10 min followed by cooling on ice for 10 min. One stainless steel bead was added to each tube, and samples were disrupted at medium speed for 90 s in a Bead Ruptor 24 (OMNI International, Kennesaw, GA, United States). An additional 200 μl of extraction buffer was added to each tube to reduce foaming. After vortexing for 10 s, 10 μl α-amylase (880–1,040 fungal α-amylase units per mL) was added, and samples were incubated for 10 min at room temperature with shaking (230 rpm). In order to inactivate α-amylase and release folate from bound proteins, 150 μl of protease (4 mg/mL) was added followed by vortexing for 20 s. Samples were incubated for 1 h at 37°C with shaking (230 rpm). The protease was then inactivated by boiling (100°C) for 10 min followed by cooling on ice for 10 min. Samples were centrifuged at 12,879 × g for 10 min (4°C), and 500 μl of supernatant was transferred to a new 1.5 mL microcentrifuge tube. 40 μl of rat serum was added, and samples were incubated at 37°C for 2 h in a water bath. The conjugase (rat serum) was inactivated by boiling (100°C) for 10 min followed by cooling on ice for 10 min. Samples were then centrifuged at 12,879 × g for 15 min (4°C), and the supernatant (400 μl) was transferred to a new tube. Samples were diluted in water and sterilized by filtration with a 0.22 micron filter (polyvinylidene fluoride membrane). Samples were stored at −80°C for no more than 1 week until folate quantification.



Folate Quantification

Total folates were quantified by the University of Guelph Laboratory Services: Agriculture and Food Laboratory (Guelph, ON, Canada) using the VitaFast Folic Acid kit from R-biopharm AG (Darmstadt, Hesse, Germany), as per the manufacturer’s instructions. The kit quantifies total folate in supplied samples based on the growth response of Lactobacillus rhamnosus (ATCC 7469), a folate auxotroph. Microplate assays included L. rhamnosus in each well, and the growth response was based on turbididty of the media after 48 h of growth in the dark. Turbidity was based on absorbance of the media at 600 nm using a SPECTRAmax PLUS 340PC 348 with SoftMax Pro software, version 6 (Molecular Devices, San Jose, CA, United States). The standard curve was modeled by a four parameter logistic equation which was generated using supplied FA from the kit. The standard curve was based on five dilutions of FA corresponding to 0.16, 0.32, 0.64, 0.96, and 1.28 μg/100 g.



Quality Control

A spiking and recovery experiment was conducted with the control white bean line W15HR028. Five pairs of W15HR028 samples were prepared as described previously, and one of each was spiked with 0.32002 μg of FA (F7876, Millipore Sigma, St Louis, MO, United States). The concentration of the FA spiking solution was determined spectrophotometrically based on absorbance at 283 nm using the Beer-Lambert law. Folate was extracted from samples as described above, and each extract was quantified in triplicate. The % recovery was determined by the following formula:
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The % recovery of FA had a range of 96.5–107.7% and a mean of 101.1% (data not shown).



Genotyping

Genomic DNA was extracted from young leaves of greenhouse grown seedlings using the GenElute Plant Genomic DNA Miniprep Kit (Millipore Sigma, St. Louis, MO, United States). Leaves of a single plant per accession were ground to a fine powder with a mortar and pestle under liquid nitrogen, and DNA was extracted from approximately 100 mg of material following the manufacturer’s instructions. DNA was eluted in water from the silica-based column provided in the kit. DNA quality (A260/A280) was determined spectrophotometrically using a NanoDrop (Thermo Scientific, Waltham, MA, United States), and DNA concentration was determined using a Qubit fluorometer (Invitrogen, Carlsbad, CA, United States).

DNA samples were genotyped using an Illumina Infinium iSelect Custom Genotyping BeadChip (BARCBEAN6K_3) containing 5,631 SNPs (Genome Quebec Innovation Center, McGill University; Hyten et al., 2010; Song et al., 2015). The SNP genotypes were determined by processing the raw data in Genomestudio 2.0 (Genotyping module version 2.0.3, Illumina, San Diego, CA, United States) using the default settings.



Statistical Analysis

Unless otherwise stated, statistical analyses were conducted using SAS software version 9.1 (SAS Institute Inc., Cary, NC, United States). Due to the size of the experimental plot, the lattice experimental design was chosen to assess within-block variability. Analysis of variance (ANOVA, one-way) of folate data was conducted using PROC MIXED. The main effect of genotype was fixed. Blocks and incomplete blocks nested within blocks were considered as random effects. The linear model is as follows:
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In this model, τ represents the effect of genotype, γ represents the complete block, ρ represents the incomplete block nested within the complete block, and ε is the residual variation. An ANOVA was conducted with PROC MIXED that combined both years. Since the incomplete blocks were not a significant source of variation in the first ANOVA, a second ANOVA analyzed the experiment across both years as a randomized complete block design (RCBD) where genotype was fixed and blocks nested within years, and genotype by year interaction were considered random. Residual analysis was performed, and the least squared means (LSMEANS) were generated for the combined analysis as well as the separate ANOVAs.

Two separate ANOVAs were conducted using PROC MIXED with main effects of market class and subpopulations (K groups) identified based on population structure analysis as described in the following section. They combined both years (2015 and 2016), and the models contained the fixed effect of either market class or K group. The effects of year, market class (or K group) by year interaction, and blocks nested within year were considered as random effects. The LSMEANS for market classes and K groups were generated, and significant differences were determined using the pdiff function with Tukey’s adjustment for multiple means comparisons.



Genome-Wide Association Analysis


Data and Filtering

Data filtering (minor allele frequency (MAF) and proportion of missing data allowed) was performed using VCFtools (Danecek et al., 2011). Phasing and imputation was performed with BEAGLE v4.1 (Browning and Browning, 2007) as described by Torkamaneh and Belzile (2015). Linkage disequilibrium (LD) between SNPs on each chromosome was estimated with the r2 option using PLINK (Purcell et al., 2007). LD was calculated between each pair of SNPs within a sliding window of 50 SNPs and we removed all but one SNP that that were in high LD (r2 > 0.95). The remaining SNPs were used for GWAS analysis.



STRUCTURE

Population structure was estimated using a variational Bayesian inference implemented in fastSTRUCTURE (Raj et al., 2014). Five runs were performed for each number of populations (K) set from 1 to 12. A Choose K analysis was conducted to determine the number of subpopulations. The model complexity that maximized marginal likelihood was 8, and the model components used to explain population structure in the data was 6.



GWAS

GWAS analyses were performed using a Memory-efficient, Visualization-enhanced, and Parallel-accelerated (rMVP) package in R (Yin et al., 2021). Three different models were used for GWAS: mixed linear models (MLM) (Yu et al., 2006), general linear model corrected by principal components (GLM PC) (Price et al., 2006), and Fixed and random model Circulating Probability Unification (FarmCPU; Liu et al., 2016). The factored spectrally transformed linear mixed model (FaST-LMM) and efficient mixed model analysis (EMMA) (Kang et al., 2008; Lippert et al., 2011) were used for GWAS. The models were used with or without the covariate P from principal component analysis (PCA) and the covariate Q obtained from fastSTRUCTURE. A kinship matrix was calculated either using the VanRaden method (K) or the EMMA method (K∗) to determine relatedness among individuals (Kang et al., 2008). The models incorporating a kinship matrix (K or K∗) along with P or Q were tested (Li et al., 2013). Models that took into account kinship and PCA (P+K∗) were found to provide the best fit based on the cumulative distribution of p-values. The negative log(1/p) was used to establish a significance threshold (Wang et al., 2012).



Haplotype Analysis

Haplotypes were defined using the Haploview software (Barrett et al., 2004). The solid spine of LD method was chosen to define haplotype blocks. This method was developed specifically for Haploview, and it creates haplotypes such that the terminal markers are in strong LD with the internal markers while the internal markers may have weaker LD with each other. The default settings were used, and this causes the spine to be extended if the D′ of the flanking markers is at least 0.8 when paired with the internal markers.



Candidate Gene Analysis

The gene IDs within haplotype blocks were downloaded from Legume Information System using the bulk data download feature (Rice et al., 2015). The annotation file included Pfam, Panther, KOG, EC number, KO, and GO IDs. Pathway enrichment was analyzed using the PhytoMine tool hosted on Phytozome (Goodstein et al., 2012). Candidate genes were selected based on literature review. Synteny between QTL that were identified in the present work and QTL that were reported in Guo et al. (2019) and Dong et al. (2014) was analyzed using CoGe Synmap (Lyons et al., 2008). Synteny was visualized using the GeVo tool in the CoGe database (Lyons and Freeling, 2008). Candidate genes within the syntenic regions were described.



RESULTS


Dry Bean Seed Folate Content

The seed folate data for 2015 and 2016 were initially analyzed separately by ANOVA (Table 1). Neither block nor iblock were significant sources of variation (P > 0.05) in either year, and therefore iblock was removed from the model in a subsequent ANOVA combining both years. The variation due to accession and the residual was significant in both years (P < 0.0001; Table 1). In the combined ANOVA, the effects of environment, blocks nested within environments, and accession by environment interaction were not significant sources of variation (P > 0.05; Table 1). The accession and residual terms were significant sources of variation in the model (P < 0.0001; Table 1).


TABLE 1. Mixed model ANOVAs of total seed folate contents in the diversity panel.
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The LSMEANS of accessions were generated for the individual and combined ANOVAs (Supplementary Table 1 and Figure 1). The total seed folate content from 2015 and 2016 data had a range of 107–233 μg/100 g and 110–222 μg/100 g, respectively (Supplementary Table 1). The mean folate content for 2015 and 2016 was 178 and 175 μg/100 g, respectively. The range of folate content from the combined analysis was 113–222 μg/100 g, and the mean was 176 μg/100 g. Figure 1 shows the distribution of seed folate content among the diversity panel. The LSMEANS from the respective years were used for the subsequent GWAS analysis.
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FIGURE 1. Frequency histograms of total seed folate content in the diversity panel evaluated in 2015 and 2016. The counts for total seed folate are based on the least squared means from the separate ANOVAs for the experiments conducted in 2015 (A) and 2016 (B).


The best linear unbiased predictors of selected market classes were generated with the ESTIMATE statement in the combined ANOVA, and the results are presented in Figure 2A. Kidney and black beans had the highest mean folate content, while yellow and pinto were at the bottom of the distribution.
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FIGURE 2. Mean total seed folate of P. vulgaris accessions among market classes and subpopulations. Least squared means of market classes are presented in panel (A) and subpopulations, defined by the K Groups, are presented in panel (B). Error bars represent SEM of two biological replications of P. vulgaris accessions grown in a RCBD across 2 years. Significant differences are represented by letter codes above bars, and Tukey’s adjustment was applied to the PROC MIXED ANOVA in SAS (Cary, NC).




SNP Genotyping

Among the 5,631 SNP markers that were interrogated by the Illumina assay, 5,224 markers were found to be polymorphic in the collection of P. vulgaris accessions used in the current study. They had an average minor allele frequency (MAF) of 0.3 and the data contained 3.5% missing data (Supplementary Table 2). Since P. vulgaris is self-pollinated and all accessions were highly inbred, markers exceeding a threshold of 40% heterozygosity were removed as they were presumed to reflect detection of paralogous loci rather than true heterozygosity (Anderson et al., 2019). After this filter was applied, 5,068 markers remained in the dataset (Supplementary Table 2). After phasing and imputation, no missing data remained among the 5,068 markers. Finally, LD pruning reduced the total marker count to 2,522 tag SNPs with 0.2% heterozygotes and an average MAF of 0.3 (Supplementary Table 2).

The 2,522 tag SNPs were used for GWAS, and their distribution along the 11 chromosomes of P. vulgaris is presented in Supplementary Figure 1. There was an even distribution of SNPs throughout the genome. One or both distal ends of all chromosomes except Pv03 and Pv07 had high SNP densities relative to the rest of each chromosome. The markers contained on the array represent genes, and therefore high-density regions are likely euchromatic and gene-dense. Similarly, the areas of lowest marker density were the proximal areas that likely correspond to the heterochromatic centromeres. The exact locations of the centromeres were not mapped to Supplementary Figure 1.



Population Structure

The observed population structure determined in fastSTRUCTURE and by PCA was largely consistent with prior expectations since market classes, races, and the two gene pools segregated into distinct clusters (Supplementary Figure 2 and Figures 3, 4). After testing from K = 1 to K = 12, the Choose K test indicated that the data were accurately modeled with six underlying populations (Evanno et al., 2005).
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FIGURE 3. Hierarchical clustering of P. vulgaris accessions in the diversity panel based on 2,522 SNP markers. The dendrogram was generated in Flapjack using the default parameters (Milne et al., 2010).



[image: image]

FIGURE 4. Principal component analysis of 96 P. vulgaris accessions based on 2,522 SNP markers. In panel (A), the Mesoamerican accessions are colored blue and the Andean accessions are colored green. In panel (B), the accessions are colored based on the K groups from Supplementary Figure 2 and Figure 3. The PCA plot was visualized with CurlyWhirly (Milne et al., 2014). PC1, the first principal component; PC2, the second principal component; PC3, the third principal component.


From the PCA analysis, the data segregated largely along the two major gene pools of P. vulgaris. In Figure 4A, the blue cluster corresponds to the Mesoamerican gene pool, and the green, more compact cluster corresponds to the accessions from the Andean gene pool.

Population stratification for the six K groups is visualized in Supplementary Figure 2, and these populations were superimposed on the neighbor-joining tree presented in Figure 3. K groups 1 and 6 correspond to the Andean gene pool while K groups 2–5 correspond to the Mesoamerican gene pool. Admixture between these populations was largely intra-gene pool, but there was some evidence of inter-gene pool admixture (Supplementary Figure 2). For example, K group 3 (green) had admixture with K group 1 (red) and 6 (fuchsia) while K group 4 (turquoise) had admixture with K group 1 (Supplementary Figure 2). The six K groups are visualized in Figure 4B using the same color scheme that is presented in Supplementary Figure 2.

The K groups were apparent in the neighbor joining tree presented in Figure 3. The Mesoamerican and Andean gene pools were partitioned into separate clades, and these clades were further subdivided, primarily based on the races and market classes of P. vulgaris that exist within the major gene pools (Singh et al., 1991). K group 1 consisted of yellow, cranberry, and kidney market classes that were largely derived from race Nueva Granada. K group 6 included kidney beans from race Nueva Granada in addition to a Mesoamerican navy bean, OAC Silvercreek. K group 1 and K group 6 both include kidney beans from the Andean gene pool and race Nueva Granada, but the former includes accessions from diverse sources while the latter primarily includes accessions from the University of Guelph breeding program that have shared parental genotypes in their pedigrees (data not shown). K group 5 includes the pinto, great white Northern, pink, and carioca market classes corresponding to race Durango from the Mesoamerican gene pool (Figure 3). The navy and black beans from race Mesoamerica in the Mesoamerican gene pool clustered in K groups 2, 3, and 4. K group 4 consisted of CIAT breeding lines and Mexican landraces, and all of the Canadian accessions were present in K group 3. K group 2 included the navy beans OAC Speedvale, Seafarer, and Cornell 2,114-12.

The observed population structure among the accessions of the diversity panel was consistent with the prior knowledge of their pedigree, market class, gene pool, race, and geographic origin (Supplementary Table 1). The population structure modeled with K = 6 was incorporated into the subsequent GWAS analysis.

The mean total seed folate content for the six K groups across the 2015 and 2016 experiments is presented in Figure 2B. K group 6, largely comprised of kidney beans, had the highest average folate content of 200 ± 5.7 μg/100 g. K group 5 had the lowest average seed folate content of 162 ± 4.8 μg/100 g, and it contained pinto and great white northern beans.



Genome-Wide Association Study of Seed Folate Content


Statistical Models

GWAS analysis with rMVP utilized the GLM, MLM (single-locus model), and FarmCPU (multi-locus model) models. The MLM model (green) fit the observed data best in 2015 and 2016, but it did not detect any significant QTL (Supplementary Figure 3). The GLM model (blue) had a poor fit in both years. The FarmCPU model (Supplementary Figure 3, fuchsia) was chosen for GWAS as it has been shown to possess increased statistical power, reducing false negative results caused by confounding between population structure, kinship, and quantitative trait nucleotides (Liu et al., 2016; Kaler et al., 2020). Based on QQ plots, the FarmCPU model fit the data better than GLM or MLM for 2016 while also detecting significant QTL in 2015 and 2016 (Supplementary Figure 3).



Seed Folate QTL Identified by GWAS

Six QTL for seed folate content were identified by GWAS using the FarmCPU model (Table 2 and Figure 5). Three QTL were identified in 2015 with one on Pv06 at 21,444,641 bp (Pv06FLT1) and two on Pv08 at 47,654,566 and 49,207,064 bp (Pv08FLT1 and Pv08FLT2, respectively). Three QTL were identified in 2016 with one on Pv04 at 46,986,666 bp (Pv04FLT1) and two on Pv11 at 5,604,100 and 53,485,930 bp (Pv11FLT1 and Pv11FLT2, respectively; Table 2). The six QTL were identified in single years based on GWAS. The effects of QTL in the 2015 experiment ranged from 14 to 16 μg/100 g total folate, and the effects of QTL in the 2016 experiment ranged from 13 to 15 μg/100 g folate. The individual markers that were significantly associated with folate content in the GWAS were analyzed by one-way ANOVA (Table 2). Except for Pv04FLT1 and Pv11FLT2, all markers were significantly associated with folate content in the years that they were identified by GWAS (P < 0.05).


TABLE 2. QTL for total seed folate content identified by GWAS.
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FIGURE 5. Manhattan plots of QTL for total seed folate content in the diversity panel that were detected by GWAS with the FarmCPU model in rMVP. (A) Plots based on 2015 data. (B) Plots based on 2016 data. The significance threshold is indicated by a dashed line on each plot, and markers above the significance threshold are colored red. SNP density is indicated in the legends to the right of each plot.


The markers at 21,444,641, 47,654,566, 49,207,064, and 5,604,100 bp on chromosomes Pv06, Pv08, Pv08, and Pv11, respectively, co-varied with seed folate content in both years based on ANOVA (P < 0.05; Table 2). The Pv11 marker at 53,485,930 bp was associated with folate in 2015 based on ANOVA, and it was also identified in the GWAS analysis of the 2016 experiment. Among the significant markers in the single marker ANOVAs, the R2 values ranged from 5 to 26% (Table 2).

Allelic means for seed folate content QTL are presented in Table 2 and in Figure 6 as boxplots. The largest difference between total seed folate content for a SNP allele was for Pv11FLT1. The high folate allele (G) was 25 μg/100 g and 40 μg/100 g higher than the low folate allele (A) in 2015 and 2016, respectively (Table 2). The difference between the phenotypic means of the high and low folate alleles for Pv06FLT1, Pv08FLT1, and Pv08FLT2 ranged from 17 to 30 μg/100 g total seed folate (Table 2). In both years, the difference between the high and low folate content alleles for Pv11FLT2 was approximately 11 μg/100 g total folate. The smallest difference between mean folate content for the identified QTL was associated with Pv04FLT1, with the T allele at 5 μg/100 g greater than the G allele in 2015 and the G allele 6 μg/100 g greater than the T allele in 2016 (Table 2).
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FIGURE 6. Box plots showing the phenotypic distributions of total seed folate content for six QTL identified by GWAS with the FarmCPU model. The LSMEANS from the separate ANOVAs for the 2015 and 2016 experiments were plotted. Accessions that were heterozygous for the QTL marker were not included in the analysis. Each boxplot is labeled with the SNP genotype and the year (e.g., GG2015). The chromosomes and physical positions of the SNPs are indicated below each plot.


Although GWAS did not detect the individual QTL across both years of testing, the allelic means and their distributions were similar across years (Figure 6). The boxplots in Figure 6 show that the phenotypic means of the QTL alleles exhibited similar trends in 2015 and 2016. An exception was Pv04FLT1, and this QTL had the smallest effect based on GWAS (Table 2).



Haplotype Analysis of QTL

Haplotype analysis was conducted for the QTL identified on Pv06, Pv08, and Pv11 using the Haploview software. The Pv04FLT1 QTL was excluded from the analysis because its effect was the smallest and the ss715649592 marker was not a source of seed folate content variation based on single marker ANOVA. Except for the Pv11FLT2 QTL, the solid spline of LD method was used to identify haplotypes with default parameters. For PV11FLT2, the flanking markers were used to define a haplotype. The smallest haplotype was 286,660 bp for Pv11FLT2, and the largest was 2,278,911 bp for Pv08FLT1 and Pv08FLT2. The Pv08FLT1 and Pv08FLT2 QTL correspond to the ss715649497 and ss715640590 markers that were separated by a distance of approximately 1.5 Mb, and these were grouped into a single haplotype by the Haploview software (Tables 2, 3).


TABLE 3. Haplotype analysis of total seed folate content QTL identified by GWAS.
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Single marker ANOVA was conducted again using the haplotype alleles as markers. More variation was explained by haplotypes than single markers for the respective QTL (Tables 2, 3). The R2 of haplotypes in this analysis ranged from 10.2% for Pv11FLT2 in 2015 to 38.9% for the Pv08 haplotypes in 2016. The phenotypic distributions of the haplotypes are presented in Figure 7, and the haplotypes that contain the high folate allele from Table 2 are underlined. For Pv08, the haplotype containing both high folate content alleles from Pv08FLT1 and Pv08FL2 is underlined. These haplotypes include TCCTT for Pv06FLT1, CTAA for Pv08FLT1-Pv08FLT2, GGAA for Pv11FLT1, and CCT for Pv11FLT2. In all cases there was a single haplotype containing the high folate content allele, and in most cases this haplotype had the highest folate content. For Pv11FLT2, the distribution of the CCT haplotype was similar to the TTC haplotype (Figure 7).
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FIGURE 7. Box plots showing the phenotypic distributions of total seed folate contents for haplotypes based on six QTL identified by GWAS with the FarmCPU model. The QTL names are indicated above each panel (A–H). The haplotypes containing the QTL allele with the highest average seed folate content are underlined, and the SNP alleles are identified by black arrowheads. Each haplotype is followed by either 15 or 16, which corresponds to the 2015 and 2016 experiments, respectively.




Candidate Gene Analysis

A total of 266 genes were annotated in the regions defined by haplotype analysis for the Pv06FLT1, Pv08FLT1, Pv08FLT2, Pv11FLT1, and Pv11FLT2 QTL (Supplementary Table 3). None of the annotated folate biosynthesis genes were present in these genomic regions.

There were 22 putative transcription factors the QTL regions. Eleven putative transcription factors were located in Pv06FLT1, 3 in Pv08FLT1/Pv08FLT2, 6 in Pv11FLT1, and 2 in the Pv11FLT2 QTL, respectively. These included proteins encoding generic DNA binding domains, basic leucine zipper domains (bZIP), homeodomains or homeodomain-like motifs, MYB domains, AT hook motifs, and zinc finger domains. None of these gene accessions have a known role in folate biosynthesis or related metabolism, but they cannot be ruled out as having an influence on seed folate content.

The Phvul.008G174000 gene was located in the Pv08 QTL region, and it was annotated to encode an S-adenosyl-L-methionine-dependent methyltransferase superfamily protein. Another potential folate metabolism enzyme was identified in the Pv08 QTL region. This was a cluster of four genes annotated as UDP-glucose dependent-glucosyltransferase 85A2 (UGT, Phvul.008G174700, Phvul.008G175300, Phvul.008G175500, Phvul.008G175600).

Protein metabolism genes were also identified in the QTL haplotypes. The 20S proteasome beta subunit G1 and the 20S proteasome beta subunit PBB2 were found in the Pv06FLT1 and Pv11FLT2 QTL regions, respectively. Additionally, eight genes putatively involved in ubiquitination were found in Pv06FLT1 and Pv11FLT2.



QTL Correspondence to Previous Studies

The Pv11FLT2 QTL was likely detected in the work of Khanal (2012). They mapped seed folate content QTL in an F2 population of P. vulgaris, and the SNP marker g2135 on Pv11 was significantly associated with folate content. A BLAST search placed g2135 at approximately 49.7 Mb on Pv11 which is 3.8 Mb away from the Pv11FLT2 QTL detected in the present work (data not shown). Given the low mapping resolution and limited potential for recombination events in an F2 mapping population used in the previous study, it is likely that the g2135 marker was co-inherited in the Pv11FLT2 locus.

The Pv11FLT1 QTL region was found to be syntenic to the genomic regions associated with maize and rice seed folate content that were reported by Guo et al. (2019) and Dong et al. (2014), respectively (Supplementary Table 4 and Supplementary Figure 4). There is a large block of synteny between maize Chr 5 (0.955–21.449 Mb) and rice Chr 3 (22.400–38.915 Mb) (Supplementary Figures 4A,B and Supplementary Table 4). Dong et al. (2014) reported two seed folate content QTL (qQTF-3-2 and qQTF-3-3) in this region of rice Chr 3, and Guo et al. (2019) reported four seed folate content QTL (q5-F-THFa, q5-F-THFb, q5-F-THFd, and q5-F-THFe) in the syntenic region of maize Chr 5 (Supplementary Table 4). The q5-F-THFa and q5-F-THFb QTL were identified in the GEMS31xDAN3130 mapping population, and the q5-F-THFd and q5-F-THFe QTL were identified in the K22xDAN340 mapping population (Guo et al., 2019). The Pv11FLT1 haplotype extends from 5.519 to 5.795 Mb on P. vulgaris Chr 11, and this region contains five genes that are syntenic with maize and rice genomic regions corresponding to the q5-F-THFa/q5-F-THFd and qQTF-3-2 QTL, respectively (Supplementary Figure 4; Note that the physical positions of q5-F-THFa and q5-F-THFd overlap). The 5 orthologous genes are listed in Supplementary Table 4. The P. vulgaris gene accessions include Phvul.011G063800, Phvul.011G064000, Phvul.011G064200, Phvul.011G064800, and Phvul.011G065600. They are annotated as expansin-A6, chloroplastic-related protein kinase APK1A, protein phosphatase 2C, a zinc finger (Dof domain) protein, and a SEC14 cytosolic factor family protein/phosphoglycerine transfer family protein (CRAL/TRIO domain), respectively.



DISCUSSION


Genetic Diversity for Seed Folate Content in Phaseolus vulgaris

The diversity panel exhibited significant variation for seed folate content in the 2015 and 2016 growing seasons. The range of folate content in the present work was similar to those of Jha et al. (2015) who reported total seed folate content of 165–232 μg/100 g among four P. vulgaris accessions. They used UPLC-MS/MS for folate quantification, and their folate extraction procedure was similar to that which was used in the present study. Their study included two pinto beans, one black bean, and one yellow bean accession. In the present work, the range of seed folate content for the combined analysis was 113–222 μg/100 g with a mean of 176 μg/100 g. The seed folate content values in the present work were lower than those of Khanal (2012), who reported a range of 217–345 μg/100 g among four P. vulgaris accessions. There were a number of differences between the extraction protocol used in Khanal (2012) and that which was used in the present study. For example, the conjugase used in the previous work was derived from hog kidney rather than rat serum, folates were extracted from larger 1 g samples compared to the 100–200 mg samples used in the current study, and, most notably, the samples were subjected to extraction twice in the previous study. These differences may be the cause of the discrepancy between the folate values reported in the previous work and the folate values reported in the present work.

The trend among folate values of market classes were similar to those reported in the literature. Khanal (2012) found that Othello, a pinto bean, had higher folate content than Redhawk, a kidney bean, and this was observed in the present work where kidney beans had the highest mean of all market classes and pinto beans had the lowest mean. Consistent with Khanal (2012), the Redhawk dark red kidney bean had higher folate content than the Othello pinto bean (Supplementary Table 1). Han and Tyler (2003) analyzed seed folate content of two cultivars of pinto, navy, and great northern market classes and observed the same relative ranking as the present study with a similar magnitude of folate content (143.1–160.4 μg/100 g). The distribution of folate content between market classes may be due to bottlenecks caused by selective breeding. In a survey of P. vulgaris varieties released in Canada from 1930 until 2010, Navabi et al. (2014) found that released varieties had a high coefficient of parentage whether they were analyzed together or grouped based on the major races of Durango, Mesoamerica, and Nueva Granada. Indeed, pedigree analysis identified a few important varieties, such as Ex-Rico 23, Seafarer, UI-111, and NW-63, which were used extensively as parents among all released varieties corresponding to their respective market classes.

It has been shown P. vulgaris folate extracts inhibit the activity of rat plasma conjugase (Ramos-Parra et al., 2013). The present work measured folate across a genetically diverse collection of P. vulgaris accessions with a wide range of seed coat colors and sizes that group into named market classes, and it is possible that they exhibit differential inhibition of rat conjugase. However, differential inhibition among the subpopulations defined by fastSTRUCTURE should have been adequately controlled in the GWAS analysis as they were used as a covariate in the model. Also, for individual QTL, accessions with different seed phenotypes were found to contain the alleles associated with both the low and high seed folate levels. For example, for Pv06FLT1, 19 genotypes possessed the high folate allele (TT), and they included one cranberry kidney, six dark red kidney, six light red kidney, two white kidney, one black, two white, and one black Mesoamerican accession (Supplementary Table 1). Although the relative rank of mean folate content among market classes was consistent with previous reports as discussed above, there were few significant differences between market classes because the variation within market classes was high (Figure 2 and Supplementary Table 1). This suggests that if genotype-specific inhibition of conjugase occurs in P. vulgaris, it is more likely the result of individual differences rather than broad differences between market classes or subpopulations.



Genotyping and Population Structure

Analysis of population stratification in fastSTRUCTURE identified six subpopulations within the association mapping panel. There is a high level of support for the hypothesis that P. vulgaris was domesticated twice in geographically separated locations based on phenotypic, genetic (DNA and isozyme), cultural, and archaeological evidence (Gepts et al., 1986; Singh et al., 1991; Kaplan and Lynch, 1999; Kwak and Gepts, 2009; Mickleburgh and Pagán-Jiménez, 2012; Schmutz et al., 2014). The center of origin of P. vulgaris is believed to be Mesoamerica, and the two centers of domestication were located in the Mesoamerican and Andean regions, giving rise to two distinct gene pools (Schmutz et al., 2014).

In the present work, accessions from the Mesoamerican gene pool were assigned to K groups 2, 5, 3, and 4. Accessions from the Andean gene pool were assigned to K groups 1 and 6. The existence of a greater number of subpopulations within the Mesoamerican group than the Andean group is consistent with observations in the literature (Kwak and Gepts, 2009). This was also apparent in the PCA analysis in which the Mesoamerican cluster was more diffuse while the Andean cluster had a tight arrangement in the plot space, and this was similar to the PCA presented in both Asfaw et al. (2009) and Kwak and Gepts (2009). There is a lower level of genetic diversity in the Andean gene pool than the Mesoamerican gene pool, and this was observed in the fastSTRUCTURE and PCA analysis. Resequencing of wild Andean and Mesoamerican populations of P. vulgaris found that the nucleotide diversity among the former was almost 4X lower than the latter (Schmutz et al., 2014). It is hypothesized that a small founder population derived from the Mesoamerican gene pool around 165,000 years ago gave rise to the Andean gene pool, and this bottleneck was preserved for around 76,000 years followed by exponential diversification (Schmutz et al., 2014).

The subpopulations within the gene pools were largely consistent with prior expectations. K group 1 contained mostly cranberry and yellow accessions with few kidney accessions, and K group 6 contained kidney accessions. This is similar to distribution observed in Cichy et al. (2015) where many of the kidney accessions clustered into a few tight groups. Many of the kidney accessions in K group 6 were Canadian germplasm from the University of Guelph breeding program, and accessions in K group 1 had more diverse origins. These groups were largely comprised of the race Nueva Granada. K group 6 contained a navy bean, OAC Silvercreek, and this is explained by the fact that Cran 74, a cranberry bean, was one of the parents used to develop this cultivar (Smith et al., 2009). K groups 2, 3, and 4 were largely comprised of navy and black market classes from race Mesoamerica. Navy and black beans cluster tightly based on molecular marker data in other published work (Moghaddam et al., 2016). K groups 2 and 3 were mostly of United States and Canadian origin while K group 4 consisted of accessions from Mexico. K group 2 was the smallest population, consisting of OAC Speedvale, Seafarer, and Cornell 2114-12, and Seafarer was one of the parents used to develop OAC Speedvale (Atuahene-Amankwa and Michaels, 1997). K group 5 included pinto, great white northern, and small red market classes from race Durango, most of which were of United States and Canadian origin. The medium size pinto and great white northern beans are known to derive from race Durango, and this grouping is consistent with the literature (Moghaddam et al., 2016; Gioia et al., 2019).

The accessions were genotyped using a BARCBean6K_3 BeadChip analysis which interrogates a predetermined set of loci and yields biallelic SNP calls. A genotyping by sequencing approach (GBS) may have uncovered additional genetic diversity among the accessions as it can detect all potential SNP genotypes across the genome, polynucleotide polymorphisms, and insertion/deletion polymorphisms (Deschamps et al., 2012). However, it is believed that the curation and placement of the SNPs on the BARCBean6K_3 BeadChip provides good genome coverage in genic regions with confirmed polymorphisms and was appropriate for this study (Hyten et al., 2010; Song et al., 2015).



GWAS of Seed Folate Content

The present work is based on a modest population size (96 individuals) and sufficient marker number (5,068 informative markers) to cover the genome. We detected six QTL for seed folate content using the Farm-CPU model. This model was selected over the GLM and MLM models because it was reported to have increased statistical power to detect marker-trait associations relative to the latter two models, particularly when true QTL are associated with the underlying population structure (Liu et al., 2016; Kaler et al., 2020).

Six QTL were located on chromosomes Pv04, Pv06, Pv08, and Pv11, where Pv08 and Pv11 each contained two QTL. Based on single marker ANOVA, the Pv04FLT1 QTL was not a significant source of variation in either year of study, and it was therefore considered to be a false positive (Table 2 and Figure 6). The Pv06FLT1, Pv08FLT1, Pv08FLT2, and Pv11FLT1 QTL were significant sources of variation in both years based on the single marker ANOVAs, and this was also true for their respective haplotypes. The Pv11FLT1 QTL was not a significant source of variation in the ANOVA for 2016 (P = 0.0508), the year it was detected by GWAS, however it was a significant source of variation in the ANOVA for 2015. Therefore, the most probable true QTL in the present work are Pv06FLT1, Pv08FLT1, Pv08FLT2, and Pv11FLT1. Given the large F value (F = 3.92, P = 0.0508) of the Pv11FLT2 QTL in the 2016 ANOVA and the significance of this QTL in the 2015 ANOVA (F = 4.35, P = 0.0399), it was considered for further inspection with haplotype and candidate gene analysis. As discussed below, this QTL was potentially identified by Khanal (2012).

The small total number of QTL identified in the present work is similar to the other studies of seed folate QTL in P. vulgaris, rice, maize, and potato (Khanal, 2012; Dong et al., 2014; Bali et al., 2018; Guo et al., 2019) which identified two to four QTL for total seed folate content. Compared to other complex traits that have been studied in plants, these results suggest a relatively simple genetic control of folate content that can be explained by a few factors in each respective genome.

The haplotypes developed for Pv06FLT1, Pv08FLT1, Pv08FLT2, Pv11FLT1, and Pv11FLT2 with Haploview ranged in size from 275 kb to 2.28 Mb, and were all significant sources of total seed folate variation in 2015 and 2016 when used as factors in separate one-way ANOVAs (Figure 7 and Table 3). The creation of haplotypes combines biallelic markers into multiple haplotype alleles, based on observed LD in the diversity panel. This allowed for further characterization of the identified QTL, and the haplotype alleles explained a larger amount of variation than the SNP markers alone.

A comparative analysis of previous QTL studies for seed folate content indicated that Pv11FLT2 may have been detected by Khanal (2012) in a bean mapping population. The physical position of the marker g2135 from Khanal (2012) was located within 3.8 Mb of the Pv11FLT2 QTL, and this marker explained the highest amount of variation among the significant markers for both 5-CH3-THF and total folate in P. vulgaris seeds. The g2135 marker was also the closest marker to Pv11FLT2 among all mapped Pv11 markers in Khanal (2012). The Pv11FLT1 region was syntenic to the major QTL that were detected in Dong et al. (2014) and Guo et al. (2019) on Chr 5 of maize and Chr 3 of rice, respectively. While these comparisons do not constitute a true validation of the identified QTL in the present work, they do provide support to the hypothesis that they represent QTL for seed folate content that are important in a diversity of plant germplasm.



Candidate Gene Analysis

The closest A. thaliana homolog to the Phvul.008G174000 gene located in the Pv08FLT1/Pv08FLT1 QTL haplotype is At1g78240, a putative S-adenosyl-L-methionine-dependent methyltransferase known as QUASIMODO2 (QUA2)/TUMOROUS SHOOT DEVELOPMENT2 (TSD2) that has a role in cell adhesion, plant development, and carbon/nitrogen sensing (Gao et al., 2008). Since 5-CH3-THF provides the methyl groups for the re-methylation of homocysteine to methionine, the Phvul.008G174000 locus was considered as a possible candidate underlying the Pv08FLT1 and Pv08FLT2 QTL (Bailey and Gregory, 1999).

The cluster of four genes annotated as UDP-glucose dependent-glucosyltransferase 85A2 (UGT, Phvul.008G174700, Phvul.008G175300, Phvul.008G175500, Phvul.008G175600) were highlighted as possible candidate genes for the Pv08 QTL region because the folate precursor pABA can be esterified to glucose by cytosolic UGT (Eudes et al., 2008; Hanson and Gregory, 2011). The chloroplast is the site of pABA synthesis, and pABA is assembled into folate in mitochondria (Hanson and Gregory, 2011). Unlike pABA-glucose conjugates, free pABA can diffuse across membranes to enter the mitochondria. Conjugates of pABA-glucose are sequestered in the vacuole for storage, and this ester is usually more abundant than free pABA in A. thaliana leaves (Eudes et al., 2008). However, in a study that included three pinto bean accessions, free pABA was found to be the predominant form (>72%) in seeds (Ramírez Rivera et al., 2016). In A. thaliana pABA is conjugated by a UGT75B1, a homolog of the UGT85A2 (At1g05560; Eudes et al., 2008). UGT genes exist as large families in plants, and they are responsible for the glucosylation of diverse aglycones such as hormones, secondary metabolites, and xenobiotics (Li et al., 2001). In a phylogenetic analysis of the UGT gene family in A. thaliana, it was observed that UGTs with similar functions segregated into divergent clades, suggesting independent evolution of functions (Li et al., 2001). It is possible that the UGT85A2 gene products could function in folate metabolism by limiting the amount of free pABA available for folate assembly, but this must be validated empirically.

The Phvul.011G065600 and Phvul.011G064000 genes near the Pv11FLT2 QTL were located in a region of synteny with folate QTL identified in Z. mays and O. sativa (Dong et al., 2014; Guo et al., 2019). They are annotated as SEC14 cytosolic factor family protein / phosphoglycerine transfer family protein (CRAL/TRIO domain) and chloroplastic-related protein kinase APK1A (protein phosphatase 2C), respectively, and both genes exhibit high expression in seeds of Z. mays, P. vulgaris, and A. thaliana (Goodstein et al., 2012; Berardini et al., 2015; Guo et al., 2019). Neither SEC14 nor APK1A proteins have a known role in folate metabolism. However, given their association with folate QTL across three independent studies with different plant species, they may be interesting targets for further analysis, such as heterologous expression studies or analysis of A. thaliana knockout mutants.

Multiple putative protein metabolism genes encoding 20S proteasome subunits and ubiquitination-related factors were located within the described haplotypes for Pv06FLT1 and Pv11FLT2. Additionally, 22 putative transcription factors were identified, and they were distributed among all reported QTL. While folate biosynthesis steps are well characterized in plants and microorganisms, the factors regulating folate biosynthesis are still largely unknown (Gorelova et al., 2019). It is not possible to establish a connection between any of the individual putative transcription factors or protein metabolic genes and the biosynthesis of folate solely based on their proximity to the QTL identified in the present work.



Conclusion

The present work represents the largest survey of genetic diversity for total seed folate content in the economically important P. vulgaris crop. Variation for folate content with a range of 113–222 μg/100 g of seeds was observed, and this suggests that biofortification in P. vulgaris through applied plant breeding could produce value-added varieties with improved health benefits. Transgressive segregation for folate content was described in Khanal (2012), and therefore it is possible that seed folate levels of progeny could greatly exceed those of the parents for certain crosses. The diversity panel used in the present work represents all of the major market classes that are grown commercially in Canada and the United States, and some of the high folate genotypes that were identified, such as SCN4, Bat 93, OAC Redstar, and Pompadour 1014, could serve as parents for the development of high folate varieties. Analysis of molecular markers distributed throughout the 11 chromosomes of P. vulgaris identified significant population structure within the diversity panel that was consistent with major gene pools, races, and market classes. These data were used to conduct a GWAS for seed folate content, and six QTL were identified on Pv04, Pv06, Pv08, and Pv11. An in silico analysis of these QTL identified promising candidate genes encoding proteins that could affect seed folate content. Future work should aim to confirm these QTL independently and identify polymorphisms within the candidate genes themselves. Ultimately, these QTL can be the targets of marker assisted selection strategies to create P. vulgaris cultivars with improved seed folate content, and germplasm with divergent seed folate accumulation could be used in traditional biparental mapping populations.
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Supplementary Figure 1 | Distribution of SNP markers on the 11 chromosomes of P. vulgaris. Chromosomes are colored based on SNP density (see legend).

Supplementary Figure 2 | Bayes cluster plot of 96 P. vulgaris accessions when K = 6. Variational Bayesian inference was implemented in fastSTRUCTURE. Five runs were performed for each K from 1 to 12, and the change in the log probability of the data between successive K values (delta K test) was used to determine the most likely value of K = 6. Each vertical line represents an accession, and multicolored lines indicate admixture between populations.

Supplementary Figure 3 | Quantile-quantile plot showing goodness of fit of the three tested models. The plot in panel (A) represents data from 2015, and the plot in panel (B) is based on data from 2016. The GLM model is colored in blue, the MLM model is colored in green, and the FarmCPU model is colored in fuchsia.

Supplementary Figure 4 | Synteny analysis of the Pv11FLT1 QTL. Each panels (A–D) represents a physical map of a chromosome region containing one or more seed folate content QTL. Green glyphs depict gene structures. Glyphs above or below the dashed line in each panel are in the forward or reverse orientations, respectively. Black or red vertical lines above glyphs represent high scoring pairs (HSP) from a BLAST search, and the HSPs are connected by red lines. The QTL are represented by blue bars, and the names correspond to the cited references. In parentheses, each QTL name is followed by its physical map position in Mb. The analysis was conducted in GeVo, and the following genome builds are identified based on their numerical IDs in the CoGe database (Lyons and Freeling, 2008). (A) O. sativa Indica Group Chr. 3 (Genome ID 51124) from 22,400,170 to 38,914,741 bp. QTL were identified in Dong et al. (2014). (B) Z. mays Chr. 5 (Genome ID 52733) from 955,126 to 21,448,993 bp. QTL were identified in Guo et al. (2019). (C) Z. mays Chr. 5 from 2,345,700 to 2,447,356 bp (Genome ID 52733). (D) P. vulgaris Chr. 11 (Genome ID 37644) from 5,602,110 to 5,987,842 bp. QTL (Pv11FLT1) was identified in the present work. Mb, megabase pairs; K, kilobase pairs.

Supplementary Table 1 | P. vulgaris lines and varieties used in this study and their seed folate contents. K groups, QTL marker genotypes, and folate contents (least squared means) from the 2015, 2016, and combined ANOVAs are reported.

Supplementary Table 2 | Filtering of SNP markers used in this study. Data were filtered using VCFtools. Phasing and imputation of missing data was performed with BEAGLEv4.1. LD was estimated between SNPs based on the r2 function in PLINK, and pairwise LD was determined between markers within a sliding window of 50 SNPs. Within the window, all but one SNP among groups of SNPs with high LD (r2> 0.95) removed. The final set of 2,522 SNPs were used for GWAS. Hets, heterozygous SNPs; MAF, minor allele frequency.

Supplementary Table 3 | Candidate genes within haplotypes for total seed folate content QTL identified by GWAS. GeneIDs from and their annotations in the P. vulgaris genome build v2.1 were obtained from Phytozome (Goodstein et al., 2012).

Supplementary Table 4 | Candidate genes in syntenic genomic regions of seed folate QTL in Z. mays, O. sativa, and P. vulgaris. A, CoGe Synmap was used to identify syntenic regions, and regions that contained QTL among all of the cited studies are reported. QTL names match the designations in the respective references (Lyons et al., 2008). B, List of candidate genes that were present in all syntenic groups from panel (A). Gene IDs follow nomenclature from the CoGe database.
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Nano-silicon application is an efficient novel approach to mitigate the deleterious impacts of drought stress on field crops, which is expected to increase owing to climate change, especially in arid regions. Two-season field studies investigated the influence of foliar-applied nano-silicon (0.5, 1, and 1.5 mM) on physiological and biochemical attributes and their impacts on crop water productivity (CWP) and the agronomic traits of faba beans (Vicia faba). The plants were evaluated under two irrigation regimes: well-watered (100% ETc giving 406 mm ha−1) and drought stress (65% ETc giving 264 mm ha−1). It was found that drought stress significantly decreased gas exchange (leaf net photosynthetic rate, stomatal conductance, and rate of transpiration), water relations (relative water content and membrane stability index), nutrient uptake (N, P, K+, and Ca+2), flavonoids, and phenolic content. In contrast, drought stress significantly increased oxidative stress (H2O2 and [image: image]) and enzymatic and non-enzymatic antioxidant activities compared with the well-watered treatment. These influences of drought stress were negatively reflected in seed yield-related traits and CWP. However, foliar treatment with nano-silicon, particularly with 1.5 mM, limited the devastating impact of drought stress and markedly enhanced all the aforementioned parameters. Therefore, exogenously applied nano-silicon could be used to improve the CWP and seed and biological yields of faba bean plants under conditions with low water availability in arid environments.

Keywords: antioxidants, crop water productivity, irrigation regimes, Mediterranean region, nano-SiO2, principal components analysis, yield contributing traits


INTRODUCTION

Faba beans (Vicia faba L.) are an important legume crop grown worldwide (Gasim et al., 2015). These plants have high crude protein content and essential amino acids (Vogelsang-O'dwyer et al., 2020) and improve soil nitrogen content through the symbiotic fixation of atmospheric nitrogen, which reduces the requirement for nitrogen fertilizer in agricultural production systems (Liu et al., 2019). Faba beans are cultivated in the Mediterranean region as a rotational crop and fix more than 80% of the nitrogen requirements of the plant (Denton et al., 2017). However, it is highly sensitive to water deficits compared with other field crops (Parvin et al., 2019).

The Mediterranean region is one of the most vulnerable areas to the deleterious impacts of climate change, with fluctuations in precipitation and water shortage being projected to increase, particularly in arid and semi-arid environments (García-Ruiz et al., 2011; Cook et al., 2016; Mansour et al., 2018; Spinoni et al., 2018; Chiwetalu et al., 2020). As a result, water scarcity causes destructive alterations in the biochemical and physiological processes of plants and, consequently, reduces their growth and productivity (Siddiqui et al., 2015; Attia et al., 2021; Desoky et al., 2021; Mansour et al., 2021). Therefore, it is crucial to mitigate the deleterious impacts of water deficiency using practical approaches to boost drought tolerance in field crops (Semida et al., 2020; Abd El-Mageed et al., 2021; El-Sanatawy et al., 2021).

Silicon (Si) considerably increases mechanical strength and membrane stability of cell. It also maintains membrane integrity, mineral nutrition, photosynthesis efficiency, and the tolerance defense system (Spinoni et al., 2018; Desoky et al., 2020). As a result, Si can be used to alleviate the negative impacts of water deficits and improve plant growth and productivity owing to its beneficial physicomechanical functions (Rady et al., 2019).

Recently, nanomaterials have become a desirable solution to many technological and environmental challenges in numerous fields (Ansari and Husain, 2012). Nano-silicon has displayed superior physicochemical properties owing to its microscopic size compared with bulk Si (Prasad et al., 2012; Rastogi et al., 2019). Furthermore, nano-silicon has a larger surface area, greater surface reactivity and solubility, and numerous well-characterized surface properties compared with bulk Si (Qados and Moftah, 2015). In particular, particle size is considered to be one of the most crucial factors impacting particle adhesion, uptake, and transportation into plant cells (Smith et al., 2008; Wang et al., 2009). In addition, nanoparticles interact with plant cells and assist in the transportation of different substances that can regulate plant metabolism and several physiological processes (Galbraith, 2007; Torney et al., 2007; Giraldo et al., 2014).

Investigations into the influence of nano metals and their mechanisms are still at the rudimentary stage. Studies related to nano-silicon application and its contribution to the attenuation of the adverse impacts of drought stress and the increasing of faba bean productivity under water-deficit conditions, particularly under field conditions, are lacking. Based on the results of previous investigations, we hypothesized that the application of nano-silicon would notably improve faba bean plant performance (growth and productivity) by improving the efficiency of enzymatic and non-enzymatic antioxidants, in turn reducing the overproduction of reactive oxygen species (ROS). Accordingly, we investigated the role of exogenously applied nano-silicon dioxide (SiO2) at different concentrations in ameliorating the drought tolerance of faba bean plants at the morphological, physiological, biochemical, and agronomic levels. This knowledge will assist in enhancing the drought tolerance of faba bean plants for their cultivation in arid environments.



MATERIALS AND METHODS


Description of the Experimental Site

A field experiment was undertaken during the 2018–2019 and 2019–2020 winter growing seasons at the experimental farm of the Faculty of Agriculture, Zagazig University, Zagazig, Egypt (30°36′57″N, 31°46′58″E). The site was characterized by low precipitation and an arid climate, with an average annual rainfall of ~60 mm. The results of the soil analysis, including bulk soil density, field capacity, wilting point, pH, texture, and soil composition, are presented in Supplementary Table 1. The monthly minimum and maximum temperatures and rainfall for the two winters and the 35-year averages (from 1986 to 2020) were obtained from a station close to the experimental site (Supplementary Table 2).



Agronomic Practices

Phosphorus fertilizer was added at a rate of 31 kg P ha−1 as calcium superphosphate [Ca(H2PO4)2, 15.5% P2O5] before sowing. Nitrogen (N) fertilizer was added at a rate of 45 kg N ha−1 as ammonium-sulfate [(NH4)2SO4, 21% N] as fertigation one time at sowing. Potassium (K) fertilizer was applied at a rate of 95 kg K ha−1 as potassium sulfate (K2SO4, 48% K2O) in two equal doses every two weeks after sowing. The sowing dates of both seasons were performed according to the optimal period for growing faba beans in the region during the first week of November. The genotype used in this experiment was a recommended commercial cultivar in the region (Giza-843). Standard agronomic practices, comprising drip irrigation, sowing date, chemical fertilization, weed, disease, and pest control, were applied as recommended for the commercial production of faba beans.



Experimental Design and Irrigation Regimes

The experimental design was a split-plot, with randomized irrigation regimes in the main plots and foliar treatments in sub-plots in three replicates. Each plot consisted of six rows that were 5 m long with 0.65 m between rows. The plant spacing was 0.15 m, resulting in ~205,130 plants per ha−1. A drip irrigation system was used to meet the study objectives, with drip laterals and emitters were spaced at 0.65 and 0.3 m, respectively. The operating pressure and emitter flow rate were kept at 1 bar and 4 L h−1, respectively, and maintained using a valve and pressure gauge for each irrigation sector. Irrigation water quantity was measured independently for each irrigation regime using a flow meter. Irrigation scheduling was based on potential crop evapotranspiration (ETc) replacement according to the crop coefficient approach (Allen et al., 1998). The ETc was determined by multiplying the daily reference evapotranspiration (ETo) by the Food and Agriculture Organization (FAO) crop coefficients (Kc) of faba beans (Allen et al., 1998). The ETo was determined from weather data using the FAO-56-standardized Penman–Monteith equation as stated by Allen et al. (1998). Daily meteorological data, including minimum, maximum, and dew point temperatures and wind speed, were taken from the closest weather station to calculate the ETo. The Kc figures for faba beans, as suggested by the FAO-56, were altered based on the obtained climatic values, including the wind speed and relative humidity of the experimental site. During the first and second growing seasons, the total amount of the full irrigation regime (100% ETc) was 400 and 412 mm ha−1, respectively. The drought stress regime was 35% less (260 and 268 mm ha−1) than the well-watered treatment from the seedling establishment to physiological maturity in both seasons. Irrigation was applied weekly from full emergence to flowering and then two times a week from flowering to maturity. Irrigation was discontinued 2 weeks before harvest (mid-April).



Foliar Application of Nano-SiO2

Nano-silicon dioxide (99.5% pure; 20–30 nm) (Sigma-Aldrich Chemie GmbH, Taufkirchen, Germany), with a corresponding surface area of 180–600 m2 g−1, was used in the study (Supplementary Figure 1). Foliar sprays of 0, 0.5, 1, and 1.5 mM nano-SiO2 were applied using a pressurized spray bottle with 0.1% Tween 20 as a surface spreader. Spraying with distilled water was used as a control for foliar treatments.



Agronomic Traits Measurements

At the end of the growing season, the plant height, which was from the soil surface to the uppermost leaf tip, was measured for 10 replicate plants in each plot. Three middle rows from each plot were harvested from a total area of 9.8 m2 to determine the yield components (number of pods per plant and seeds per pod and 100-seed weight), seed yield, and aboveground biomass. The 100-seed weight was assessed from the weight of the three sets of 100 seeds.



Crop Water Productivity

The crop water productivity (kg m−3) for seed yield (CWPs) and aboveground biomass (CWPab) was estimated as the ratio of seed yield or aboveground biomass (kg ha−1) to crop evapotranspiration (ET, m3) following the formula of Pereira et al. (2012) and Fernández et al. (2020):

[image: image]

Crop evapotranspiration (ET, mm) was calculated according to the water balance equation (James, 1988): ET = IW + P + Cr + Dp ± Rf ± ΔS, where IW is the irrigation water amount (mm), P is the seasonal precipitation (mm), Cr is the capillary rise to the root zone (mm), Dp is the deep percolation (mm), Rf is the surface runoff (mm), and ΔS is the soil moisture change in the crop root zone (mm). The Cr in this study was zero as the groundwater table was 15 m below the ground surface. The Dp and Rf were neglected owing to the use of a drip irrigation system. Furthermore, the soil water content was determined using an oven drying method for all the experimental plots. Soil samples were collected at planting and harvest from soil depths of 0–30, 30–60, and 60–90 cm to estimate the initial and final soil moisture content during the two growing seasons. The figures were converted to a volumetric basis and multiplied by soil depth and bulk density.



Determination of PSII Quantum Yield and CO2 Fixation Rate

All gas exchange measurements were performed using a Li-6400XT portable photosynthesis system equipped with a 6400-40 leaf chamber fluorescence head and a 6400-02 B LED light source (Li-Cor Inc., Lincoln, NE, USA) between 09:00 and 11:00 a.m. To avoid errors, CO2 leakage was corrected according to Flexas et al. (2007). All types of measurement (light response curves and CO2 response curves) were applied on the third leaves of three plants at each light intensity. Before starting the CO2 response curve measurements, the leaf was adapted for 5–20 min to ensure that photosynthesis, stomatal conductance, and fluorescence signal were stable and rubisco was fully activated. The first point was measured under a reference CO2 concentration (Ca) of 400 ppm. The A–Ci measurements were conducted at the reference CO2 concentration of 400 ppm, followed by 300, 200, 100, 50, 150, 250, 350, 600, 900, 1,200, and 1,500 ppm under the saturating light conditions of 1,300 μmol m2 s−1 (Loriaux et al., 2013). The fluorometer measuring light was turned on and set to measure light frequency = 10 kHz, intensity = 3, filter = 5, and gain = 10. The flash was set to multiphase pulse, with a target intensity = 9, ramp depth = 30%, measuring frequency = 20 kHz, and filter = 50 kHz. The three phases were 320, 350, and 200 ms long (Chen et al., 2014).



Determination of Relative Water Content, the Membrane Stability Index, Leaf Soluble Sugars, and Proline Content

Relative water content (RWC) was assessed following the method of Osman and Rady (2014) and determined using the following equation: [image: image], where FM is fresh mass, DM is dry mass, and TM is turgid mass. The membrane stability index (MSI) was determined by adding 200 mg of fresh leaves into test tubes containing 10 cm3 of double-distilled water. One set was heated at 40°C for 30 min in a water bath, and the electrical conductivity of the solution was recorded on a conductivity bridge (C1). A replicated set was boiled at 100°C in a water bath for 10 min, with conductivity also being measured (C2). The MSI was calculated as described by Rady (2011) using the following equation: [image: image], where EC1 is the electrical conductivity at 40°C and EC2 is the electrical conductivity at 100°C.

The total soluble sugars of 0.2 g of leaf washed with 5 ml of 70% ethanol and homogenized with 5 ml of 96% ethanol were determined following the method of Irigoyen et al. (1992). Briefly, the extract was centrifuged at 1,372 × g for 10 min, and the supernatant was collected and stored at 4°C. Freshly prepared anthrone (3 ml) was added to a 0.1 ml supernatant and incubated in a hot water bath for 10 min. Absorbance was measured at 520 nm (Jenway Spectrophotometer 6705, Staffordshire, UK), and the sugar content was determined from the standard curve (Supplementary Figure 2). One gram of glucose was dissolved in distilled water, with the volume amounting to 1 L. The different volumes of the glucose solution were taken and made to amount to 100 ml with distilled water in volumetric flasks. Finally, the relationship between the readings at 520 nm and the known concentration of glucose was plotted (Supplementary Figure 2). A rapid colorimetric assay was performed to measure the proline content in 0.5 g dried leaf samples according to Bates et al. (1973). The absorbance was recorded at 520 nm, with the proline content being determined from the standard curve. The proline standard curve was developed using 1 g of pure proline, which was purchased from Sigma-Aldrich (Supplementary Figure 3).



Assessing Antioxidant Enzyme Activity

Enzyme extraction was performed according to the method of Vitória et al. (2001). Briefly, fresh leaf samples were collected in an icebox and taken to the laboratory. Distilled water was used to wash the leaves, following which, the surfaces of the leaves were wiped out of moisture. The leaf sample (0.5 g) was homogenized in 0.1 M of an ice-cold phosphate buffer (pH 7.5) containing 0.5 mM of ethylenediaminetetraacetic acid (EDTA) using a pre-chilled mortar and pestle. The homogenate was then transferred to centrifuge tubes and centrifuged at 4°C in a Beckman Coulter refrigerated centrifuge (Beckman Coulter, Inc., California, USA) at 15,000 × g for 15 min. The supernatant was transferred to 30-ml tubes and referred to the enzyme extract.

Catalase (CAT) was estimated spectrophotometrically according to Britton and Mehley (1955). Briefly, the enzyme extract (100 μl) was added to 100 μl of 100 mM of H2O2, and the total volume has amounted to 1 ml with 250 mM of the phosphate buffer at pH 6.8. The reduction in optical density at 240 nm against the blank was measured every minute. The activity of peroxidase (POD) was estimated as described by Thomas et al. (1982) using guaiacol as the substrate. The reaction mixture contained 3 ml of the phosphate buffer (0.1 M, pH 7), 50 ml of enzyme extract, 30 ml of H2O2 (20 mM), and 50 ml of guaiacol (20 mM). The reaction mixture was incubated in a cuvette for 10 min at room temperature. The optical density was recorded at 436 nm, and the enzyme activity was expressed as the number of absorbance units g−1 fresh weight of leaves. The superoxide dismutase (SOD) activity was determined by recording the reduction in the absorbance of the superoxide-nitro blue tetrazolium complex by the enzyme SOD (Sairam et al., 2002). Approximately 3 ml of a reaction mixture comprising 0.2 ml of 200 mM methionine, 0.1 ml of 3 mM EDTA, 0.1 ml of 1.5 M sodium carbonate, 1.5 ml of 100 mM potassium phosphate buffer pH 7, 0.1 ml of 2.25 mM nitro blue tetrazolium, 1 ml of distilled water, and 0.05 ml of the enzyme, which were all collected in duplicates from each of the enzyme samples into test tubes. Two tubes without the enzyme extract were used as controls. The reaction was started by adding 0.1 ml riboflavin (60 μM) and placing the tubes below a light source (two 15-W fluorescent lamps) for 15 min. The reaction was stopped by turning off the light and covering the tubes with a black cloth. The tubes without the enzyme developed the maximum color. A non-irradiated complete reaction mixture that did not develop color served as a blank. The absorbance was recorded at 560 nm, and one unit of enzyme activity was taken as the quantity of enzymes that reduced the absorbance readings of samples to 50% compared with the tubes lacking enzymes.



Determination of Antioxidant Compounds and Oxidative Stress (H2O2 and [image: image]) Content

The content of ascorbate (AsA; μmol g−1 FW) was determined as described by Kampfenkel et al. (1995). Reduced glutathione (GsH; μmol g−1 FW) was estimated according to the method of Griffith (1980). The α-tocopherol was estimated in accordance with the methods of Konings et al. (1996) and Ching and Mohamed (2001). Finally, the level of hydrogen peroxide (H2O2 μmol g−1 leaf FW) was determined as reported by Velikova et al. (2000) and superoxide ([image: image]) level was determined as described by Kubiś (2008).



Determination of N, P, K+, and Ca+2 Content

Dried powder samples (0.1 g) were digested for 12 h in a mixture of 2 ml of perchloric acid (80%) with 10 ml of concentrated H2SO4. Each sample was diluted with distilled water to a volume of 100 ml. Total N was estimated using a micro-Kjeldahl method as described by Chapman and Pratt (1982). Total P was estimated colorimetrically using the ascorbic acid method as described by Watanabe and Olsen (1965). Flame photometry was used to analyze the K+ and Ca+2 content according to the method of Williams and Twine (1960).



Preparation of Seed Extracts for Biochemical Analyses

The seeds were homogenized using a lab grinder and stored in airtight jars maintained at 4°C. Dried materials (10 g) were defatted by hexane 60–80 and then separately extracted successively with ethanol 70% (1:10 ratio) by soaking at room temperature for 12 h. The extract was centrifuged at 784 × g for 15 min (Jouan, MR 1822, Pays de la Loire, France). Extraction and filtration were repeated until the residue was colorless. The solvent was removed under vacuum at 40°C using a rotary evaporator (Laborota 4000-efficient, Heidolph, Germany), and extracts were freeze-dried using a lyophilizer. The obtained powder extracts were preserved in light-protected containers at −18°C.



Determination of Biochemical Parameters

The antioxidant activity was determined using 2, 2-diphenyl-1-picrylhydrazyl (DPPH). The free radical scavenging activity was estimated as a percentage of DPPH discoloration as described by Blois (1958). The flavonoids content in the extracts was estimated following the colorimetric method based on the formation of flavonoid-aluminum compounds (Zhishen et al., 1999). Total polyphenols were estimated following the Folin–Ciocalteu method of Singleton and Rossi (1965).



Sodium Dodecyl Sulfate-Polyacrylamide Gel Electrophoresis

Discontinuous Sodium dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE) (Laemmli, 1970) was used to provide the molecular weight of the isolated proteins through comparisons to standard molecular weight markers (Marker, 28–250 kDa; Sigma-Aldrich). The protein bands were visualized by staining with Coomassie Brilliant Blue G-250 (Sigma-Aldrich).



Statistical Analysis

The R statistical software version 3.6.1 was used to analyze the data. A combined analysis of variance was performed for the split-plot design with irrigation regimes, foliar applications, and their interactions as fixed effects, while growing seasons, replications, and their interactions were considered random effects. The differences among irrigation regimes, foliar applications, and their interactions were separated by the least significant difference at p ≤ 0.05. A biplot of a principal component analysis (PCA) estimated the association between evaluated traits.




RESULTS


Agronomic Traits and CWP

The water-deficit treatment significantly decreased plant height, 100-seed weight, number of pods per plant, number of seeds per pod, seed yield, and aboveground biomass compared with the well-watered treatment (Table 1). Nano-SiO2 substantially enhanced all agronomic traits compared with the corresponding untreated plants under both watering regimes. The greatest yield was achieved with 1.5 mM, followed by 1 mM nano-SiO2 in the well-watered treatment. Treatment with 1.5 mM nano-SiO2 also increased the seed yield by 14.2% in well-watered plants and 27.7% in drought-stressed plants compared with those in untreated plants (Figure 1).


Table 1. Impacts of nano-silicon dioxide (nano-SiO2) foliar application on Vicia faba plant height (PH, cm), number of pods plant−1 (NP/P), number of seeds pod−1 (NS/P), 100-seed weight (100-SW, g), seed yield (SY, kg ha−1), aboveground biomass (AB, Kg ha−1), crop water productivity (kg m−3) for seed yield (CWPs), and aboveground biomass (CWPab).
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FIGURE 1. Percentage change (increase or decrease) in morphological, agronomic, physiological, and biochemical attributes upon the application of 1.5 mM nano-silicon dioxide (nano-SiO2) compared with untreated faba bean (Vicia faba) plants under well-watered and drought-stressed conditions.


The CWP for seed yield (CWPs) ranged from 1.22 to 1.65 kg m−3, while the aboveground biomass (CWPab) ranged from 2.81 to 3.72 kg m−3 (Table 1). Under drought stress conditions, faba bean plants possessed higher CWPs (on average 1.5 kg m−3) and CWPab (3.8 kg m−3) than those that underwent the well-watered treatment (1.31 and 3.12 kg m−3, respectively). Drought-stressed plants also had a higher CWP than well-watered plants due to their more efficient water consumption and water loss reduction due to osmotic regulation. The application of nano-SiO2 also significantly improved CWPs and CWPab compared with the untreated stressed controls. The highest CWPs (1.65 kg m−3) and CWPab (3.72 kg m−3) were achieved with the application of 1.5 mM nano-SiO2.



Physiological Parameters

Drought stress significantly reduced the net photosynthetic rate (Pn), transpiration rate (Tr), stomatal conductance (gs), RWC, MSI, and nutrient content (N, P, K+, and Ca+2) of faba bean plants (Table 2). All nano-SiO2 treatments mitigated the damage of drought stress and significantly improved all physiological parameters. The highest values were seen in well-watered plants treated with 1.5 mM nano-SiO2, while the lowest values were recorded in the control water-stressed plants (Table 2).


Table 2. Impacts of nano-silicon dioxide (nano-SiO2) foliar application on the net photosynthetic rate (Pn, μmol CO2 m−2 s−1), transpiration rate (Tr, μmol CO2 m−2 s−1), stomatal conductance (gs, μmol CO2 m−2 s−1), relative water content (RWC, %), membrane stability index (MSI, %), nitrogen (N, %), phosphorus (P, %), potassium (K, %), and calcium (Ca, %) contents of faba bean (Vicia faba) grown under well-watered and drought-stressed conditions over two growing seasons (2019 and 2020).

[image: Table 2]

Drought-stressed plants increased free proline and soluble sugars and the activity of the antioxidant enzymes CAT, POD, and SOD. Furthermore, the non-enzymatic antioxidants AsA, GsH, and α-tocopherol were higher compared with non-stressed faba beans (Table 3). In contrast, the application of nano-SiO2 significantly increased the free proline and soluble sugar contents and the activities of antioxidant enzymes and non-enzymatic antioxidant compounds compared with the untreated plants under both irrigation regimes. The highest values were achieved with the application of 1.5 mM of nano-SiO2 to the stressed plants (Table 3). Increasing free proline, soluble sugars, antioxidant enzyme activities, and non-enzymatic antioxidant compound content helped the faba bean plants alleviate the negative impacts of water scarcity.


Table 3. Impacts of nano-silicon dioxide (nano-SiO2) foliar application on the proline content (Pro, μmol g−1 DW), soluble sugars (SSu, mg g−1 DW), peroxidase activity (POD, unit mg−1 protein), catalase activity (CAT, unit mg−1 protein), superoxide dismutase activity (SOD, unit mg−1 protein), ascorbic acid (AsA, μmol g−1 DW), glutathione (GsH, μmol g−1 FW), superoxide radical ([image: image], A580 g−1 FW), hydrogen peroxide (H2O2, μmol g−1 FW), and α-tocopherol (α-TOC, μmol g−1 DW) of well-watered and drought-stressed faba beans (Vicia faba) over two growing seasons (2019 and 2020).
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In addition, irrigation regimes and nano-SiO2 application significantly impacted oxidative stress biomarkers (Table 3). The levels of H2O2 and [image: image] were significantly increased in stressed compared with non-stressed plants. Furthermore, the application of nano-SiO2 to plants in the water-deficit treatment significantly lowered H2O2 and [image: image] levels compared with those in untreated plants.



Biochemical Parameters

Drought stress caused a significant increase in antioxidant activity, flavonoids, and phenolics (Table 4). The application of nano-SiO2 significantly enhanced these parameters compared with those in the untreated plants under both irrigation regimes. The highest antioxidant activity and values of flavonoids and phenolics were produced by the 1.5-mM nano-SiO2 application in the water-deficit treatments, while the lowest values were recorded in the well-watered control plants (Table 4).


Table 4. Impact of nano-silicon dioxide (nano-SiO2) foliar application on antioxidant activity (%), flavonoids content (μg QE/g), and phenolic content (μg GAE/g) of faba beans (Vicia faba) under well-watered or drought-stressed conditions.
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Sodium Dodecyl Sulfate-Polyacrylamide Gel Electrophoresis Protein Pattern

The SDS-PAGE patterns displayed nine protein bands (170, 158, 110, 90, 81, 63, 57, 40, and 30 kD) in untreated faba bean plants grown under well-watered or water-deficit conditions (Table 5). However, the nano-SiO2 concentrations of 1 and 1.5 mM created a protein fraction with a molecular weight of 129 kD only in the faba bean plants grown under drought stress. Only nine bands were observed in the rest of the treatments in both watering regimes.


Table 5. Effect of nano-silicon dioxide (nano-SiO2) on protein profile in faba bean (Vicia faba) seeds under well-watered and drought-stressed conditions.
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Interrelationship Among Evaluated Traits

The PCA of the agronomic, physiological, and biochemical traits showed that the first two principal components accounted for most of the variability, which was ~98.41% (83.43% by PC1 and 14.98% by PC2; Figure 2). In the PC biplot, the traits were represented by parallel vectors or those that were close to each other, indicating a strong positive association, whereas those that were situated approximately opposite (at 180°) showed a highly negative relationship. In addition, the vectors toward the sides expressed a slight relationship. The 30 investigated traits could be classified into three groups: the first group (15 traits) comprises agronomic traits, namely, Pn, Tr, gs, MSI, RWC, and nutrient contents (N, P, K+, and Ca+2), the second group (13 traits) consisted of the CWP for seed yield and aboveground biomass, antioxidant activity, flavonoids and phenolic contents, proline and soluble sugar contents, enzymatic antioxidants (POD, CAT, and SOD), and non-enzymatic antioxidant compounds (AsA, GsH, α-TOC, proline, and soluble sugars), and the third group contained H2O2 and [image: image]. Furthermore, PC1 separated the treatments into two groups. The well-watered treatments were located on the positive side, while those under drought stress were located on the negative side (Figure 2). The traits in the first group were associated with well-watered plants, especially those that were treated with 1 and 1.5 mM nano-SiO2, while the biochemical attributes in the second and third groups were associated with the drought-stressed treatments.


[image: Figure 2]
FIGURE 2. Biplot of the first two principal components for the physiological, biochemical, and agronomic traits of faba beans (Vicia faba). The physiological parameters comprised of net photosynthetic rate (Pn), transpiration rate (Tr), stomatal conductance (gs), relative water content (RWC), membrane stability index (MSI), nitrogen (N), phosphorus (P), potassium (K), calcium (Ca) content, proline content (Pro), soluble sugars (SSu), peroxidase activity (POD), catalase activity (CAT), superoxide dismutase activity (SOD), ascorbic acid (AsA), glutathione (GsH), hydrogen peroxide (H2O2), superoxide radical ([image: image]), and α-tocopherol (α-TOC). The biochemical parameters included antioxidant activity % (Ant%), flavonoids content (Flav), and phenolic content (Phen). The agronomic traits were plant height (PH), number of pods plant−1 (NP/P), number of seeds pod−1 (NS/P), 100-seed weight (100-SW), seed yield (SY), aboveground biomass (AB), crop water productivity for seed yield (CWPs), and aboveground biomass (CWPab). WW-Cont, WW-T1, WW-T2, and WW-T3 were foliar applications using tap water, 0.5, 1, and 1.5 mM of nano-silicon dioxide (nano-SiO2) under the well-watered treatment, respectively. DS-Cont, DS-T1, DS-T2, and DS-T3 were foliar applications using tap water, 0.5, 1, and 1.5 mM of nano-SiO2 under the drought stress treatment.





DISCUSSION

Water scarcity stress poses great challenges to sustainable faba bean production due to its sensitivity to drought. Consequently, it is vital to identify novel approaches to enhance drought tolerance, especially under conditions of abrupt climate change. In the current study, drought-stressed faba bean plants exhibited a decline in seed yield-related traits and CWP and an increase in oxidative and osmotic stress compared with those of well-watered plants. As a result, exogenously applied nano-SiO2 enhanced gas exchange, water relations, nutrient uptake, activities of antioxidant enzymes, and non-enzymatic antioxidant compounds, which substantially reduced oxidative stress and positively reflected the improvement of drought tolerance in faba bean plants with enhancements in yield-related traits and CWP.

The Si nanoparticles have great availability and are easily absorbed by plants compared with bulk Si, consequently supporting greater ameliorative impacts under abiotic stresses (Suriyaprabha et al., 2012; Tripathi et al., 2016). The obtained results demonstrated that the application of nano-SiO2, particularly at 1.5 mM, considerably boosted photosynthetic effectiveness and leaf gas exchange (e.g., Pn, Tr, and gs) in plants under water-deficit stress compared to those that were untreated. Promoting photosynthetic efficiency maintenance could be attributed to optimal stomatal conductance and strong antioxidant activities, which improve plant tolerance to drought stress (Suriyaprabha et al., 2012; Haghighi and Pessarakli, 2013; Rios et al., 2017; Jia et al., 2021). Furthermore, the application of nano-SiO2 increased the water uptake from roots to leaves by enhancing the RWC and MSI in treated faba bean plants compared with those in control plants under drought stress. Previous studies have also found that maintaining RWC and MSI at a healthy status enhances osmotic adjustments and metabolic activities under conditions of drought stress (Slabbert and Krüger, 2014). In this study, nano-SiO2 application likely boosted the water content of plants by decreasing stomatal transpiration and increasing turgor pressure and potassium absorbance (Romero-Aranda et al., 2006; Tahir et al., 2012; Liu et al., 2014; Cerný et al., 2020). Furthermore, nano-SiO2 application significantly improved the absorption of the nutrients N, P, K+, and Ca+2 in faba bean plants under drought stress. In addition, it has been found that mineral nutrient uptake depends mainly on membrane activity, which plays a fundamental role in the ion movement from the soil to the plant and controls the allocation of cells (Khoshgoftarmanesh et al., 2014; Gupta et al., 2016). These enhancements in water movement and nutrient absorption enable improvements in all physiological activities of the cells.

Within cells, the accumulation of compatible solutes under stress effectively maintains the status of plant cell water. For example, proline is an excellent compatible osmolyte that improves plant antioxidant systems and affects osmotic adjustment (Zhu, 2001; Desoky et al., 2020). Soluble sugars also maintain the balance between the vacuole and the osmotic quality of cytosol under abiotic stress conditions (Sairam et al., 2002). The results indicated that the application of nano-SiO2 elevated the proline and soluble sugar contents in drought-stressed plants. Therefore, its application improved plant tolerance by elevating osmolyte content, altering osmotic potential, and maintaining higher turgor in response to drought stress (Claussen, 2005; Rizwan et al., 2015; Zhang et al., 2017; Desoky et al., 2020). Furthermore, improved enzymatic and non-enzymatic defense systems can alleviate the overproduction of ROS, such as [image: image] and H2O2, produced in response to drought stress. The enzymatic defense system components SOD, CAT, and POD and the non-enzymatic defense system components GsH, AsA, and α-TOC were significantly increased following the application of nano-SiO2 compared with those in untreated plants under drought stress. Accordingly, the application of nano-SiO2 lowered the concentrations of [image: image] and H2O2 and, therefore, reduced oxidative stress in drought-stressed faba bean plants. Consequently, the application of nano-SiO2 could be an effective tool to increase faba bean tolerance to oxidative stress by enhancing ROS scavenging enzymatic and non-enzymatic defense systems (Rios et al., 2017; Rady et al., 2019).

The application of nano-SiO2 enhanced flavonoids, phenolic compounds, and antioxidant activity levels, particularly in drought-stressed faba bean plants. The utilization of these protection systems helps to overcome oxidative damage, which has been suggested to occur through the synthesis of secondary metabolites, such as flavonoids and phenolic contents (Blokhina et al., 2003). These metabolites can forestall protein denaturation, DNA damage, and lipid peroxidation (Król et al., 2014; Quan et al., 2016). Although Si is not a fundamental component of plants, it has a beneficial impact in improving protection against drought stress through the initiation of protective proteins and the reduction of ROS (Suriyaprabha et al., 2013; Luyckx et al., 2017). In addition, the electrograph of the protein fraction profile showed that the application of 1 and 1.5 mM nano-SiO2 led to the generation of a new protein fraction (molecular weight: 129 kD).

The application of nano-SiO2 exhibited significant positive alterations in all the investigated physiological and biochemical attributes under water-deficit conditions. Accordingly, treated plants grew more efficiently under drought stress compared with untreated plants and coped with water deficit conditions. Nano-SiO2 application, particularly using a concentration of 1.5 mM as an optimum level, attenuated the devastating impacts of drought stress by improving photosynthetic efficiency, plant water status, nutrient absorption, nutrient uptake, non-enzymatic and enzymatic antioxidant activities, and ROS scavenging. These promotional influences were reflected in increasing seed yield and all its related traits and CWP compared with the corresponding untreated plants.

The interrelationship among the evaluated parameters (Figure 2) reflected that the agronomic traits positively associated with Pn, Tr, gs, MSI, RWC, and nutrient contents (physiological parameters). We speculate that the high values of these physiological parameters are associated with greater seed yield and contributing traits, particularly under conditions of drought stress. Otherwise, the CWPs and CWPab demonstrated a highly positive association with antioxidant activity, flavonoids, and phenolic compounds. In addition, the agronomic traits exhibited a highly negative association with H2O2 and [image: image] (Desoky et al., 2020; Mansour et al., 2020, 2021). According to these results, it is interesting to detect specific physiological and biochemical parameters highly associated with yield-related traits or CWP under water-deficit conditions.



CONCLUSION

Drought stress in faba bean plants resulted in reduced gas exchange, leaf water potential, leaf turgidity, nutrient uptake, photosynthetic rate, and flavonoids and phenolic content compared with the same levels in well-watered plants. These adverse impacts were reflected in decreased yield-related traits and CWP. However, exogenously applied nano-SiO2, particularly at 1.5 mM, mitigated the negative impacts of drought stress and promoted plant growth by boosting all of the investigated physiological attributes. In addition, the application of nano-SiO2 decreased the membrane leakage of electrolytes and membrane lipid peroxidation due to reduced drought-stimulated oxidative stress by enhancing the activity of osmoprotectants and the enzymatic and non-enzymatic defense system components under drought stress. Consequently, nano-SiO2 had a positive influence on the physiological, biochemical, and agronomic traits of drought-stressed plants and alleviated the influence of drought stress on faba bean plants.
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With an objective of identifying the genomic regions for productivity and quality traits in peanut, a recombinant inbred line (RIL) population developed from an elite variety, TMV 2 and its ethyl methane sulfonate (EMS)-derived mutant was phenotyped over six seasons and genotyped with genotyping-by-sequencing (GBS), Arachis hypogaea transposable element (AhTE) and simple sequence repeats (SSR) markers. The genetic map with 700 markers spanning 2,438.1 cM was employed for quantitative trait loci (QTL) analysis which identified a total of 47 main-effect QTLs for the productivity and oil quality traits with the phenotypic variance explained (PVE) of 10–52% over the seasons. A common QTL region (46.7–50.1 cM) on Ah02 was identified for the multiple traits, such as a number of pods per plant (NPPP), pod weight per plant (PWPP), shelling percentage (SP), and test weight (TW). Similarly, a QTL (7.1–18.0 cM) on Ah16 was identified for both SP and protein content (PC). Epistatic QTL (epiQTL) analysis revealed intra- and inter-chromosomal interactions for the main-effect QTLs and other genomic regions governing these productivity traits. The markers identified by a single marker analysis (SMA) mapped to the QTL regions for most of the traits. Among the five potential candidate genes identified for PC, SP and oil quality, two genes (Arahy.7A57YA and Arahy.CH9B83) were affected by AhMITE1 transposition, and three genes (Arahy.J5SZ1I, Arahy.MZJT69, and Arahy.X7PJ8H) involved functional single nucleotide polymorphisms (SNPs). With major and consistent effects, the genomic regions, candidate genes, and the associated markers identified in this study would provide an opportunity for gene cloning and genomics-assisted breeding for increasing the productivity and enhancing the quality of peanut.

Keywords: peanut, productivity and quality traits, GBS, transposable elements, SSRs, main and epistatic QTL, QTL validation


INTRODUCTION

Peanut or groundnut (Arachis hypogaea L. 2n = 4x = 40) is an important oilseed, legume food, and fodder crop, which, in 2019, was cultivated globally on an area of 29.5 million ha with a production of 48.7 million tons and a productivity of 1,647 kg/ha (http://www.fao.org/faostat/en/#data/QC/visualize). Globally, over half of the peanut produce goes for oil extraction while the remaining is consumed as raw and processed food. In India, over 80% of the produce was used for oil extraction in the past. But, now, it has reduced to <50% (Sharma, 2017), indicating a shift in the use of peanut in multiple food preparations. Apart from being rich in oil, proteins, fibers, polyphenols, antioxidants, vitamins, and minerals, the peanut is an excellent source of compounds, such as resveratrol, phenolic acids, flavonoids, and phytosterols, co-enzyme Q10, and amino acids (all 20, with the highest content of arginine). Peanut forms a major food component in fighting malnutrition in the form of Ready-to-use Therapeutic Food (RUTF) in Africa and Asia. With these nutrient profiles, peanut is being considered a functional food (Arya et al., 2016). Thus, peanut has gained the status of “poor person's almond” over the years. However, kernel features and nutritional qualities need to be considered while attempting to increase peanut productivity along with tolerance to the biotic and abiotic stresses.

The last decade has been transformational for peanut stakeholders globally because of tremendous developments in the availability of substantial genomic resources and optimization of multiple modern breeding approaches, such as marker-assisted selection (MAS), genomic selection, and rapid generation advancements (as shown in Pandey et al., 2020). The availability of high-quality reference genomes for diploid subgenomes (Bertioli et al., 2016; Chen et al., 2016; Lu et al., 2018), primitive tetraploid (Yin et al., 2018) as well as the subspecies of the cultivated tetraploid peanut (Bertioli et al., 2019; Chen et al., 2019; Zhuang et al., 2019), high density genotyping assay with 58K single nucleotide polymorphisms (SNPs) (Pandey et al., 2017), genotyping-by-sequencing (GBS) (Dodia et al., 2019; Wang et al., 2019, 2021; Zhou et al., 2021), and other reduced-representation sequencing (Zhao et al., 2016; Shirasawa et al., 2018; Luo et al., 2021) based genotyping in peanut provided a strong platform for precise trait mapping, gene discovery, and marker development for use in breeding (Han et al., 2018; Wang et al., 2019). With the availability of trait-specific markers, peanut has already demonstrated the application of marker-assisted breeding by developing several new varieties with improved disease resistance and oil quality (as shown in Pandey et al., 2020). However, the challenge still prevails for molecular breeding to improve the productivity traits that show complex genetic inheritance. Therefore, such traits need multi-environment phenotyping and dense genotyping data for performing high-resolution genetic mapping and the precise detection of genetic factors with direct and epistatic effects over the seasons.

The recombinant inbred line (RIL) population (Pattanashetti, 2005) derived from an elite peanut variety TMV 2 and its ethyl methane sulfonate (EMS)-induced mutant TMV 2-NLM (Prasad et al., 1984) allowed subtracting a large portion of the genome common between the parents, thereby favoring successful trait mapping as demonstrated with 105 AhTE markers in our previous effort (Hake et al., 2017). Therefore, this study aimed to enrich the linkage map with GBS-based SNP markers along with AhTE and simple sequence repeat (SSR) markers and generating the phenotypic data over six seasons to detect the genomic regions with main and epistatic effects in addition to identifying a few co-segregating genes.



MATERIALS AND METHODS


Plant Material

We used a RIL population developed (Pattanashetti, 2005) from the cross between TMV 2, an elite variety of peanut and its EMS-mutagenized derivative TMV 2-NLM (Prasad et al., 1984). TMV 2 is a Spanish bunch cultivar known for its uniform pods and kernels, kernel taste, and wide adaptability (Rathnakumar et al., 2013), but low in OLE (42.08%). TMV 2-NLM is a semi-spreading cultivar with bold kernels, low yield, and moderate content of oleic acid (53.73%) (Prasad et al., 1984). The phenotypic and genotypic differences between TMV 2 and TMV 2-NLM have been previously reported by Hake et al. (2017).



Phenotyping of the Mapping Population and Statistical Analysis

F14−19 generations of the 432 RILs together with the parents were grown during the six seasons, namely, rainy 2014 (S1), rainy 2015 (S2), rainy 2016 (S3), rainy 2017 (S4), rainy 2018 (S5), and post-rainy 2018 (S6) at IABT garden (E115) of Main Agricultural Research Station, University of Agricultural Sciences, Dharwad, India (Figure 1). During each season, the RILs were grown in two replications with a spacing of 30 × 10 cm with recommended agronomic practices. The observations were recorded on productivity traits, such as the number of pods per plant (NPPP), pod weight per plant (PWPP), shelling percentage (SP), and test weight (TW), and on quality traits, such as protein content (PC), oil content (OIL), OLE, linoleic acid content (LIN), and oleic to linoleic acid ratio (O/L). The quality parameters were estimated using the near-infrared reflectance spectroscopy (NIRS) (Model XDS RCA, FOSS Analytical AB, Sweden, Denmark) at ICRISAT, Patancheru, India.


[image: Figure 1]
FIGURE 1. Flow chart of genotyping, high density genetic map construction, multi-season phenotyping, identification of genomic regions for productivity, and quality traits and their validation.


An ANOVA was performed for each trait observed during each season to test the significant differences among the RILs. A pooled analysis of variance was performed for all the traits across the seasons allowing G × E interactions. Phenotypic coefficient of variation (PCV), genotypic coefficient of variation (GCV), and broad sense heritability (h2b.s) were estimated using the plant breeding package Windostat ver. 8.5 (Indostat Services, Hyderabad, India, https://www.indostat.org/agriculture.html). Pearson's correlation coefficients (r) among the different traits were estimated over the seasons using the 16th version of SPSS (SPSS Inc., Chicago, IL, USA).



DNA Extraction and Genotyping With AhTE and SSR Markers

DNA was isolated from the young leaves of each RIL and the parents following the modified cetyltrimethyl-ammonium bromide (CTAB) method as described by Cuc et al. (2008). DNA quality of each sample was checked on 0.8% agarose gel. Furthermore, DNA quantification was done using Nano-Drop (UV technologies, Wilmington, DE, USA), and DNA concentration was normalized to ~5–10 ng/μl for genotyping the parents and the RIL population using AhTE and SSR markers. In total, 343 AhTE markers (Gayathri et al., 2018) and 91 SSR markers (as shown in Pandey et al., 2012) were screened for parental polymorphism between TMV 2 and TMV 2-NLM. Subsequently, the markers polymorphic between the parents were identified and used to genotype the RILs (Figure 1). PCR and separation of the amplicons and scoring of the alleles were performed as described by Kolekar et al. (2016). Genotypic data on 105 AhTE markers generated by Hake et al. (2017) on these RILs were also employed for genetic mapping.



GBS of the RILs, Sequence Analysis and SNP Calling

Genotyping-by-sequencing was performed for the RILs and their parents as described by Dodia et al. (2019). To perform GBS, 10 ng DNA from each RIL was digested using the restriction endonuclease enzyme ApeKI that recognizes the site G/CWCG. The ligation enzyme, T4 ligase, was used to ligate the digested products with uniquely barcoded adapters. Such digestion and ligation were performed for each RIL, and an equal proportion of the products from each sample was mixed to construct the libraries. These libraries were amplified and purified to remove the excess adapters. They were sequenced on HiSeq 2500 platform (Illumina Inc., San Diego, CA, USA) to generate genome-wide sequence reads.

The sequence reads for the parents and the RILs were obtained as FASTQ files, which were used for SNP discovery using TASSEL version 5.2 (Bradbury et al., 2007) (Supplementary Figure 1). Initially, the perfectly matched barcodes were detected with four bases remnants of the digestion site of the restriction enzyme in the sequencing reads generated for RILs and parental genotypes. Reads were sorted and de-multiplexed using the barcodes. They were trimmed for the first 64 bases starting from the recognition site of the restriction enzyme. Reads containing “N” within the first 64 bases were identified and discarded. Reads passing the quality filtering criteria were mapped onto the reference genome of cultivated peanut A. hypogaea (Bertioli et al., 2019) using the Burrows-Wheeler Alignment (BWA) tool (Li and Durbin, 2009). The mapped reads were exported in the form of Sequence Alignment Map (SAM) file. Furthermore, the alignment file was processed for SNP calling using SNP caller plugin implemented in TASSEL version 5.2.0 GBS v2 pipeline as per the standard instruction (https://bitbucket.org/tasseladmin/tassel-5-source/wiki/Tassel5GBSv2Pipeline). The RILs with <85 Mb data were not processed for further analysis to avoid false-positives. The SNPs with more than 50% missing data and minor allele frequency (MAF) of ≤ 0.3 were filtered out to avoid the noise during genetic map construction. The SNPs with <50% missing data for the RILs were imputed using Beagle version 5.2 (Browning et al., 2018) algorithm. Furthermore, filtering was performed to check the percentage heterozygosity and polymorphic SNPs between the parents (Supplementary Figure 1).



Genetic Map Construction

High-quality SNPs obtained after filtering were further considered for genetic analysis. A chi-square (χ2) test was applied on polymorphic AhTE, SSR, and SNP markers with a null hypothesis that two alleles from both parents of RIL population at a particular locus segregate in a 1:1 ratio. The markers showing high segregation distortion (χ2-test, P < 0.001) were filtered out and not considered for the linkage map construction. The genetic map was constructed using JoinMap (version 4.0) (Van Ooijen, 2006) with logarithm of odds (LOD) threshold ranging from 3.0 to 10.0 and a minimum recombination threshold of 45%. Grouping and ordering of the markers were performed using the regression mapping algorithm. Kosambi map function (Kosambi, 1943) was used for genetic map construction, and to convert the recombination frequencies into map distances in centiMorgans (cM). Chromosome-wise marker positions with their respective names were used to draw the final genetic map using MapChart (Voorrips, 2002). The mapped markers were also analyzed for their genic and non-genic location and functional annotation (especially for the SNP and AhTE markers).



Main-Effect and Epistatic Quantitative Trait Locus Analysis

The main-effect quantitative trait locus (QTL) analysis was carried out using a “composite interval mapping (CIM)” approach (Zeng, 1994) with Model 6 and scanning distance of 1.0 cM between markers and moving window size of 10.0 cM using Windows QTL Cartographer version 2.5 (Wang et al., 2007). A forward–backward stepwise regression method was used to set the marker cofactors for the background selection. The highest peak was considered to locate QTL where the distance between the peak and the QTL was <5.0 cM. Permutation (1,000) test was performed to work out the threshold and identify the significant QTL. The QTLs with >3.0 LOD and phenotypic variance explained (PVE) >10% were considered as major effect QTLs for a particular trait. Those with PVE <10% were considered as minor effect QTLs. Based on the trait name and chromosome number, the QTLs were named, where the first letter “q” indicated the QTL and the abbreviated capital letters indicated the trait followed by chromosome number and the numerical number indicating the serial number of the QTL for a trait. For instance, qPC-Ah16-1 was the first QTL for PC detected on chromosome Ah16.

Analysis for the epistatic QTL (epiQTL) (Q × Q) was conducted using the function “two-dimensional scanning ICIM-EPI” implemented in inclusive composite interval mapping (ICIM) software version 4.1 (Wang et al., 2014) with 5 cM step and 0.001 probability mapping parameters in stepwise regression. The minimum threshold LOD value for significant epiQTL was set at 3.0.



Single Marker Analysis

Association of the markers with the productivity and quality traits was tested by SMA using the lm() function (linear regression) of the R program.



Putative Gene Discovery From Major QTLs/SMA

Putative genes were identified for the major QTLs or QTL clusters. The region between the flanking markers of a particular QTL on the physical map was considered for candidate gene discovery. Where the physical distance between the two flanking markers was more, the marker closer to the peak was selected, and a physical distance of 5 Mb (toward the QTL peak) was searched for the candidate genes. Also, those markers which were identified to be significantly associated with the traits by SMA were checked for their location (genic and non-genic) and effect at PeanutBase (www.peanutbase.com).



Confirmation of QTLs and Markers

A few selected major QTLs identified in this study were validated using other genotypes (GPBD 4, TG 26, TAG 24, ICGV 86699, ICGV 86855, ICGV 06189, DBG 3, and DBG 4). The markers flanking these QTL were used for genotyping as described above. Co-segregation between the marker and the phenotype was checked using the t-test.




RESULTS


Phenotypic Variability in the Mapping Population

ANOVA revealed significant differences between the RILs, seasons, and the season × RILs interaction for the productivity and quality traits over the six seasons (Supplementary Table 1). All the traits, except TW and O/L during S6, showed normal distribution based on the kurtosis and skewness (Supplementary Figure 2 and Supplementary Table 2). The RIL population exhibited moderate PCV and GCV for most of the traits (Supplementary Table 2). PC, OIL, and TW showed high broad-sense heritability ([image: image]), while NPPP, PWPP, SP, OLE, LIN, and O/L revealed low to moderate heritability. Transgressive segregants were observed in both directions for the traits. The correlation analysis showed positive association of NPPP with PWPP (r = 0.02–0.62) and SP (0.12*-0.18*), and a negative association with TW (r = −0.06 to −0.14**). PC showed positive correlation with NPPP (0.10*-0.19**), PWPP (0.04-0.11**), and SP (0.15**-0.24**) over the seasons. Similarly, OIL showed a positive correlation with NPPP (0.02-0.17**) and PWPP (0.11*-0.15**) over the seasons. OLE was positively correlated with PWPP (0.03*-0.11*) and TW (0.09*-0.12**), however, it was negatively correlated with NPPP (−0.10* to −0.18**) and SP (−0.09* to −0.15**), PC (−0.32** to −0.34**), OIL (−0.03* to −0.29**), and LIN (−0.64** to −0.96**) (Supplementary Table 3).



GBS Based High-Density Genetic Map

A total of 1,067.58 million raw reads (100.87 GB) were obtained for the 403 RILs and the two parents. On average, 2.42 million reads (0.23 GB) data were generated for each sample. After filtering, a total of 978.96 million reads (82.9 GB) were mapped onto the tetraploid reference genome of cultivated tetraploid peanut “Tifrunner” (Bertioli et al., 2019). In total, 47,584 raw SNPs (mean read depth of 73.7) were extracted for the downstream analysis. Out of these SNPs, 1,205 polymorphic SNPs were identified between the parental genotypes (TMV 2 and TMV 2-NLM). Further filtering based on missing data and segregation distortion identified 713 SNPs high-quality polymorphic SNPs. The missing data for these SNPs ranging from 0.01 (1%) to 0.489 (48.9%) (Supplementary Table 4).

Overall genotypic data available for mapping included 865 markers; comprising of 713 SNPs, 143 AhTEs (105 from Hake et al., 2017 and 38 from this study), and 9 SSRs (Supplementary Table 5). The polymorphism percentage for the SNP, AhTE, and SSR markers were 1.49% (713/47,584), 20.08% (143/712), and 9.89% (9/91), respectively. Of these 865 markers, a total of 700 (including 553 SNPs, 136 AhTEs, and 8 SSRs) were mapped to construct a new genetic map spanning a map distance of 2,438.2 cM for this mapping population (Figure 2A and Supplementary Table 6). The genetic map with 20 linkage groups showed a marker density of 3.48 cM/locus. The number of mapped loci ranged from 20 (Ah07 with a density of 2.65 cM/locus) to 66 (Ah02 with a density of 1.60 cM/locus). The length of the chromosomes ranged from 53.06 cM (Ah07) to 180.52 cM (Ah13) (Figure 2B and Supplementary Table 5). Overall, the genetic map showed good marker collinearity with a physical map having a few exceptions (Figure 2C).


[image: Figure 2]
FIGURE 2. High density genetic map of RIL population of TMV 2 and TMV 2-NLM. (A) Map chart of high density genetic map. (B) Summary of genetic map with number of mapped loci, map distance (cM), and map density (cM/loci). (C) Collinearity of the genetic map with the reference genome (Arachis hypogaea L.). Prefix G and P stands for genetic map and physical map, respectively.




Main-Effect QTL Discovery for Yield and Quality Traits

A QTL analysis was conducted for the productivity (NPPP, PWPP, SP, and TW) and quality (PC, OIL, OLE, LIN, and O/L) traits across six seasons using composite interval mapping at 1,000 permutations. In total, 33 QTLs were identified for the four productivity traits that included nine QTLs for NPPP, two for PWPP, 10 for SP, and 12 for TW (Figure 3 and Supplementary Table 7). Among the nine QTLs for NPPP, three were identified as major QTLs. Among them, the first one (qNPPP-Ah02-1) identified on chromosome Ah02 with the LOD score of 9.6 showed 23.6% PVE during S4 season. The second QTL qNPPP_Ah04-1 detected on Ah04 had a PVE of 22.9% with an LOD score of 3.8 during S1 season. The third QTL qNPPP_Ah14-3 reported on chromosome Ah14 had a PVE of 17.3% with the LOD score of 7.7 during the S3 season (Figure 3 and Table 1). Among the two QTLs detected for PWPP, the first QTL on Ah02 (qPWPP-Ah02-1) was a major QTL with the highest LOD score of 10.6 and PVE of 20.9% (Figure 3 and Table 1), and it was stable over four seasons (S1, S2, S3, and S4). The other QTL on Ah01 (qPWPP-Ah01-1) was a minor QTL with a LOD value of 3.3 and a PVE of 5.1%. Of the 10 QTLs for SP, three were major-effect QTLs. Of them, the QTL (qSP-Ah13-1) identified on Ah13 had the highest PVE of 52.8% with the LOD score of 35.5 and stability over four seasons (S2, S3, S4, and S5). The second major effect QTL (qSP-Ah16-1) on Ah16 identified over three seasons (S1, S2, and S6) with the highest LOD score of 6.6 showed the highest PVE of 19.9% (Figure 3 and Table 1). The third major QTL (qSP-Ah02-1) on Ah02 had a PVE of 12.6% with a LOD score of 5.7 was detected only during S3. The remaining seven QTLs identified on Ah01, Ah05, Ah09, Ah10, Ah11, and Ah20 were minor QTLs that appeared only during one or two seasons. The favorable alleles for NPPP and PWPP were contributed by TMV 2-NLM, while TMV 2 contributed the favorable allele at two major QTLs for SP. No major-effect QTL was detected for TW; however, 12 minor-effect QTLs were identified with the highest PVE of 8.5% (qTW-Ah02-4).
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FIGURE 3. Circos plot illustrating main effect and epistatic (QTL × QTL) QTLs identified for productivity and quality traits in ML population of TMV 2 and TMV 2-NLM of peanut. The tracks from outside to inside indicates (1) 20 chromosomes of tetraploid genome Arachis hypogaea, (2) main effect QTLs for number of pods per plant (NPPP) and linoleic acid (IAN) qNPPP–Ah02-1, qNPPP–Ah04-1, qNPPP–Ah08-1, qNPPP–Ah10-1, qNPPP–Ah12-1, qNPPP–Ah13-1, qNPPP–Ah14-1,qNPPP–Ah14-2, qNPPP–Ah14-3, qLIN–Ah19-1, qLIN–Ah19-2, qLIN–Ah19-3, qLIN–Ah19-4, qLIN–Ah19-5, qLIN–Ah19-6, qLIN–Ah19-7, qLIN–Ah19-8, qLIN–Ah19-9, qLIN–Ah19–10, qLIN–Ah19-11, qLIN–Ah19-12, qLIN–Ah19-13, (3) main effect QTLs for test weight (TW), protein content (PC), and oleic acid content (OLE) qTW–Ah02-1, qTW–Ah02-2, qTW–Ah02-3, qTW–Ah02-4, qTW–Ah03-1, qPC–Ah05-1, qPC–Ah05-2, qPC–Ah05-3, qPC–Ah10-1, qOLE–Ah10-1, qTW–Ah12-1, qTW–Ah12-2, qTW–Ah12-3, qTW–Ah12-4, qPC–Ah16-1, qPC–Ah16-2, qPC–Ah16-3, qOLE–Ah16-1, qOLE–Ah19-1, qOLE–Ah19-2, qOLE–Ah19-3, qOLE–Ah19-4, qOLE–Ah19-5, qOLE–Ah19-6, qOLE–Ah19-7, qOLE–Ah19-8, qOLE–Ah19-9, qOLE–Ah19-10, qOLE–Ah19-11, qOLE–Ah19-12, qTW–Ah20-1, qTW–Ah20-2, qTFV–Ah20-3, (4) main effect QTLs for shelling percentage (SP) and oleic to linoleic ratio (0/L) qSP–Ah01-1, qSP–Ah02-1, qSP–Ah05-1, q5P–Ah09-1, qSP–Ah10-1, qSP–Ah10-2, qSP–Ah11-1, OP–Ah13-1, OP-A/216-1, qO/L–Ah19-1, qO/L–Ah19-2, qO/L–Ah19-3, qO/L–Ah19-4, q0/L–Ah19-5, qO/L–Ah19-6, qO/L–Ah19-7, qO/L–Ah19-8, qO/L–Ah19-9, qO/L–Ah19-10, qO/L–Ah19-11, qO/L–Ah19-12, qO/L–Ah19-13, qSP–Ah20-1, (5) main effect QTLs for oil content (OIL) and pod weight per plant (PWPP). qPWPP–Ah01-1, qPWPP–Ah02-1, qOIL–Ah03-1, qOIL–Ah03-2, qOIL–Ah03-3, qOIL–Ah03-4, qOIL–Ah05-1, qOIL–Ah05-2, qOIL–Ah10-1 qOIL–Ah11-1, qOIL–Ah13-1, qOIL–Ah20-1, qOIL–Ah20-2. Innermost links connecting between the loci indicates the epistatic QTLs for NPPP, PWPP, TW, and SP.



Table 1. Major main effect quantitative trait loci (QTLs) identified for productivity and quality traits across seasons in the recombinant inbred line (RIL) population of TMV 2 and TMV 2-NLM of peanut.
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For OIL, 11 QTLs were identified, of which two were major, and located on chromosome Ah03 (qOIL-Ah03-3) and Ah05 (qOIL-Ah05-1). qOIL-Ah03-3 was detected over four (S1, S2, S4, and S5) seasons with the highest LOD score of 9.5 and PVE of 13.7%. While qOIL-Ah05-1 was detected over the two seasons (S2 and S4) with the highest LOD score of 4.6 and PVE of 10.7%. The favorable alleles at both these QTLs were contributed by TMV 2-NLM (Figure 3 and Table 1).

A total of 47 QTLs were identified for quality traits (PC, OLE, LIN, and O/L) (Figure 3 and Supplementary Table 7). For PC, out of seven QTLs, two QTLs on Ah16 were major and stable across four seasons. Of them, qPC-Ah16-1 had the highest PVE of 13.3% with a LOD score of 15.3, and qPC-Ah16-2 had the highest PVE of 13.3% with a LOD score of 13.5. The favorable alleles for both these QTLs were contributed by TMV 2-NLM (Figure 3 and Table 1). A total of 14 QTLs were identified for OLE along with 13 QTLs each for LIN and O/L. Of them, 12 QTLs for OLE were major and stable with the highest PVE of 21.3%. The remaining two minor QTLs were mapped on Ah10 and Ah16 (Figure 3, Table 1, and Supplementary Table 7). For LIN, all the 13 QTLs were major and stable with the highest PVE of 17.1% (Figure 3, Table 1, and Supplementary Table 7). However, for O/L out of 13 QTLs, 11 were major and stable with the highest PVE of 18.4%. All the major and stable QTLs for OLE, LIN, and O/L clustered on a 26.5 cM region (61.1–87.6 cM) on Ah19 (Figure 3, Table 1, and Supplementary Table 7). It was inferred that TMV 2 contributed to the decreased level of OLE, and increased level of LIN.



Common QTL Clusters for the Productivity and Quality Traits

Three clusters were identified for the productivity and quality traits. Cluster 1 of 3.4 cM (46.7–50.1 cM on Ah02) was common for NPPP, PWPP, and SP. It showed the maximum PVE of 23.6, 20.9, and 12.6% for NPPP, PWPP, and SP, respectively (Figure 3 and Table 1). This region was highly stable for PWPP as it was detected over four seasons (S1, S2, S3, and S4). Also, the additive effects were high for this region, and the favorable alleles for NPPP, PWPP, and SP were contributed by TMV 2-NLM. Cluster 2 of 10.9 cM (7.1–8 cM on Ah16) carried the major QTL for PC and SP with a PVE of 7.9–13.3% and 11.9–19.9%, respectively (Figure 3 and Table 1). Cluster 3 of 26.5 cM (61.1–87.6 cM on Ah19) controlled OLE, LIN, and O/L with the PVE of 5.0–21.3%, 5.5–17.1%, and 6.0–18.4%, respectively, and this region was consistently stable over all the six seasons (Figure 3 and Table 1).



Single Marker Analysis

Single marker analysis revealed that a total of six markers were significantly associated with OLE along with five each for LIN and O/L with PVE ≥ 10. Of them, four markers (Ah19_155127364, Ah19_155135344, Ah19_155135353, and Ah19_155172354) and one (Ah19_155165240) marker located, respectively, on Ah19 and Ah09 were common for OLE, LIN, and O/L. These markers were also identified to be the flanking markers by CIM. These associations were consistent over all the six seasons (Table 2). In addition, Ah10_36971572 located on Ah10 showed association with OLE only during the S4 season.


Table 2. Major SNP and AhTE markers identified using single marker analysis for the productivity and quality traits in the RIL population of TMV 2 and TMV 2-NLM of peanut.
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A total of 10 markers were significantly associated with PC with a PVE of ≥10. Out of which AhTE0242 and AhTE0060 located at 0–7.16 cM were also identified by CIM. Three markers (Ah12_118126407, AhTE0242, and AhTE0060) showed association in S1 and S4 season, while seven markers (AhTE0281, Ah03_127278448, AhTE0087, AhTE0275, AhTE0120, AhTE1110, and AhTE1451) showed association only during the S1 season (Table 2). There were a few other markers associated with PC; however, they either showed relatively low PVE or appeared only during the specific seasons. SMA revealed that four markers (AhTE0281, AhTE0087, AhTE0120, and AhTE0242) were significantly associated with SP during the S3 season (Table 2). However, none of them was in the main effect QTL region detected for SP. For the remaining traits (OIL, NPPP, PWPP, and TW), none of the markers were detected as significant by SMA.



Epistatic QTL Discovery for Productivity Traits

Epistatic QTL analysis for the complex productivity traits, namely, NPPP, PWPP, TW, and SP identified a total of 94 epiQTLs, such as 87 major epiQTLs. In total 9, 12, 14, and 52 major epiQTLs were identified for NPPP, PWPP, TW, and SP, respectively. It was found that four major main effect QTLs of NPPP and SP were involved in epistatic interaction with PVE more than 10% (Figure 3 and Table 3). The rest of the epiQTLs involved either the main effect QTLs with minor effects or new genomic regions (Figure 3 and Supplementary Table 8). Of the four epistatic interactions for NPPP involving the major and main effect QTLs, three emerged from a genomic region on Ah02 showing significant interaction with the regions on Ah04, Ah06, and Ah12 with the PVE of 15.8, 17.7, and 20.0%, respectively during S4 season. Also, the major QTL for NPPP on Ah04 showed epistatic interactions with its own proximal region (10 cM) during S2, S3, and S4 seasons with a maximum PVE of 28.5% (Figure 3 and Table 3). Out of the remaining five epiQTLs for NPPP, those on Ah06, Ah18, and Ah19 showed interactions with their own close proximal regions (20, 5, and 15 cM) with the highest PVE of 39.6, 13.6, and 35.8%, respectively. Furthermore, the epiQTLs on Ah03 and Ah10 showed significant interactions with genomic regions on Ah16 and Ah19 with maximum PVE of 13.4 and 11%, respectively for NPPP (Figure 3 and Supplementary Table 8).


Table 3. Major main effect QTLs showing major epistatic interaction for productivity traits across seasons in the RIL population of TMV 2 and TMV 2-NLM of peanut.
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Of the four epistatic interactions for SP involving the major and main effect QTLs, a main effect QTL region on Ah16 (7.1–18 cM) showed epistatic interactions with Ah03, Ah12, and Ah13 with the maximum PVE of 24.2, 23.5, and 23.9%, respectively. Furthermore, a region (159.3–178.3 cM) on Ah13 with major main effect QTL also showed epistatic interactions with Ah08 recorded maximum PVE of 23.2% (Figure 3 and Table 3). In addition, a minor main effect QTL region on Ah01 for SP showed significant interaction with consecutive regions (at 60 and 80 cM) on Ah03 with the highest PVE of 22.3 and 22.6%. Among the remaining 47 epiQTLs, regions on Ah01, Ah05, Ah13, and Ah19 for SP were also involved in epistatic interaction with their own close proximal regions with PVE of 39.7, 30.4, 32.4, and 31.6%, respectively (Figure 3 and Supplementary Table 8).

For PWPP, none of the main-effect QTL was involved in epistatic interactions. However, the new epiQTL regions on Ah04, Ah05, Ah06, and Ah13 showed significant interactions with their own close proximal regions (5 cM) with the highest PVE of 36.4, 29.5, 43.3, and 26.7%, respectively. Apart from these, eight other epiQTLs appeared in at least two seasons with the major effect (PVE ≥10%) (Figure 3 and Supplementary Table 8).

Of the 14 epiQTLs detected for TW, a main effect minor QTL on Ah12 was involved in epistatic interaction with regions on Ah03, Ah07, and Ah14 with the highest PVE of 24.8, 28.5, and 15.8%, respectively. Among the remaining 11 epiQTLs, regions on Ah01, Ah03, Ah05, and Ah11 were also involved in epistatic interactions with maximum PVE of 17.6, 24.8, 28.4, and 14.3%, respectively. Most of these genomic regions identified in this study were important since they carried stable major QTL(s) which also showed significant epistatic interaction for various traits with PVE ≥ 10% across the seasons (Figure 3 and Supplementary Table 8).



Putative Genes Identified in Major Main-Effect QTL Regions/Clusters

In total, the three clusters and four major and stable QTL regions were subjected to candidate gene discovery. In cluster 1, a 5 Mb region from the left flanking marker (Ah02_100281747) toward the common QTL peak for NPPP, PWPP, and SP was considered for gene discovery, and 360 genes were found (Table 4). In clusters 2 and 3, the region between the left and right flanking markers were considered, and 34 and 3 genes were found in the regions, respectively (Table 4).


Table 4. Putative genes identified in the major main effect QTL cluster/QTL regions for productivity and quality traits in the RIL population of TMV 2 and TMV 2-NLM of peanut.
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Of the four major QTL regions, a 5 Mb region from the left flanking marker to the QTL peak was employed for three; qPC-Ah16-1, qOIL-Ah03-3, and qOIL-Ah05-1, and 249, 421, and 333 genes were found in these regions, respectively (Table 4). The region between the two flanking markers was considered for qSP-Ah13-1, and 259 genes were found (Table 4). However, more studies are required to identify the candidate genes contributing to these traits.

Sixteen markers that were identified to be significantly associated with the traits by single marker analysis were checked for their location (genic and non-genic), effect, and probable function (Supplementary Table 9). Of them, 10 were found to be located in the intergenic regions and two each were located in the exonic, 5′ UTR, and intronic regions (Supplementary Table 9). AhTE0281 being located in the 16th exonic region of Arahy.7A57YA on Ah16 contributed for SP and PC (Supplementary Table 9). In addition, Ah12_118126407 being located in the second exon of Arahy.J5SZ1I (Ah12) governed PC. AhTE1451 being located in the 5′ UTR of Arahy.CH9B83 (Ah18) also governed PC (Supplementary Table 9). Similarly, an SNP at 155172354 bp being located in the 5′ UTR of the gene Arahy.X7PJ8H on Ah19 contributed for OLE, LIN, and O/L (Supplementary Table 9). Also, both Ah19_155135344 and Ah19_155135353 being located in the 11th intron of Arahy.MZJT69 on Ah19 contributed for OLE, LIN, and O/L (Supplementary Table 9).



Confirmation of the QTLs and Markers

The two stable major QTLs qPC-Ah16-1 and qOIL-Ah03-3 were selected for validation using the other eight genotypes (Supplementary Table 10). The closest flanking markers; AhTE0242 for qPC-Ah16-1 and AhTE1144 for qOIL-Ah03-3 were used for genotyping. The t-test was significant (p < 0.05) for AhTE0242 and AhTE1144 markers, indicating a strong validation of the markers and thereby the QTL for PC and OIL (Table 5).


Table 5. Validation of QTL and markers linked to oil and protein content in peanut.
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DISCUSSION

In our previous study, the RIL population derived from TMV 2 and TMV 2-NLM was used for constructing the AhTE marker-based genetic map and identifying the QTL for important taxonomic and productivity traits (Hake et al., 2017). Since the parents and the RILs also differed for quality traits, an effort was made in the present study to map the quality traits using an improved genetic map with extensive multi-season phenotypic data on the productivity and quality traits collected over six seasons and GBS-derived SNP data. In this population, GBS could identify more number of SNPs (713) polymorphic between TMV 2 and TMV 2-NLM than the number of SNPs (31 SNP loci) detected using the ddRAD-Seq in the previous study (Hake et al., 2017). This could be due to the differences in the methodology, especially the use of a four-base cutter and a six-base cutter in ddRAD-Seq, while only a four-base cutter in GBS for generating the DNA fragments. With the 865 markers available for mapping, a total of 700 markers loci were mapped on the genetic map of 2,438.1 cM. The map density was increased to 3.5 cM/loci as compared with a previous genetic map where a total of 91 marker loci were mapped onto a genetic map of 1,205.6 cM with 18.1 cM/loci map density (Hake et al., 2017). In the previous genetic mapping studies with GBS or WGRS (whole genome re-sequencing) or SNP array, the diploid reference genomes of Arachis duranensis and Arachis ipaensis were used for SNP calling (Dodia et al., 2019; Gangurde et al., 2020). However, the present study used the tetraploid peanut (A. hypogaea) genome (Bertioli et al., 2019) as the reference for the true representative SNP calling.

The genomic regions controlling NPPP, PWPP, SP, TW, PC, OIL, OLE, LIN, and the OLE to LIN ratio (O/L) were identified using the phenotypic data generated over six seasons and the newly constructed improved genetic map with SNP, AhTE, and SSR markers. In this study, the main effect QTLs with major contributions (>10% PVE) were detected for all the traits except for TW. Likewise, the genomic region showing epistatic interactions for productivity traits (NPPP, PWPP, SP, and TW) were also identified. It was noticed that the traits identified with the major QTL showed higher GCV and broad sense heritability. The QTLs for highly correlated traits, such as OLE, LIN, and O/L shared a common marker interval on chromosome Ah19. Similarly, QTLs for NPPP, PWPP, and SP shared common marker interval QTLs on Ah02 and for PC and SP on chromosome Ah16. Though G × E interactions were significant for all the traits, stable QTL regions could be detected for the majority of the traits in this study. Based on the stability of QTLs across the seasons, we identified the QTL clusters and markers for validation and subsequent deployment in molecular breeding for improving the traits. The QTL region flanked by Ah02_100281747-Ah02_1558084 on chromosome Ah02, either through its main effect or epistatic interactions, showed significant contribution for NPPP (through qNPPP-Ah02-1), PWPP (through qPWPP-Ah02-1), and SP (through qSP-Ah02-1). The QTL regions on Ah06 and Ah19 were also important for NPPP. A QTL on Ah06 was important for PWPP only through its epistatic interaction. QTLs on chromosomes Ah13 and Ah16 for SP showed main as well as epistatic effects, while the same and its consecutive region on Ah16 also showed main QTL for PC. Therefore, selection based on the QTL region at 7.1–18.0 cM on chromosome Ah16 might improve not only SP but also PC. This was also supported by the significant positive correlation between SP and PC that was observed in this study and the previous study (Kumar et al., 2014). Moreover, SMA also showed that four markers contributed to both SP and PC. Furthermore, validation of these markers across the seasons and genotypes might indicate their utility in the marker-assisted breeding for simultaneous improvement of PC and SP since seasonal variation for PC has been reported earlier (Sarvamangala et al., 2011). The main effect QTLs on Ah12 for TW also showed epistatic interactions with genomic regions on Ah05 and Ah14. This might help in transferring the main effect and epiQTLs simultaneously to improve kernel weight. The selection based on the main effects of the QTLs on chromosome Ah03 (qOIL-Ah03-3) and Ah05 (qOIL-Ah05-1) could advance the genetic gains for OIL. Similarly, the main effect of the QTL clusters at 61.1–87.6 cM on chromosome Ah19 could contribute to improving O/L (increased OLE and decreased LIN). Single marker analysis also showed the significant association of five markers from this region with OLE, LIN, and O/L stably across the seasons. The QTL regions in the close vicinity on a few chromosomes (Ah01, Ah04, Ah05, Ah06, Ah13, and Ah19) showing epistatic interaction for the productivity traits might be resolved by fine mapping so that the selection becomes more effective. Parent TMV 2-NLM could be considered as the source of favorable allele at the region on Ah02 which contributed for NPPP, PWPP, SP, and TW. In addition, the favorable allele from TMV 2 at 19 cM region on Ah13 might be considered while selecting for SP.

Two of the QTL regions identified in this study were validated using other genotypes. A region 7.1–18.0 cM on chromosome Ah16 for PC and 37.4–37.5 cM region on chromosome Ah03 for OIL showed strong validation, indicating that these QTLs are genotype-independent. Many QTLs were also consistent as they were reported to be co-localized in the previous studies thereby supporting their utility. The region at 46.7–50.1 cM on chromosome Ah02 identified for NPPP, PWPP, SP, and TW in this study was previously detected for pod length (Fonceka et al., 2012), seed length (Zhang et al., 2019), and SP (Chavarro et al., 2020). Similarly, the 37.4–37.5 cM region on chromosome Ah03 linked to OIL was reported by Sarvamangala et al. (2011). The single region on Ah19 linked to OLE, LIN, and O/L was consistent with the study of Pandey et al. (2014) and Shasidhar et al. (2017). However, a stable QTL region (159.3–178.3 cM) on Ah13 reported in this study for SP with the LOD score of 3.2–35.5 and PVE of 16.3–52.8% over four seasons differed from the region (60.3–64.7 cM) reported by Zhang et al. (2019) for seed length.

With the availability of the genome sequence for the diploid ancestors and the cultivated peanut now (Bertioli et al., 2019), candidate gene discovery is relatively easy as it has been reported for SP (Luo et al., 2017), seed weight (Gangurde et al., 2020), TW (Wang et al., 2019), stem rot resistance (Dodia et al., 2019), and foliar disease resistance (Shirasawa et al., 2018). Here, putative gene discovery was performed in the three QTL clusters and four major QTL regions; 3.4 cM region on Ah02 chromosome identified for NPPP, PWPP, SP, and TW, 10.9 cM region on Ah16 for SP and PC, and 26.5 cM region on Ah19 for OLE, LIN, and O/L. There were 360 predicted genes in the 3.4 cM region on Ah02, while 34 genes were identified in the 10.9 cM region on Ah16. The 26.5 cM QTL cluster on Ah19 had only three predicted genes. Furthermore, this region was in the vicinity of FAD2B gene that determines OLE and LIN content and therefore used widely for marker-assisted breeding (Jadhav et al., 2021).

Putative gene discovery was also performed in the four stable major QTL regions, such as qSP-Ah13-1 at 19 cM on Ah13 for SP, qSP-Ah16-1 at 7.1 cM on Ah16 for PC, and QTLs (qOIL_Ah03-3 at 0.1 cM on Ah03 and qOIL_Ah05-1 at 7.1 cM on Ah05) for OIL. Since the flanking markers for these QTLs were distanced quite apart, the markers close to the peak were selected, and a physical distance of 5 Mb toward the QTL peak was searched for the predicted genes. This effort identified a large number of genes (249–421) across the four QTL regions. Therefore, it may be too primitive to conclude about the candidate genes for the traits observed in this study, and fine mapping might be essential to resolve the regions and identify the candidate genes for effective use in marker-assisted breeding.

Also, the marker loci associated with the traits identified through SMA were further considered for identifying the candidate genes. In total, five candidate genes could be identified; they included Arahy.7A57YA (coding for ARM repeat superfamily protein) for SP and PC, Arahy.J5SZ1I (coding for syntaxin of plants) and Arahy.CH9B83 (coding for phosphatidylinositol 3,4,5-trisphosphate 3-phosphatase and dual-specificity protein phosphatase PTEN-like isoform) for both SP and PC, and Arahy.MZJT69 and Arahy.X7PJ8H for OLE, LIN, and O/L. Arahy.MZJT69 (coding for receptor-like protein kinase 4) and Arahy.X7PJ8H (coding for protein kinase superfamily) altered the phenotype probably through SNP, while Arahy.7A57YA (coding for ARM repeat superfamily protein) and Arahy.CH9B83 (coding for phosphatidylinositol 3,4,5-trisphosphate 3-phosphatase and dual-specificity protein phosphatase PTEN-like isoform) genes contributed to the phenotype probably through the transpositional activity of AhMITE1 as reported earlier with AhTE0391 marker in Aradu.7N61X (coding for alpha-glucosidase) (Hake et al., 2017).

Overall, this study contributed to the development of an improved map with 700 markers for a unique mapping population derived from an elite variety TMV 2 and its mutant, which probably offers a greater opportunity for subtracting a major portion of the genome common to both the parents and considering probably a small portion of the genome that differs between the parents for mapping the traits. This fact was pronounced both in this study as well as the previous study (Hake et al., 2017), which together reported the mapping of taxonomical, productivity, and quality traits in peanut.
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Grass pea is well-established as one of the most resilient and versatile crops that can thrive under extreme climatic circumstances such as cold, heat, drought, salt-affected soils, submergence, and excessive rainfall along with resistance to several diseases and pests. However, despite the awareness of its virtues, its cultivation globally has decreased recently owing to the presence of a neurotoxin, β-N-oxalyl-L-α, β-diaminopropionic acid (β-ODAP), in the seedlings and seeds of this legume, which has been reported to cause neurolathyrism, a non-reversible neurological disorder in humans and animals. Significant repositories of Lathyrus germplasm are available across countries that have provided access to a wide range of agro-morphological traits as well as the low β ODAP content. Efforts have been made worldwide to use these germplasms for the genetic enhancement of grass pea to make this food safe for human consumption. Efforts on molecular breeding of this crop are also lagging. However, during the last decade, the research scenario has changed with some efforts being made toward improving this climate resilient pulse in terms of genomic resources. Molecular markers have also been used to evaluate the interspecific diversity as well as the phylogenetic relationship among the species and mapping studies. Intron-targeted amplified polymorphic, genomic simple sequence repeat, resistance genes analogs, and disease resistance markers developed for other legume species have been successfully cross-amplified in grass pea. Transcriptomic studies have recently been undertaken on grass pea by deploying several second-generation sequencing techniques. In addition, a few studies have attempted to unveil the genes and the underlying mechanism conferring biotic and abiotic stress or regulating the pathway of β-ODAP in grass pea. Proteomics has accelerated the identification studies on differential proteomes in response to salinity and low-temperature stress conditions for unveiling the common signaling pathways involved in mitigating these abiotic stresses and in discovering differentially regulated proteins. In grass pea, a metabolomics approach has been used to identify the metabolic processes associated with β-ODAP synthesis. Genome sequencing of grass pea is under way which is expected to be vital for whole-genome re-sequencing and gene annotation toward the identification of genes with novel functions. Recently, a draft genome sequence of grass pea was developed, and some efforts are underway to re-sequence a diverse panel of grass pea comprising 384 germplasm lines. Owing to the scantiness of a successful transformation protocol, research on the application of modern approaches of genome editing like the Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) or CRISPR-associated protein 9 (CRISPR/Cas9) system for the engineering of signaling pathways or regulatory mechanisms seeks immediate attention to reduce the β-ODAP content in seeds and to improve the potential agronomic traits in grass pea.

Keywords: grass pea, genetic improvement, genetic resources, genomic resources, neurotoxin, pre-breeding


INTRODUCTION

Grass pea (Lathyrus sativus L.), a nutritious legume, popularly known as Indian vetch, chickling vetch, and khesari, is considered as an “insurance crop” that can endure under marginal lands, rendering economic, social, and nutritional security to poorer farmers (Vaz Patto and Rubiales, 2014a; Mahapatra et al., 2020). More than 100 million people from drought-prone areas of Asia and Africa rely on grass pea as their energy source. It is a geographically successful versatile crop that can also withstand temperature extremities such as cold and heat waves, submergence, and excessive rainfall (Lambein et al., 2019). In addition, it can be sustained in saline soil and in other adverse-edapho climatic situations with nutrient deficiency or with heavy metal accretion (Ahmed et al., 2014). So, in extreme situations it can be the only available energy source for mankind. However, the genetic potential of this crop as “climate resilient” has long been neglected which has now created an urgency to increase its production potential by improving the agronomic traits for boosting up the economy of marginal land resources.

Grass pea is regarded as an ideal candidate crop of rice fallows of South East Asia where it holds immense potential by thriving well on residual soil moisture. The common practice, therefore, is to broadcast grass pea seeds into a standing rice crop immediately before harvesting of rice as a “relay crop” or “paira crop.” This ensures germination of fallow grass pea in rice fallow niches using the residual moisture and avoiding tillage operations during its cultivation (Maji et al., 2019). Under the rice fallow condition in West Bengal, India, the seed yield of grass pea was reported to be ~1,696 kg ha−1, with standard package of practices (Banerjee et al., 2019). The agronomic traits of this crop should thus be further improved for better adaptation in rice fallow ecologies.

Grass pea is the cheapest source of protein in the daily diets of millions of vegetarian people who cannot afford or do not prefer non-vegetarian products to access a balanced nutrition. The protein concentration in this legume is 17.7–49.3% which is higher than that of other pulses such as dry pea, faba bean, or lupine (Pastor-Cavada et al., 2011; Rizvi et al., 2016). The protein of grass pea contains 17 amino acids in sufficient amounts, especially lysine at higher levels when compared to other legumes or cereals crops (Yang and Zhang, 2005). It is a unique dietary source of the amino acid L-homoarginine (Har) which is one of the first strange non-protein amino acids (Rao et al., 1963). Har can be used as a substrate for sustained and regulated nitric oxide production and play a crucial role in treatment of cardiovascular diseases (Lambein, 2000; Rao, 2011). Besides, Har can be applied to overcome the expansion of cancer tumors, owing to the scarcity of oxygen at the tissue level (Jammulamadaka et al., 2011). Therefore, as a nutraceutical product, grass pea can be regarded as an excellent example of a potential “functional food” (Llorent-Martínez et al., 2017). Notwithstanding such virtues, its cultivation has decreased in the recent past across the world owing to the presence of a neurotoxin, β-N-oxalyl-L-α, β-diaminopropionic acid (β-ODAP) in its seedlings and seeds which has been reported to cause neurolathyrism. Therefore, it becomes pertinent to reduce β-ODAP content in seeds of this crop to ensure that the grass pea continues to provide food and nutritional security to the multitudes of low-income communities (Rizvi et al., 2016; Lambein et al., 2019).



ODAP CONTENT: A MAJOR LIMITATION FOR ADOPTION AND UTILIZATION

Grass pea cultivation has been banned due to the association of its consumption with neurolathyrism, a non-reversible neurological disorder in humans and animals induced by β-ODAP [also known as b-N-oxalyl-amino-L-alanine (BOAA)] (Lambein and Kuo, 2009). The grass pea toxin exists in isomeric α and β forms (Bell and O'Donovan, 1966) with the toxic content of β-isomers being as high as 95% of the total ODAP (De Bruyn et al., 1994). The presence of β-ODAP in seeds as free amino acid and in high amounts in drought tolerant grass pea is believed to be responsible for this crippling disease (Lambein et al., 2019). During famine and drought years, people depend on grass pea seeds as the only source of protein and its consumtion for a prolonged period may trigger a characteristic motor system disease (a form of spastic paraparesis) (Vaz Patto and Rubiales, 2014b). β-ODAP accumulation in grass pea has been reported to be probably related to the level of total free nitrogenous compounds present in this crop. Therefore, nitrogen and phosphate may be the crucial nutrient factors that influence the neurotoxin content under field conditions. Studies have suggested that nutritional deficiencies of cysteine (Cys) and methionine (Met) may intensify the neurotoxicity level of ODAP. Until the biosynthetic pathway leading to the production of ODAP is identified it can be postulated that the ODAP biosynthesis is linked to sulfur metabolism. Unfortunately, the sulfur metabolism and its contribution to ODAP biosynthesis in grass pea are poorly understood (Xu et al., 2017). In a study, the number of amino acids (such as serine and Cys) was shown to be inversely proportional to β-ODAP accumulation, whereas, β-cyanoalanine synthase was identified as the key enzyme for ODAP accumulation in grass pea (Liu et al., 2017).

The ODAP content differs widely among the accessions depending on the genetic structure and growing environments (Dahiya and Jeswani, 1974; Ramanujam et al., 1980). Studies have reported wide variations ranging from 0.02 to 2.59% within existing germplasm (Pandey et al., 1997; Hanbury et al., 1999; Kumar et al., 2011, 2013). Both the environment and the genotypes could play an important role in the biosynthesis of ODAP. On the basis of multi-locational trials conducted in “DZARC” Ethopia 2003, it has been reported that β-ODAP level in same cultivars increases or doubles depending upon the varying growth environment under low to high stress conditions. However, drought condition, presence of excess iron or cadmium, and depletion of zinc in the soil can stimulate the increased production of β-ODAP in grass pea (Liu et al., 2017). Although the exact physiological and molecular mechanisms for the biosynthesis of ODAP content in grass pea remains unknown, studies have hinted that abiotic stresses may cause imbalance to adjust the plant's osmotic potential, which triggers ODAP biosynthesis in grass pea (Jiang et al., 2013; Piwowarczyk et al., 2014).



GENETIC RESOURCES FOR FUTURE CROP IMPROVEMENT


Crop Wild Relatives and Gene Pool

The exploitation of crop wild relatives (CWR) of grass pea warranted further domestication and utilization of this crop as food (as low-ODAP cultivars) and fodder (as high biological yield cultivars) (Figures 1A–D). Based on taxonomical and morphological characteristics, Lathyrus species can be classified into 5 groups namely Aphaca, Nissolia, Clymenum, Cicerula, and Lathyrus (Asmussen and Liston, 1998; Kenicer et al., 2005). The first 4 groups belong to annual species, whereas the Lathyrus species are mostly perennials (Kupicha, 1983; Asmussen and Liston, 1998). The progenitor of L. sativus remains unknown, however, some Mediterranean species, such as, L. cicera, L. marmoratus, L. blepharicarpus, and L. pseudocicera qualify as candidates on the basis of their morphological resemblances with cultigens (Kumar et al., 2013).
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FIGURE 1. Morphological variation in Crop Wild Relatives (CWR) as well as cultivated species of Lathyrus. (A) Variation in flower color of L. cicera. (B) Variation in flower color of L. articulatus. (C) Morphological variation in L. ochrus. (D) Variation in flower color of L. inconspicuous. (E) Morphological variation in flower color among Lathyrus sativus L. (F) Variation in seed coat color and shape among Lathyrus sativus L.


The CWR may play an important role in the genetic improvement of cultivated species. For example, a toxin-free gene that has been identified in L. tingitanus that can be utilized for the development of toxin-free grass pea varieties (Zhou and Arora, 1996). However, L. cicera is also an excellent source because of its low ODAP content, earliness, and cold tolerance and can be utilized for grass pea improvement. Alien gene transfer is rarely attempted in grass pea, despite the successful setting of viable seeds in (interspecific hybridization) between L. sativus, L. cicera, and L. amphicarpus (Khawaja, 1988; Yunus, 1990; Addis and Narayan, 2000). From the available information on crossability (intraspecific hybridization), alteration of chromosome behavior of the hybrids and setting of viable seed, alien gene transfer is possible for crop improvement in L. sativus by using L. cicera and L. amphicarpus that are readily crossable species with grass pea.



Genetic Diversity

Grass pea displays excellent morphological variation in terms of leaf length, flower color, podding structure, seed size and color (Figures 1E,F). These characteristics, as well as the yield, ODAP and protein contents, have been suggested to describe the significant variability of the L. sativus and L. cicera germplasms (Grela et al., 2010). A large number of grass pea genotypes have been evaluated for major agronomic traits, nutritional value, and antinutritional (ODAP) concentration (Table 1). The seed size is a mostly distinguishing feature of grass pea. Large-seeded (lakh type) forms were originated from the Mediterranean region (Syria, Turkey, Italy and Spain), medium-seeded forms were originated in northern France and Germany, and the small-seeded forms (Lakhori type) are characteristic of the South Asian and Polish cultivars (Hanbury et al., 1999). Hammer et al. (1989) indicated that the large-seeded grass pea genotypes from South Italy with a larger vegetative canopy are found around the Mediterranean region with an exceptionally high seed index. The small-seeded grass pea genotypes are highly prevalent in South Asian and South-east Asian countries (Barpete, 2015). Flowers with blue, pink, red, and white colors or various combinations of these colors are prevalent in grass pea. The blue-flowered ecotypes are found in South-east and South Asia (Polignano et al., 2005; Kumar et al., 2020); whereas, white flowered types are generally found in the Mediterranean region (Smartt, 1984). High variability of the ODAP content was recorded at both inter-specific and intra-specific levels (Sammour et al., 2007a).


Table 1. Genetic variation on important agronomic and seed quality traits in grass pea.
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Genetic diversity of grass pea has been evaluated and documented on the basis of morphological markers, several biochemical and molecular marker loci encoding storage proteins, isozymes or DNA based markers (Sammour et al., 2007b). The induced dwarf mutants of grass pea, with allozyme variants regarding leaf esterase and root peroxidase isozymes, can be effectively utilized for discriminating dwarf mutants from one another (Talukdar, 2010). Three isozymes namely esterase, aspartate aminotransferase, and acid phosphatase used for measuring variability among the Ethiopian grass pea resulted in non-significant correlation with morphological diversity (Tadesse and Bekele, 2001). In grass pea breeding programs, diverse molecular markers like random amplified polymorphic DNA (RAPD); restriction fragment length polymorphism (RFLP); amplified fragment length polymorphism (AFLP); inter simple sequence repeat (ISSR); expressed sequence tag-simple sequence repeats (EST-SSR); sequence-related amplification polymorphism (SRAP); and sequence tagged site (STS) have been utilized for deciphering diversity and phylogenetic relationship among the species (Hanada and Hirai, 2000; Chtourou-Ghorbel et al., 2001; Tavoletti and Iommarini, 2007; Lioi et al., 2011; Shiferaw et al., 2012; Soren et al., 2015; Marghali et al., 2016; Gupta et al., 2018).



Potential Donors for Further Utilization

Despite several known advantages, only a few scientific approaches have been used for improving grass pea to date. Therefore, the conventional and modern breeding programmes on Lathyrus should focus on developing germplasm/cultivars with a low β-ODAP content and a higher grain yield. Presently, several grass pea low-ODAP accessions (0.04–0.1%) are available throughout the world (Table 2) including in India, Bangladesh, Nepal, Ethiopia, Australia, Canada, Poland, and Turkey. Furthermore, some wild relatives namely L. cicera, L. amphicarpus and L. ochrus species have zero or low-ODAP (≤ 0.01%) genes that can be utilized for the development of toxin free Lathyrus varieties (Campbell, 1997; Kumar et al., 2013). Although grass pea is a self-pollinating species, a significant proportion of outcrossing (2.0–27.8%) by bees has been reported in this crop (Chowdhury and Slinkard, 1997; Hanbury et al., 1999). In addition, similar outcrossing rates in L. cicera have been reported owing to its similarities with L. sativusin in terms of floral biology (Hanbury et al., 1999). Moreover, most of the conventional breeding programmes of grass pea have focused on increasing the yield by using the selection criterion (number of branches per plant). However, some of the available Lathyrus germplasms have attractive yield traits such as single node double flowers or pods (L900239 and L920278) and >30 g/100-seed weight (LS-2026, LS-8, LS-97 and Quila-blanco). These traits can be further utilized in grass pea improvement programs (Campbell and Briggs, 1987; Ulloa and Mera, 2010).


Table 2. Potential source for grass pea improvement.
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BREEDING APPROACHES FOR CULTIVAR DEVELOPMENT

Notwithstanding the numerous known advantages of grass pea, little effort has been made toward its improvement owing to the stigma associated with ODAP (Vaz Patto et al., 2006). However, most of the initial progress in the field of grass pea research toward the development of low ODAP varieties was made through direct selection from landraces and lines (Vaz Patto et al., 2006). Conventional breeding centralized fundamentally on the hybridization of selected genotypes followed by screening and evaluation of the subsequent progenies for the traits of interest. In case of breeding targeted toward reducing ODAP content, crossing of low ODAP accessions with high-yielding material demonstrated good agronomic potential (Campbell, 1997). The high yield potential has been a selection criterion for most crop improvement programmes. On the other hand, some of the components that influence yield such as double podding or increased seeds per pod have rarely been utilized. The biomass yield of L. sativus has also received attention due to the significant potential of this crop as forage and straw in the North African and South Asian regions (Campbell, 1997; Vaz Patto et al., 2006). Efforts were concentrated on the development of high yielding varieties with a low β-ODAP content. The Indian landmark variety of grass pea, “Pusa 24,” was selected from a field in 1966 and acknowledged as the first cultivar to possess low ODAP content in its seeds (0.2%). Notably, the Pusa 24 variety serves as the base parent of several other low-ODAP varieties in India and other countries. Subsequent research efforts have led to the development of varieties suitable for upland (LSD1, LSD2) and rice fallow (LSD3, LSD6, Pusa-305, and Selection 1276) with low (up to 0.2%) ODAP content (Gautam et al., 1998). In Chile, the cultivar “Quila-blanco” was developed in 1983 through selection from the locally grown heterogeneous population. The major characteristics of this cultivar are synchronous maturity and bold white seeds (100 seeds weight, 28.7 g) with a protein concentration up to 24.0% (Campbell et al., 1993). Meanwhile, various attempts have also been made to establish an association between easily observable characteristics and ODAP for the ease of selection, although it remains unsuccessful owing to the polygenic inheritance of ODAP, which is highly influenced by the genotype and environment and their interactions (Hanbury et al., 1999). The conventional breeding programmes of grass pea were well-established across several countries, including Australia (McCutchan, 2003), Bangladesh (Rahman et al., 2017), Canada (Campbell and Briggs, 1987), China (Yang and Zhang, 2005), Ethiopia (Tadesse and Bekele, 2003), India (Pandey et al., 1996; Santha and Mehta, 2001), Nepal (Yadav, 1996), Syria (Abd El Moneim et al., 2001; Kumar et al., 2011), Poland (Grela et al., 2010), Italy (Granati et al., 2003), USA (Krause and Krause, 2003), and Chile (Mera et al., 2003). Some of these breeding programmes are still active, however, they are meager in comparison with that for other legume crops (Vaz Patto et al., 2006). Several varieties and lines have been developed by combining low β-ODAP (<0.1%) with high-yield potential (up to 1.5 tons/ha) and resistance to an array of biotic and abiotic stresses (Kumar et al., 2013; Dixit et al., 2016; Sen Gupta et al., 2021).


Pre-breeding and Distant Hybridization

The substantial genetic diversity available within L. sativus is being utilized for the improvement of this crop through the exploitation of the primary genepool by using conventional approaches (Chowdhury and Slinkard, 2000). However, to broaden the genetic base of the crop the introgression of desirable alleles from outside the primary gene pool through pre-breeding and distant hybridization is warranted. Successful inter-specific crosses have been established between grass pea and other Lathyrus spp., particularly L. pseudocicera. Embryo rescue has increased the range of species in successful inter-specific crosses (Addis and Narayan, 2000). The results of inter-specific hybridization in grass pea suggest that the identification and transfer of desirable traits from exotic and wild germplasm offer numerous opportunities for Lathyrus improvement, particularly for crossable species such as L. cicera and L. amphicarpus (Yunus, 1990; Yunus and Jackson, 1991). Crosses in Lathyrus have also been performed using other species such as L. chrysanthus, L. gorgoni, L. marmoratus, and L. pseudocicera (Heywood et al., 2007); however, only ovules were produced in these experiments. The appraisal of wild Lathyrus for ODAP content has clearly revealed the lowest ODAP amount in L. cicera, followed by that in L. sativus and L. ochrus (Hanbury et al., 1999).



Mutation Breeding

A wide range of morphological mutations has been noticed that affects growth habit, maturity, branching, stem shape, leaf size, stipule shape, flower color and structure, pod size, seed size, and seed color (Waghmare et al., 2001; Talukdar, 2009). Corresponding to the morphological changes, chromosomal changes including translocations were induced in grass pea through mutagenesis (Biswas and Biswas, 1997; Talukdar, 2009). Mutation breeding with EMS (0.01%) and gamma rays (250 Gy) was performed to develop two varieties such as “Poltavskaya” and “Bina Khesari-1” in Russia and Bangladesh, respectively (Kumar et al., 2011, 2013). Asnake (2012) reported putative mutants with improved Met content compared with the parent wherein the Met supply capacity of grass pea shifted from 25% in the parent line to 50% in the altered putative mutant lines.



Marker-Assisted Breeding

The efficiency of Marker-assisted selection (MAS) depends on closely linked molecular markers with the trait of interest remaining quintessential. Generally, the EST-SSR marker system showcases a high degree of conservation and can be transferred among species, although the numbers of ESTs for L. sativus (178) and L. cicera (126) remain extremely limited when compared with those available for L. odoratus (8702) (Lambein et al., 2019). With the development of high-throughput and dense genotyping systems; association mapping has gained an advantage over the bi-parental population through generations of a large number of recombinants in a short period (Morrell et al., 2012; Cobb et al., 2013). Thus, the development of a comprehensive genetic map for Lathyrus, with the identification of valuable genes and quantitative trait loci (QTLs) for MAS and with the possible alignment with other species, is urgently required. Linkage maps, gene cloning, and MAS are expected to hasten the introgression of novel genes for low ODAP and increased Met contents and, therefore, they can be used to improve the quality of locally adapted cultivars.



Improvement via in vitro and Transgenic Technology

In vitro tissue culture techniques have excellent potential to enhance and improve the agronomical traits through creation of somaclonal variation, screening for salt and drought tolerant genotypes, identification of micronutrient concentrations/toxicity, generation advancement or regeneration of true to the type plant in grass pea (Barpete et al., 2016, 2020a, 2021). However, grass pea is highly recalcitrant and difficult to regenerate under in vitro conditions (Barpete et al., 2016). The first fertile plant regeneration protocol from meristematic tissues was developed and optimized in grass pea by Zambre et al. (2002). Thereafter, different explants from axenic seedlings (including leaf, internode, cotyledon, hypocotyl, and epicotyl) were utilized for plant regeneration. Among the different explants of grass pea, the epicotyl was reported to be the most responsive with high shoot proliferation frequency. Development of somaclones in L. sativus is limited (Santha and Mehta, 2001; Tripathy et al., 2016; Barpete et al., 2020a), but in India, such efforts have developed somaclones derived low-ODAP variety (Ratan) (Mehta et al., 1994; Santha and Mehta, 2001). Tripathy et al. (2016) have also developed a series of somaclones for morphological, cytological (genetic) variation, and biochemical levels in four grass pea (Nirmal, P 24, Nayagarh local, and Dhenkanal local) genotypes. A high-yielding and low ODAP somaclone (cv. NGOG 5) was developed that may be the potential candidate for future grass pea breeding programs (Tripathy et al., 2016). Ochatt et al. (2002) and Barpete et al. (2020a) developed an in vitro system for shortening the generation cycles and hastening the breeding process coupled with the in vitro stages that provide up to 4–5 cycles per year of grass pea. Although this biotechnological approach is suitable only when a small number of seeds/plants is required, it can positively contribute toward accelerating the breeding programme of ODAP-free grass pea varieties. Mostly, the regeneration protocols for L. sativus are genotype dependent; therefore, development of genotype-independent or ubiquitous protocols suitable for grass pea regeneration are necessary (Ochatt et al., 2013; Barpete et al., 2016).

In legumes, genetic transformation frequency is low due to the non-responsive nature for organogenesis or somatic embryogenesis. The genetic transformation protocol was standardized using the epicotyl explant of Indian grass pea accession, co-cultured with two disarmed Agrobacterium tumefaciens strains (EHA 105 and LBA 4404) (Barik et al., 2005). After several attempts by Ethiopian researchers, a prolific grass pea regeneration protocol was standardized for transient genetic transformation of two grass pea varieties of Ethiopian origin (Girma and Korbu, 2012). The Ethiopian scientists attempted to enhance the quality of grass pea seed protein, and accordingly the genetic transformation was planned for improving the Met content through gene coding (Girma and Korbu, 2012). Recently, grass pea Agrobacterium-mediated genetic transformation was shown to improve the nutritional quality and tolerance to fungal pathogens, without any adverse effect on the seed protein quality, whereas, reduced β-ODAP level (up to 73%) was additionally reported by Kumar et al. (2016). Besides, antinutritional metabolite, oxalic acid (OA) is a known precursor of β-ODAP. The reduced level of OA in transgenic seeds of grass pea (up to 75%) was interrelated to an increase in seed micronutrients, such as calcium, iron, zinc, manganese, and magnesium (Kumar et al., 2016). Hence, there is huge possibility of genetic transformation for nutritional improvement and safe utilization of grass pea.




OMICS ENABLED IMPROVEMENT IN GRASS PEA

Molecular breeding efforts for the grass pea crop continue to lag, and this crop has long been neglected concerning biotechnological investments and is therefore considered an orphan crop. Large genome size (1C = 8.12 Gbp) coupled with the limited characterization of the available germplasm and low investment due to its confined cultivation in resource-poor areas along with the meager numbers of scientific communities associated with grass pea improvement have restrained the development and application of new molecular tools and techniques toward the improvement of this legume (Sarkar et al., 2019). Genomic resources for grass pea remain scarce (in May 2020 the National Center of Biotechnology Information (NCBI) database contained only 178 EST sequences of grass pea) and the marker density is poor, which restricted development of a densely saturated linkage map and thus limit the accuracy and efficiency of quantitative trait loci (QTL) mapping (Skiba et al., 2004a,b; Vaz Patto et al., 2006). Further, the grass pea reference genome sequence is not available (Hao et al., 2017). In following sections, we present an in-depth summary of the latest developments in genomics and molecular breeding as well as the challenges and scopes toward the application of new tools concerning the genetic improvement of this crop.


Molecular Marker Development

In grass pea, the numbers of molecular markers are surprisingly low, which necessitates the development of a larger number of functionally relevant molecular markers toward the successful deployment for molecular breeding strategies (Lioi and Galasso, 2013). To overcome the bottleneck of insufficiency of anchor markers, effort have been made to harness EST-SSR markers from closely related legume species for diversity estimation and evolutionary and mapping studies. The availability of cross-species amplified markers along with computational search of the nucleotide sequence database of ESTs available at NCBI GenBank for grass pea (http://www.ncbi.nlm.nih.gov/genbank/dbest/dbest_summary/) has enabled the faster and more cost-effective development of genic SSRs (EST-SSRs) in this genetically underexploited crop (Skiba et al., 2003). Moreover, CAPS and derived-CAPS (dCAPS) were also designed by sequencing the monomorphic SSR fragments and examining the RIL population of L. cicera (Almeida et al., 2014a,b; Shiferaw et al., 2017).

In the absence of a reference genome in grass pea, the breakthrough of next-generation DNA sequencing (NGS) technologies has led to the development of rapid genome-wide SSRs and SNPs detection which is expected to facilitate positional cloning and QTL mapping (Xu et al., 2018). Transcriptomic studies in grass pea have recently been undertaken (Almeida et al., 2014b, 2015; Yang et al., 2014; Chapman, 2015; Hao et al., 2017; Tan et al., 2017; Xu et al., 2018; Rathi et al., 2019). The first transcriptome study of grass pea with 454 FLX Titanium Pyrosequencing Technique empowered the identification of 651,827 SSRs, and subsequently, 50,144 non-redundant primer pairs were designed which finally enabled the detection of 74 polymorphic and 70 monomorphic products as well as 144 products with no polymerase chain reaction (PCR) (Yang et al., 2014).



Genetic Mapping Strategy in Grass Pea

In the absence of a sufficient number of robust marker systems for grass pea, the numbers of densely saturated linkage map have become limited for this crop in compared with those for other well-studied legumes (Table 3). The availability of a densely saturated genome linkage map is expected to detect QTLs controlling the polygenes throughout the genome and subsequently tagging the QTL region with molecular markers for future MAS or map-based cloning of the underlying genes toward expediting the breeding programs. The first linkage map for grass pea with molecular markers was constructed by Chowdhury and Slinkard (1999). One limitation of this linkage map was that ~12% of the markers utilized in this study exhibited segregation distortion which increased the rate of false linkages in F2 populations and subsequently lead to the unreliable estimation of map distances. For studying the genetics of tendril trait, bulked segregant analysis was performed on the F2 population of sweet pea (L. odoratus) derived from a cross between parents with tendril (“Grace”) and without tendril (“Snoopea purple”) followed by detection of the RAPD marker (WB32a) linked with the tendril gene (Hanada and Hirai, 2003). In 2004, another group of researchers constructed a genetic linkage map from a population of 92 backcrossed individuals derived from a cross between an accession “ATC 80878” resistant to ascochyta blight (M. pinodes) and a susceptible accession “ATC 80407” (Skiba et al., 2004a). Two QTLs associated with ascochyta blight resistance of stem of grass pea were identified (Manly et al., 2001). RNA sequencing-derived marker (SSRs, SNPs) systems were deployed for the construction of linkage map of L. cicera (Santos et al., 2018). Comprehensive research is thus needed to map agronomically important as well as climate- resilient traits to further facilitate mapping and tagging of molecular markers linked to genes conferring these traits for achieving success in MAS for accelerating the breeding process of grass pea.


Table 3. Summary of molecular mapping studies carried out in grass pea.

[image: Table 3]



Functional Genomics Appliance for Grass Pea Improvement

Most of the transcriptome studies have been conducted to generate a large number of genome-wide SSRs and SNP markers for their further utilization in molecular mapping and map-based cloning studies (Yang et al., 2014; Hao et al., 2017). Limited studies have attempted to unveil the genes and the underlying mechanism conferring biotic and abiotic stresses or the pathway of regulating β-ODAP in grass pea (Emmrich, 2017; Xu et al., 2018; Rathi et al., 2019) (Table 4). In 2014, the first study on the global expression profiling of genes in grass pea-pathogen interaction for rust resistance was conducted (Almeida et al., 2014b). Another attempt was made to achieve a molecular overview of grass pea in response to aschochyta blight (A. lathyri) infestation (Almeida et al., 2015). In addition, transcriptome studies have been conducted to detect genes and regulatory pathways controlling β-ODAP flux in different growth stages of grass pea cultivar “LZ” (Xu et al., 2018). Transcriptomic orchestral concerning the dehydration tolerance mechanism in grass pea was presented by Rathi et al. (2019). In their study, 137 transcription factors (TFs) related to dehydration response and ABA and cytokinin synthesizing enzymes were detected in relation to drought tolerance mechanism of grass pea.


Table 4. Brief compilation regarding the application of NGS techniques in grass pea.
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A comparative proteomics study was conducted to identify the differential proteome of grass pea cultivar “LP-24” in response to salinity and low-temperature stress for unveiling the common signaling pathways to mitigate these abiotic stresses and discover 67 differentially regulated proteins (Chattopadhyay et al., 2011). In grass pea, metabolomics approach was used to identify the metabolic processes associated with β-ODAP synthesis (Liu et al., 2017).

Genome sequencing of a European grass pea cultivar (“LS007”) has been completed with a draft genome assembly of ~6.3 Gbp coupled with N50 of about 59.7 kbp and an estimated grass pea genome size of 5.456–8.471 Gbp (Emmrich et al., 2020, unpublished). These data are vital for whole genome re-sequencing and gene annotation to identify genes with novel function. Integration of omics resources facilitates the retrieval of complete information about grass pea candidate genes and the underlying intrinsic pathways that are pertinent to improve the agronomic traits and resistance mechanism. Attention should be given to comprehend the ongoing research on making a large number of genome wide high density markers accessible for harnessing genome-wide approaches, such as genome wide association studies (GWAS) and genomic selection (GS) for exploring rare allelic variation for their introgression in the cultivated species by opting modern approaches such as the AB-QTL strategy, chromosome segment substitution lines (CSSL) or exotic libraries for reducing genetic noise, as well as the rapid generation turn over (RGT) toward improving genetic gain. Targeting Induced Local Lesions in Genomes (TILLING) and Eco-TILLING are the important reverse genetic approaches, which are deemed suitable for crops such as grass pea that lacks sequence information for uncovering gene functions, unfortunately, the research is still a “proof of concept” for grass pea due to a small size of the presently available mutant populations (Gurung and Pang, 2011). Presently, the John Innes Centre has created EMS mutagenized populations in two grass pea varieties for screening of low-ODAP mutants by a new high-throughput method (Emmrich, 2017). The TILLING platform RevGenUK (http://revgenuk.jic.ac.uk/), which was established initially for model legumes, has now been extended to grass pea (Robson, 2014) for applying NGS based deep sequencing technique for the detection of rare mutants. This review intends to call attention toward the international collaboration for sharing the genotyping data of the core set of grass pea and for bridging the phenotyping data in different environments to render a faster breeding strategy in this underexploited legume for the development of new-generation grass pea.




GENOME EDITING

Genome editing allows precise targeted changes in the genome of a plant, involving engineered nuclease and cellular machineries for DNA repair, enabling targeted changes in the DNA base sequences through substitution as well as addition of bases (Meng et al., 2017; Ji et al., 2019). In recent decades, genome editing has been applied in model plants, crops plants, and fruits (Kim et al., 2017; Lin et al., 2020; Tripathi et al., 2020). The CRISPR/Cas9 toolbox can be explored for creating desirable changes in the genome for the broadening of the gene pool as well as development of new varieties within a short breeding cycle. Recently, CRISPR/Cas9 has been explored in legumes for modifying several agronomic and resistance traits like delayed flowering (Cai et al., 2020), altered node number (Bao et al., 2019) and resistance to soybean mosaic virus (Zhang et al., 2020) in soybean; intrusion of biological nitrogen fixation in cowpea (Ji et al., 2019), and resistance against drought in chickpea (Badhan et al., 2021). Attempts have also been made to modify several seed related traits associated with nutritional as well as antinutritional factors with standard transformation protocol (Li et al., 2019; Wang et al., 2020). CRISPR/Cas9 has been successfully employed to increase the concentration of the sulfur containing amino acids like Met and cysteine (Warsame et al., 2018). Changes in the MET concentration can reduce the ß-ODAP concentration in grass pea. Although, grass pea is known to have resistance toward uptake as well as integration of foreign DNA and recalcitrant for regeneration which ultimately hinder the successful application of this cutting-edge tool in grass pea. However, scientists are attempting to expand CRISPR/Cas9 system in grass pea improvement programme for the engineering of signaling pathways or regulatory mechanisms involved in the ODAP biosynthesis as well as biotic and abiotic stresses (Emmrich, 2017).



WAY FORWARD

Grass pea is important to the rural and poor inhabitants of several parts of South Asia and Sub-Saharan Africa and also a valuable crop in Central and West Asia, North Africa, Southern Europe and South America. It belongs to the 7 important protein sources for several of the South Asian and Sub-Saharan African countries, which makes this crop valuable for areas where the cultivation of other legumes is either risky owing to diseases, poor soil conditions, and soil problems such as water logging or difficulty owing to the threat of drought. People from these areas have requested the government, research institutions, and extension workers to focus on exploring possibilities of increasing the production of grass pea. Despite these requests, the global area under its cultivation has decreased because of the ban on its cultivation in several countries due to its association with neurolathyrism. By virtue of the negative stigma associated with grass pea, it has not received appreciable research attention, especially in the domain of genetic improvement for increasing its production potential. Therefore, grass pea programmes should focus on developing germplasm/cultivars with low β-ODAP content along with higher grain yield, biomass, earliness, disease resistance, protein content, and digestibility. A large number of grass pea genotypes were evaluated for major agronomic traits such as 100 seed weight (>30 g), pod numbers, earliness, high biomass and low ODAP content. Presently, several low-ODAP accessions (0.04–0.1%) in cultivated grass pea are available worldwide. Further improvement in cultivated species can be made with the exploitation of wild relatives namely L. cicera, L. amphicarpus, and L. ochrus species, which have zero or low-ODAP (≤ 0.01%) gene for the development of toxin free Lathyrus varieties. A combination of potential donors possessing other desirable agronomic traits available in the gene pool should be exploited through systematic breeding programme to improve genotype as well as development of lines for mapping of various traits. The schematic diagram explains how different approaches can be combined to establish the basis of a strategic breeding programme for grass pea (Figure 2). This figure also illustrates the use of CWR in the grass pea improvement programme. In vitro methods such as identification of somaclonal variants have been successfully employed in development of first low-ODAP line, Bio L 212, in India. Similar efforts require intensification in the improvement program. Moreover, Comparative genomics should be applied for the elucidation of the genetics of resistance and important agronomical characteristics to pave the way for the identification of valuable genes/QTLs. A more comprehensive genetic map with identified valuable genes and QTLs is thus required for deployment of MAS in breeding strategies of grass pea. Linkage maps, gene cloning, and MAS are expected to hasten the introgression of novel genes for low ODAP and increased Met, which can improve the locally adapted cultivars. Efforts at the international level are believed to help to decipher the genome for facilitating the identification of genes of agronomic importance. Renewed research efforts are warranted for employing next-generation genomics and phenomics in these improvement programs. Further, transcriptomics and proteomics studies are required to validate the sequencing results at the functional level. Mutation breeding and screening of mutants with the conventional and genomic tools such as TILLING and Eco-TILLING can be resorted for developing zero or low-ODAP lines in grass pea. Recently, genome editing has been reported as an efficient tool for the de novo domestication of many food legumes (Cai et al., 2020; Zhang et al., 2020). Similar efforts are believed to help toward silencing the genes associated with ODAP biosynthesis in grass pea. Thus, large research investment, greater cooperation among stakeholders and creation of national, regional and international synergies are required to turn this orphan crop into a mainstream pulse legume of the world.
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FIGURE 2. Integrative breeding and genomic approaches for development of low-ODAP grass pea cultivars. The figure depicts that exploitation of genetic resources can be achieved either through utilizing members of GP-I as well as CWR or unadapted gene pools through opting pre-breeding and distant hybridization strategy which will further lead to the discovery of candidate genes/ haplotype or QTLs. Simultaneously, conventional breeding strategy can be opted for development of different kinds of mapping populations for establishing marker-trait associations. Genomic resources can be deployed via NGS approach. Functional genomics and Genomic selection can also be utilized for unraveling the genetic mechanism of key biosynthetic pathways as well as estimation of breeding values for selection of superior cultivars. Different in vitro strategies can also be successful for detection of low-ODAP somaclonal variants. All these approaches ultimately lead to the development of stable low-ODAP cultivars with good agronomic base. CWR, Crop Wild Relatives; AB-QTL, Advanced Backcross QTL; GWAS, Genome Wide Association Study; TILLING, Targeting Induced Local Lesions in Genomes; QTL, Quantitative Trait Loci; NGS, Next Generation Sequencing.
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Coumestrol is a natural organic compound synthesized in soy leaves and functions as a phytoalexin. The coumestrol levels in plants are reported to increase upon insect attack. This study investigates the correlation between coumestrol, senescence, and the effect of phytohormones on the coumestrol levels in soybean leaves. Our analysis involving high-performance liquid chromatography and 2-D gel electrophoresis indicated a significant difference in the biochemical composition of soybean leaves at various young and mature growth stages. Eight chemical compounds were specifically detected in young leaves (V1) only, whereas three different coumestans isotrifoliol, coumestrol, and phaseol were detected only in mature, yellow leaves of the R6 and R7 growth stage. MALDI-TOF-MS analysis was used to identify two proteins 3,9 -dihydroxypterocarpan 6A-monooxygenase (CYP93A1) and isoflavone reductase homolog 2 (IFR2) only in mature leaves, which are key components of the coumestrol biosynthetic pathway. This indicates that senescence in soybean is linked to the accumulation of coumestrol. Following the external application of coumestrol, the detached V1-stage young leaves turned yellow and showed an interesting development of roots at the base of the midrib. Additionally, the application of phytohormones, including SA, methyl jasmonate (MeJA), and ethephon alone and in various combinations induced yellowing within 5 days of the application with a concomitant significant increase in endogenous coumestrol accumulation. This was also accompanied by a significant increase in the expression of genes CYP81E28 (Gm08G089500), CYP81E22 (Gm16G149300), GmIFS1, and GmIFS2. These results indicate that various coumestans, especially coumestrol, accumulate during leaf maturity, or senescence in soybean.
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INTRODUCTION

Soybean [Glycine max (L.) Merr.] is an important crop. It is one of the most economical and valuable agricultural commodities because of its unique chemical composition. Due to its nutritional values, a diverse variety of soybean are consumed worldwide (Garro et al., 2004). It was also reported that the consumption of soybean can prevent many diseases and since it is rich in protein, phytoestrogens and contains low fat, it is useful for human consumption. The nutritional value of soybean is due to secondary metabolites that include various bioactive substances, including genistein, kaempferol, saponins, and coumestrol, which play critical roles in the human body (Burssens et al., 2011). Plant secondary metabolites are used as medicines, flavorings, and recreational drugs (Saxena et al., 2014). Besides, they also play vital roles and perform essential functions in plants (Seigler, 1998). The absence of secondary metabolites does not result in immediate death, long-term impairment of the organism’s survival, and fecundity, but plants use them as defensive chemicals to survive threats from various biotic and abiotic factors (Singh et al., 2012; Khan, 2014). Flavonoids belong to a significant group of secondary metabolites derived from the phenylpropanoid pathway. They are predominantly synthesized in legumes. Flavonoids are a type of naturally occurring secondary metabolites in higher plants, many of which act as phytoestrogens in mammals. One of the well-known potent phytoestrogens in soybean leaves is coumestrol, which functions as a phytoalexin when the plant is exposed to stressful conditions. Coumestrol also possesses anti-cancer and anti-obesity properties (Pham et al., 2019). It was reported that the coumestrol levels in soybean leaves increase during the mature stage (R7) (Ha et al., 2019). Additionally, research has shown that mature soybean leaves have α-glucosidase inhibitory activity. In a previous study, the most abundant polyphenols were isolated from soybean leaves and used to demonstrate that coumestrol was principally responsible for the potent α-glucosidase inhibition (Yuk et al., 2011b). As a useful substance for plant and human health, and its production is limited and influenced by environmental conditions. Thus, to discover a way to increase coumestrol levels in plants can be useful for industrial applications. As described above, the level of coumestrol in soybean leaves appears to increase as the plant ages. Additionally, an increase in coumestrol levels upon insect attack in some plants has been reported (Kain and Biggs, 1980). Senescence and insect damage are closely related to plant hormones, including ethylene (ET), jasmonic acid (JA), and salicylic acid (SA). This research investigates the correlation between coumestrol and senescence, and the interaction between coumestrol and phytohormones during soybean senescence. The changes in the chemical and protein composition of young and mature soybean leaves was analyzed with respect to aging and in response to phytohormone application using 2-dimensional gel electrophoresis (2-DE) and high-performance liquid chromatography (HPLC). The young leaves were selected at the vegetative growth stages V1, V3, and V5, whereas mature leaves were selected at the reproductive stages R1, R2, R4, R6, and R7.



MATERIALS AND METHODS


Plant Materials and Treatment Conditions

Soybean plants (variety Daewon) were grown in pots inside a growth chamber at 30oC/14 h and 25oC/10 h, 60 – 70% relative humidity and at a sodium lamp light intensity of 1,000 μEm2/. The soybean leaves at the vegetative growth stages V1 (20 days), V3 (35 days), and V5 (56 days), and mature leaves at the reproductive stages R2 (77 days), R4 (98 days), R6 (112 days), and R7 (126 days) were used for the experiments. For the external application of coumestrol, soybean leaves at V1 growth stage were cut using sterilized scissors and immediately placed on a filter paper inside 125 × 125 × 20 mm square petri dishes (SPL, South Korea). Leaves were treated by supplying 5 ppm coumestrol [in 60% DMSO (dimethyl sulfoxide)] on the filter paper and incubated at 30/25°C (day/night) for 10 days. To avoid drying of samples, 5 ml of the solution was added after every 2 days (2, 4, 6, and 8 days). The samples were collected on the 1st, 3rd, 5th, and 10th day and stored at −80°C.

For phytohormone application, 20 days-old soybean plant leaves were cut and placed inside petri dishes as described above and the phytohormones SA (Sigma Aldrich), methyl jasmonate (MeJA) (Sigma Aldrich), and ethephon (Chaksak wang, farmhannong) were added at a concentration of 5 ppm alone and/or in different combinations. The samples were collected after 1, 3, 5, and 10 days after phytohormone applications. Control treatments were supplied with water.



2-Dimensional Gel Electrophoresis Analysis and Protein Identification

Total protein from soybean leaves was extracted using the Mg/NP-40 buffer, which was fractionated with PEG 4000, following the method described by Kim et al. (2001, 2003). Each sample (150 μg) was mixed with isoelectric focusing (IEF) sample buffer and loaded onto an 18-cm IEF gel. The second-dimension separation was conducted on S sodium dodecyl sulfate poly acrylamide gel electrophoresis (SDS-PAGE) using 12% polyacrylamide gels. 2-DE gels were silver-stained (Kavran and Leahy, 2014), scanned (PowerLook III, UMAX) and exported as TIFF files from the scanner, after which gel spots were detected using ImageMaster 2D Platinum software (Amersham Biosciences). Differentially expressed protein spots were identified using MALDI-TOF-MS. Gel spots digested with trypsin were analyzed using a Voyager-DE STR (matrix-assisted laser desorption ionization time-of-flight) and MALDI-TOF mass spectrometer (PerSeptive Biosystems). Briefly, individual protein spots were isolated and remelted with digestion mixtures [93:5:2 water, acetonitrile, and trifluoroacetic acid (TFA)]. Then, the samples were sonicated for 5 min and centrifuged; 2-μl sample was added to 2-μl peptide sample solution (the matrix solution, the nitrocellulose solution, and isopropanol were mixed 100: 50: 50 (Kim et al., 2004), and 1 μl of this was placed on the MALDI plate and left for 5 min, after which the samples were washed with 0.1% v/v TFA. Des-Arg1-bradykinin (m/z 904.4681) and angiotensin 1 (m/z 1296.6853) were used as internal standards for calibration. For data analysis, the PerSeptive-Grams software was utilized. Database searches for protein identification were performed using Protein Prospector.1



Detection of Secondary Metabolites via UPLC

For secondary metabolites analysis, 1 g of soybean leaves were extracted with 20 mL of 70% ethanol for 12 h and centrifuged at 3,000 rpm for 5 min. One milliliter of supernatant was filtered through a 0.2 μm PTFE filter and subjected to metabolite analysis. Chromatographic separation was performed using a UPLC system (Waters Corp., Milford, MA, United States) equipped with a binary solvent delivery system and a UV detector with absorbance at 254 nm. Aliquots (2.0 μl) of each sample were then injected into a BEH C18 column (2.1 × 100 mm, 1.7 μm) at a flow rate of 0.4 ml/min and eluted using a chromatographic gradient of two mobile phases (A: water containing 0.1% formic acid; B: acetonitrile containing 0.1% formic acid). A linear gradient program was followed: 0 min, 10% B; 0–7 min, 10–15% B; 7–11 min, 15–30% B; 11–16 min, 30–50% B; 16–17 min, 80–100% B; 17–18 min, 100% B, 18.3–20 min, back to 10% B.



Coumestrol Levels and Hormone Analysis by High-Performance Liquid Chromatography

The measurements of coumestrol and plant hormones were performed as described by Pan et al. (2010) and Ng et al. (2016) with minor modifications using flight (LC-ESI-QTOF) tandem mass spectrometry. Soybean leaves (1 g) were extracted with 80% MeOH aq. (10 mL) and shaken for 24 h at room temperature. The filtered solution was analyzed using Liquid Chromatography Electrospray-Ionization Quadrupole Time-of-flight (LC-ESI-QTOF) Tandem Mass Spectrometry. The hormones were analyzed using the method described by Pan et al. (2010). Extraction solutions I, II, and internal standards were prepared. Extraction solvent 1 [2-propanol/H2O/0.5% TFA (Trifluoroacetic acid)]. Extraction solution II; dichloromethane. A working solution of internal standards was prepared by diluting the combined stocks with methanol. Frozen plant tissues (100 mg) were ground and transferred into an E-tube, then 1-ml extraction solution I was added and shaken at 4°C for 30 min. After that, 1-ml extraction solution II was added and kept at 4°C for 30 min, after which it was centrifuged at a revolution speed of 13,000 rpm at 4°C for 5 min. The aqueous phase was transferred to a new tube, and 600-μl isopropanol was added to the sample and mixed gently. The samples were incubated at room temperature for 10 min and centrifuged at 13,000 rpm for 10 min at 4°C. The supernatant was discarded. The pellet was washed with 1-ml 75% EtOH. The samples were air-dried, and the pellet was resuspended in 50-μl nuclease-free water to dissolve the pellet.

Soybean leaf metabolites were identified using MS (accurate mass in negative mode) or MS/MS spectra (fragmentation pattern), UV/Vis spectra, and in-house library comparison as described by Yuk et al. (2011b). Calculations were based on the area of HPLC analysis. Values, reported as relative contents vs. the amount of individual coumestrol at R4 stage, are the mean measurements carried out on three independent samples analyzed three times.

For quantification of coumestrol, we used external standard measurement. Four different concentrations (10, 100, 1,000, and 10,000 ppm) of coumestrol (27,885, Sigma-Aldrich, 95%, HPLC) were used and generated standard curve. The value from the standard were then used to calculate concentration of coumestrol in samples. All the steps were carried out using a preinstalled software (MassLynx 4.1).



Quantitative Real-Time Polymerase Chain Reaction Analysis

The total RNA was extracted using Trizol TRI Reagent Solution (ThermoScientific) according to the manufacturer’s standard protocol, cDNA was synthesized according to the manufacturer’s instructions from the total RNA using the reverse transcription BioFactTM RT Kit. The real-time polymerase chain reaction was conducted using an EcoTM real-time PCR system (Illumina) using 2× Real-Time PCR Master Mix, including SYBR Green I (Biofact) and 10 pmol of each primer, processed in a two-step PCR program. All analyses were conducted in triplicate, and gene expression data were analyzed using ECO Study program (Illumina). Relative expression levels were determined by testing treated and control plants, and normalized to GmActin.



RESULTS


Linkage of Soybean Leaf Maturity to the Accumulation of Coumestans

Soybean leaves are known to turn yellow upon maturity as the development and maturity of pods begin. Cutting the supply of food to several yellowing leaves helps divert and accumulate nutrients in the pods for future generation. Leaf yellowing and plant maturity also relate to gradual variations in the day and night length, which significantly affects soybean senescence. Previously, it was reported that mature soybean leaves with yellow color inhibit the α-glucosidase activity due to high coumestrol levels (Yuk et al., 2011a). The color of soybean leaves begins to turn yellow from R2 onward, and completely yellow leaves develop at the mature or senescent R7 stage (Supplementary Figure 1A). The color change or senescence is accompanied by a concomitant loss of the total chlorophyll content. Our results indicated that significant increase in the chlorophyl content occurs up to V5 and then starts to reduce, with the least chlorophyl content at the R7 stage (Supplementary Figure 1B). To verify the correlation between leaf color changes or senescence and leaf metabolites, soybean leaves at different growth stages were collected after sowing i.e., 20 days (V1), 35 days (V3), 56 days (V5), 77 days (R2), 98 days (R4), 112 days (R6), and 126 (R7) days after sowing and the metabolite profile of the leaves were analyzed at the above-mentioned growth stages. HPLC analysis showed diverse and significant differences in the chemical composition of the leaves at the various growth stages, as reflected by detecting diverse chemical compounds in the leaves collected at various growth stages (Figure 1). More specifically, we identified three major chemical groups that were significantly abundant in mature, yellow leaves of the R7 growth stage (Figure 1, red box, peaks 1, 2, and 3). Although these three groups were also detected in the earlier growth stages, their quantities were significantly lower, as reflected by the smaller peaks in the chromatogram). Additionally, at least eight other chemical compounds (Figure 1, peaks 5–12) detected had a significant quantitative difference between fresh and mature leaves as significantly lower quantities were detected in mature leaves (R7). Among these, compounds representing peaks 5–9 were identified as flavonoid glycosides, while those representing peaks four, ten, eleven, and twelve were identified as glycosyl-oxy-isoflavones. These results are parallel with the previous work of Yuk et al. (2016). The chemical compounds representing peaks one, two, and three at the R7 stage were identified as coumestans. These three chemical compounds were identified as Isotrifoliol (peak 1), Coumestrol (peak 2), and Phaseol (peak 3). This indicates that coumestans play a key role in soybean leaf maturity. Additionally, among these three compounds, coumestrol (peak 2) was the most abundant chemical compound at the R7 stage.
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FIGURE 1. Representative UPLC-PDA (λmax) chromatograms. Representative chromatograms of compounds detected in soybean leaf extracts at different growth stages (vegetative: V1, V3, V5, and reproductive R4, R6, and R7). Results showed significant differences in the chemical composition of the leaves at various growth stages, as reflected by detecting diverse chemical compounds in the leaves collected at various growth stages. Eight chemical compounds (peaks 5–12) detected were found to have significantly higher accumulation in the fresh leaves (V1) compared with mature leaves (R7). Furthermore, three major chemical groups present were detected only in mature yellow leaves of the R7 growth stage (red box, peaks 1, 2, and 3).


Next, we conducted 2-D gel electrophoresis (2-DE) to separate various proteins extracted from leaves at two growth stages V1 and R7. Since the 2-DE separates proteins based on two properties in two dimensions, it was better suited to separate diverse proteins expressed at specific growth stages. The results indicated the detection of highly diverse proteins spread across both gels. Additionally, significant differences were observed in terms of the number, intensity, and positions of proteins/spots on the two gels, corresponding to the two growth stages, V1 and R7 (Figures 2A,B, respectively). For further detailed analysis, 28 different proteins were selected (represented by 28 spots on the gel). Among these, 15 proteins showed a significantly high accumulation (Figure 2, blue arrows) whereas 13 showed significant reduction (Figure 2, red arrows) in the gel corresponding to the R7 stage compared to the gel corresponding to the V1 stage. These proteins were further analyzed using MALDI-TOF-MS. A total of 19 proteins/spots were successfully identified, including 12 proteins that showed higher accumulation and seven proteins that showed a reduction at the R7 stage compared to V1. A list of the identified proteins is given in Supplementary Table 1. Enzymes, including malate synthase, alanine aminotransferase, and glutamate semialdehyde aminomutase, were identified among the proteins with lower accumulation in mature leaves at the R7 stage. However, different proteins involved in secondary metabolite biosynthesis were identified among the proteins with significantly higher accumulation in mature leaves.
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FIGURE 2. Results of 2-DE analysis of proteins extracted from soybean leaves. Representative 2-DE gel image showing proteins extracted from soybean leaves at the V1 stage (A) and R7 stage (B). At least 28 proteins showed significant differences between the two gels. Among these, 15 proteins showed a significantly high accumulation (blue arrows) whereas, 13 showed significant reduction (red arrows) at the R7 stage (B) compared to the V1 stage (A).




Role of Coumestrol in Leaf Color Change and Senescence

According to the HPLC results shown in Figure 1, as aging in soybean plants progresses, the accumulation of three coumestans gradually increases. As described above, coumestrol was the most abundant among the three coumestan compounds at R7 stage, this indicates that coumestrol contributes to changes in leaf color and senescence besides several other metabolites that may be involved in leaf senescence. Additionally, we identified two intriguing proteins (corresponding to spots 5 and 13 in Figure 2) that showed a significantly high accumulation at R7 compared to V1. MALDI-TOF-MS analysis was used to identify the two proteins as 3,9 -dihydroxypterocarpan 6A-monooxygenase (CYP93A1) and isoflavone reductase homolog 2 (IFR2). Putative CYP93A1 protein is involved in the biosynthesis of the phytoalexin glyceollin, whereas IFR2 encodes an enzyme involved in the biosynthesis of glyceollins from daidzein (Graham et al., 1990; Oliver et al., 2003). Diadzein is either converted to coumestrol or the pterocarpan glyceollins. The protein identification results were obtained from Mascot database search using peptide mass fingerprint. Mascot search results with scores greater than 55 are significant at P < 0.05. We got a score of 56 for CYP31A1. However, the peptide sequence matches of the whole CYP93A1 sequence was 14% (Supplementary Figure 5). We then blasted these matched amino acids on NCBI and got hit on GLYMA_03G143700v4 (G. max) which is the soybean CYP93A1 (Supplementary Figures 6A,B). This confirmed that the protein in the spot is CYP93A1. Thus, results of Figure 2, led us to the conclusion that various coumestans, especially coumestrol, contributes to leaf maturity and yellowing in soybean along with several other metabolites that may be involved in leaf senescence. To confirm this, we externally applied coumestrol to V1-stage soybean leaves detached from the top of the plant (Supplementary Figure 2). Ten days after the application, the leaves showed dramatic phenotypic and physiological changes. After applying 5-ppm coumestrol, the leaves exhibited an interesting development of roots along with chlorosis or yellowing of the leaves (Figure 3). Similar results of root development were obtained when we applied coumestrol to mung bean leaves (unpublished). The development of roots from leaves is an unusual phenomenon and has not been studied in detail. Lozovaya et al. (2005) reported the accumulation of various isoflavones (including, diadzine, and genistin), and isoflavonoid phytoalexins, including coumestrol in hairy soybean roots following Fusarium solani f. sp. glycines infection. Additionally, Lee et al. (2012) reported the accumulation of coumestrol in root nodules. Moreover, recently, Xu et al. (2021) reported that the reduction of root nodulation and rhizobial infection upon exogenous ABA application is related to the reduction of isoflavonoid compounds, including coumestrol. As indicated in Figure 3B, the yellow color that appeared throughout the leaf caused by coumestrol application looked similar to the changes that appear in soybean leaves when naturally aged. This indicates that coumestrol may also regulate root development in soybean in addition to its role in senescence.
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FIGURE 3. External application of coumestrol to soybean leaves. Leaves from soybean plants were treated with water, an optimized concentration of 5 ppm coumestrol, and dimethyl sulfoxide (DMSO) (A). Replicated leaf images showing the development of roots after 10 days of the treatment with coumestrol only (B).




Phytohormone Application Triggers an Increase in Coumestrol Levels in Soybean Leaves

Leaf senescence may be caused by various factors, such as the phytohormone, drought, and oxidative stress. Ethylene and cytokinin are well-known phytohormones connected with plant senescence. It was reported that coumestrol levels increase following insect attack to prevent plant damage (Loper, 1968). JA is a key hormone that helps plants protect themselves against insects or necrotrophic pathogens. There is a high possibility of the interaction between coumestrol and phytohormones. Thus, we investigated changes in coumestrol levels following the application of MeJA, SA, and ethylene. Following the application of these phytohormones, soybean leaves did not exhibit any significant phenotypic changes for up to 5 days (Figure 4). However, after 10 days of application, clear changes in leaf color was observed. The leaves treated separately with MeJA and SA turned light yellow with a concomitant increase in coumestrol content. Similar results were observed in leaves treated with MeJA and SA with an additive or synergistic effect, as indicated by the significant increase in coumestrol contents compared with water or MeJA and SA alone. Notably, ethephon (ethylene releasing compound) had an even stronger and highly significant effect than the other phytohormones. Leaves treated with ethephon alone or combined with MeJA started to turn yellow after 5 days of treatment and resulted in a significantly higher accumulation of coumestrol. Ethephon appeared to have the highest significant effect as the color of the leaves changed within 5 days of the application with more than ten times increase in the coumestrol content compared to the control plants. Ethephon and MeJA had an additive or synergistic effect on the coumestrol content after 10 days of treatment (Figure 4). Leaf chlorosis was observed after 5–10 days of phytohormone application. Leaves treated separately with MeJA and SA turned light yellow with a concomitant increase in coumestrol content. MeJA and SA, when combined, had an additive or synergistic effect on leaf color and coumestrol content as indicated by the significant increase in coumestrol contents compared to water, or MeJA and SA alone. The ethylene releasing compound, Ethephon, had an even stronger and highly significant effect than the other phytohormones. Leaves treated with ethephon alone or combined with MeJA started to turn yellow after 5 days of treatment and resulted in a significantly higher accumulation of coumestrol. Ethephon and MeJA had an additive or synergistic effect on the coumestrol content after 10 days of treatment.
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FIGURE 4. Effects of various phytohormones on soybean leaves and endogenous coumestrol content. Leaf chlorosis was observed after 5–10 days of phytohormone application and the graph at the right side shows concomitant increase in coumestrol contents after phytohormone application at different days.




Coumestrol Biosynthetic Genes Are Affected by Exogenous Hormonal Application

Next, we checked the expression levels of genes involved in coumestrol biosynthesis (Figure 5) following the application of various hormones alone or in combination as described above. Two genes, CYP81E28 (Gm08G089500) and CYP81E22 (Gm16G149300), are known to be involved in the hydroxylation of daidzein during coumestrol biosynthesis (Reinprecht et al., 2017). Overall, we did not find any statistical difference between the expression of CYP81E28 in plants treated with any of the phytohormone alone or in combination after 3, 5, or 10 days. However, compared to the control plants treated with water only, a significant increase in expression was recorded after 5 and 10 days of SA application and 3 days of MeJA + Ethephon (Figure 5A). Generally, the phytohormones increased the expression of CYP81E22 after 3, 5, and 10 days of phytohormone application compared to the control plants treated with water only (Figure 5B). More specifically, no significant difference was observed in the expression of CYP81E22 after 3, 5, or 10 days of SA application. Ethephon treatment significantly increased the expression of CYP81E22 after 5 days whereas, a significantly higher expression was recorded when it was applied along with MeJA (Figure 5B). The genes GmIFS1 and GmIFS2 function upstream of coumestrol biosynthesis and are involved in converting liquiritigenin to daidzein (Sohn et al., 2021). When compared to the control plants, we found a significant increase in the expression of GmIFS1 after phytohormone application. MeJA induced a significantly high expression of GmIFS1 after 10 days of application (Figure 5C). However, changes in the expression of GmIFS2 were largely non-significant following phytohormone treatment. However, the highest significant expression was recorded after 3 days of the combined treatment of MeJA and ethephon (Figure 5D). The highest change in expression after phytohormone treatment was recorded for GmCYP93A1, which is involved in the final step of coumestrol biosynthesis. All the phytohormones significantly increased the expression compared to the control plants treated with water only. A significant increase in expression after 3, 5, and 10 days was recorded following MeJA treatment. The highest GmCYP93A1 expression was recorded after 3 days of ethephon treatment, which increased by twofolds when ethephon was applied along with MeJA (Figure 5E).
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FIGURE 5. Real-time PCR analysis. Expression analysis of the coumestrol biosynthesis pathway genes. Five genes, (A) GmCYP81E28, (B) GmCYP81E22, (C) GmIFS1, (D) GmIFS2, (E) GmCYP93A1 were checked. All data points represent the mean of three replicates. Error bars indicate standard error. Asterisks (*) indicate a significant difference between the means of the treatments and the corresponding control (water). Means with significant differences were separated using the Student’s T-test at 0.05% level of significance.




DISCUSSION

Soybean is one of the main crops consumed by humans because of its nutritional value. Recently, secondary metabolites of soybean, such as flavonoids and phenolics, have been studied to a great extent due to their beneficial effects on human health. Yuk et al. (2011b) described the α-glucosidase inhibition activity of soybean leaf extracts. They found that coumestrol was the most abundant polyphenol, indicating the importance of coumestrol and other coumestans in the armada of secondary soybean metabolites. This study further highlights the role of coumestans, especially coumestrol in soybean senescence. The results of this study, were summarized diagrammatically in Figure 6. A diverse array of secondary metabolites is produced in soybean leaves. The production of secondary metabolites in plants is influenced by environmental conditions. Various phytohormonal signaling pathways regulate plant responses to environmental changes (Wani et al., 2016). Leaf mutuality or senescence is tightly linked to phytohormones, such as ethylene, jasmonates, SA, and cytokinins. Thus, this research aimed to investigate the correlation between senescence and coumestrol content, and their relationship with various phytohormones. Our initial investigations describe the significance of three coumestans in soybean senescence. These different coumestans are isotrifoliol, coumestrol, and phaseol and were detected only in mature leaves at the R7 growth stage. This was in sharp contrast to at least eight other chemical compounds, including flavonoid glycosides, detected only in the fresh V1-stage leaves (Figure 1). Groenbaek et al. (2019) reported a gradual but significant decrease in the flavonoid glycoside groups as plants age. They function to protect the young leaves from solar radiation damage with no significant contribution in leaf color changes in rapeseed (Brassica napus). However, glycosyloxy-isoflavone groups, such as daidzein, and genistin quantities increase during senescence (Groenbaek et al., 2019). These compounds function in the same pathway for the production of leguminous isoflavonoids (Shimamura et al., 2007). Next, this study describes the involvement of two proteinsin the regulation of secondary metabolites. These two proteins encode the enzymes; glutamine synthetase, 3,9 -dihydroxypterocarpan 6A-monooxygenase, and isoflavone reductase homolog 2. Interestingly, these proteins were significantly more abundant in mature leaves than young leaves, highlighting the variations in leaf chemistry during senescence. The 3,9 -dihydroxypterocarpan 6A-monooxygenase encoded by CYP93A1 is an enzyme involved in the final step of coumestrol biosynthesis. The application of phytohormones significantly increased the transcript accumulation of CYP93A1 in soybean leaves with a concomitant yellowing of leaves. This indicates a key role of coumestrol in transcriptional programming, phytohormonal regulation, and changes in leaf chemistry during senescence. However, it is important to mention that the molecular weight of spot 5 CYP93A1 did not match well with its theoretical Pi/MW. The molecular weight was 17 kDa. Whereas the theoretical weight is around 57 kDa. Interestingly, the molecular weight was close to the theoretical MW weight of SPOT 15 which was found as an unknown protein and it may possibly be partial CYP93A1 protein. On the other hand, the Pi and MW of IFR2 protein at (Spot 13) matched well with its theoretical Pi and MW (theoretical pI/Mw = 5.60/33,939.58). The role of coumestrol in leaf senescence was further confirmed by exogenous application of coumestrol to fresh soybean leaves that turned yellow (just like naturally mature/senescent leaves) after application of just 5-ppm coumestrol, which interestingly is itself a yellow-colored chemical. The surprising development of roots from the base of the petiole after the application of coumestrol to the leaves was unexpected and unclear. However, it indicates the involvement of coumestrol in root induction, though it needs further investigations. The involvement of coumestrol in root development and other root-related phenomena has been reported earlier. Lozovaya et al. (2004) reported the accumulation of various isoflavones (including diadzine, and genistin), and isoflavonoid phytoalexins, including coumestrol in soybean hairy roots following F. solani f. sp. glycines infection, indicating its role in disease response. Additionally, Lee et al. (2012) reported the accumulation of coumestrol in root nodules. Moreover, recently Xu et al. (2021) reported the reduction of root nodulation and rhizobial infection upon exogenous. Future investigations into the role of coumestrol in senescence, root development, and disease resistance can provide new insights into the roles of this important secondary metabolite.
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FIGURE 6. Schematic diagram showing the role of coumestans in soybean senescence. Significantly higher accumulation proteins involved in regulating secondary metabolites, such as glutamine synthetase, 3,9 -dihydroxypterocarpan-6A-monooxygenase, and isoflavone reductase homolog 2 were detected in mature soybean leaves (R7 stage). The 3,9 -dihydroxypterocarpan 6A-monooxygenase encoded by CYP93A1, is an enzyme involved in the final step of coumestrol biosynthesis. The application of phytohormones alone and in different combinations significantly increased the expression of CYP93A1. External application of 5 ppm coumestrol induced senescence in soybean leaves characterized by yellowing of the leaves.
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Wider pea (Pisum sativum L.) cultivation has great interest for European agriculture, owing to its favorable environmental impact and provision of high-protein feedstuff. This work aimed to investigate the extent of genotype × environment interaction (GEI), genetically based trade-offs and polygenic control for crude protein content and grain yield of pea targeted to Italian environments, and to assess the efficiency of genomic selection (GS) as an alternative to phenotypic selection (PS) to increase protein yield per unit area. Some 306 genotypes belonging to three connected recombinant inbred line (RIL) populations derived from paired crosses between elite cultivars were genotyped through genotyping-by-sequencing and phenotyped for grain yield and protein content on a dry matter basis in three autumn-sown environments of northern or central Italy. Line variation for mean protein content ranged from 21.7 to 26.6%. Purely genetic effects, compared with GEI effects, were over two-fold larger for protein content, and over 2-fold smaller for grain and protein yield per unit area. Grain yield and protein content exhibited no inverse genetic correlation. A genome-wide association study revealed a definite polygenic control not only for grain yield but also for protein content, with small amounts of trait variation accounted for by individual loci. On average, the GS predictive ability for individual RIL populations based on the rrBLUP model (which was selected out of four tested models) using by turns two environments for selection and one for validation was moderately high for protein content (0.53) and moderate for grain yield (0.40) and protein yield (0.41). These values were about halved for inter-environment, inter-population predictions using one RIL population for model construction to predict data of the other populations. The comparison between GS and PS for protein yield based on predicted gains per unit time and similar evaluation costs indicated an advantage of GS for model construction including the target RIL population and, in case of multi-year PS, even for model training based on data of a non-target population. In conclusion, protein content is less challenging than grain yield for phenotypic or genome-enabled improvement, and GS is promising for the simultaneous improvement of both traits.

Keywords: crop quality, crude protein yield, genetic variation, genomic selection, genotype × environment interaction, grain yield, inter-population prediction, Pisum sativum


INTRODUCTION

Greater cultivation of grain and forage legumes is a priority for European agriculture to enhance its sustainability while reducing its huge deficit for high-protein feedstuff (Pilorgé and Muel, 2016). The positive impact of legume cultivation concerns energy and resource use efficiency, greenhouse gas emissions, nitrogen biogeochemical fluxes, and agricultural biodiversity (Nemecek et al., 2008; Billen et al., 2014; Foyer et al., 2016). Grain legume cultivation has been promoted by the European Common Agricultural Policy through various supporting measures, but its expansion is hindered by substantial yield and profitability gap with respect to major cereal crops (Schreuder and De Visser, 2014).

Field pea (Pisum sativum L.), compared with other cool-season grain legumes, tended to display greater yield potential in Western (Carrouée et al., 2003) and Southern Europe (Annicchiarico, 2008) and moderately good rate of genetic yield progress (Annicchiarico, 2017). However, the grain protein content of commercial cultivars is only moderate (usually in the range 22–26% on a dry-matter basis), and increased protein content represents a major breeding objective (Duc et al., 2015). The reported range of variation for crude protein content among relatively large sets of breeding lines or modern cultivars was fairly inconsistent. It was around 3.5% in Tar’an et al. (2004) and Burstin et al. (2007), 8% in Cousin et al. (1985), and close to 10% in Jha et al. (2015) and Ferrari et al. (2016). The range exceeded 10% in a recombinant inbred line (RIL) population issued by parents with contrasting protein content (Irzykowska and Wolko, 2004) and a world collection of ecotypes and old cultivars (Annicchiarico et al., 2017), while exceeding 16% in germplasm accessions from regional or global collections (Blixt, 1978) and material encompassing modern lines and wild relatives (Tzitzikas et al., 2006).

Genotype × environment interaction (GEI) effects for grain protein content have not been thoroughly investigated. They were modest and/or nonsignificant in Matthews and Arthur (1985) and in Krajewski et al. (2012), while being significant but with no estimation of their size (e.g., in terms of variance component relative to purely genetic effects or genetic correlation across test environments) in Burstin et al. (2007). In contrast, outstanding GEI was repeatedly observed for grain yield, particularly across environments of southern Europe (Annicchiarico and Iannucci, 2008; Iglesias-García et al., 2017; Pecetti et al., 2019), where it was more affected by year-to-year climatic variation than by geographical distance (e.g., within the Italian target region).

Since the selection for higher grain protein content is likely to be performed concurrently with selection for higher crop yield, the genetic correlation between these characters has crucial importance for pea breeding. However, earlier studies assessed only phenotypic correlations, and their indications were inconsistent. An inverse correlation around 0.4 was found by Tar’an et al. (2004) and by Krajewski et al. (2012), whereas no correlation was reported by Cousin et al. (1985) and Bărbieru (2021). In a large study by Klein et al. (2020), the phenotypic correlation between grain protein content and seed weight per plant was slightly negative overall (r = −0.11) but varied largely across populations and environments.

Several molecular studies reported quantitative trait loci (QTL) for pea grain protein content (Irzykowska and Wolko, 2004; Tar’an et al., 2004; Burstin et al., 2007; Bourion et al., 2010; Krajewski et al., 2012; Klein et al., 2014, 2020; Jha et al., 2015; Gali et al., 2018, 2019). Their results indicated modest trait variation accounted for by the vast majority of individual QTL, as well as fairly widespread inconsistency of QTL across test environments. The only moderate number of markers these studies were based upon (ranging from 106 to 680) limited a thorough investigation of QTL and trait genetic architecture. However, the polygenic control that they suggested challenged the adoption of marker-assisted selection (MAS) for protein content. Genomic selection (GS), by which breeding values for polygenic traits are predicted by a statistical model constructed from genome-wide marker information (Meuwissen et al., 2001), can be more convenient than MAS in this situation (Bernardo and Yu, 2007). However, this selection strategy requires the availability of high numbers of molecular markers spread across the genome, as made possible for a reasonably low cost by a high-throughput genotyping technique such as genotyping-by-sequencing (GBS; Elshire et al., 2011). In addition, high marker number increases the ability of genome-wide association studies (GWAS) to unveil the trait genetic architecture and to identify relevant genomic regions, especially for species with a sequenced genome such as pea (Kreplak et al., 2019). Genome-enabled predictions proved sufficiently accurate to encourage GS as a partial substitute for PS for pea grain yield under moisture-favorable (Annicchiarico et al., 2019) and severely drought-prone regions (Annicchiarico et al., 2020), but no report is available on its potential value for improving pea protein content or pea protein yield per unit area.

An earlier study by Annicchiarico et al. (2019) reported on GEI extent across Italian environments, genome-enabled predictions and GS predicted efficiency relative to phenotypic selection (PS) for grain yield of pea breeding lines belonging to three RIL populations issued by connected crosses between elite parent cultivars. That work assessed not only intra-population genome-based predictions (where GS model training includes the RIL population targeted by selection) but also inter-population predictions (where other non-target, connected RIL populations were used for GS model training). This study, based on the same plant material and testing environments, added to results by Annicchiarico et al. (2019) with the aim of assessing (a) the extent of GEI for grain crude protein content, (b) the genetic correlation between grain yield and protein content, (c) the extent of polygenic control for protein content and grain yield and major relevant genomic areas for these traits as suggested by GWAS, and (d) the predictive ability of GS for improving crude protein yield and its predicted efficiency relative to PS, envisaging both intra-population and inter-population prediction scenarios.



MATERIALS AND METHODS


Plant Material

This study encompassed the same plant material and test environments described in Annicchiarico et al. (2019) for the phenotyping of grain yield responses. In brief, it included 306 genotypes belonging to three RIL populations issued from connected crosses between three cultivars, i.e., the European cultivars Attika and Isard, and the Australian cultivar Kaspa, which featured high and stable grain yield across Italian climatically contrasting environments in a previous assessment of a large number of modern cultivars (Annicchiarico, 2005; Annicchiarico and Iannucci, 2008). In particular, the number of lines per cross was 102 for Attika × Isard (hereafter A × I), 100 for Kaspa × Attika (K × A), and 104 for Kaspa × Isard (K × I). Samples of DNA for genotyping were extracted from four F6 plants per line grown in a non-heated glasshouse, while phenotyping was carried out on individuals obtained after one additional generation of multiplication. Phenotyping experiments also included the parental cultivars and the cultivar Spacial, which was used as a control cultivar because of its high yielding ability across Italian environments (Pecetti et al., 2019).



Phenotyping

The set of 310 genotypes was autumn-sown in three rain-fed test environments identified hereafter by the combination of location and growing season as Lodi 2013–2014, Lodi 2014–2015 and Perugia 2013–2014. Lodi (45°19′N, 9°30′E) is located in northern Italy and is characterized by a subcontinental climate, whereas Perugia (43°06′N, 12°23′E) features the cool Mediterranean climate typical of central Italy and inland southern Italy (Supplementary Table 1). One test site (Lodi) included two cropping years, to widen the assessment of GEI, which, for pea in Italian environments, is mainly affected by year-to-year variation (Annicchiarico and Iannucci, 2008; Pecetti et al., 2019). Crop management contributed to widening the environment variation, since Lodi 2013–2014 and Perugia 2013–2014 underwent an organic management, whereas Lodi 2014–2015 was managed conventionally. Each experiment was designed as a randomized complete block with three replicates. Additional details regarding plot size, experiment set up and management, and grain yield assessment can be found in Annicchiarico et al. (2019). Grain protein content was determined through near-infrared spectroscopy (NIRS). Before analysis, a random sample of 100 g of dry seeds for each plot was ground by a cutting mill (Pulverisette 19, Fritsch GmbH, Germany) equipped with a sieve of 1 mm mesh. Flour samples were analyzed in the 1,000–2,500 spectral range by employing a Nirflex 500 spectrometer (Büchi, Italy). An ad-hoc calibration using PLS Toolbox 8.9 (Eigenvector Research Inc.) was developed using the protein content of 262 flour samples determined via chemical analysis as reference measurements. These samples were selected from the whole experimental set according to a Kennard Stone multivariate design, while selecting 40 additional independent samples for validation. For chemical analysis, flour samples were further ground by a MM 400 mixer mill (Retsch Gmbh & Co., Germany), and total N was determined in duplicate by dry combustion (Dumas method) using a ThermoQuest NA1500 elemental analyzer (Carlo Erba, Milano, Italy) and atropine as a standard. A multivariate filtering (external parameter orthogonalization) was applied as pre-processing to the spectra to reduce the bias between years and locations. The developed calibration model for the prediction of N content showed a standard error of prediction (SEP) of 0.16 g N/100 g (R2 = 0.94) that was comparable with the chemical analysis error of 0.15 g N/100 g. Seed protein content was calculated by multiplying the NIRS-estimated N content by 6.25. Dry-weight crude protein yield per unit area was computed on a plot basis by multiplying dry grain yield by grain protein content plot values.



Statistical Analysis of Phenotypic Data

The following analyses concerned grain crude protein content, grain yield, and crude protein yield per unit area of the lines belonging to the RIL populations. An analysis of variance (ANOVA) including the random factors genotype and block was performed for each RIL population in each environment to assess the significance of the within-population variation and its extent as genetic coefficient of variation computed as:
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where SG is the square root of the genotype component of variance ([image: image]), and m is the trait mean value. Here and in the following analyses, variance components were estimated by a restricted maximum likelihood method. An ANOVA including the fixed factor environment and the random factors genotype and block within environment aimed to test the significance of environmental, genotypic, and GEI effects, using the same model to estimate variance components relative to genotype ([image: image]) and GEI ([image: image]). A further ANOVA included the fixed factor environment and the random factors RIL population, genotype within RIL population, and block within environment, according to the following model:
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where Ykijr is the observed response of the genotype i belonging to the RIL population k in the block r of the environment j, m is the grand mean, and Rk, Gi, Ej, and Br correspond to RIL population, genotype, environment and block effects, respectively. This ANOVA model aimed to test the significance of relevant effects and to estimate variance components relative to RIL population ([image: image]), genotype within population ([image: image]), RIL population × environment interaction ([image: image]), and genotype within population × environment interaction ([image: image]). RIL populations were compared for mean trait value in each environment by an ANOVA including population as fixed factor and genotype within population and block as random factors. The extent of GEI across pairs of environments represented by (a) different growing seasons in the same environment (2013–2014 and 2014–2015 in Lodi) or (b) different locations in the same cropping season (Lodi and Perugia in 2013–2014) was assessed in terms of genetic correlation for genotype response according to the formula (Basford et al., 2004):
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where r is the phenotypic correlation for genotype values across the relevant pairs of environments, and H1 and H2 are the square root of the broad-sense heritability (H2) calculated on a genotype mean basis in each environment from variance components for genotype ([image: image]) and experimental error ([image: image]) and n experiment replications as:
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Broad-sense heritability values were also used to calculate best linear unbiased predictions (BLUP) values according to DeLacy et al. (1996) that served as phenotypic data for GS and GWAS analyses. The genetic correlation between grain yield and grain protein content was estimated for each environment according to Piepho and Mohring (2011). We assessed the impact on protein yield of each of its component traits (grain yield and grain protein content) in each environment by Pearson’s phenotypic correlation.

An ANOVA limited to the parent cultivars and the reference cultivar Spacial that held genotype as fixed factor and block as random factor was performed for each environment to compare the four cultivars. An additional ANOVA including all genotypes (lines and cultivars) that held genotype and environment as fixed factors and block as random factor was carried out to assess the number of inbred lines that outyielded the control variety Spacial and the top-performing parent cultivar for the trait of greatest practical interest, namely protein yield per unit area.

All statistical analyses were carried out using SAS/STAT® or R studio software.



DNA Isolation, GBS Library Construction, and Sequencing

Information on DNA isolation and GBS can be found in Annicchiarico et al. (2017). Raw reads for library construction were demultiplexed using axe demultiplexer (Murray and Borevitz, 2018). Trimming for restriction enzyme remnants, alignment on reference genome and SNP calling were performed using the dDocent pipeline (Puritz et al., 2014), employing the Pisum sativum L. reference genome version 1a (Kreplak et al., 2019)1. The SNP calling procedure differed from that used in the earlier study for grain yield, where it relied on a mock genome (Annicchiarico et al., 2019). The final genotype matrix, in the form of a vcf file, was filtered for quality using the vcftool software (Danecek et al., 2011) with parameters –minQ 30 –max-non-ref-af 1 –non-ref-af 0.001. The resulting data set was filtered for increasing levels of allowed missing values, excluding markers showing a missing rate across genotypes greater than a fixed threshold of 5, 10, 15, 20, and 30%. Markers that were monomorphic or with minor allele frequency < 5% were removed. After marker filtering, samples were also filtered for growing missing rate levels, represented by thresholds of 10, 25, and 50%. Following Nazzicari et al. (2016), we estimated missing data by Random Forest imputation through the R package MissForest (Stekhoven and Bühlmann, 2012) with the configuration ntree = 100, maxiter = 10, defining genotypes as categorical data (factors).



Genomic Regression Models and Data Configurations

We assessed the intra-population, inter-environment prediction scenario by performing model training on genotype values of 90% of the lines averaged across two environments and validation on the remaining 10% of lines in the third environment with 10 repetitions of this 10-fold stratified cross-validation scheme, using by turns all possible combinations of training and validation environments. Each training and validation set contained an equal proportion of lines from each of the three RIL populations. Predictive ability (computed as Pearson’s correlation between the observed phenotypic values and those predicted by GS) was assessed separately for each RIL population, to avoid bias due to different population means. Results were averaged across repetitions, sets of training environments and RIL populations. This analysis was initially exploited to define the optimal thresholds of missing data per marker (mpm) and missing data per sample (mps) by employing the Ridge regression BLUP (rrBLUP) model (Meuwissen et al., 2001), which combined high computation ability with good prediction ability in early studies (Annicchiarico et al., 2019, 2020). We envisaged intra-population, inter-environment predictions according to four possible GS models, namely, rrBLUP, Bayesian C, Bayesian A, and Bayesian Lasso (Meuwissen et al., 2001; Park and Casella, 2008). The rrBLUP model assumes that marker effects have a common variance, which makes it more suitable for traits controlled by a large number of QTL with a small effect, whereas Bayesian models assume relatively few markers with large effects and allow, therefore, markers to have different effects and variances (Wang et al., 2018). Because of its good predictive ability, rrBLUP was selected for assessing inter-population, inter-environment predictions. In this case, model training was performed on data averaged across two environments of a single RIL population, assessing the predictive ability on data of each of the other two RIL populations in the remaining environment. All populations and pairs of environments were used by turns for model training, averaging the results across training sets. Regression models, cross-validation, and predictive ability estimations were all computed through the R package GROAN (Nazzicari and Biscarini, 2017).



Comparison of Genomic vs. Phenotypic Selection

The correlation of phenotypic data in one (validation) environment with either phenotypic data averaged across the other two (selection) environments or GS-based breeding values obtained from GS model training based on the same data, averaging the results across all possible environment combinations and RIL populations, provided a preliminary assessment of phenotypic vs. genomic predictions. This comparison aimed to assess the possible loss (or gain) of predictive ability derived from GS modelling of phenotypic data relative to that of phenotypic data themselves. In this case, all the genotypes were used for GS model construction.

A comparison of GS vs. PS in terms of selection efficiency for future selection activities taking account of possible differences in selection cycle duration and selection costs was carried out for crude protein yield per unit area, considered as the trait of greatest practical interest. As in earlier analyses, GS hypothesized two training environments (as reasonable in the presence of sizeable GEI) and one validation environment with all environments acting by turns as training or validation, envisaging the two scenarios of intra-population, inter-environment prediction and inter-population, inter-environment prediction. Predictive ability (rab) values averaged across RIL populations and all possible sets of training environments were used to estimate GS model accuracy (rAc) values according to Lorenz et al. (2011) as: rAc = rab/H, where H is the square root of the broad-sense heritability on a genotype mean basis in the validation environment estimated as described earlier. The mean value of rAc across RIL populations and validation cycles was imputed in the following formula for estimation of the expected genetic gain per selection cycle from GS (Heffner et al., 2010):
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where iG = standardized selection differential for GS, and sA = standard deviation of breeding values. We computed the expected genetic gain per year as:
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where tG = duration in years of one GS cycle, which was set to 0.5 under the hypothesis of two possible selection cycles per year for GS (one off-season and one ordinary).

The expected genetic gain per year from PS is (Falconer, 1989):
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where iP = standardized selection differential for PS, tP = duration in years of one PS cycle, and H = square root of the broad-sense heritability on a genotype mean basis across the experiments hypothesized for selection, and sA corresponding to previous notation. We hypothesized two selection experiments, each with three replications, accommodated either at two sites in the same year (implying tP = 1) or in two years at the same or different sites (implying tP = 2). For each RIL population, we estimated the broad-sense heritability on a genotype mean basis across each of the three possible pairs of selection environments through the formula:
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where [image: image], [image: image]and [image: image] are the genotypic, GEI and pooled experiment error components of variance, respectively, and e and n are numbers of environments and experiment replications, respectively.

From the formulae above, a comparison of GS vs. PS in terms of predicted genetic gain per year for same overall costs equates to comparing (iG rAc/tG) vs. (iP H/tP), considering the impact on iG and iP values of different evaluation cost per genotype of GS and PS. These costs were estimated equal to € 220 for both the outlined PS scenarios, while amounting to approximately € 60 for GS. The hypothetical availability of a fixed budget would imply the possibility to evaluate 3.7 times more genotypes by GS relative to PS. For a large number of lines, the ratio of iG to iP would be (2.309/1.755) = 1.316 for a selected fraction of 2.7% for GS and 10% for PS, and (2.023/1.400) = 1.445 for selected fractions of 5.5% for GS and 20% for PS (Falconer, 1989). We decided to adopt an intermediate ratio, namely, [image: image] = 1.381 [image: image].



Genome-Wide Association Study

For grain yield and protein content we performed a GWAS using the R package statgenGWAS (Van Rossum and Kruijer, 2020). The genotype matrix was used to compute a square kinship matrix (Astle and Balding, 2009), which was employed as covariance matrix in a Generalized Least Squares model to estimate the marker effects and the corresponding values of p. The first 10 components of a principal component analysis were included in the GWAS, to account for population structure. The visual inspection of quantile-quantile plots comparing the distribution of trait-marker association scores with a normal distribution expected in case of no significant association (Supplementary Figure 2) confirmed for both traits a convenient accounting of population structure. Together with the values of p, we computed the percentage of explained phenotypic variance for each marker (Shim et al., 2015). We envisaged two methods to assess the statistical significance at p < 0.05 of trait-marker associations, namely: (a) the Bonferroni correction method, which is known to be overly conservative (Storey and Tibshirani, 2003; Kaler and Purcell, 2019); and (b) the False Discovery Rate (Benjamini and Hochberg, 1995), which can provide a more balanced control of the combination of Type I and Type II error rates (Brzyski et al., 2017; Kaler and Purcell, 2019). When the False Discovery Rate threshold was undefined, we investigated the top-performing markers under the caveat of weaker evidence. For significant markers, we computed linkage disequilibrium (LD) in the form of allelic correlation R2. Pairs of markers showing an R2 larger than 0.8 were considered as belonging to the same genetic locus.




RESULTS


Phenotypic Variation, Genotype × Environment Interaction and Trait Interrelationships

Grain yield results given in Annicchiarico et al. (2019) are reported again in this study as a reference and to highlight major differences between grain yield and protein content for phenotypic variation patterns or ability of genome-enabled models to predict phenotypic variation. On average, the organically-managed environment of Lodi 2013–2014 featured higher grain yield, grain protein content and protein yield per unit area than the conventionally-managed environment of Lodi 2014–2015 (Table 1), along with more favorable climatic conditions as provided by a milder and wetter winter (Supplementary Table 1). Perugia showed intermediate grain protein content, but lowest protein yield caused by definitely lower grain yield than the other environments (Table 1). Its grain yield response, which could not be related to unfavorable climatic conditions (Supplementary Table 1), was probably due to strong weed competition (Annicchiarico et al., 2019).



TABLE 1. Trait mean value in three test environments of 306 pea inbred lines belonging to three connected RIL populations.
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The range of variation for mean values of the 306 inbred lines across environments was 21.7–26.6% for protein content, 1.79–7.77 t/ha for grain yield, and 0.46–1.95 t/ha for protein yield. Various lines outperformed the parent cultivars with the highest trait value for grain yield or grain protein content (for which the top-performing line was Kaspa with 25.5% mean protein content: Supplementary Table 2). The set of inbred lines included highly valuable germplasm for protein yield not only with respect to the parent lines but also compared with the elite commercial variety Spacial. Indeed, six inbred lines outperformed Spacial, and nine outperformed the top-performing parent cultivar (Isard), based on mean comparisons at p < 0.05 for protein yield over environments.

The differences among RIL populations for grain protein content in each environment were moderate and mostly not significant (Table 2). There were environment-specific differences among populations for protein yield that reflected those for grain yield, leading for example the population K × A to be lower yielding than K × I for grain and protein yield in Perugia 2013–2014 and Lodi 2014–2015 while performing comparably in Lodi 2013–2014. The ANOVAs indicated the occurrence of differences in RIL population mean value for most traits and environments (Table 2), as well as RIL population × environment interaction for all traits (p < 0.01; Table 3). The trend of the RIL population K × I towards top-performing response for grain yield and protein content across environments (Table 2) agreed with the trend of its parental lines Kaspa and Isard towards greater grain yield than the third parent line (Attika) and with the greater protein content of Kaspa relative to the other parent lines (Supplementary Table 2).



TABLE 2. Mean value and genetic coefficient of variation of three traits measured in three test environments on pea lines of three RIL populations derived from connected crosses (A × I, 102 lines; K × A, 100 lines; K × I, 104 lines).
[image: Table2]



TABLE 3. Components of variance relative to genotype ([image: image]), genotype × environment interaction ([image: image]), RIL population ([image: image]), genotype within RIL population ([image: image]), RIL population × environment interaction ([image: image]), and genotype within RIL population × environment interaction ([image: image]) for three traits in three test environments of 306 pea lines belonging to three connected RIL populations.
[image: Table3]

Genetic coefficients of variation (CVg) reported in Table 2 provided information on within-population genetic variability. Significant variation was found for all traits in each environment. CVg values were definitely smaller for grain protein content than for grain or protein yield, with the latter two traits displaying similar values for specific RIL population-environment combinations (Table 2). As reported in Annicchiarico et al. (2019), the greater within-population variation for grain and protein yield observed in Lodi 2014–2015 was due to variation in winter survival, which was enhanced in this environment by lower winter temperatures relative to the other environments (Supplementary Table 1). The assessment of variance components for pooled genotypes of the RIL populations revealed over two-fold larger purely genetic effects ([image: image] relative to GEI effects ([image: image]) for grain protein content, in contrast with the over two-fold larger GEI effects relative to purely genetic effects that was observed for grain and protein yield (Table 3). The estimation of variance components by the ANOVA model including also the RIL population factor highlighted for all traits the occurrence of much greater within-population than among-population genetic variation across environments, whereas GEI was somewhat more affected by RIL population × environment interaction than by genotype within population × environment interaction (Table 3). Genetic correlations for line values of grain and protein yield across environments indicated much lower correlation, hence much greater GEI, across cropping years in Lodi than across locations in 2013–2014 (Table 4), thereby confirming the greater extent of genotype × year interaction over genotype × location interaction in this target region. GEI patterns for line values of grain yield were thoroughly investigated in an earlier study (Annicchiarico et al., 2019). Albeit statistically significant, GEI effects for grain protein content did not imply marked inconsistency of genotype responses across years or locations on the ground of the fairly high genetic correlation values (rg ≥ 0.73; Table 4). The joint effect of genotypic and GEI variation led to much greater broad-sense heritability on a genotype mean basis, averaged over environments and RIL populations, for grain protein content (H2 = 0.82) than for grain and protein yield (H2 = 0.52 and H2 = 0.54, respectively).



TABLE 4. Significance of genotype × environment interaction (GEI p value) and genetic correlation for line values across pairs of test environments (rg) for traits of 306 pea lines belonging to three connected RIL populations.
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Grain yield and protein content exhibited a slightly positive genetic correlation in all environments, which reached p < 0.05 significance only in Lodi 2014–2015 (Table 5). Line protein yield was overwhelmingly affected by grain yield, on the ground of phenotypic correlations of protein yield with its two component traits (Table 5).



TABLE 5. Genetic correlation between grain yield (GY) and grain protein content (GPC), and phenotypic correlation between protein yield per unit area (PY) and its two component traits (GY and GPC), for 306 pea lines belonging to three connected RIL populations.
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Assessment of Genomic Selection Models and Intra- and Inter-population Genomic Predictions

Next generation sequencing produced, on average, 551,210 reads per sample. The number of polymorphic SNP markers was severely affected by the allowed mpm and mps values (Supplementary Table 3). The first GS scenario, represented by intra-population, inter-environment prediction, was employed to determine the most convenient model and model configuration to adopt for both prediction scenarios. Thresholds of mpm below 0.05 always implied too few polymorphic markers (<500; Supplementary Table 3). Therefore, we tested models with mpm values in the range 0.05–0.30 combined with mps thresholds between 0.10 and 0.50, which produced a number of polymorphic SNPs ranging from 2,297 to 30,464 (Supplementary Table 3). Just slight differences in predictive ability were reported for the three traits for these combinations of mpm and mps, observing a consistent trend across environments towards lower GS predictive ability only for the combination of mps = 0.1 and mpm = 0.3 for grain protein content (Supplementary Figure 1). We selected for subsequent analyses the thresholds mpm = 0.2 and mps = 0.25, which ensured a good compromise between model predictive ability and number of samples in the dataset (Supplementary Figure 1 and Supplementary Table 3).

The four GS models tended to perform very similarly for intra-population, inter-environment predictive ability of the target traits averaged across validation environments and RIL populations, albeit with a very slight overall advantage of rrBLUP, which was selected for subsequent analyses (Table 6). Mean predictive ability in this scenario (which assumed two environments for model construction) was moderately high for protein content (r = 0.53), and moderate for grain and protein yield (r = 0.40 and r = 0.41, respectively; Table 6). Intra-population, inter-environment predictions for the single validation environments did not differ markedly depending on the pair of GS model training environments (Table 7). They indicated somewhat greater difficulty of predicting grain and protein yield in Perugia by GS model training based on data of two cropping seasons in Lodi, as well as somewhat greater difficulty of predicting grain protein content in Lodi 2014–2015 based on model training in the other two environments (Table 7).



TABLE 6. Predictive ability for three traits of four genomic selection models in the intra-population, inter-environment scenario obtained by using two environments for model training and one for validation.
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TABLE 7. Intra-population and inter-population inter-environment predictive ability for three pea traits obtained by Ridge regression BLUP modelling using two environments for model training and one for validation and, for inter-population predictions, one RIL population for model training aimed to predictions for the other populations.
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Adopting inter-population instead of intra-population, inter-environment predictions implied an average decrease of predictive ability around 50% for all traits (Table 7). Model training on A × I led to distinctly inferior predictions for grain and protein yield (Table 7). Inter-population predictions for grain protein content were not only higher on average, but also less affected by the choice of the RIL population for GS model training compared with those for the other two traits (Table 7).



Comparison of Genomic vs. Phenotypic Selection

Based on correlation results in Table 8, the ability of line phenotypic data averaged across two environments to predict line phenotypic data in a third environment was similar to that of GS-modeled data trained in two environments for prediction in a third environment. In particular, a modest advantage was displayed by phenotypic data for protein content and by GS-modeled data for grain and protein yield.

The predicted efficiency of GS relative to PS was heavily influenced by the GS prediction scenario (intra- or inter-population inter-environment prediction) and by the assumed type and cycle duration of PS (selection performed in two locations during the same year, or in the same or a different location across 2 years). The predicted advantage of GS relative to PS was particularly high (over 4-fold efficiency) when assuming intra-population prediction and a two-year PS cycle, was about nil when assuming inter-population predictions and a one-year PS cycle, and was sizeable (over two-fold efficiency) in the other cases (Table 9).



TABLE 8. Correlation of phenotypic data or genomic selection (GS)-modelled data based on two test environments with data in a third (validation) environment, averaging results for all pairs test environments.
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TABLE 9. Ratio of genomic selection (GS) to phenotypic selection (PS) efficiency for protein yield based on predicted genetic gains per unit time for similar evaluation costs assuming two environments for PS and for generation of phenotyping data for intra-population and inter-population GS scenarios.
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Genome-Wide Association Study

The results of the GWAS performed on stratified data of the three RIL populations for grain yield and protein content are summarized by the Manhattan plots in Figure 1, which report the association scores of the SNP markers with the two traits along the pea genome. For both traits, the plots indicated many regions in the genome featuring a slight association pattern, as expected for complex polygenic traits. Trait-marker association inspection according to the False Discovery Rate threshold detected no SNP marker significantly associated with grain yield, and three markers placed on chromosome 2 significantly associated with grain protein content (Figure 1; Supplementary Table 4). However, none of these markers achieved the Bonferroni correction threshold of significance (Figure 1). The three markers featuring a possible association with protein content displayed linkage disequilibrium ranging from 0.20 to 0.67, suggesting that the actual number of QTL they refer to may be less than three. The phenotypic variance that they explained ranged from 5.5 to 6.1% (Supplementary Table 4), which further confirmed the definite polygenic control of protein content. The genes of known function immediately proximal to these markers encode a glycosyl hydrolase of family 9 (Psat2g183720) and a cytochrome C signature protein (Psat2g187160).
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FIGURE 1. Manhattan plots showing the association score of SNP markers with grain yield (A) and grain protein content (B) along pea chromosomes in a GWAS based on 306 lines belonging to three connected RIL populations. The dashed line represents the Bonferroni correction threshold, while the solid line represents False Discovery Rate threshold in (A), and the threshold employed to select significantly associated markers in (B).





DISCUSSION

This study, which adds to results for grain yield and other traits of pea genotypes in Italian environments by Annicchiarico et al. (2019), showed that grain protein content is less challenging than grain yield for phenotypic or genome-enabled selection. This conclusion descends from lower influence of GEI (Tables 3 and 4), which simplifies PS and reduces the need for multi-environment phenotyping aimed at GS model training, and greater GS predictive ability of this trait relative to grain yield. Another encouraging result for pea protein content improvement was the absence of genetically-based trade-offs between this trait and grain yield. This result was highlighted by genetic correlations for separate test environments and was confirmed by different genomic regions controlling these traits in the GWAS. As anticipated, the absence of a negative relationship between these traits was suggested by some earlier studies (Cousin et al., 1985; Klein et al., 2020; Bărbieru, 2021), but not by others (Tar’an et al., 2004; Krajewski et al., 2012) based on phenotypic correlations, while no earlier assessment of genetic correlation is apparently available.

The range of phenotypic variation for grain protein content, close to 5%, was intermediate relative to values reported for inbred lines or cultivars in earlier studies (Cousin et al., 1985; Tar’an et al., 2004; Burstin et al., 2007; Jha et al., 2015). It was much lower than that in Ferrari et al. (2016) for material belonging to the same genetic base analyzed in just one test environment, a difference that may partly be explained by the GEI tendency to decrease the range of variation of line values averaged across environments (as in the current study) compared to line variation in individual environments. The current RIL populations, obtained by crosses between elite varieties selected on the ground of grain yield rather than protein content, are likely to be representative of much material generated by ordinary pea breeding programs. This view is supported by the high agronomic value for grain and protein yield exhibited by several breeding lines relative to a locally-elite commercial cultivar such as Spacial. The occurrence of much greater genetic variation within RIL populations than among RIL populations for all target traits according to estimated variance components emphasized the practical importance of within-population selection, as currently focused by GS predictions, to increase the probability to select genotypes featuring rare recombination events among several favorable alleles.

Pea protein yield per unit area, which seemingly is the main target trait for crop use as a high-protein feedstuff, was affected by grain yield to a much greater extent than by grain protein content. Accordingly, the results for protein yield paralleled those for grain yield with respect to genetic variation (both as CVg value and relative extent of inter- and intra-population variation: Tables 2 and 3), GEI extent and pattern (Tables 3 and 4), and quality of genome-enabled predictions (Tables 6 and 7). The indication of greater size of genotype × year interaction compared with genotype × location interaction that emerged for these traits in the target region suffered from the limited number of test years and locations but agreed with grain yield results from two studies based on a larger sample of environments (Annicchiarico and Iannucci, 2008; Pecetti et al., 2019). These reports highlighted the relationship of genotype × year interaction for grain yield with year-to-year variation for extent of low winter temperatures, a relationship that held true also for this data set, as reported in detail in Annicchiarico et al. (2019). This GEI pattern justified the selection for wide adaptation across northern and central Italy that was devised for assessing PS or GS strategies for protein yield and the consideration, in this context, also of a two-year selection scenario for PS beside a one-year scenario. The increasing year-to-year climatic variability occurring in the target region as a consequence of climate change is enhancing the importance of GEI variance components relative the interaction of genotype with year relative to the genotype × location variance component in another autumn-sown rainfed crop such as durum wheat (Annicchiarico, 2020).

GS results were produced by the rrBLUP model, but its predictive ability advantage over three Bayesian models was negligible. Accordingly, only slight differences in predictive ability among most tested genomic prediction models were reported in earlier pea studies for grain yield or other traits (Burstin et al., 2015; Annicchiarico et al., 2017, 2019). The similar correlation with phenotypic data in an independent environment exhibited by GS-modelled data compared to the phenotypic data they were based upon (Table 8) was reported as well in previous studies on pea (Tayeh et al., 2015; Annicchiarico et al., 2019). This result suggests that the disadvantage of partly unaccounted genetic variation by GS models may be counterbalanced by the ability of these models to reduce the noise of phenotypic data.

A major finding of this study is the moderately high genome-enabled intra-population, inter-environment predictive ability for grain protein content (r = 0.53) and the moderate predictive ability for crop protein yield (r = 0.41). The higher predictive ability reported here for grain yield relative to Annicchiarico et al. (2019) was mainly due to the greater number of environments employed in this study for GS model training (two vs. one), without ruling out the effect of the different SNP calling procedure adopted by this study (pea genome-based) relative to the earlier one (mock genome-based). The greater inter-environment predictive ability of protein content relative to grain or protein yield can be attributed to its higher heritability over environments as determined by greater variance of purely genetic effects relative to GEI effects. Two environments (albeit not necessarily in different years) for GS model training, which were deemed necessary because of the possibly large GEI for grain and protein yield, produced GS predictions not only moderately accurate, but also limitedly affected by the specific pair of environments adopted for GS model training. Greater predictive ability for the target traits may have arisen from greater number of test environments used for GS model training. While possibly underestimating the ability of GS modelling to predict trait variation, our assumption of two test environments for model training reflected the need for breeding programs to limit the investment in phenotyping work for a cost-efficient application of GS, also considering that other phenotyping work on different training sets may be needed for GS model definition targeted to completely unrelated breeding populations.

The decrease of genome-enabled predictive ability passing from the intra-population to the inter-population scenario for inter-environment predictions approached 50% for all traits, but its value varied remarkably for grain and protein yield depending on the RIL population used for GS model training. The distinctly inferior ability of A × I when used as a training set to predict grain and protein yield of the other RIL populations agreed with previous results for grain yield under severe drought and for onset of flowering reported for the same materials in an earlier study by Annicchiarico et al. (2017) that showed, in addition, higher number of polymorphic markers shared by K × A and K × I than by each of them and A × I. The poor ability of A × I as a training set for inter-population prediction of production traits may largely be due to the fact that A × I excluded the genome of the Australian cultivar, whose genetic dissimilarity from either European cultivar was definitely greater than that between the two European cultivars according to Nei’s (1972) genetic distance values reported in Annicchiarico et al. (2019). Hence, wider genetic diversity of the founding parents possibly assessed by ad-hoc work prior to selection of RIL populations for GS model training may enhance the predictive ability of a RIL population for other populations having one common parent. Results for grain protein content (where the A × I had intermediate predictive ability for the other RIL populations) indicated, however, that this is not necessarily the case.

The GWAS aimed mainly at deepening our knowledge of the genetic control of pea grain yield and protein content. Incidentally, this analysis allowed for greater statistical power for linkage detection relative to ordinary genetic linkage mapping analysis performed separately for each of the three RIL populations, when comparing the two methods according to Wang and Xu (2019) on the basis of their respective genotype sample sizes and a proportion of phenotypic variation explained by each QTL in the range 1–10% (data not reported). The results of the GWAS confirmed the definite polygenic control of the two traits, thereby supporting the interest of developing GS models for both of them and/or protein yield rather than focusing on the search of associated markers for MAS. Our detection of putative QTL for grain protein content on chromosome 2 agrees with earlier findings from various reports (Burstin et al., 2007; Bourion et al., 2010; Klein et al., 2014; Gali et al., 2018). In particular, Klein et al. (2014) reported three QTL in the same region of chromosome 2 containing the loci detected in this study. The first associated region found on chromosome 2 includes the gene Psat2g185440, identified as a candidate transcription factor for the control of seed vicilin content in pea (Le Signor et al., 2017), as well as the gene Psat2g185800 showing high sequence similarity with three M. truncatula genes (Medtr5g009160, Medtr8g096880, Medtr5g009160) involved in the synthesis of symbiosome membrane components (Santi et al., 2017).

This study provided an unprecedented comparison of GS vs. PS for protein yield improvement in pea. Its results, based on predicted gains per unit time and similar evaluation costs, indicated an advantage of GS when model training included the target RIL population over all PS scenarios, as well as an advantage of GS when model training was based on a RIL population sharing one parent with the target population and PS stretched over two cropping years. Efficiency ratios of GS vs. PS were affected by our estimates of selection costs per trait and/or genotype, which were somewhat higher for GS than those in Annicchiarico et al. (2019). However, our results are encouraging for GS, particularly when GS model training includes material of the RIL population targeted by selection and GS is envisaged as an alternative to multi-year PS. GS model training using a two-year data set can be recommended for Italy because of the GEI size across years for grain yield. A crucial confirmation of the advantage of GS over PS for pea protein yield improvement will be provided by future research work comparing these selection strategies in terms of actual yield gains.
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Inflorescence architecture contributes to essential plant traits. It determines plant shape, contributing to morphological diversity, and also determines the position and number of flowers and fruits produced by the plant, thus influencing seed yield. Most legumes have compound inflorescences, where flowers are produced in secondary inflorescences (I2), formed at the flanks of the main primary inflorescence (I1), in contrast to simple inflorescences of plants like Arabidopsis, in which flowers are directly formed on the I1. The pea VEGETATIVE1/FULc (VEG1) gene, and its homologs in other legumes, specify the formation of the I2 meristem, a function apparently restricted to legumes. To understand the control of I2 development, it is important to identify the genes working downstream of VEG1. In this study, we adopted a novel strategy to identify genes expressed in the I2 meristem, as potential regulatory targets of VEG1. To identify pea I2-meristem genes, we compared the transcriptomes of inflorescence apices from wild-type and mutants affected in I2 development, such as proliferating inflorescence meristems (pim, with more I2 meristems), and veg1 and vegetative2 (both without I2 meristems). Analysis of the differentially expressed genes using Arabidopsis genome databases combined with RT-qPCR expression analysis in pea allowed the selection of genes expressed in the pea inflorescence apex. In situ hybridization of four of these genes showed that all four genes are expressed in the I2 meristem, proving our approach to identify I2-meristem genes was successful. Finally, analysis by VIGS (virus-induced gene silencing) in pea identified one gene, PsDAO1, whose silencing leads to small plants, and another gene, PsHUP54, whose silencing leads to plants with very large stubs, meaning that this gene controls the activity of the I2 meristem. PsHUP54-VIGS plants are also large and, more importantly, produce large pods with almost double the seeds as the control. Our study shows a new useful strategy to isolate I2-meristem genes and identifies a novel gene, PsHUP54, which seems to be a promising tool to improve yield in pea and in other legumes.

KEYWORDS
 pea, legume yield, inflorescence architecture, legume compound inflorescence, secondary inflorescence meristem genes, VEG1/FULc gene, HUP54 gene


Introduction

The aerial organs of the plants derive from the shoot apical meristem (SAM). In annual angiosperms, the SAM goes through two developmental phases. During the vegetative phase, the SAM produces vegetative organs, leaves, and branches and, after the transition to the reproductive phase, the vegetative SAM is transformed into an inflorescence meristem that produces floral meristems that develop into flowers (Benlloch et al., 2007; Prusinkiewicz et al., 2007; Teo et al., 2013). Much of the huge diversity of plant forms depends on the wide variety in the architecture of the inflorescences (Weberling, 1992; Benlloch et al., 2007). Inflorescence architecture is important not only for its contribution to plant diversity but also because it regulates the production of flowers and fruits, thus having a great impact on crop yield (Park et al., 2014).

Legumes are the second most important crop, after cereals, with a world production of around 340 million tons per year (González-Bernal and Rubiales, 2016). Cereals surpass legumes in productive capacity; nevertheless, combining both crops brings notable advantages in total efficiency, as legumes strongly improve the access to nitrogen in the soil (Jensen et al., 2020; Rodriguez et al., 2021). Legumes are an essential source of nutrients in the human diet, and they are also of paramount importance for animal feed or forage. They are rich in protein (up to twice as high as cereals), fiber, unsaturated fatty acids, and carbohydrates (Iqbal et al., 2006; Beltrán and Cañas, 2018). Their nutritional properties make legumes a very healthy food highly recommended for human consumption. In addition, they compensate for some nutritional deficiencies in cereals, such as lysine and other valuable amino acids (Iqbal et al., 2006; Beltrán and Cañas, 2018).

In legumes, the most common inflorescence type is compound inflorescence (Weberling, 1989). In contrast to simple inflorescences, such as that observed in Arabidopsis, where flowers are directly formed by the SAM at the primary inflorescence stem (Benlloch et al., 2007), in compound inflorescences, the flowers are formed at the secondary or higher-order axes (Weberling, 1992; Benlloch et al., 2015). Thus, in legumes, the primary inflorescence (I1) meristem laterally forms secondary inflorescence (I2) meristems that produce the floral meristems (Figure 1). After producing a number of flowers, the I2 meristem terminates in the formation of a residual organ or stub (Figure 1; Benlloch et al., 2015).
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FIGURE 1
 Inflorescence architecture of wild-type pea and veg1, pim, and veg2 mutants (A) Images of wild-type (WT), veg1, pim, and veg2 plants (lower panels). In the close-up pictures of the inflorescences of those plants (upper panels), I1 and I2s are marked. Flowers are marked with arrowheads. The WT usually has two flowers per I2, while in pim more flowers are produced. The veg1 and veg2 mutants neither produce I2s nor flowers. (B) Diagrams showing the inflorescence architecture of these genotypes. F, flower; white circles represent WT flowers; brown circles represent abnormal pim flowers; yellow triangles represent the stubs; scale bars: 2cm. The diagrams of the pea plants in (B) are much based on those published previously by us in this journal (Benlloch et al., 2015), with minor modifications.


Within legumes, the gene network controlling the identity of meristems in the inflorescence was first elucidated in pea (Pisum sativum) and possibly the one where it is best known (Berbel et al., 2012; Benlloch et al., 2015). Specification of inflorescence and floral meristem identity are governed by three types of genes. Pea I1 meristem identity is specified by DETERMINATE/PsTFL1a (DET), a homolog of the Arabidopsis TERMINAL FLOWER 1 (TFL1) gene (Bradley et al., 1997; Foucher et al., 2003). As in the mutants of the Arabidopsis TFL1 gene, development of the primary inflorescence (I1) meristem of pea det mutants is determinate, in contrast to wild-type pea, where development of the I1 meristem is indeterminate (Singer et al., 1999; Benlloch et al., 2015). DET function appears to be strongly conserved in legumes, and determinate mutants due to a mutation in DET homologs have been described in different legumes (Tian et al., 2010; Repinski et al., 2012; Dhanasekar and Reddy, 2015; Cheng et al., 2018). Pea floral meristem identity is mainly specified by PROLIFERATING INFLORESCENCE MERISTEM (PIM), homolog to the Arabidopsis APETALA1 (AP1) gene (Taylor et al., 2002). AP1 and PIM encode MADS domain transcription factors required for the formation of the floral meristem (Mandel et al., 1992; Berbel et al., 2001; Taylor et al., 2002). In pim mutant, the initiation of floral meristems from I2 meristems is impaired and as a result, the I2 meristems proliferate dramatically in an undifferentiated state and only eventually form some floral meristems (Taylor et al., 2002). Due to this proliferation, the inflorescence apices of pim mutants have more I2 meristems than the wild type (Figure 1B). Finally, the specification of I2 identity in pea depends on VEGETATIVE 1/PsFULc (VEG1/PsFULc), another MADS domain transcription factor gene from the same clade as Arabidopsis AP1 and FRUITFUL, which is specifically expressed in the I2 meristem (Berbel et al., 2012). In veg1 mutant plants, I2s are not formed and instead, they are replaced by vegetative I1 (vegetative) branches (Berbel et al., 2012). Mutants in the VEGETATIVE2/PsFD gene (VEG2/PsFD) exhibit an inflorescence phenotype that strongly resembles that of veg1, with defects in the formation of I2s, which are not produced in the plants of the veg2-1 null mutant allele but instead are replaced by vegetative branches (Sussmilch et al., 2015). VEG2 codes a bZIP transcription factor, homolog to Arabidopsis FD, which is required to upregulate VEG1 upon floral transition (Abe et al., 2005; Sussmilch et al., 2015). This genetic network controlling the identity of the meristems in the inflorescence is also conserved in other legumes. For example, in Medicago truncatula, the whole network has been shown to work in the same way, with the M. truncatula homologs of the pea inflorescence genes, MtFULc (VEG1/PsFULc), MtAP1 (PIM), and MtTFL1 (DET/PsTFL1a), playing the same role in the inflorescence meristem identity genetic network than the pea genes (Cheng et al., 2018). Moreover, in soybean, Dt1, a homolog of pea DET/PsTFL1a that controls the determination of the I1 stem and Det2, an ortholog of VEG1/PsFULc, has also been isolated and characterized (Tian et al., 2010; Ping et al., 2014).

The formation of the I2 meristem, specified by VEG1, is a key step in the development of the legume compound inflorescence, and functional homologs of VEG1 have only been described in legumes, which possibly reflects the fact that the function of this gene is most likely unique to the compound inflorescence of legumes. The activity of the I2 meristem determines the number of flowers that it produces. The number of flowers in the I2 is characteristic of each legume species and variety and influences the number of pods and, therefore, crop yield (French, 1990; Rubio et al., 2004).

Very little is known about how VEG1 controls the formation of the I2s. The goal of this study is to identify genes expressed in the I2 meristem that might play a role in its development as targets of VEG1. With that aim, we have taken advantage of some of the molecular genetic tools available in pea: mutant lines in inflorescence meristem genes, as biological material (Benlloch et al., 2015), transcriptome and genome sequences, to analyze the transcriptome of these mutants (Alves-Carvalho et al., 2015; Kreplak et al., 2019), and virus-induced gene silencing (VIGS), as a method to study the function of the selected candidate genes (Constantin et al., 2004). In this study, we have compared the transcriptome in developing inflorescence tissue of the wild type, and the veg1, pim, and veg2 mutants. That has led us to the identification of five genes expressed in meristems of the inflorescence apex. Finally, the silencing of these genes by VIGS showed that two of them control plant development and that one of these genes, PsHUP54, contributes to controlling the activity of the I2 meristem, and its silencing increases plant size and seed production.



Materials and methods


Plant materials and growth conditions

Wild-type (NGB5839 and Boneville) and mutant pea plants (veg1/psfulc-1, pim-2, and veg2-1) were selected for the present study. The original mutants, psfulc-1, pim-2, and veg2-1, have been previously described (Gottschalk, 1979; Murfet and Reid, 1993; Taylor et al., 2002). These mutations were backcrossed several times in the dwarf NGB5839 line (Hecht et al., 2007), so that the different mutations used in the study were in a genetic background as similar as possible. Plants were grown in a greenhouse at 21°C day temperature and 16°C night temperature and under a long-day (LD) photoperiod (16-h light/8-h darkness). When LD photoperiod conditions were required to be maintained, natural light was supplemented with lighting [400 W Phillips HDK/400 HPI (R)(N)]. Plants were irrigated periodically using Hoagland N°1 solution supplemented with oligoelements.



Transcriptome analysis

For RNA-seq experiments, inflorescence apex samples (three biological replicates), from pea wild type, NGB5839 line, and veg1, pim, and veg2 mutant plants were collected at floral transition, when the primary stem plant had formed 10 nodes (~4 weeks after germination). Each biological replicate consisted of 3–4 inflorescence apices (20–30 mg). Total RNA was extracted using the RNeasy Mini Kit (Qiagen) and treated with DNaseI (Turbo DNA-free kit INVITROGEN; Ref-AM1907), following the manufacturer's instructions. The quality of the RNA was checked on an Agilent 2100 Bioanalyzer instrument using the RNA6000 nano kit; the RIN values of the samples were between 9.1 and 10. To reduce the ribosomal RNA, polyA+ selection was used. Strand-specific RNA libraries were constructed using the TruSeq stranded mRNA kit (Illumina). Libraries were sequenced in a HiSeq2500 platform (Illumina) to produce 50-nucleotide single-end reads. Library construction and sequencing were performed at the genomics core facility at the Center for Genomic Regulation, Barcelona, Spain. Raw sequencing data have been deposited in GEO/NCBI (accession GSE188301).

The total number of reads in the samples varied between 18,292,370 and 22,907,817 (Supplementary Figure 1A). For RNA-seq data analyses, ribosomal RNA sequences were filtered out using SortMeRNA (Kopylova et al., 2012). Sequences of adapters were trimmed from the remaining reads using Trimmomatic (Bolger et al., 2014). The trimmed sequences were then aligned against the Pea transcriptome (PsUniLowCopy database, Ps Cameor database) using STAR (Dobin et al., 2013), and reads were counted with HTSeqCount (Anders et al., 2015). The number of reads mapped to the transcriptome is indicated in Supplementary Figure 1A. Analysis with a sample correlation matrix showed that the replicate libraries matched well and that the transcriptome of the different genotypes is clearly separated (Supplementary Figure 1B). DESeq2 with default parameters was used to perform differential expression analysis (Love et al., 2014). The identification of genes with opposite expression patterns was performed by constructing Venn Diagrams with the online tool Venny (Oliveros, 2007–2015). Genes with opposite expression patterns in veg1 and pim samples were visualized in a heatmap created with the tool ClustVis (Metsalu and Vilo, 2015).

The RNA-seq data were validated by RT-qPCR gene expression analysis of selected genes in the wild type and mutants. For that, wild-type, veg1, and pim plants were grown for ~4 weeks, to node 10, as described above. The samples from inflorescence apices were collected, and RNA extraction and cDNA synthesis were done as described in the RT-qPCR section.



Gene ontology (GO) term analysis

The analysis of the enrichment in gene ontology terms corresponding to VEG1, PIM, and VEG2 differentially expressed genes was performed using the online tool AGRI-GO http://bioinfo.cau.edu.cn/agriGO/ (Du et al., 2010; Tian et al., 2017). For each pea transcript, we identified the best Arabidopsis homolog by using Basic Local Alignment Search Tool (BLAST). Then, we applied the singular enrichment analysis (SEA) for the identification of corresponding GO terms that were statistically overrepresented for each DEG list (P < 0.05).



Characterization of gene expression levels by RT-qPCR

Total RNA was extracted with the SV Total RNA Isolation System (Promega) according to the manufacturer's instructions. RNA concentration of the samples was determined by spectrophotometer analysis using a NanoDrop 8000 (Thermo Scientific). Reverse transcription (RT) was conducted in a final volume of 20 μl and using 1 μg of total RNA as a template (MMLV high-performance reverse transcriptase, Epicenter) according to the manufacturer's instructions. The amplification efficiency was determined for all primer pairs used in RT-qPCR (Supplementary Table 1), and only primer pairs whose efficiency ranged from 90 to 100% were used. RT-qPCR reactions were performed in “MicroAmp Optical 96-Well Reaction Plates with Barcode” (Applied Biosystems) using the “Premix PyroTaq Eva Green qPCR Mix Plus” (GMC) kit, in a “QuantStudioTM 3–96-Well 0.1 mL Block” thermocycler (Applied Biosystems). RT-negative controls were maintained to monitor sample contamination with genomic DNA. As the reference and interplate calibrator, the pea gene Actin11 was used, which has been validated in previously published RT-qPCR experiments in pea (Weller et al., 2009; Berbel et al., 2012). For each time point and/or tissue, three biological replicates were analyzed, and the results are presented as the average +/– standard deviation. Statistical significance was tested by a one-way ANOVA test, followed by Dunnett's multiple comparison test (1–4 asterisks indicating P < 0.05, < 0.01, < 0.001, or < 0.0001, respectively). Relative transcript levels were calculated following the Delta-Delta CT method (Livak and Schmittgen, 2001), using pea actin (PEAc14; ACCESSION U76193) as the reference gene. The primers used for PCR and RT-qPCR are detailed in Supplementary Table 1.



Histological sections and in situ hybridization

The histological study of floral transition and the in situ hybridization experiments (Figures 2, 6) were done with 8-μm-thick longitudinal sections of inflorescence apices embedded in paraffin. For fixation, inflorescence apices were submerged in FAE solution (50% ethanol, 3.7% (v/v) formaldehyde, and 5% glacial acetic acid) and subjected to three vacuum pulses, according to the method described previously (Ferrándiz et al., 2000). FAE was replaced with a fresh solution and incubated for 2 h at room temperature. After fixation, samples were washed several times with 70% ethanol and afterwards stored in 70% ethanol. Paraffin embedding of the samples was performed in an automated tissue processor (LEICA TP 1020). Paraffin blocks were mounted using a LEICA EG1150H embedding device. A LEICA RM-2005 microtome was used to obtain 8-μm-thick sections. RNA in situ hybridization experiments were performed according to the methods previously described (Ferrándiz et al., 2000). For each gene, digoxigenin-labeled probes were generated using as a template a fragment of the coding sequence corresponding gene: PsCam039164 (350-bp fragment; positions 677–1,026), PsCam043276 (312-bp fragment; 39–350), PsCam043354 (350-bp fragment; positions 807–1,156), PsCam050808 (350-bp fragment; positions 744–1,093), and PsCam057706 (350-bp fragment; positions 1–350). Nucleotide positions are indicated using as reference the ATG codon. Each of the fragments was amplified by PCR using inflorescence apex cDNA as a template and cloned into the pGEM-T Easy vector (Promega) (for the primer sequences, see Supplementary Table 1). The gene fragments were selected in specific regions of the genes, with no significant sequence identity with related or distant genes, as indicated by BLAST analyses in the pea transcriptome. RNA anti-sense probes were generated with T7 RNA polymerase; sense probes were used as a control in each case, and they were generated using SP6 RNA polymerase.
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FIGURE 2
 Floral transition in the NGB5839 pea line. (A) Histological sections of shoot apices of NGB5839 pea plants that had produced 6, 8, 10, or 12 nodes. I2 and floral meristems are observed from 10-node plants. (B) Relative expression levels of VEG1 (left) and PIM (right), determined by RT-qPCR, of shoot apex samples collected from plants that had produced 7, 8, 9,10, or 11 nodes. Error bars correspond to standard deviation. V, shoot vegetative meristem; I1, primary inflorescence meristem; I2, secondary inflorescence meristem; F, floral meristem.




Virus-induced gene silencing

The gene fragments for VIGS constructs to downregulate the expression of PsCam039164, PsCam043354, PsCam050808, and PsCam057706 genes were amplified from pea cDNA. The gene fragments corresponded to the same fragments used as probes for the in situ hybridization experiments and were highly specific, as mentioned above. The VIGS system combines two different plasmids: pCAPE1 and pCAPE2-PDS. These vectors contain, respectively, the RNA1 and RNA2 of the Pea early-browning virus (PEBV), under the control of the CaMV 35S promoter and the NOS terminator, in the binary vector pCAMBIA-1300 (Constantin et al., 2004). To generate the VIGS constructs, the vector pCAPE2-PDS was used, where PDS is flanked by several restriction enzymes that make it possible to replace the PDS fragment with the cDNA fragment of the gene to be silenced (Constantin et al., 2004). In all cases, NcoI and EcoRI restriction sites were used to subclone the gene fragments, with the exception of the PsCam050808 gene, where NcoI and PstI sites were used. Gene fragments were PCR amplified as described in the previous section, using primers carrying the aforementioned restriction sites (Supplementary Table 1). The plasmid pCAPE2-Con, containing 400 bp of the GUS coding sequence, was used as VIGS negative control (Constantin et al., 2008).

The inoculation of plants was carried out as previously described in Constantin et al. (2004) with minor modifications as follows. For each experiment, 20–25 plants of the pea Boneville cv., about 3 weeks old when they have produced five leaves, were infiltrated with two Agrobacterium tumefaciens strains carrying the pCAPE1 and the pCAPE2 plasmids. Infiltrated plants were decapitated 5 days after inoculation, and in each plant, a single, basal, axillary shoot was kept and allowed to form a new primary shoot. These newly formed shoots were characterized as described below. As a positive control, 10 plants were inoculated with pCAPE2-PDS. Silencing of PDS (coding for pea PHYTOENE DESATURASE) leads to white leaves due to a lack of carotenoids and chlorophyll photooxidation (Constantin et al., 2008).



Plant phenotypic characterization

For phenotypic characterization of VIGS plants, we scored a set of phenotypical traits: number and nodal position of secondary inflorescences, length of the main shoot internodes, number and complexity of leaves, length and structure of the secondary inflorescences (I2s) length of the stub, and length of the floral pedicels. For stub length, the ones that were so small that were barely visible and not measurable were considered to be 1 mm long, and the rest of the stubs were measured accordingly.

To determine when to collect the shoot apices from the pea plants, we scored the number of nodes in the primary stem to the node with the first folded leaf. For analysis of flowering, we considered the “flowering node” the first node with an I2 structure that produced a flower.

For the statistical analysis of parameters of VIGS plants, all the data containing multiple variables were analyzed by one-way ANOVA with post-hoc HSD Tukey's test taking as a significant difference depending on Bonferroni and Holm multiple comparisons. The statistical significance calculations for variables with data from two groups were performed with a two-tailed Student's t-test. Differences in expression were considered significant (*) when P < 0.05 and highly significant (**) when P < 0.01.



Multiple sequence alignment

Putative PsHUB54 homolog genes in other species were identified by using the protein-protein Basic Local Alignment Search Tool (BLAST) BLASTp at https://blast.ncbi.nlm.nih.gov/Blast.cgi (Altschul et al., 1990). Sequences from Arabidopsis thaliana HUP54 (AT4G27450), Glycine maxXP_003543254.1, Medicago truncatula XP_013464732.1, and Cicer arietinum XP_004487686.1 proteins were aligned using the MEGAX and applying the ClustalW algorithm.




Results


Determining timing of floral transition in the pea line NGB5839

In order to elucidate the molecular mechanisms involved in the development of the secondary inflorescences (I2) of pea, we aimed to investigate the action of the VEG1 transcription factor, which specifies the identity of the I2 meristems (Berbel et al., 2012), by identifying its target genes. For this purpose, we adopted a genetic approach in which we compared the transcriptomes of inflorescence apices of wild-type pea and mutants in which the formation of I2 meristems was affected: veg1, pim, and veg2. In wild-type pea plants, after the floral transition, the flowers arise from secondary inflorescences that develop from the primary inflorescence (I1; Figure 1, Benlloch et al., 2015). In the veg1 mutant, plants fail to produce these I2s, which are replaced by I1s (Figure 1). Conversely, in pim mutant plants, the I2 meristems proliferate before producing some flowers, so that more I2 meristems are formed (Figure 1, Taylor et al., 2002). Finally, veg2 mutant plants show a phenotype similar to that of veg1, with no I2s, although the molecular basis for the phenotype is different from that in veg1, reflecting a defect in VEG1 induction rather than direct impairment of its function (Figure 1, Sussmilch et al., 2015).

To select the most suitable time to compare the transcriptomes of the pea inflorescence mutants, we determined the timing of the floral transition, when the I2 meristems are initiated. With that aim, we characterized, both at the morphological and molecular levels, the development of the inflorescence of the reference line NGB5839, the wild-type genetic background of the inflorescence mutants used in this work (Hecht et al., 2007). First, we analyzed a series of shoot apex samples at different developmental stages (including apices from plants where the primary shoot had formed 6, 8, 10, or 12 nodes). Shoot apices were dissected, and the histological sections were prepared to determine the first node at which I2 and floral meristems could be observed. The results revealed that I2 or floral meristems could be readily observed in plants that had formed 10 nodes, but were not apparent in plants that had formed only 8 nodes (Figure 2A). In shoot apices of these 8-node plants no I2 or floral meristems could be observed while, on the contrary, we could readily identify those structures in plants that had formed 10 nodes (Figure 2A). These results indicated that these plants underwent floral transition between node 8 and node 10. Second, in the same type of samples, we used RT-qPCR to examine the expression of VEG1 and PIM, I2 and floral meristem marker genes, respectively. Consistent with our previous observations, both genes displayed an increase in expression in the samples that had formed 8 and 10 nodes (Figure 2B). From these results, we decided to compare the transcriptome of apices of wild-type and mutant plants that had formed 10 nodes. In these plants, I2 meristems were visible, and VEG1 expression was clearly detected, hence being an appropriate time to detect the expression of VEG1 regulatory targets.



Transcriptome analysis of inflorescence apices of pea veg1, pim, and veg2 mutants

In order to identify the genes whose expression is associated with I2 meristems, inflorescence apex samples from wild-type, veg1, pim, and veg2 plants were used to perform a transcriptome analysis by RNA-seq, comparing the transcriptome of each mutant to that of the wild-type line (WT). A comparison of the inflorescence apex transcriptome of veg1 with that of the WT identified 2,792 differentially expressed genes (DEGs). Among those, 1,584 were upregulated and 1,208 were downregulated in veg1 (Figure 3A, Supplementary Table 2). A similar comparison of WT and the pim mutant identified 2,148 DEGs (Figure 3A, Supplementary Table 2). Since veg1 and pim have opposite phenotypes in terms of I2 meristem development, with veg1 developing no I2 meristems and pim displaying a proliferation of I2 meristems, we identified which of the WT/veg1 and WT/pim DEGs showed an opposite expression pattern. In this way, we found that 42 genes were upregulated in WT/veg1 and downregulated in WT/pim, and 43 genes were downregulated in WT/veg1 and upregulated in WT/pim, giving a total of 85 genes with an opposite expression pattern between WT/veg1 and WT/pim (Figures 3A,D, Supplementary Table 3).
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FIGURE 3
 Transcriptome analysis of veg1, pim, and veg2 apex samples compared to wild type. (A) Venn diagrams displaying genes with an opposite expression pattern in WT/veg1 and WT/pim comparisons: 43 genes are downregulated in veg1 (WT/veg1–) and upregulated in pim (WT/pim+) (lower panel); 42 genes are upregulated in veg1 (WT/veg1+) and downregulated in pim (WT/pim-) (top panel). (B) Venn diagram identifying differentially expressed genes in WT/veg2 among those with an opposite expression pattern in veg1 and pim mutant backgrounds (opposite WT/v-p). (C) Venn diagram identifying differentially expressed genes in WT/veg2 with a log of fold change >1 among those with an opposite expression pattern in veg1 and pim mutant backgrounds (opposite to WT/v-p). (D) Heatmap displaying expression change of the 85 genes with an opposite expression pattern in WT/veg1 and WT/pim (red shows downregulation of the gene in the mutant compared to the WT and blue indicates upregulation). Genes highlighted in yellow were selected for further characterization. Validation of the RNA-seq data was performed for 12 genes (marked with a star). We confirmed the opposite expression pattern in 10 out of 12 of those genes (green star). For two of the genes, the expression profile could not be confirmed (red star) (Supplementary Figure 2).


To validate the results of the RNA-seq, we randomly choose 12 genes among those 85 with opposite expression patterns and an LFC (log fold change) ≥1 for at least one of the transcriptomes (WT/veg1 or WT/pim) and analyzed the expression of those genes by RT-qPCR in WT, veg1, and pim mutant apices (Supplementary Figure 2). We could confirm the results of the transcriptome analysis in 10 out of these 12 genes displaying a clear opposite expression pattern in veg1 and pim mutant background compared to the wild type. Overall, these results indicate that our approach consisting of comparing transcriptomes of apex samples in these mutants was an effective method to identify the genes with an opposite expression pattern and possibly involved in VEG1-mediated control of I2 meristem development.

Finally, we characterized the transcriptome changes in the samples of the veg2 mutant in comparison to WT. This comparison identified 4,059 DEGs, among which 2,163 were upregulated and 1,923 were downregulated in veg2. Both veg1 and veg2 mutants display a similar I2 phenotype (lacking I2 meristems), but the molecular bases for these phenotypes are different. Since we were interested in characterizing how VEG1 specifies the I2 meristem identity and controls its activity, we identified those genes with an opposite expression pattern in WT/veg1 and WT/pim but that showed no expression change in veg2 mutant (Figures 3B,C).

In order to identify the possible function of DEGs in each transcriptomic comparison (WT/veg1, WT/pim, and WT/veg2), we identified the putative homologs for each pea transcript by blasting their sequences against the Arabidopsis and Medicago truncatula databases. In the case of Arabidopsis, we identified close homologs for 74% of the pea transcripts, while in the case of Medicago, we could find the corresponding homologs for 77% of the pea transcripts. Because the information on genes was much more complete in this species, we used the Arabidopsis homolog genes to perform a gene ontology analysis (GO) with up- and downregulated genes and identified biological processes that were overrepresented in each of our datasets. GO term enrichment analysis with Arabidopsis homologs of WT/veg1 upregulated pea transcripts returned enriched processes tightly related to reproduction, flower and meristem development, hormone transport, and regulation of transcription (Figure 4A, Supplementary Table 4), indicating that, as intended, we have identified genes that are involved in the reproductive development (as expected from a mutant such as veg1, showing impairment of I2 meristem initiation). Other biological processes that are enriched in this analysis include those referring to RNA metabolic processes (including non-coding RNA) and chromatin modification. Those terms, although less related to meristem development, point out to alternative mechanisms that could be contributing to the control of I2 meristem specification or activity. Analysis of GO term enrichment with Arabidopsis homologs of WT/veg1 downregulated pea transcripts indicated processes related to the metabolism of different compounds, including lipids, amino acids, phenylpropanoids, or related to hormone response (more specifically, response to abscisic acid) (Figure 4B, Supplementary Table 4).
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FIGURE 4
 Gene ontology term (biological processes) enrichment among differentially expressed genes in WT/veg1 transcriptome. (A) Selected GO terms returned from the analysis of genes upregulated in veg1. (B) Selected GO terms returned from the analysis of genes downregulated in veg1. Terms were selected according to their relation to previously described VEG1 function and/or potential VEG1 mechanisms of action. All depicted terms were overrepresented (false discovery rate (FDR) < 0.05). A complete list of all enriched GO terms for each analysis is detailed in Supplementary Table 4.


We performed a similar GO term enrichment analysis with DEGs identified in WT/pim and WT/veg2 comparisons (Supplementary Table 4, Supplementary Figure 3). In both cases, enriched GO terms found with the upregulated genes indicated processes that are unequivocally related to reproduction, meristem initiation and development, and response to different environmental signals. In the case of WT/pim, among those terms, we found meristem and flower development, maintenance of meristem identity, floral organ development, or regulation of meristem growth. The negative regulation of developmental processes is another GO term indicating that we have identified genes related to the control of meristem specification and activity. A similar analysis with downregulated genes showed that terms, such as response to hormones (abscisic acid, ethylene, salicylic acid, and gibberellins), signal transduction, and transcription are significantly overrepresented in this dataset, in agreement with the loss of function of a transcription factor, such as PIM, controlling floral meristem specification (Supplementary Figure 3).

Finally, GO term enrichment with the WT/veg2 dataset also identified significantly overrepresented processes, pointing out to an important environmental and hormonal regulation of meristem development (Supplementary Table 4, Supplementary Figure 3). On one hand, among the enriched terms identified with WT/veg2 upregulated genes, we found an overrepresentation of terms related to meristem development (meristem initiation, meristem maintenance, and meristem growth), reproductive development (flower and fruit development), environmental signals (temperature), or hormone response. On the other hand, using the WT/veg2 downregulated dataset, we find an overrepresentation of terms related to different biosynthetic processes (nitrogen compounds, protein and amines, and organic acids) (Supplementary Figure 3). This points to processes that control the metabolic status of the apices, as it was also observed in the enriched terms using the WT/veg1 downregulated dataset. Interestingly, WT/veg2 downregulated terms pointed out ribosome biogenesis and ribonucleoprotein complexes as very strongly enriched, which could indicate an unknown role of these processes in meristem regulation.

In order to narrow down our selection of genes putatively involved in the control of VEG1-mediated I2 meristem development, we applied several additional criteria to the list of 85 genes displaying opposite expression patterns between WT/veg1 and WT/pim. Those criteria included in-silico analysis of gene expression pattern in different organs of pea plant (Pea gene expression atlas; Alves-Carvalho et al., 2015), function and expression pattern of the Arabidopsis homolog gene, contribution of these Arabidopsis homologs to relevant biological processes overrepresented in the GO analysis of WT/veg1 DEGs, and whether the gene was up- or downregulated specifically in veg1 (i.e., not differentially expressed in WT/veg2). With these criteria, we selected 14 genes for further functional characterization. As observed in the LFC (log fold change) (Table 1) and RPKM (reads per kilobase per million) data (Supplementary Table 5), though some of the selected genes did not comply with all criteria, all of them showed opposite regulation in veg1 and pim inflorescences and met at least one other criterium.


TABLE 1 Genes selected for RT-qPCR and further expression analysis.
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The GO term enrichment analysis suggested that several hormones are likely to play an important role in meristem initiation and development during floral transition in pea. In particular, auxin homeostasis and response to abscisic acid were the enriched terms in up- and downregulated gene sets, respectively (Figure 4). Accordingly, we selected three genes: PsCam039164, homolog of the DIOXYGENASE FOR AUXIN OXIDATION 1 (DAO1) gene in Arabidopsis, involved in auxin degradation (Porco et al., 2016; Zhang et al., 2016), hereafter named PsDAO1; Pscam057706, corresponding to the pea PsTAR2 gene, homolog of the Arabidopsis TRYPTOPHAN AMINOTRANSFERASE RELATED 2 (TAR2) gene, both of them involved in auxin biosynthesis (Stepanova et al., 2008; Tivendale et al., 2012; McAdam et al., 2017); and PsCam047398, homolog to an Arabidopsis lipid transfer protein strongly upregulated by abscisic acid (Gao et al., 2016). PsTAR2 was of particular interest, since the expression of its Arabidopsis ortholog TAR2 increases strongly at the shoot apical meristem upon floral induction, and its expression at the SAM was restricted to the peripheral zone, where lateral organs are initiated (ePlant: https://bar.utoronto.ca/eplant/; Waese et al., 2017). The selection of PsDAO1 as a candidate was supported as well by a very discrete expression pattern of its Arabidopsis homolog in the rib meristem at the SAM (ePlant). Finally, PsCam047398, besides being upregulated by ABA, is related to lipid transport and lipid localization, biosynthesis, and modification, which came up as enriched GO terms in our previous analysis, supporting the selection of this gene for further investigation. A fourth hormone-related selected gene was PsCam043276, a homolog of the KISS ME DEADLY 2 (KMD2) gene of Arabidopsis, which, together with KMD1, is involved in cytokinin signaling and has been shown to have an impact on shoot apical meristem size when overexpressed (Kim et al., 2013).

PsCam050808, hereafter named PsLBD38, is a homolog of LATERAL ORGAN BOUNDARIES 38 (LBD38), an Arabidopsis transcription factor involved in defining lateral organ boundaries that are repressed at the SAM upon floral induction and that has been related to the control of flowering time in rice plants (ePlant; Albinsky et al., 2010). PsCam043354 (hereafter PsHUP54) is a homolog of the HYPOXIA REPSONSE UNKNOWN PROTEIN 54 (HUP54) for which very little functional information is available. In Arabidopsis, HUP54 is transiently upregulated at the SAM during floral transition. Its expression at the SAM is restricted to the rib meristem and the peripheral zones, being quite low in the central zone (ePlant). The HUP54 gene has been shown to be regulated in floral buds by SHINE transcription factors and gibberellins (Shi et al., 2011). From all these data, PsLBD38 and PsHUB54 were selected for further characterization.

Finally, we selected a number of genes that could eventually reveal a role for different mechanisms in the regulation of I2 meristem specification and activity: PsCam048048, PsCam46067, and PsCam001113 were selected based on the function of their Arabidopsis homolog genes in chromatin silencing (GO term enriched in the VEG1 upregulated dataset) and PsCam044818 based on the relation of its Arabidopsis homolog with RNA processing (RNA metabolic process including ncRNA) and to the vegetative to the reproductive phase transition. The Arabidopsis homologs of these genes are expressed in different domains of the SAM, and their expression level changes during the floral transition (ePlant). PsCam037476 was selected based on its strong upregulation in the veg1 mutant, together with the fact that its homolog in Arabidopsis, belonging to the Regulator of Chromosome Condensation (RCC) protein family, displays a strong expression at the SAM (ePlant). PsCam044132, PsCam042718, and PsCam016925 were included in the selected list based on the expression changes of their corresponding homolog genes in Arabidopsis, which in all cases were upregulated in the SAM upon a floral transition (ePlant) and the last two were, in addition, VEG1 specific (not significant changes were detected in WT/veg2 transcriptome).



Expression analysis of genes differentially expressed in veg1

Since the functional characterization of pea genes is still challenging, we decided to narrow down the list by performing an initial gene expression analysis of the 14 selected genes to see whether they are expressed in the inflorescence apex, as expected for genes involved in I2 meristem development, and whether this expression is inflorescence specific. We analyzed the expression of these genes in different organs of pea wild-type plants, including roots, stem, leaves, vegetative apices, inflorescence apices, and flowers. The expression of the 14 genes was detected in the inflorescence apex at various levels (Figure 5). However, only in the case of PsDAO1 and PsCam048048, higher expression in the inflorescence apex was statistically significant when compared to the vegetative apex. The expression of PsCam00113, PsCam037476, PsCam042718, PsCam044132, PsCam047398, PsLBD38, and PsTAR2 was similar in inflorescence apices than in other organs, indicating that these genes could have a role in I2 meristem, but they would probably have additional roles in the development of other plant organs. We could distinguish the third group of genes, including PsCam016925, PsKMD2, PsHUP54, PsCam044818, and PsCam046067, in which we were able to detect expression in the inflorescence apex, but the level of expression was lower than in other organs of the plant. A low level of expression of these genes in the inflorescence apex did not discard them as candidates, since a restricted expression in specific regions of the apex (as in the case of I2 meristem with specific expression only) can be masked in RT-qPCR assays.
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FIGURE 5
 Expression analysis by RT-qPCR of candidates for VEG1 target genes in different pea plant organs. Relative mRNA levels were determined by RT-qPCR. For the analysis, different samples were collected from wild-type plants: roots (R), shoots (S), leaves (L), vegetative apices (VA), inflorescence apices (IA - highlighted in red), and flowers (F). Roots, shoots, leaves, and vegetative apices were collected from 3-week-old plants, before the floral transition; the inflorescence apices (highlighted in red) were collected from ~5-week-old plants after the floral transition had occurred, and flowers were collected at anthesis. Error bars correspond to standard deviation.


Considering the expression and the information on the corresponding Arabidopsis homologous genes, we decided to characterize the expression pattern by in situ hybridization in pea inflorescence apices of five of these candidates: PsDAO1, PsKMD2, PsHUP54, PsLBD38, and PsTAR2 (Figure 6). The in situ hybridization experiments worked for four of the five genes, but not for PsDAO1. The probes of the four remaining genes showed hybridization in the meristems of the inflorescence apices (Figure 6), while no signal was detected in this tissue for any of these genes with the negative control sense probes (Supplementary Figure 4). PsKMD2 and PsLBD38 showed hybridization in both I2 and floral meristems, indicating that the expression in the inflorescence of these genes is not specific for the I2 meristem (Figure 6). In contrast, for PsHUP54 and PsTAR2, the hybridization signal was apparently restricted to the I2 meristems, implying the possible function of these genes in the specification of I2 identity (Figure 6).


[image: Figure 6]
FIGURE 6
 Expression analysis by in situ hybridization in pea inflorescence apices of selected candidates for VEG1 target genes. Sections of wild-type pea inflorescence apices were hybridized with anti-sense probes for the genes PsKMD2, PsHUP54, PsLBD38, and PsTAR2. L, leaf primordium; I1, primary inflorescence meristem; I2, secondary inflorescence meristem; F, floral meristem/primordium. Scale bars: 100 μm.




Functional analysis by VIGS of selected gene points PsHUP54/PsCam043354 as possible regulators of I2 activity

In order to analyze the function of selected candidates, we carried out VIGS experiments in pea to silence the expression of four genes: PsHUP54, PsTAR2, PsLBD38, and PsDAO1. PsHUP54 and PsTAR2 were selected for functional analysis because they showed an expression profile apparently restricted to the I2 meristem (Figure 6). PsLBD38 was also selected because, although it showed expression in both I2 and floral meristems, RT-qPCR detected a high level of expression in inflorescence apices (Figures 5, 6). Finally, we decided to also include PsDAO1, despite the fact that we could not detect its expression by in situ hybridization, due to its strong expression in inflorescence apices detected by RT-qPCR (Figure 5).

The VIGS constructs for these four genes were generated using the pCAPE2-PDS vector (Constantin et al., 2004). As a negative control, plants agroinfiltrated with a GUS-VIGS construct, containing the Escherichia coli UidA gene, were used (GUS; Jefferson et al., 1987). The pCAPE2-PDS construct (PDS-VIGS), inoculated in 10 plants, was used as a positive control. All the PDS-VIGS plants produced white leaves (Constantin et al., 2008), indicating that the silencing was highly efficient in our experiment. The effect on the wild-type plants of the VIGS constructs for the four different pea genes was studied by analyzing different parameters: length of the stem internode, the leaf, the I2 stem, the stub, and the floral pedicel, as well as the number of leaflets (Table 2). PsTAR2- and PsLBD38-VIGS plants did not show evident phenotypes, and the only apparent defect observed was in the length of the floral pedicels, which was significantly shorter in PsLBD38-VIGS plants than in the GUS-VIGS control plants (Supplementary Figure 5, Supplementary Table 6).


TABLE 2 Characterization of morphological alterations in PSDAO1 and PsHUP54-VIGS plants.

[image: Table 2]

In contrast, PsDAO1-VIGS plants and PsHUP54-VIGS plants consistently showed strong phenotypes when compared to GUS-VIGS control plants. In the case of PsDAO1-VIGS, 3 weeks after infiltration with the VIGS construct, plants displayed conspicuous necrosis in the first leaves not observed in plants infiltrated with the GUS-VIGS control construct (Supplementary Figure 6). Later on, once the PsDAO1-VIGS plants had grown for ~10 weeks, all plants were notably smaller than the GUS-VIGS plants (Figure 7A), and the internodes, leaves, and floral pedicels were significantly shorter than those of the GUS-VIGS plants (Figure 7B).
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FIGURE 7
 Phenotype of pea VIGS plants for genes PsDAO and PsHUP54. (A) Representative 10-week-old GUS-VIGS (control), PsDAO1-VIGS, and PsHUP54-VIGS plants. (B) Leaf defects of PsHUP54-VIGS. Leaves were sampled from the fourth node of different plants. PsHUP54-VIGS leaves are bigger and slightly lighter than GUS-VIGS leaves. (C) Seed number and pod defects of PsHUP54-VIGS plants. The images show the three first pods of different plants. (D) Increased stub length in PsHUP54-VIGS plants. Stubs are marked with arrowheads. Detail of the stub in a control GUS-VIGS plant is shown in a close-up. Scale bars: 5 cm.


In contrast, PsHUP54-VIGS plants grown for a similar time period were notably bigger than GUS-VIGS plants overall (Figure 7A), with significantly larger I2 stems, stubs, and leaves, frequently yellowish (Figures 7B,D, Table 2). The phenotype was particularly striking in the case of the I2 stem and the stub, the residual organ formed by the I2 meristem once it stops producing floral meristems (Benlloch et al., 2015). Thus, in the moderate-strong phenotype PsHUP54-VIGS plants (big plants 15–40 cm high; 15 out of a total of 19 PsHUP54-VIGS plants), the I2 stem and the stub showed close to 3- to 4-fold increase in length relative to the control, respectively (Figure 7D, Table 2). In addition, in one of the PsHUP54-VIGS plants, the elongated I2 gave rise to an additional second flower. This group of plants also produced pods that were significantly larger and contained more seeds than those from the control plants, with no decrease in seed weight (Figure 7C, Table 2). The remaining four PsHUP54-VIGS plants looked quite similar to the control plants. The only defect observed was the production of longer stubs at some I2s (Table 2). This phenotype of longer I2 stems and stubs, although not very dramatic, is consistent with a role of PsHUP54 in regulating the period of time in which the I2 meristem stays active.

To connect the observed phenotypes in the VIGS plants with the causal gene, we studied the silencing of PsHUP54-VIGS in PsHUP54-VIGS plants, the plants with a more clear I2 phenotype. With that aim, we analyzed by RT-qPCR the expression level of the endogenous PsHUP54 gene in PsHUP54-VIGS plants and compared it with its expression in GUS-VIGS control plants. As expected, the PsHUP54-VIGS plants analyzed showed a lower PsHUP54 expression level than control GUS-VIGS plants (Supplementary Figure 7). In general, in these plants, the strength of the phenotype correlated with the level of PsHUP54 expression (Supplementary Figure 7). These results indicate that in PsHUP54-VIGS plants, the expression of the PsHUP54 gene was silenced, which might be the cause of their phenotype.




Discussion

The recent development of genomic resources, such as high-quality transcriptome assemblies and full-genome sequences (Alves-Carvalho et al., 2015; Kreplak et al., 2019), represent an important step forward for molecular genetic studies in pea, one of the most studied model plants among legume crops. These new resources have been instrumental for this study aimed at understanding the control of I2 development.

Our experimental approach has been based on the idea that it would be possible to identify genes expressed in the I2 meristem (therefore, candidates to be regulated by VEG1) by comparing the transcriptomes of inflorescence apices from pea mutants with defects in I2 development. This experimental strategy has proved to be successful, and the comparison of inflorescence apex transcriptomes from wild-type pea, the pim mutant (enriched in I2 meristems), and veg1 and veg2 mutants (both without I2 meristems) (Taylor et al., 2002; Berbel et al., 2012; Sussmilch et al., 2015) has allowed us to identify a number of genes with preferential expression in the I2 meristem.

In our study, the selection of promising candidate genes from the list of genes differentially expressed (DEGs) between the different mutants has suffered from the still limited functional annotation of the pea genome, only relatively recently published (Kreplak et al., 2019). To overcome this limitation, we have used functional information on the homologs of the pea genes in Medicago truncatula and Arabidopsis. Since some Medicago databases are still not fully developed, ultimately our main source of information has been the Arabidopsis databases, even though Arabidopsis is phylogenetically not so closely related to pea, and the available knowledge for Arabidopsis genes is not ideal to make predictions about their pea homologs. Nevertheless, the Arabidopsis-based information, combined with expression studies and functional analysis by VIGS in pea, has allowed us to identify several interesting genes likely involved in the development of the I2.

Several candidate genes with an interesting expression pattern were identified. Thus, 8 out of 12 genes whose expression pattern was analyzed by RT-qPCR showed moderate to a high expression level in the inflorescence apex. Among them, the PsDAO1 gene showed much higher expression in the inflorescence than in the vegetative apex. Moreover, the expression of PsKMD2, PsLBD38, and PsTAR2 was also detected in the I2 meristem by in situ hybridization.

PsTAR2 encodes a key enzyme involved in the initial steps of auxin synthesis, which belongs to a small gene family of at least two additional members (Tivendale et al., 2012). Interestingly, PsTAR2-specific expression in the I2 meristem of the inflorescence apex suggests that local auxin production in this domain could be important for the correct specification or development of the secondary inflorescence. However, when VIGS was used to study the function of PsTAR2, no evident phenotypic defect was observed, maybe because redundancy with other close homologs precluded the effective reduction of TAA/TAR activity (Tivendale et al., 2012; Bala et al., 2017). Likewise, in PsLBD38-VIGS plants, only a subtle phenotype was observed, where the flower pedicels were significantly shorter than in the GUS-VIGS control plants. This phenotype, together with the in situ hybridization data, which showed that PsLBD38 is expressed in the floral meristem, may suggest a possible role of PsLBD38 in the floral development in pea. The LBD family of plant-specific transcription factors is relatively large, with 43 members in Arabidopsis, and can be grouped into two classes. Functional studies have associated class I LBD genes from different species with general roles in lateral organ patterning and in auxin signal transduction (Xu et al., 2016), while for class II genes, to which PsLBD38 belongs, functional information is still limited, although they appear to be involved in metabolic processes, such as anthocyanin synthesis in response to N availability (Rubin et al., 2009). Intriguingly, the potential function of PsLBD38 in the control of floral pedicel length resembles more the described role of class I LBD genes in petiole development of leaves in legumes, expanding the evidence on the functional versatility of the family (Chen et al., 2012). Again, it is possible that redundancy masked the phenotypic effects of PsLBD38 silencing, making it necessary to address this possibility in future studies.

In contrast, the PsDAO1-VIGS plant exhibited a dramatic phenotype. PsDAO1-VIGS plants were very small, with short internodes, small leaves, and short floral pedicels. PsDAO1 is a homolog of the Arabidopsis DAO1 (DIOXIGENASE FOR AUXIN OXIDATION 1) gene, which encodes an indole acetic acid (IAA) oxidase, the major contributor to IAA oxidation in Arabidopsis, whose activity is tightly coordinated with auxin biosynthesis and conjugation (Porco et al., 2016; Zhang et al., 2016). The VIGS-PsDAO1 phenotype could possibly reflect an alteration in these VIGS plants of auxin homeostasis, a hormone with a key role in the regulation of plant growth. The dramatic reduction in organ size found in the pea VIGS-PsDAO1 plants contrasts with the phenotype of Arabidopsis dao1 mutants that, apparently depending on the growing conditions, show either a slight reduction in inflorescence stem and siliques (Porco et al., 2016) or moderate enlargement of rosette leaves and inflorescence stem (Zhang et al., 2016). However, it should be noted that in Arabidopsis, two closely related genes, AtDAO1 and AtDAO2, are found in tandem in the genome (At1G14130 and At1G14120, respectively), and the double mutant has not been generated yet, so the full consequences of the lack of IAA oxidation have not been uncovered so far. Moreover, functional analyses of DAO1 homologs in rice show a prominent role of these enzymes in reproductive development, where the mutants showed severe defects in anther dehiscence, pollen maturation, and flower aperture (Zhao et al., 2013). The PsDAO1-VIGS plants from this work show a different effect of potentially reduced auxin catabolic processes. It is clear, then, that more studies are required to better understand the full spectrum of IAA oxidation role in the development and how it is integrated into auxin signaling pathways.

Finally, despite a relatively low expression level in the inflorescence apex, PsHUP54 expression seemed spatially restricted to the I2 meristem. The most prominent effect of silencing PsHUP54 is a dramatic increase in plant growth, which affects most aerial organs, including plant height, leaf size, and pod length, with a subsequent increase in seed production, indicating that PsHUP54 could function as a general repressor of growth. Regarding I2 activity, a conspicuous defect in PsHUP54-VIGS plants was that the stubs, the residual organs formed by the I2 meristems after producing the flowers (Benlloch et al., 2015), were usually much longer than in the control GUS-VIGS plants. Together with the specific expression of PsHUP54 in the I2 meristem, this suggests that PsHUP54 could be a target of VEG1 that promotes I2 meristem termination, so that in the PsHUP54-VIGS plants the I2 meristems stay active for longer. Accordingly, in the PsHUP54-VIGS plants, a higher number of flowers per node was observed in one plant, which supports this hypothesis.

The Arabidopsis HUP54 gene belongs to a small gene family with homologs present in all plant groups, which contain conserved YGL and LDRD motifs (Cheng et al., 2017). Despite the high level of conservation, especially in angiosperms, where homologs with a percentage of identity higher than 60% can be found even in the most basal clades, limited functional information based on mutant phenotypes is available for these proteins, and their molecular function is still basically unknown. In Arabidopsis, AtHUP54 appears to be involved in hypoxia tolerance (Mustroph et al., 2010) and plant cell wall remodeling as a target of the SHINE transcription factors in a GA-dependent manner (Shi et al., 2011). The possible link of these putative functions with the control of plant growth in pea remains to be explored in detail.

It seems noticeable that the conspicuous phenotype of PsHUP54-VIGS plants, which were notably larger, featured longer pods with up to double the number of seeds, with no concomitant decrease in seed weight, has not apparently been identified in mutant screenings in pea or other legumes. A possible explanation is that the PsCam027351 gene, present in the pea genome, with a high level of similarity to PsHUP54 (77% nucleotide identity), is functionally redundant to PsHUP54. Since the PsHUP54-VIGS construct might be silencing both genes, the phenotype of the PsHUP54-VIGS could be equivalent to that of a double PsHUP54 PsCam027351 mutant, something that will have to be considered if these genes are to be exploited in breeding programs. Notably, our work has revealed a novel role for a protein of unknown function in growth control, which looks a promising tool to improve yield in pea and possibly also in other legumes where highly conserved homologs of PsHUP54 are present (Supplementary Figure 8).

In summary, this study presents a successful strategy to identify genes with expression in the I2 meristem of the pea inflorescence, likely controlling different aspects of inflorescence architecture in legumes. Although more detailed functional analyses should be carried out to elucidate the precise functions of these genes, our approach has already served as a proof of concept to validate the use of the new genomic tools available for pea and to identify at least one novel gene that is a potential target for breeding programs.
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Trait Unit? Mean Standard Range
deviation

Nitrogen (N) % DW 3.46 0.35 2.79-4.19
Phosphorus (P) % DW 0.52 0.05 0.41-0.64
Potassium (K) % DW 1.43 0.12 1.20-1.83
Calcium (Ca) % DW 0.34 0.09 0.20-0.65
Magnesium (Mg) % DW 0.18 0.02 0.13-0.24
Iron (Fe) mg-kg~' DW  71.53 8.43 49.93-93.28
Zinc (Zn) mgkg™' DW  27.23 3.49 19.32-35.65
Manganese (Mn)  mg-kg~' DW 15.98 2.34 10.94-21.48

apW, dry weight.
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Min. 1stQu. Median Mean 3rdQu. Max.
(A) MAE
M 245 383 436 4.46 494 804
RF 224 312 364 369 413 586
sM 232 374 445 433 511 607
Elastionet 156 298 354 348 41 527
GBM 211 32 393 383 449 579
PC 197 285 3.48 355 409 66
PLS 174 292 321 3.44 386 629
MARS 244 34 392 402 466 593
Min. 1stQu. Median Mean 3rdQu. Max.
(B) RMSE
M 332 5 577 572 634 974
RF 27 42 497 502 586 802
sM 289 498 6.02 576 665 813
Elastionet 195 398 49 468 523 758
GBM 279 445 537 5.12 58  7.73
PC 24 391 487 492 578 842
PLS 243 378 427 475 551 900
MARS 302 467 5.42 5.49 642 855
Min. st Qu.  Median Mean  3rd
(©) R squared
M 079 091 094 093 096 098
RF 088 093 095 095 096 099
sM 08 092 093 093 095 099
Elastionet 088 083 096 095 098 099
GBM 089 083 095 095 096 099
PC 084 083 096 095 097 099
PLS 083 094 096 095 097 100
MARS 087 092 094 094 096 098
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Traits Year Parents RILs

JD12 NF58 Max Min Mean SD CV/% Skew Kurt h?, h2p(mean)

SHL 2014 3.20 2.72 3.67 2.47 3.01 0.21 7.07 0.27 0.22 0.89 0.84
2015 3.14 2.96 3.66 2.47 3.07 0.20 6.61 0.28 -0.17 0.84
2016 3.31 2.85 3.57 2.55 3.03 0.20 6.63 -0.39 0.07 0.84

SHW 2014 1.18 1.16 1.31 0.99 1.13 0.07 6.41 -0.41 0.33 0.81 0.72
2015 1.20 1.22 1.33 0.97 1.16 0.07 5.88 0.06 -0.17 0.77
2016 1.17 1.12 1.46 0.94 1.17 0.09 7.54 0.77 017 0.87

SHA 2014 2.96 2.49 3.62 2.07 2.68 0.31 11.47 -0.08 0.50 0.88 0.79
2015 2.95 2.83 3.65 2.09 2.80 0.28 10.13 -0.01 0.19 0.83
2016 3.04 2.50 3.66 1.92 2.78 0.32 11.37 0.54 0.26 0.88

PSHA 2014 8.54 8.36 10.48 5.62 7.78 0.92 11.86 0.45 0.48 0.90 0.81
2015 7.74 8.50 9.20 5.70 7.47 0.77 10.25 -0.34 —0.04 0.84
2016 8.23 8.11 10.85 5.46 7.77 0.94 12.07 0.06 0.30 0.88

PC 2014 45.46 38.20 47.60 36.83 42.62 1.96 4.61 —0.46 -0.13 0.83 0.83
2015 45.23 37.65 47.50 37.65 42.92 2.03 4.73 -0.28 -0.19 0.83
2016 46.44 37.87 47.71 37.88 43.22 2.04 4.72 -0.33 0.01 0.84

ocC 2014 19.05 22.19 22.54 16.07 19.60 1.19 6.09 -0.21 -0.02 0.84 0.87
2015 19.12 22.23 23.24 17.09 19.99 1.18 5.92 -0.24 0.05 0.84
2016 18.13 22.79 22.81 17.49 20.02 1.13 5.62 0.29 -0.15 0.83

100SW 2014 22.48 15.15 26.24 12.18 19.19 2.79 14.55 -0.15 0.22 0.84 0.87
2015 21.44 16.12 27.98 13.16 19.35 2.87 14.84 0.19 0.26 0.82
2016 22.03 14.98 28.66 12.08 19.18 3.09 16.09 -0.23 -0.11 0.86

PSW 2014 35.60 19.90 53.76 6.59 25.76 10.02 38.89 0.16 0.40 0.74 0.79
2015 45.26 31.42 56.39 8.20 26.45 9.75 36.86 -0.57 0.04 0.70
2016 37.94 30.15 53.28 8.11 25.00 9.21 36.84 0.41 0.51 0.75

RILs, recombinant inbred lines. The eight observed traits included four hilum traits: SHL (seed hilum length, cm), SHW (seed hilum width, cm), SHA (seed hilum area,
cm? ), PSHA (percentage of seed hilum area in seed projected area, %), two quality traits PC (protein content, %) and OC (oil content, %); and two yield traits T00SW (100
seed weight, g) and PSW (plant seed weight, g).
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Add values of > 0 and < O represent increasing effects of the QTLs derived from JD12 and NF58, respectively.
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Chromosome Ratio kb/cM Time to flowering (DTF, GGD)? Photoperiod response (PRI, PS, RRP, CLASS)?

LD SD Years
Main QTL Epistatic QTL Main QTL Epistatic QTL Main QTL Epistatic QTL

Chromosome 1 303.76 2 1 3 1 2
Chromosome 2 722.71 1 e
Chromosome 3 470.93 1 1
Chromosome 4 794.34 2 15) 3 6 11
Chromosome 5 701.66 2 2 1 4 2
Chromosome 6 708.43 2
Chromosome 7 524.24 3 1 1

Chromosome 8 933.31 1 1 6
Chromosome 9 374.96 2 3 5 6 8
Chromosome 10 569.45 1 2 b
Chromosome 11 691.81

Days to flowering = DTF, growing degree days = GDD; photoperiod response index = PRI, percentage of photoperiod sensitivity = PS, relative Response to
Photoperiod = RRR, and photoperiod response on a scale of 1-8 = CLASS.

aNumber of main and epistatic QTL detected in SD and LD environments.

PNumber of main and epistatic QTL detected across 6 years.
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QTL PositionincM2  Chr. Marker interval F (F threshold)®  R2 (a)° Ad QE AE® R2 (ae)f

LD SD
PC1-1.12 0.00-8.28 1 PVALC-SNP-5503 11.42 (7.43) 237  —0.11™ —-0.12" 0.12 3.48
PC2-4.1 24.02-25.09 4 BMc155-Pv04G048200 38.56 (7.25) 23.71 0.88"* 0.90"* —0.85"* 22.92
pPC2-8.8 39.564-39.84 8 IAC027-E32M51-160 38.56 (7.25) 1.28 0.11*
PC2-9.5 57.57-57.57 9 Pv09G204500-Pv09G204700 12.40 (7.25) 0.93 0.28"**

aEstimated confidence interval of QTL position in cM (Kosambi, 1943).

PF values of significance of each QTL. The critical F-value was determined by a permutation test of 1000 repetitions at the confidence level of 95%
(Churchill and Doerge, 1994).

CPercentage of the phenotypic variation explained by additive effects.

dEstimated additive effect. Positive values indicate that alleles from PHA1037 increase the trait value, and negative values indicate that positive effect is due to the
presence of the alleles from Bolita. Experiment-wide P value. **P < 0.001.

ePredicted additive by environment interaction effect. The meaning of sign values is described in the footnote 9.

fPercem‘age of the phenotypic variation explained by additive x environment interaction effect.
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Environment Sowing date Maximum Minimum Solar radiation Daylength Daylength range

temperature (°C) temperature (°C) (10 kJ/(m?dia)) average (h:min) (h:min)
LD1 February 20, 2009 19.42 7.55 1669 13:06 10:49-15:03
LD2 March 01, 2011 22.28 10.38 1737 13:27 11:13-15:13
LD3 March 02, 2016 18.59 9.03 1596 13:32 11:18-15:14
LD4 March 15, 2010 19.00 8.30 1680 13:59 11:54-15:17
LD5 April 27, 2015 24.61 13.17 1875 14:51 18:53-14:19
LD6 July 26, 2013 25.04 14.50 1431 12:30 14:39-10:14
SD1 August 12, 2013 23.55 13.59 1296 11:45 14:01-9:36
SD2 August 20, 2009 21.85 12.85 1097 11:24 13:41-9:22
SD3 August 24, 2011 21.53 11.56 1082 114158 13.32-9:17
SD4 August 26, 2015 20.67 11.72 1015 11:10 13:26-9.15
SD5 September 13, 2016 19.54 9.90 924 10:27 12:34-9:04
SD6 September 21, 2010 16.95 7.87 731 10:12 12:13-9:06

Data observed during the first 100 days after sowing.
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Trait SD environments LD environments Line x E Across SD-LD correlation

Line Line x E Vg Vp h? Line Line x E Va Vp h?

DTF - o 7.47 33.99 0.22 +0.03 o o 577.35 1119.43 0.52 +0.03 o 0.29"*

From an additional ANOVA using PROC MIXED (SAS Institute Inc., V. 9.4, Cary, NC, United States), the line x environment interaction (for full ANOVA see Supplementary Table 2) tests for evidence of genetic variation
in flowering time across environments. *** significant at the 0.05, 0.01, and 0.001 probability levels, respectively. h? with their standard errors were estimated by restricted maximum likelihood (REML) option of the PROC
MIXED and IML (Holland et al., 2003; Holland, 2006). Phenotypic Pearson correlation coefficients among traits were implemented using PROC CORR across the environments.
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Traits (unit)? Mean + SEP Range Max/Min CV (%)° Significance?

TLR (cm) 102.3 + 4.4 20.0-531.7 26.6 6.4
LPR (cm) 184405 6.5-19.9 3.1 4.9
LSR (cm) 87.7+3.9 3.3-512.2 155.2 5.3
DTLR (cm/cm) 0.9+0.1 0.2-2.3 115 3.7
TNR (#) 59.0 + 0.7 23.0-123.0 5.3 2.2
Med (#) 6.6 +0.3 0.7-15.7 224 12.1
Max (#) 20.0+0.3 7.0-34.9 5.0 6.3
DRS (cm) 10.8+£05 7.4-15.9 2.1 4.8
WRS (cm) 88+0.7 4.8-14.1 2.9 9.3
SRS (cm?) 60.9 + 14.0 15.6-105.7 6.8 0.1 N.S.
DR (cm) 0.128 + 0.0 0.117-0.132 1.2 1.4
SAR (cm2) 126.3£1.7 20.4-209.7 10.3 0.3

aTotal length of roots (TLR), length of primary root (LPR), length of secondary roots (LSR), distribution of total root length (DTLR), total number of roots (TNR), median
number of roots (Med), maximum number of roots (Max), depth of root system (DRS), width of root system (WRS), surface of root system (SRS), diameter of primary
roots (DR), surface area of primary root (SAR).
bStandard error (SE).
CCoefficient of variation (CV) between replicates.
dSignificance levels of P-values derived from the ANOVA.

**Indicates a P-value < 0.001, N.S., not significant.
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Trait Chr MSS? position (bp)
TLR (cm) 01 39,473,722
03 11,872,785
03 26,421,602
10 33,249,968
18 15,820,143
19 12,124,915
DR (mm) 06 3,828,365
o7 8,991,589
13 5,944,486
18 33,584,142
aMost significant SNP.

bFDR-adjusted p-value.
®Minor allele frequency.
dProportion of variation explained by the most significant associated SNP
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Traits CP NDF ADF Lignin H?

CP 1 0.55
NDF —0.08" 1 0.56
ADF —0.49 0.68™* 1 0.55
Lignin —-0.17* 0.40™ 0.60** 1 0.46

“*means a significant difference for P < 0.07 and ™means p > 0.05; H? means the
broad-sense heritability.
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Year QTL Linkage group Position /cM Left marker Right marker LOD A PVE (A)/% AE PVE (AE)/%

2016 GCP4A 4A 15.5-17.5 TP8410 TP2329 269  —025 3.00
*GCP5A-2 5A 11.6-12.5 TP22206 TP63158 3.28 0.27 2.61 0.12 0.45
qCP6C-1 6C 11.5-12.5 TP41126 TP1505 4.56 0.34 4.13

qCPSC 8C 33.5-85.5 TP33947 TP71109 268  —0.24 2.76
gNDF4B-2 4B 88.5-90.5 TP46160 TP70472 2.50 0.58 218 0.22 0.56
gNDF5C 5C 93.5-96.5 TP94547 TP63743 4.04 0.76 3.49 0.21 0.40
gNDF6C 6C 11.6-12.5 TP41126 TP1505 453  —0.81 399 -055 3.22
gNDF6D 6D 23.5-255 TP72418 TP48491 628  —0.91 500 —0.45 1.75
gNDFSC 8C 81.5-83.5 TP66658 TP40849 273 0.60 235 0.17 2.07
gNDFSD 8D 73.5-755 TP94054 TPB0447 524  —0.93 530 —0.42 1.68
GADF6C 6C 11.6-12.5 TP41126 TP1505 337 -064 365 —037 1.65
GADF6D 6D 23.5-255 TP72418 TP48491 6.67  —0.87 6.68
GADF7A 7A 117.5-122.5 TP2379 TP26898 258 0.52 2.54
gADFSC 8C 81.5-83.5 TP66658 TP40849 2.84 0.57 2.92 0.39 1.82
GADFSD 8D 73.5-75.5 TP94054 TP60447 256  —0.60 337 -035 152
qlignindA 4A 31.5-355 TP95797 TP49781 3.29 0.08 3.74 0.05 0.45
qlignin6D-2 6D 23.5-255 TP72418 TP48491 11.75  —0.15 14.35  —0.14 2.04
2019 qCP2C 2C 30.5-32.5 TP91889 TP65244 3.91 0.60 4.43 0.26 1.45
qCP3C 3C 60.5-65.5 TP16675 TP25696 310  —057 410  -0.16 0.68
gNDF1C 1C 86.5-87.5 TP5293 TP97853 2.87 1.02 4.16 0.37 1.37
gNDF2D 2D 0-5.5 TP23158 TP59255 265  —1.09 499  -0.46 1.92
*qNDFSB 8B 124.5-127.5 TP6047 TP57365 432 -1.20 594  —0.48 2,07
gADF1C-1 16 86.5-87.5 TP5293 TP97853 2,61 0.65 412 0.25 0.73
*qADFSB 8B 124.5-128.5 TP6047 TP57365 318  —0.70 406 -0.18 0.39
qlignin1D 1D 485515 TP24124 TP8248 267  —0.35 4.80 0.10 2.87
2020 qCP4C-1 4C 92.5-95.5 TP32398 TP76698 415 0.85 4.41 0.41 3.84
qCP5B 58 129.5-130.5 TP58284 TP75694 8.16 1.32 11.34 0.40 3.48
qCP5D 5D 17.56-20.5 TP37244 TP743 277 —0.69 314  -030 223
qCP6A-2 BA 145.5-147.5 TP66649 TP95828 262  —0.80 421 -028 1.93
qCP6C-3 6C 415445 TP29297 TP13076 431 -0.88 487  -004 1.00
gNDF3C 3C 103.5-105.5 TP40480 TP52516 453  —1.25 6.27 0.27 1.02
GNDF4B-1 4B 435455 TP100066 TP34030 273 0.94 3.78
gNDF5C 5C 74.5-755 TP56843 TP45939 4.38 112 5.08
GADF1C-2 16 123.5-124.5 TP74914 TPY5255 2.96 0.99 5.12 0.28 1.02
GADF5B 5B 107.5-113.5 TP71024 TP46218 252  —0.85 345  —002 1.84
qlignin4C 4C 138.5-140.5 TP15413 TP8148 3.80 0.59 478 0.25 5.29
glignin5B 58 119.5-122.5 TP62644 TP78353 2.90 0.63 478 0.21 3.52
qlignin6A B6A 105.5-106.5 TP27849 TP8131 271 —0.51 3.41
qlignin6C 6C 36.5-38.5 TP97699 TP20847 534  —0.72 6.97

BLUP qCP2B 2B 115.5-117.5 TP44590 TP14817 645  —0.39 4.11
qCP4C-2 4C 111.5-114.5 TP10439 TP87009 4.06 0.30 247
qCP5A-1 5A 0-1.5 TP13068 TP27740 4.85 0.34 3.14
qCP6A-1 BA 6.5-7.5 TP97202 TP72286 516  —0.35 3.48
qCP6C-2 6C 30.5-33.5 TP24704 TP8104 708  —0.40 4.38

GNDF3A 3A 5.5-6.5 TP86255 TP29176 468  —0.80 4.38
gNDF4D 4D 77.5-79.5 TP52612 TP13026 3.45 0.69 3.43
gNDF5C 5C 86.5-88.5 TP49480 TP8930 4.38 0.70 3.54
gNDF6D 6D 245255 TP72418 TP48491 638  —0.87 5.37
*qNDF8B 8B 124.5-127.5 TP65937 TP6047 677  —0.92 5.99
GADFIC 1C 86.5-87.5 TP5293 TP97853 4.64 0.58 5.93
gADF5C 5C 93.5-95.5 TP94547 TP63743 278 0.46 3.76
*qADFSB 8B 123.5-128.5 TP6047 TP57365 257  —0.41 3.08
qlignin5C 5C 93.5-95.5 TP25891 TP94547 3.76 0.12 4.22
qlignin6D 6D 8.5-10.5 TP74220 TP71911 526  —0.15 6.24

QTLs were bold to indicates that this QTL co-located with others. *QTL means it had been identified previously, qCP5A-2 (Biazzi et al., 2017); gqNDF8B and
GADF8B (Sakiroglu and Brummer, 2017). A, additive effects; PVE(A), percentage of phenotypic variation explained by the QTL at the current position; AE, the additive
QTL x environment interaction under current year; PVE(AE), percentage of phenotype variance explained by additive QTL x environment.
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QTL Chr. Pos. Physical pos. left Physical pos. right Left marker Right marker LOD PVE (%)° Add° Interval
name (cM) marker (Mbp)? marker (Mbp)? name name position (Mbp)
CKT1.1 PvO1 344 50.9 51.31 Bng083 g510 3.94 15.8 13.04 0.37
CKI3.2 Pv03 237 511 52.06 Leg213 BMb590 3.67 15.97 13.88 0.92
WAC3.1  Pv03 237 514 52.06 Leg213 BMb590 26.76 69.76 —14.5 0.92

aphysical position in Mbp.

bPhenotypic variation explained.

CAllelic effect by DOR364.
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QTL name Chr. Pos. (cM) Left marker name? Right marker name LOD PVE (%)® Interval size (Mbp)

CKT3.1 PvO3 1.5 Pv2.1_03_592656_G/A Pv2.1_03_755530_G/C 6.96 7.07 0.16
CKT4.1 PvO4 47 Pv2.1_04_41895594_A/T Pv2.1_04_41987047_A/T 7.03 7.60 0.09
CKT7.1 PvO7 63.5 Pv2.1_07_31833933_A/C Pv2.1_07_32077935_T/C 11.39 12.18 0.24
CKT8.1 PvO8 7 Pv2.1_08_60150805_T/C Pv2.1_08_60180011_A/G 9.01 9.77 0.02
WACT1.1 Pvi11 75 Pv2.1_11_51537051_G/C Pv2.1_11_51584833_C/G 7.96 8.69 0.04

Information on founder haplotype effects is in Supplementary Table 4.
aphysical position and polymorphism of the SNP according to reference version 2.1.
bPhenotypic variation explained.
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QTL name

CKT3.1
CKT3.2
CKT2.1
WAC7.1
WAC3.1
WACS.1
WAC7.1

Population

MAGIC
VEF
MIP

MAGIC
VEF
VEF
MIP

Marker

Pv2.1_03_983982_T/C
Pv2.1_03_51024158_C/A
Pv2.1_02_46670223_A/G

Pv2.1_07_1182132_A/G
Pv2.1_03_51024185_T/A
Pv2.1_05_7726366_C/T
Pv2.1_07_3412439_T/A

The complete list is presented in Supplementary Tables 5,6.
aPosition is based on the P, vulgaris reference genome.
5 Minor allele frequency.

CR2 s the percent of phenotypic variation explained by the SNP marker.

dAllelic effect based on the reference allele.

Chr.

PvO3
PvO3
Pv02
PvO7
PvO3
Pv05
PvO7

Pos. (bp)?

983,982
51,024,158
46,670,223

1,182,132
51,024,185
7,726,366
3,412,439

p value

1.39E—-06
3.66E-07
1.66E—-06
7.17E-08
5.56E-10
1.99E—-06
6.00E-07

MAF®

0.38
0.05
0.46
0.11
0.05
0.03
0.12

203
330
197
203
330
330
193

0.34
0.20
017
017
017
0.12
0.20

Effect

—1.98
5.24
—0.47
4.15
9.89
—8.39
3.11
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Trait Germplasm/variety/wild relatives Country Reference
Low ODAP (0.04-0.1%) BARI Khesari-1, BARI Khesari-2, BARI Khesari-3, BARI  Bangladesh Malek et al., 1996; Kumar et al., 2013
Khesari-4, BARI Khesari-5 BINA Khesari-1
Ratan, Prateek, P-24, Mahateora, Nirmal, Bidhan India Lal etal,, 1985; Pandey et al., 1996; Indian
Khesari-1 Council of Agricultural Research, 2009
Wasie Ethiopia Tadesse and Bekele, 2003
CLIMA pink, 19A, 20B Nepal Yadav, 1996
Ceora, Chalus (L. cicera) Australia Hanbury and Siddique, 2000
LS 8246 and AC-Greenfix Canada Campbell and Briggs, 1987
Derek and Krab 9 Poland Kumar et al., 2013
Gurbuz-1 Turkey ICARDA, 2007
L. cicera, L. amphicarpus L. ochrus ICARDA Campbell, 1997; Kumr et al., 2013
Double flower or podding in single node ~ L900239 and L920278 Canada Campbell and Briggs, 1987
IFLA-1864, IFLA-143 India Barpete, 2020 unpublished report
Seed weight (= 30 g/100 seed) LS-2026, LS-8, LS-97, Quik-blanco, Chile Ulloa and Mera, 2010
Earliness (< 100 days) BANG-267, BANG-310, IFLA-2475 India Barpete, 2020 unpublished report
Insect and pest resistance Lathyrus germplasm/wild relatives
Thrips (Cafiothrips indicus) resistance RLK-1, RLK-281, RLK-617, RPL-26, RLK-273-1, India Lal etal., 1985; Pandey et al., 1997;
(insect) RLK-278-3, JRL-6 and JRL-41 Banerjee et al., 2019
Bruchid resistance (Insect) cv. Rodos (from L. cicera) Greece Tsialtas et al., 2020
Rust (Uromyces pisi) BG-15744 and BG-23505 (Partially resistance) Spain Vaz Patto and Rubiles, 2009, 2014a
Powdery mildew (Erysiphe pisi) IPLy2-10, RPLK-26, RL-41, RLS-2, RPLK-26 and India Narsinghani and Kumar, 1979; Lal et al.,
RL-21, 158246, landrace a-60, 1985; Sasti, 2008
Downy mildew (Peronospora RLS-1, RLS-2, JRS-115, JRL-43, and JRL-16 India Lal et al., 1985; Asthana and Dixit, 1997
lathyri-palustris)
Ascochyta blight (Vycosphaerella pinodes)  ATC 80878 Australia Gurung et al,, 2002; Skiba et al., 2004a
Cyst nematode (Heterodera ciceri) IFLA 347 (partially resistant) ICARDA Vito et al,, 2001

Root knot nematode (Veloicogyne artiella)

Crenata broomrape (Orobanche crenata)

(P1236481 & UT29021 from L. fatifolius), (Pl 358879
from L. sylvestris) (P1 440462 from L. hirsutus) species

L. clymenum and L. ochrus (resistance species)

Washington, USA

Spain

Rumbaugh and Griffin, 1992

Linke et al., 1993; Sillero et al., 2005
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Traits

Days to 50% flower

Days to maturity

Plant height (cm)

100 seeds weight

Pods/plant

Seeds/Pod

Range References

47-97 days (South Asia)  Dahiya and Jeswani, 1974;
Sarwar et al,, 1995

104-129 days Kumar et al., 2018, 2020;

(Mediterranean and Barpete et al,, 2020b

European type Environment)

86-127 (South Asia) Pandey et al, 1995

186-177 days Barpete et al., 2020b

(Mediterranean type

environment)

15-68cm (South Asiaand  Pandey et al, 1995;

Mediterranean) Campbell, 1997; Barpete
etal., 20200

245-172cm (European  Campbell, 1997

type)

2.95-8.50 (South Asia)  Pandey et al., 1995;
Sarwara et al., 1995

4.07-28.89 (Mediterranean Campbell, 1997; Barpete

and European type etal., 20200
environment)
2.4-59 (Indii) Pandey et al, 1995

20-224 (Mediterranean type Barpete et al., 2020b
environment)

1.60-4.60 (South Asia)  Pandey et al,, 1995

1.50-4.20 (Mediterranean  Barpete et al., 2020b
type environment)

Seed Yield (g/Plant)  6.2-200g (South Asia)  Pandey et al,, 1995
3.06-50.269 Campbell, 1997; Barpete
(Mediterranean type etal., 2020b
environment)
Biological yield (g/plant) 16.18-154.69 Robertson et al., 1995;
(Mediterranean type) Barpete et al., 2020b
0.4-51g (South Asia) Pandey ot al, 1995;
Campbell, 1997
Branches per plant  1.8-28.4 (India) Mehra et al., 1995; Pandey
etal., 1995; Campbell, 1997
5.5-40 (Canada) Campbell, 1997
Double flower or 2 flowers/peduncle Campbell and Briggs, 1987
double pods/ single
node
$-ODAP 0.02-2.59% Hanbury and Siddique,
2000; Arslan et al., 2017;
Kumear et al., 2020
Protein 17.7-34.60% Sammour et al,, 2007ab;
Pastor-Cavada et al., 2011;
Barpete et al., 2020b
Fat 27% Rahman et al., 1974; Rotter
etal., 1991
Calories 362.3-368.4 keal/kg Rahman et al., 1974;
Majurdar, 2011
Carbohydrates 51-73% Tamburino et al., 2012;
Al-Snafi, 2021
Starch 35-52% Urga et al., 2005; Girma and
Korbu, 2012; Al-Snafi, 2021
Total lipid 1.6-2.0% Tamburino et ., 2012
Fatty acids (saturated) 16-54% Grela etal., 2010;
Tamburino et al., 2012
Fatty acids 45.7-66.7% Grelaetal., 2010
(unsaturated)
Iron 41-73 ppm Urga et al., 2005; Grela
etal., 2010; Sen Gupta
etal., 2021
Zine 19-54 ppm Urga et al., 2005; Grela
etal., 2010; Sen Gupta
etal., 2021
Homoarginine 7.49-12.44 mg/g Sacristén et al., 2015; Sen
Gupta et al,, 2021
Potassium 8.33-11.05 ppm Grela et al., 2010, 2012
Magnesium 0.86-1.61 ppm Hanbury and Siddique,
2000; Grela et al,, 2012
Manganese 7.86-42.5 ppm Hanbury and Siddique,
2000; Grela et al., 2010
Tannin 272-562 gkg Deshpande and Campbell,
1992; Grela et al., 2010;
Al-Snafi, 2021
p-carotene 240.8-410.1 pokg Arslan, 2017
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atL Closest marker t-value p-value® LoD
GPC-Ah16-1 ANTE0242 213 00118 08
qOIL-AR03-3 ANTE1144 194 00148 0.33

PVE (%)

37.0
170

Student's t-test (p < 0.05) was performed to identify co-segregation between distinct allele and phenotype; S, Significant; NS, Non-significant.
Phenotypic values and allelic pattern of genotypes considered for QTL validation given in Supplementary Table 9.
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Region

Cluster
1

QTL

GNPPP-AK02-1,
GPWPP-AR02-1 and
GSP-AR02-1

GPC-Ah16-2 and gSP-Ah16-1

GSP-Ah13-1

GPC-AN16-1

GOIL-A03-3
GOIL-AROS-1

Chromosome Flanking markers

AhO2

An16

Ah19

Ah13

Ah16

ANhO3
A0S

Ah02_100281747-
Anh02_1568084

AhTEOOB0 (86223589)
-Ah16_77480103

Ah19_166127299-
ANh19_156179303

Ah13_80163117-
Ah13_50074616

ANTEO242 (3776007)
—~AhTE0060

AhO3_142744376-AhTE1144
ANh06_116061124-AhTE0470

*Cluster 3 contains of 12, 13, and 11 major effect QTLs for OLE, LIN, and O/L, respectively.

Region (cM)

46.7-50.1

7.1-18.0

61.1-87.6

159.3-178.3

0.0-7.1

37.4-37.5
108.2-116.3

Peak position
(cM)

48.7

13.1

1633

30

37.4
11.2

Region (Mb)

50

87

0.05

30.0

5.0

50
5.0

Genes

360

34

249

259

21
333
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Trait/QTL Locus 1 Locus 2 LOD PVE Additive Additive  AddbyAdd Season(s)
name (%) effect1  effect2

Chromosome Position 1 Left marker 1 Right marker 1 Chromosome 2 Position2 Leftmarker2  Right marker 2

1 (cM) (cM)
NPPP
GINPPP- An02 50 A02_100281747Ah02_1558084  AhO4 10 ANTEO087 TC11HOS 32 158 14 17 14 s4
Ah02-1
GHINPPP- An02 50 AN02_100281747A02_1658084  AhOB 110 An16_110524270 ANTE2006 36 177 1.6 17 16 s4
Ah02-2
GINPPP- An02 50 A02_100281747Ah02_1658084  Ah12 135 A12.1893158 An12_12348612 46 20 18 -18 -16 s4
Ah02-3
GINPPP- AnO4 0 ANTEO087 TC11H06 ANO4 5 ANTEO087 TC11H0B 32- 98- -24t0-13 1627 -24t0-1.1 $4,83,52
AhO4-1 46 285
SP
qlisP-  An03 65 Ah03_29890737 ANTEO178 A6 15 ANTEO0S0 An16_77480103 8.7- 183- 17-27 -18to-18 2331 s2,84
AR03-6 61 242
ISP~ An08 15 AN0B_27217002 Ah17_20550265 Ah13 175 AN13_80163117 Ah13.50074616 3.1~ 14- -4710-36 —5t0-38 -55t0-42 2,54
A08-5 97 282
qiSP-  An12 95 An12_111595586A12_40652945 Ah16 15 ANTEO060 An16._77480103 3.4~ 163- —4t0-36 —4.410-36-4710-35 2,81
Ani2-1 59 285
qtisP-  AR13 165 Ah13_80163117 A13_50074616 Ah16 15 ANTEO0B0 An16_77480103 53- 139- —4.4-135 -48-11.3 —5-12.1 86,52
A13-2 98 239

LOD, Logarithm of ods; PVE, Phenotypic variance explained; NPPR, Number of pods per plant; PWPR, Pod weight per plant (g); TW, Test weight (g); SP. Shelling percentage (%); S1, Rainy 2014; S2, Rainy 2015; 3, Reiny 2016; S4,
Rainy 2017; S5, Rainy 2018; S6 and Post-rainy 2018.
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S No. Population Trait

1 Four F2 populations derived
from eight sub accessions
(P 28356403 x Pl
426885.2, PI 358601.5 x Pl
173714.5, P1 426891.1xPI
172930.4, and Pl
283549a.6 x P1 2028032.9)

2 F2progeniesfomseven -
accessions of cultivated
grass pea

3 Eleven parents among Flavonoid

which four were diploid (2n  deficiency
= 14) and rest seven were
primary trisomic (2n+1 =
1) types and M4 mutant
populations
4 F2 population (Blue Flower color
flowered: PI42689.1.1.3 x
white flowered Pl
283564¢.3.2)
5 Sweet pea Tendi
(Lathyrus odoratus) F2
derived from cross between
(Grace x Snoopea BSA) in
sweet pea (Lathyrus
odoratus) F2 population
(Grace x Snoopea purple)
6 Backeross population (ATC  Aschochyta blight

80878 x ATC 80407) resistance

7 FsRIL Rust (Uromyces
(BGE008277 x pis) resistance
BGE023542)

Markers

11 isozymes (ACO-1,
ACO-2, AAT-1, AAT-2,
EST-3, EST6, FDH,
LAP-1, PGD-2, SKDH,
and TPL-1)

9isozymes

Isozymes of enzyme
aconitase (ACO) and
S-nitrosoglutathione
reductase (GSNOR)

71 RAPDs, 3 isozymes
and 1 morphological
marker

302 RAPD markers

47 RAPD, 7 ESTSSR,
13 STS/ CAPS

189 SNP, 113 EST-SSR,
and 5 Intron Targeted
Ampiffied Polymorphism
(ITAP) markers

Linkage
group

Average
marker
density (cM)

898cM

803.1cM

724.2cM

Mapped

loci

69

64

307

No. of QTLs

QTL1 (12%)
QT2 (9%)

Reference

Chowdhury and
Slinkard, 2000

Gutiérrez et al.,
2001

Talukdar, 2012

Chowdhury and
Slinkard, 1999

Hanada and Hirai,
2003

Skiba et al., 2004a

Santos et al., 2018
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Trait Marker Chromosome Position (cM) LoD PVE (%) Season(s)

OLE Ah19_166127364 Ah19 67.1 8.4-123 9.2-13.1 S1, 82, 83, 84, S5, S6
An19_155135344 Ah19 725 15.8-18.4 16.5-18.9 $1, 82, 83, 84, S5, 56
Ah19_166136353 Ah19 726 16.7-18.7 16.6-19.2 $1, 82, 83, 84, S5, S6
Ah19_155165240 AhO9 20.5 7.5-20.1 8.3-20.6 $1, 82, 83, 84, S5, 56
An19_155172354 An19 7786 7.9-208 8.8-21.2 $1, 82, 83, 84, S5, 56
Ah10_36971572 AN10 67.9 9.8 106 s4

LN An19_155127364 An19 67.1 82-126 89-135 1,82, 83, 54, 85, 56
Ah19_1661356344 Ah19 725 15.4-19.6 13.2-20.4 $1, 82, 83, 84, S5, S6
An19_165135353 An19 726 12.3-20.3 13.1-20.7 $1, 82, 83, 84, 85, 56
AN19_156165240 AhO9 205 6.8-20.7 74211 $1, 82, 83, 84, S5, S6
An19_155172354 An19 776 7.7-215 85-218 1, 82, 83, 54, S5, S6

oL AN19_156127364 Ah19 7.1 8.3-11.1 9.1-11.9 S1, 82, 83, 84, S5, S6
Ah19_156135344 An19 725 14.2-17 14.9-17.7 $1, 82, 83, 84, S5, S6
An19_166135353 Anh19 726 147173 15.5-18 $1, 82, 83, 84, S5, S6
Ah19_166165240 AhO9 20.5 6-17.3 6.6-18 $1, 82, 83, 84, S5, S6
Ah19_166172354 An19 776 6.9-183 76-189 $1, 82, 83, 84, S5, S6

PC ANTEO281 AnO1 57.9 15 168 1
Ah03_127278448 AhO3 11.8 103 11.1 st
ANTEO087 AO4 0.0 18.4 18.9 s1
ANTEO275 A0S 1187 155 16.2 st
ANTEO120 Ant1 293 23 232 s1
ANTE1110 Anh12 0.0 14.4 16.2 st
Ah12_118126407 Anh12 822 9.8-13.4 10.5-14.2 81,84
ANTEO242 An16 0.0 96-216 10.4-21.9 1,84
ANTEO060 An16 71 11.5-245 12.3-24.4 s1,84
AnTE1451 A18 7486 1.1 11.9 st

SP AnTEO281 AnO1 57.9 188 193 s3
ANTEO087 AhO4 0.0 10.4 11.2 s3
ANTEO120 At 293 175 18.1 83
ANTEO242 An16 0.0 13.1 139 s3

LOD, Logarithm of Odds; PVE (%), Phenotypic coefficient of variation; LIN, Linoleic acid content; OLE, Oleic acid content; O/L, oleic to linoleic acid ratio; PC, Protein content and SP.
Shelling percentage.
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Trait/QTL

Number of pods per plant (NPPP)
GNPPP-ARO2-1

GNPPP-ARO4- 1

GNPPP-AR14-3

Pod weight per plant (PWPP)
GPVIPP-ARO2-1

Shelling percentage (SP)
GSP-Ah02-1

GSP-A13-1

GSP-ART6-1

Protein content (PC)

qPC-Ah16-1

GPC-ANT6-2

Oil content (OIL)

qOIL-A03-3

GOIL-AR05-1

Oleic acid content (OLE)
GOLE-AN19-1, qOLE-AN19-2,
GOLE-AN19-3, qOLE-AN19-4,
GOLE-AN19-5, GOLE-AN19-6,
GOLE-AN19-7, qOLE-Ah19-8,
GOLE-AN19-9, qOLE-Ah19-10,
GOLE-AN19-11, QOLE-AN19-12
inoleic acid content (LIN)
qLIN-AR19-1, GLIN-AR19-2,
GLIN-AR19-3, GLIN-AR19-4,
GLIN-A19-5, GLIN-AR19-6,
QLIN-A19-7, GLIN-AR19-8,
GLIN-A19-9, GLIN-AR19-10,
QLIN-AR19-11, GLIN-AR19-12,
qLIN-AR19-13

Oleic linoleic ratio (O/L)
GO/L-AN19-3, GO/L-AR19-
qO/L-AN19-5, GO/L-AR19-
GO/L-AN19-7, GO/L-AR19-
GO/L-AN19-9, GO/L-AR19-10,
qO/L-AN19-11, GO/L-ANT9-12,
qO/L-AR19-13

Chromosome

AhO2

Aht4

AhO2

AhO2

A3

Anh16

An16
An16.

AhO3
A0S

An19

An19

Ah19

Peak position
(cM)

48.7
1.0
1335
48.7
48.7
163.3

13.1

30
12.1

37.4
111.2

78.6"

75.8"

78.6"

Confidence
interval

46.7-50.1
0-15.4
132.5-136.3
46.7-50.1
46.7-50.1
159.3-178.3

7.1-18

0.0-7.1
7.1-18

37.4-375
108.2-116.3

61.1-87.6

61.1-87.6

61.1-87.6

Flanking markers

Ah02_100281747-Ah02_1558084
AhTEO087-TC11HO6
Ah11_1177069-Ah14_4643565
/Ah02_100281747-Ah02_1568084
‘Ah02_100281747-Ah02_1558084
An13_80163117-Ah13_50074616

AhTEO060-Ah16_77480103

AhTE0242-AhTEOOB0
AhTEO060-Ah16_77480103

Ah03_142744376-AhTE1144
/Ah05_115061124-AhTE0470

Ah19_155127299-Ah19_156179303**

Ah19_155127299-Ah19_155179303**

Ah19_155127299-Ah19_155179303**

LoD

96

38

v g
4-10.6

5.7
3.2-85.5

4.1-6.6

7.6-153
6.9-135

33-95
3.8-4.6

5.1-222

6.3-18.3

6.5-19.5

PVE (%)

236
229
173
7.4-209
126
16.3-62.8
10.5-19.9

7.9-133
9.7-13.3

6.2-13.7
9.1-10.7

55-21.3

7.0-17.1

6-18.4

Additive
effect

21
28
25
2-71
6.7
-66t0-1.2

441014

0.8-1.3
1.0-1.3

0.8-1.2
0.6-0.6

-0.1to
-0.28

09-2.2

-0.2t0o-0.1

Stability across
season(s)

sS4
st
s3

$1, 82, 83,84
S3
S2,83, 84,85

S1,82,86

S1, 88, 84, 85
S1, 88, 84, S5

S1,82, 84,85
82,84

S1,82, 83, 54,
85, 86

S1,82, 83, 84,
85, 86

S1,82, 83, 84,
86, 86

*Peak value of QTL with highest. *Right flanking marker of first QTL and left flanking marker of last QTL; LOD, Logarithm of odds; PVE, Phenotypic variance explained; S1, Rainy 2014; S2, Rainy 2015; S3, Rainy 2016; S4, Rainy 2017;

S5, Rainy 2018 and S6, Post-rainy 2018-19.
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Seed loss in HSE—I1 (kgha™) =
[Seed yield in NSHE (kgha™) x

germination (%) in NHSE—Seed yield in HSE~11 (kg ha™!)

germination (%) in HSE—I1]/100
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Seed lossin HSE—1 (kgha ') =
[Seed yield in NSHE (kg ha™!) x

germination (%) in NHSE—Seed yield in HSE — 1 (kgha™!) x

germination (%) in HSE — 1] /100
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Trait He GSurae GS,/PS efficiency ratio GSera GSo/PS efficiency ratio

to:

tp=2 to:

Protein yield (t/ha) 0,676 0511 2.192 4.383 0.252 1.084 2.167

He s the square root of the broad-sense heriabilty on a genotype mean basis; 1. s the GS predictive accuracy for intra-population (GS,) or inter-population (GS,) prediction scenarios;
tis the duration of one cycle of PS (one or two years). Efficiency ratios averaged across separate analyses for all possible validation environments and three connected RIL populations.
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Trait Phenotypic data  Data predicted by GS

Yield (tha) 046 048
Protein content (%) 075 0.70
Protein yield (/ha) 049 051

Valves averaged across results for each of three connected RIL populations and all
possible validation environments.
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Intra-population inter-environment* Inter-population inter-environment

Trait Validation environment RIL population used for training
Lodi2013-14  Lodi2014-15 Perugia 2013-14 Mean Axl KxA Kxl Mean
Yield (t/ha) 0.39 0.45 0.36 0.40 0.08 0.28 0.27 0.21
Protein content (%) 060 045 053 053 027 021 032 027
Protein yield (tha) 0.40 046 036 041 008 025 027 020

Results relative to three RIL populations derived from connected crosses (Axl, 102 lines; KxA, 100 lines; K x!, 104 lines) averaged across al possible validation environments.
“Averaged across results for each of three RIL populations based on a 10-fold stratified cross-validation scheme with 10 repetitions.
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Model® Grainyield  Protein content  Protein yield

Ridge regression BLUP 0.403 0.529 0.406
Bayesian G 0.395 0.530 0.397
Bayesian A 0.394 0.531 0.396
Bayesian Lasso 0.398 0.524 0.397

Results averaged across three connected RIL populations and all possible validation
environments.

“Values of indivicual analyses averaged across results of a 10-fold stratiied cross-
validation scheme with 10 repetitions, relative to a total number of 306 lines.
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Environment Genetic
correlation + SE

Phenotypic correlation

GY-GPC
Lodi 2013-14 0.12 £ 0.08%
Lodi 2014-15 0.18 £ 0.07*
Perugia 2013-14 0.14 £ 0.08*

p<0.01; **p<0.05.
"SNot significant (p>0.05).

PY-GY

0.98%*
0.99%*
0.99%*

PY-GPC

0.30%*
0247+
029+
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Gene ID

Glyma.02G121900
Glyma.02G 122000
Glyma.03G247800
Glyma.05G099900
Glyma.08G248900
Glyma.08G249200
Glyma.08G249400
Glyma.09G024700
Glyma.09G 133000
Glyma.09G273300
Glyma.10G163200
Glyma.10G231500
Glyma.12G074600
Glyma.12G148200
Glyma.12G220400
Glyma.12G235900
Glyma.13G053600
Glyma.13G053700
Glyma.13G053800
Glyma.13G054200
Glyma.13G054300
Glyma.13G054400
Glyma.13G201400
Glyma.15G042900
Glyma.16G179600
Glyma.17G102600
Glyma.17G166200
Glyma.18G215800
Glyma.18G269900
Glyma.18G270100
Glyma.18G270600
Glyma.18G270700
Glyma.18G270900
Glyma.18G271000
Glyma.18G271100
Glyma.19G033100
Glyma.20G 162300
Glyma.20G225800

Gene name

GmCrRLk1LO1
GmCrRLk1LO2
GmCrRLk1LO3
GmCrRLk1L04
GmCrRLk1LO5
GmCrRLk1LO6
GmCrRLk1LO7
GmCrRI,k11,08
GmCrRI,k11,09
GmCrRRk1R10
GmCrRRk1R1 1
GmCrRLk1L12
GmCrRRk1R1 3
GmCrRLk1L14
GmCrRLk1L15
GmCrRLk1L16
GmCrRLK1L17
GinCrR1Lk11,18
GinCrRI,k11,19
GmCrRLkUGOo
GinCrRI,k11,21
GinCrRI,k11,22
GinCrR1,k11,23
GinCrRI,k11,2-1
GmCrRLk1L25
GinCrR1,k11,26
GnCrRLk1L27
GinCrR1,k11,28
GmCrRLk1L29
GinCrRLk1L30
GmCrRLk1L31
GinCrRI,k11,32
GinCrRI,k11,33
GnCrRLk1L34
GnCrRLK1L35
GinCrRI,k11,36
GnCrRLK1L37
GinCrRI,k11,38
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Gene location (bp)

12112034-12115054
12116287-12118397
44449869-44452478
26455876-26459874
21678304-21680829
21727446-21730345
21748017-21750483
1987676-1991192
33072536-33075051
48955473-48959271
39716929-39719517
46111104-46113584
5628367-5631944
20759752-20763257
37978471-37981634
39177716-39181109
15089069-15092606
15096852-15099898
156110071-15112808
15111990-15118021
15153615-15156119
15161832-15168321
31502069-31505627
3373579-3379318
34010502-34013669
8031007-8036592
15165279-15168381
50287921-50291401
55344388-55346997
55367099-55370356
55411917-55419846
556425250-55428334
55438919-55441546
55447085-55449676
55455768-55458641
4270496-4278256
40007433-40010671
45989681-45993317

Amino acid (aa)

820
647
869
793
842
871
790
852
818
896
862
826
837
846
689
878
894
819
702
787
844
896
869
741
773
861
843
894
869
868
1123
857
875
863
883
1186
840
843

MW (kDa)

92.14
7272
96.22
88.41
92.87
96.61
88.61
93.58
90.91
98.07
95.92
91.81
92.74
93.19
75.71
96.32
99.35
91.46
77.97
88.73
94.10
99.53
95.29
81.92
86.06
95.69
93.93
97.76
97.23
97.39
124.55
95.77
97.45
96.85
98.04
133.95
93.18
93.73

p!

8.23
5.81
5.24
6.30
6.25
6.24
6.02
5.59
7.04
5.64
5.67
7.94
5.86
5.68
6.44
5.77
5.90
5.63
6.44
8.48
5.98
6.11
5.85
7.93
8.81
6.55
5.80
5.66
6.26
6.09
5.77
6.25
5.82
5.90
6.02
6.49
8.17
5.80

Pfam

12819/07714
12819/07714
12819/07714
12819/07714
12819/07714
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Localization

PM
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Genetic correlation
Trait

Yield (vha)

Protein content (%)

Protein yield (¥ha)

“p value of GEI significant at p<0.01,

Lodi 2013-14 vs. Lodi 2014-15

Lodi 201314 vs. Perugia 2013-14

GEI p value

, or r, different from zero at p<0.01.

o

0.35"
0.73"
034"

GEI p value %

0.79"
0.92"
0.80"
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Analysis without RIL population factor Analysis with RIL population factor

Trait

S i S5/ Sar S S S
Yield (t/ha) 0.575" 1.435™ 0.401" 0.080" 0.520" 11217 0.693"
Protein content (%) 0.724" 0.302" 2.393" 0.131" 0.637" 0.199" 0.167"
Protein yield (t/ha) 0.036™ 0.085" 0.422" 0.008™ 0.034" 0.068" 0.040"

““Relevant variance different from zero at p<0.01.
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Trait Environment

Yield (tha) Lodi 2013-14
Lodi 2014-15
Perugia 2013-14
Protein content  Lodi 201314
%) Lodi 2014-15
Perugia 2013-14
Protein yield ¢/ Lodi 201314
ha) Lodi 2014-15
Perugia 2013-14

Mean value* CV, (%)"
Axl KxA Kxl Standard error Axl KxA Kxl
of means®
599" 633" 654 014 10.1 175 182
580" 252 578" 018 280 513 330
2610 2 3.31* 0.08 248 207 14.8
24.72° 25.55* 25.69" 0.10 37 39 33
2323 2303 0.10 39 36 39
23.29° 2482 011 39 45 34
1.48° 162 r 003 11 18.0 185
1.340 058" 1.35¢ 004 306 535 340
061° 069" 082" 002 256 218 143

“Row means followed by different letter differ at p <0.05.

ooV, =
“Error degrees of freedom: 303,

/m, where m=trait mean value. Relevant variance different from zero at p<0.01.
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Trait Lodi Lodi Perugia  Standard error
2013-14°  2014-15°  2013-14° of means®

Yield (t/ha)* 6.31° 4.59° 2.90° 0.35
Protein content (%)~ 25.32* 23.22° 24.26° 0.15
Protein yield (tha)  1.60° 1.07° 0.70° 0.09

Row means followed by different letter differ at p<0.05. Error degrees of freedom for
standard error: 6.
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SNo. Genotype used Trait Sequencing platform Contigs Transcripts Unigenes No. of primers  No. of genes References

detected annotated
1 Eight grass pea (L. safivus) - Roche 454 GS FLX 370,079 (453 bp) - - 651,827 - Yang et al,, 2014
accessions consisted of two Titanium platform
Chinese, two Asian, one
African and three European
accessions
2 BGEO15746and Rust resistance  llumina Hiseq 2000 134914 E 2,634SNPs200 50937 (604%  Ameidaetal,
BGE024709 ESTSSR into functional 2014b
categories)
3 BGEO15746 Aschochyta blight  llumina Genome Analyser = < 14,386 - 13,773 Ameida et al.,
resistance lx 2015
4 Rewa2 - llumina HiSeq 2500 15,779,854 49,280 33,042 1139SSRs - Chapman, 2015
5 RQ23 and RQ36 = llumina NextSeq 500 1,970,104 142,063 27,431 3,204 EST-SSR, - Hao et al., 2017
146,406 SNP
[ B-ODAP llumina HiSeq 3000 287,695 213,258 213,258 - 27,032 Xuetal., 2018

7 LP-24 Drought llumina HiSeq 2500 - 165,910 41,661 8079 SSRs 31,368 Rathi et al., 2019
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Variable

Agroecosystem property
Grain yield

Biomass yield

Leaf area index

% Nitrogen derived from
atmosphere at maturity

% Nitrogen derived from
atmosphere at flowering

Water use efficiency
Biomass at flowering
Maximal soil cover

Soil cover duration
Traits

Leaf area

Specific leaf area

Leaflet length

Leaflet width

Leaf nitrogen content
Plant N content at flowering
Plant N content at maturity
Phyllochron

Soil cover rate

Degree days to maturity
Degree days to flowering
Thousand seed weighed
Leaf area ratio

Leaf mass ratio

Stem mass ratio

Harvest index

Seed nitrogen content

Abbreviation

GY
BY
LAl
Ndfa_MAT

Ndfa_FLO

WUE

B_FLO

Maximum soil cover
Soil cover duration
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LL

LW
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Species

Vigna mungo

Vigna unguiculata

Vigna aconitifolia

Lotus tetragonolobus
Phaseolus vulgaris

Cicer arietinum

Lens culinaris

Trigonnella foenum-graecum
Lathyrus sativus

Vicia faba

Varieties

ISRA 58-77 (V1), ISRA 66-41 (V2), ISRA 67-30 (V3)
YACINE (V1), SAM (V2), IT98K-1092-1-1 (V3)
SH_VM (V1), SH_VA (V2), Tvu 45 35 (V2)

Landrace

Red kidney (V1), zorro (V2), michelet (V3)

Elmo (V1), billy bean (V2), orion (V3)

Belezana (V1), Richela (V2), Anicia (V3)

FENUSOL, landrace

Wassie (V1), Aimenaza (V2), Chicharo (V3)
Aguadulce (V1), alfia (V2), lobaba (V3)

Vmu
Vun
Vac
Lte

Car
Leu
Tfo
Lsa
Via

Source

ISRA, Sénégal

ISRA, Sénégal

ISRA, Sénégal

Palmbeach medicinal herb, rareexoticseed, hobbyseed
Epi de Gascogne, France

Epi de Gascogne, France; USDA Pullman, WS

Epi de Gascogne, USDA Pullman, WS

Epi de Gascogne, France; ICARDA, Morroco

Epi de Gascogne, France

ICARDA, Morroco

B (%o)

1,75
—1,61
—0,91
-0,12
-2,16
1,75
-0,56
—0,42
-0,38
-05
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Treatment

November sowing
Decermber sowing
NSc

FSr

FSa

FSre

FSs

FSznie

FSznire

FSa.re

FSzniress

Vegetative

228£0.18b
24.4 +£0.22a
235+0.12a
23.6 £0.23a
236 £0.152
236 +0.22a
23.6 +0.29a
23.6 £ 0.20a
236 +0.25a
235+0.21a
235+0.12a

Flowering

24.4 £0.10b
284 £ 0.24a
26.7 + 0.06a
26.4 £ 0.15a
26.6 +0.16a
265 +0.18a
26.5 £ 0.30a
26.2 £ 0.25b
26.3+0.18b
26.2£0.15b
26.2+0.12b

Podding

25.8 £ 0.44b
30.0 £ 0.24b
28.3+0.10a
28.1+0.27a
27.7+031a
27.8+0.27a
279 +0.48a
27.940.3%
28.2+0.58a
27.7 +0.44a
27.5+0.20a

Maturity

28.5 £0.07b
32.1 £0.26a
30.8 + 0.06a
30.6 £ 0.06a
30.4 £ 0.47a
30.4 £ 0.28a
30.3 £0.11ab
30.2 £ 0.05b
30.0 +0.09b
20.8 £0.16b
209 +0.22b

Values are means + SEM (n = 3). Different letters indicate significant differences between means. Treatments details are available in Table 1.
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Treatment Net assimilation rate Total dry matter Crop growth rate
(gm™ day™) (g/m?) (gm™ day™')
November sowing 1.03 + 0.05a 1153+ 091a 305+ 0.08a
Decermber Sowing 083 40,09 103.3 + 2.35b 216+ 0.16b
NS 092 % 0.05b 104.1 £ 1020 250  0.09¢d
FSr 0.99  0.05ab 104.9 + 0.62¢ 262+ 0.07c
FSan 089 0,02 107.8 £ 1.42bc 244+ 0.05d
FSre 0.90 4 0.10b 1106+ 331b 254 0.05¢d
FSs 0.93 £0.15b 109.9 4 3.35b 256 +0.19¢d
FSaus 0.91 £ 0.04b 111,84+ 0.70b 263+ 0.25¢
FSawsre 0.97 £ 0.06ab 1118+ 1540 273+ 0.08b
FSesre 1.08 4 0.06a 113.3 + 1.23ab 305+ 0.11a
FSavireie 0.90 4 0.09b 1195+ 127a 2.38 +0.12cd

2.12 + 0.04a
1.97 £0.02b
1.96 £ 0.02b
1.97 4 0.02b
1.98 £ 0.02b
2.03 4 0.080
2.03 £0.02b
2.10 £ 0.07ab
2.06 £ 0.04b
2.12 + 0.06a
2.16 £ 0.02a

Values are means +SEM. (n =3). Different letters indicate significant differences between means. Treatments details are available in Table 1.
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Parameter

Rainfal (mim)

Tmax (°C)

Tmin (°C)

Year

2018-2019

2019-2020

2018-2019

2019-2020

2018-2019

2019-2020

Sowing time

Normal
Late
Normal
Late
Normal
Late
Normal
Late
Normal
Late
Normal
Late

Germination

0
52
0
0
296
25.7
30.1
27
17.7
10.5
18.1
15.4

Flowering

214
136
15.4
0
26.4
243
255
224
13.6
96
13.6
1

Pod initiation

0
0.6
o
0
24.7
265
23.1
24
9.2
19
15
1.1

Maturity

0
51
0
03
269
29.4
26.4
20.8
10.7
1.5
12.8
16.7
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Treatment

No spray (Control)
Foliar spray of tap water

Foliar spray of Zn at 0.6% (ZnS0s.7Hz0)

Foliar Spray of Fe at 0.5% (FeSO4.7H0)

Foliar spray of B at 0.29% (Borax 10.5%)

Foliar spray of Zn at 0.5% + B at 0.2%

Foliar spray of Zn at 0.5% + Fe at 0.5%

Foliar spray of B at 0.2% + Fe at 0.5%

Foliar spray of Zn at 0.5% + Fe at 0.5% + B at 0.2%)

Abbreviation

NS¢
FSr
FSzn
FSre
FSs
FSanis
FSansre
FSayre

FSaniress
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Species

Other species
-~ Cicer arietinum
- Lathyrus sativus
Lens culinaris
Lotus tetragonolobus
Phaseolus vulgaris
Trigonnella foenum-graecum
Vicia faba
Vigna aconitifolia
Vigna mungo
Vigna unguiculata
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Genotype group Seed loss (kg ha=1)

HSE-I HSE-II
Early 308.62 =+ 45.90PA 736.72 + 46.83%A
Late 361.08 + 66.63°" 835.03 + 54.21%A
Al 330.30 + 39.08° 777.36 £ 33.132

Different lowercase letters (a,b) represent significant difference (o < 0.05) within
the row values (between environments). Similar uppercase letter (A) represent non
significant difference (p > 0.05) within the column values (between early and late
genotypes). Value represents mean =+ standard error of mean.
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Parameter (Y) Genotypes group n Regression equation R2 Adj. R2 p value
Regression Intercept GDDygg GDDgp
Germination Early 264 Y =72.05+ 0.0117GDDygg + 0.0012 GDDgp  0.065  0.058 <0.001 <0.001 <0.001 0.769
Late 186 Y =63.24 + 0.0164GDDygg + 0.0020GDDgp  0.127  0.117 <0.001 <0.001 <0.001 0.619
All 450 Y =71.65+ 0.0129GDDygg + 0.0010GDDrp  0.079  0.075 <0.001 <0.001 <0.001 0.731
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Parameter (Y) Independent variables (X) Genotype group n Intercept (a) Slope (b) t-stat r p value
Germination (%) Twmax during flowering (°C) Early 264 100.1 —0.53 —3.98 —0.239 <0.001
Late 186 102.6 —0.69 —4.05 —0.286 <0.001
All 450 101.7 —0.062 —5.89 —0.301 <0.001
Germination (%) Average Twax during RP (°C) Early 264 111.3 —0.83 —4.74 —0.281 <0.001
Late 186 119.9 —1.162 —4.28 —0.301 <0.001
All 450 115.2 —0.98 —5.89 —0.268 <0.001
Seed set (%) Tmax during flowering (°C) Early 264 93.02 -1.08 —6.58 -0.377 <0.001
Late 186 82.3 —0.67 —3.57 —0.255 <0.001
All 450 88.6 —0.091 —7.37 —0.329 <0.001
Seed set (%) Average Tyax during RP (°C) Early 264 106.7 —-1.39 —6.33 —0.364 <0.001
Late 186 98.3 —1.11 —3.74 —0.266 <0.001
All 450 103.6 -1.28 —7.38 —-0.329 <0.001

Parameter (Y) Genotype group n Regression equation R2 Adj. R2 p value
Regression Intercept TMg TMgp
Germination Early 264 Y =115.9 + 0.403TME - 1.33TMgp 0.083 0.076 <0.001 <0.001 0.271 0.006
Late 186 Y =119.7 - 0.013TM - 1.143TMpp 0.094 0.084 <0.001 <0.001 0.977 0.120
All 450 Y =117.8 + 0.191TME - 1.232TMpp 0.091 0.087 <0.001 <0.001 0.498 0.002

Tmax, maximum temperature (°C); RR, reproductive period; TMg, Tmax during flowering; TMgp, average Twax during reproductive period.
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Genotype

Early (n = 264)
Late (n = 186)
All (n = 450)

*Significant at p < 0.05,

TMAXg
HSW

—0.414"
—0.364*
—0.394

TMAXe_m
HSW

—0.420
—0.427
—0.423"

**Significant at p < 0.001.

GDDygg
HSW

0.260"**
0.348"*
0.291**

GDDgp
HSW

0.278*
0.240
0.262*

GDDgs
HSW

0.362"*
0.387**
0.361**

HSW

Germination

—0.008
0.167*
0.073

HSW

Germination rate

—0.149*
0.148*
—0.016
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Period Notation Genotype group Sowing time

From To NHSE HSE-I HSE-II
Sowing Harvest GDDgg Early 1,082.9 + 1.5%8 1,953.2 +£9.9°B 1,530.8 + 7.3
Late 2,142.2 £ 14.3%A 2,009.2 + 11.3PA 1,541.1 £6.7A
Al 2,048.7 + 8.82 1,976.3 £ 7.7° 1,535.1 +5.0°
Sowing Flowering GDDyEg Early 1,253.8 + 15.4%8 1,248.7 +£10.7%8 931.8 + 7.9°8
Late 1,326.9 + 18.8%A 1,279.2 + 15.3%A 966.7 4 7.2PA
Al 1,284.0 + 11.22 1,261.3 +8.12 946.2 +5.6°
Flowering Harvest GDDgp Early 729.1 + 15,288 704.5 +11.9%8 599.0 + 8.5°4
Late 815.3 & 22.8%A 730.0 £ 17.1bA 574.4 + 9.8
Al 764.7 +11.82 715.0 £ 8.9° 588.9 + 6.3°

Different lowercase letters (a—c) represent significant difference (p < 0.05) within the row values (between environments). Different uppercase letters (A, B) represent
significant difference (p < 0.05) within the column values (between early and late genotypes). Value represents mean + standard error of mean.
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Trait QTL name LG Pos (bp) Pos(cM) LOD R2(%) a® Physicalinterval® (Mb) Map interval® (cM) Sig®

[* SL*3.1 PVO3 39,674,302 25.6 7.8 45 + 3.91-48.14 13.32-32.64 =
SL*6.1 PVO6 17,329,576 49 8.2 45 + 6.42-20.51 0.01-9.19 =
SL*8.1 PvO8 3,007,875 12.1 10.4 5.8 + 0.63-24.47 4.11-22.00 ¥
SL*10.1 Pv10 40,959,742 11.9 60.0 55.6 + 3.45-43.85 1.83-21.71 e
a* Sa*1.1 PvO1 1,333,499 22 3.2 2.4 + 1.33-1.42 2.21-2.31 e
Sa*3.1 PVO3 43,470,352 285 6.0 4.4 = 3.16-48.92 10.96-33.41 *
Sa*3.2 PVO3 51,330,379 385 3.3 25 — 51.33-52.15 38.48-38.58 e
Sa*10.1 Pvi0 40,959,742 11.9 44.9 51.9 — 3.45-43.85 1.83-21.71 *
b* Sb*3.1 PvO3 39,287,195 23.8 47 5.9 + 29.62-41.84 17.61-27.09 *
Sb*4.1 Pv04 421,790 0.8 3.4 4.2 + 0.13-2.06 0.50-6.02 i
Sb*4.2 Pv04 45,728,204 34.6 47 8.3 + 45.04-47.65 29.16-39.6 i
Sb*5.1 PvO5 219,601 0.0 3.0 37 — 0.22-0.52 0.01-1.01 *
Sb*10.1 Pv10 41,510,878 12.7 12.7 17.2 + 37.83-43.47 6.17-18.53 =
Seed-coat postharvest ~ ND10.1WPYY  py10 43,465,901 18.5 81.2f 87.5 - 3.98-43.85 2.11-21.71 B

non-darkening®

Linkage group (LG), year, peak position (Pos), logarithm of odds (LOD), R?, QTL effect (a), physical interval, map interval, and significance of the QTL are indicated.
The largest LOD and R? within the QTL are reported.

a8+ and — indicate positive and negative effects on the mean as conferred by alleles from Ervilha in the QTL region.

bPhysical positions of the nearest markers upstream and downstream of the map interval.

®Region where LOD scores are significant at the indicated significance level.

dSignificance at « = 0.1 and « = 0.05 are indicated by * and **, respectively, based on 1,000 permutations.

€Seed-coat postharvest non-darkening was only evaluated on samples grown in 2017.

fMany LODs in the map interval for ND10.1 were not able to be reported by QTL Cartographer so the highest reported LOD is indicated.
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Trait QTL Name LG Pos (bp) Pos (cM) LOD R2 (%) a? Physical interval® (Mb)

Total flavor intensity TFI2.1 Pv02 31,802,612 27.92 3.1 3.9 — 31.80-33.08
TFI3.1 PvO3 41,406,149 27.09 5.0 6.1 — 4.16-43.22

TFI7.1 PvO7 6,719,315 17.15 8.1 10.9 + 3.79-34.27
TFI10.1 Pv1i0 41,060,322 11.99 13.2 18.4 — 38.84-43.47

Beany intensity BFI3.1 PvO3 32,070,949 18.90 11.0 13.1 — 5.95-48.71
BFI10.1 Pvi0 41,060,322 11.99 18.8 2501 — 3.45-43.85

Vegetative intensity VFI7 4 PvO7 6,718,315 1718 5.8 9.3 + 1.62-36.08
Earthy intensity EFI3.2 PvO3 48,019,631 32.64 3.8 5.9 — 46.42-49.58
Starchy intensity ST A PvO1 51,140,837 42.57 3.4 4.6 + 50.95-51.19
STI3.A PvO3 30,678,469 18.71 8.9 12.6 + 3.76-43.47
STI6.1 PvO6 30,971,026 29.77 3.7 5.1 + 30.66-30.97
STI10.1 Pv1i0 42,224,711 13.77 5.1 6.9 + 40.90-43.47
Sweet intensity SWI1.1 PvO1 50,948,757 41.57 2.0 3.8 + 50.95-51.14
SWI2.1 Pv02 25,666,553 22.99 3.0 4.1 + 25.67-27.31
SWI3.1 PvO3 29,623,010 17.61 3.8 5.4 + 29.62-30.68

SWI7.1 PvO7 29,986,177 21.23 6.2 9.9 + 8.02-34.78

SWI8.1 PvO8 2,171,710 10.37 B 5.4 + 0.13-4.00

SWI8.2 PvO8 6,802,573 19.82 3.0 3.9 + 6.80-7.97
Bitter intensity BI2.1 Pv02 27,306,217 23.66 3.1 5.0 — 27.31-28.36
BI3.1 PvO3 32,070,949 18.90 7.4 10.6 — 3.84-42.96
BI10.1 Pv1i0 40,959,742 11.90 5.4 8.7 — 39.72-43.47
Seed-coat perception SPE1.1 PvO1 51,140,837 42.57 41 5.7 — 50.83-51.33
SPES.1 PvO3 32,070,949 18.90 13.3 20.1 — 3.00-41.41
SPE10.1 Pv1i0 40,959,742 11.90 2.8 4.0 — 40.96-42.26
Cotyledon texture CTX3.1 PvO3 32,803,416 19.00 2.8 4.1 + 32.07-33.78
CTX4.1 PvO4 7,368,228 18.23 3.1 4.7 + 7.37-9.45

CTX71 PvO7 8,690,008 18.10 41 6.0 + 5.45-29.99
CTX10.1 Pv1i0 42,451,057 14.34 6.4 9.6 + 39.72-43.47

Map interval® (cM)

27.92-28.90
13.80-28.25
14.77-25.45
7.03-18.53
156.12-32.83
1.83-21.71
13.11-28.30
31.48-34.77
42.57-42.65
12.37-28.44
28.19-29.77
11.61-14.53
41.57-42.57
22.99-23.18
17.61-18.61
17.82-26.72
1.49-13.05
19.82-20.10
23.66-23.75
12.85-28.15
8.30-17.53
40.92-42.84
10.59-26.55
11.90-13.77
18.90-19.76
18.23-18.71
16.68-21.23
9.30-18.53

Sigd

The largest LOD and R? within the QTL are reported.

a4+ and — indicate positive and negative effects on the mean as conferred by alleles from Ervilha in the QTL region.
bPhysical positions of the nearest markers upstream and downstream of the map interval.

®Region where LOD scores are significant at the indicated significance level.

dSignificance at o = 0.1 and o = 0.05 are indicated by * and **, respectively, based on 1,000 permutations.
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Trait QTL name LG Pos (bp) Pos (cM) LOD R2 (%) a? Physical interval® (Mb) Map interval® (cM) Sigd

Water uptake Wu4.1 PvO4 53,507 0.01 2.8 4.1 - 0.05-0.24 0.01-0.50 =
WU9.1 PvO9 13,800,234 10.76 3.7 5.7 + 12.60-16.11 8.46-13.66 =

WU10.1 Pv10 41,060,322 11.99 5.5 9.2 + 3.456-42.26 1.83-13.77 =

Cooking time Cr2.2 PvO2 44,116,993 40.44 3.6 5.6 - 42.75-44.12 39.44-41.82 =
CT12.3 PvO2 47,982,820 50.60 3.6 4.5 - 46.45-48.35 47.31-50.69 =

CT5.3 PvO5 40,651,928 35.04 3.7 4.7 - 40.52-40.68 34.76-35.04 =

CT8.1 PvO8 1835,444 9.12 2.8 3.6 - 1.26-2.17 7.356-9.29 "

CT18.2 PvO8 60,515,678 36.45 7.5 10.2 + 53.03-62.50 25.56-44.90 =

CT10.2 Pv10 41,060,322 11.99 156.6 223 - 37.83-43.84 6.17-21.13 -

Linkage group (LG), year; peak position (Pos), logarithm of odds (LOD), R2, QTL effect (a), physical interval, map interval, and significance of the QTL are indicated.
The largest LOD and R? within the QTL are reported.

a4+ and — indicate positive and negative effects on the mean as conferred by alleles from Ervilha in the QTL region.

bPhysical positions of the nearest markers upstream and downstream of the map interval.

®Region where LOD scores are significant at the indicated significance level.

dSignificance at « = 0.1 and « = 0.05 are indicated by * and **, respectively, based on 1,000 permutations.
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Linkage Number of Size Marker density
group markers

cM Mb cM/marker  Mb/marker
PvO1 72 43.50 51.28 0.60 0.71
Pv02 117 52.82 48.64 0.45 0.42
Pv03 138 45.86 52.29 0.33 0.38
PvO4 97 41.20 47.96 0.42 0.49
Pv05 24 3522 40.46 1.47 1.69
PvO6 40 30.05 24.56 0.75 0.61
PvO7 120 42.89 39.88 0.36 0.33
Pv08 78 46.88 62.74 0.60 0.80
Pv09 100 36.99 36.26 0.37 0.36
Pv10 60 25.79 43.98 0.43 0.73
Pv11 24 38.32 5241 1.60 2.18

Total 870 439.53 500.46 0.51 0.58
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Trait Ervilha P1527538 Mean? Range H2 Genotype Year Genotype x Year

Water uptake (%) 109.32 + 3.5 98.82 £1.2 101.64 £0.3 69.2-117.4  0.25 < 0.0001 <0.0001 NS
Cooking time (min) 21.0°+ 15 29.78 £2.4 25.25 0.2 19.1-33.9 0.68 < 0.0001 <0.0001 0.0054
Total flavor intensity (0-5) 315 +0.1 3.22 £ 0.1 3.28 £0.0 2.2-4.1 0.27 < 0.0001 NS NS
Beany intensity (0-5) 220 +02 3.32+ 041 2.87 £0.0 1.5-3.9 0.33 < 0.0001 NS NS
Vegetative intensity (0-5) 2.72+0.1 2,50 + 0.1 252400 1.7-34 0.05 0.0020 NS NS
Earthy intensity (0-5) 20°+0.0 222 +0.0 2.23+0.0 1.5-3.1 0.06 0.0010 NS NS
Starchy intensity (0-5) 3.6 £0.0 3.0° £ 0.1 3.17 +£0.0 25-39 0.13 < 0.0001 NS NS
Sweet intensity (0-5) 2.32+0.1 1.8° + 0.1 2.05+0.0 1.3-3.2 0.19 < 0.0001 NS NS
Bitter intensity (0-5) 1.4 +£0.0 1.92+0.1 1.7 +£0.0 1.1-2.3 0.14 < 0.0001 NS NS
Seed-coat perception (0-5) 2.8°+0.1 3.42+0.0 3.05+0.0 2.4-39 0.21 < 0.0001 NS NS
Cotyledon texture (0-5) 2.4% + 01 2.0° £ 0.1 229 +0.0 1.4-3.0 0.06 < 0.0001 NS < 0.0001
L* 64.82 +£0.2 54.1° £ 1.8 58.8 0.3 40.3-67.3 0.86 < 0.0001 <0.0001

a* —0.7° £ 0.6 3.52+0.2 1.4 +£041 -32t059 0.86 < 0.0001 <0.0001

b* 22.32 £ 0.9 14.6° £ 2.3 20.2 £0.3 8.5-34.4 0.78 < 0.0001 <0.0001

Seed-coat postharvest non-darkening 0°+0 1240 0.56+0.0 0-1 1.00 < 0.0001

(0 = non-darkening; 1 = darkening)

aMean separation is indicated by letter superscript. Least squares estimates are presented for sensory attribute intensities instead of means.
NS indicates non-significant p-values at o = 0.05.
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Traits Treatment Genesis836 Rupali Mean Min Max G T SxT Heritability

)
Seed yield (g) Control 37 33 37 04 15.6 043

Saline 52 37 43 04 17.4 <0001 <0001 0965 035
Seed number Control 19 15 19 2 68 0.66

Saline 33 19 26 3 126 <0001 <0.001 0771 056
100-seed Control 192 22 20 4 588 071
weight (g)

Saline 166 189 17.7 68 50.7 <0001 <0001 0.096 078
Number of Control 18 17 19 5 66 052
total pods

Saline 29 19 24 4 100 <0001 <0001 0739 045
Number of Control 15 12 15 2 48 058
filed pods

Saline 24 15 19 2 % <0001 <0001 0.831 0.49
Number of Control 3 5 4 0 35 067
empty pods

Saline 4 4 5 0 26 <0001 0.008 0327 059
Harvest index Control 043 031 0.44 004 309 031

Saline 0.63 042 054 009 202 <0001 <0001 0912 053
Plant height Control 55.4 58.4 57.1 40 78 068
(em)

Saline 552 53.8 535 26 82 <0001 <0001 0998 064
Shoot Control 9.4 1.4 93 17 21.4 0.49
biomass (g)

Saline 88 87 8.4 15 26 <0001 <0001 1 014
Potassium Control 652.2 6115 657.6 3804 11945 027
(wmol '
ow)

Saline 10127 7798 8185 361.2 1806.2 0555 0555 0943 0.07
Sodium Control 36 36 38 2.4 1.4 0.18
(wmol g™ DW)

Saline 5.4 5 5.1 34 11 <0001 <0001 0979 0.41
Potassium: Control 2005 193 199.7 761 1075.8 0.15
Sodium ratio

Saline 196.8 167.6 1788 495 4922 <0001 0.002 0701 026
Chioride Control 202 245 197 1.9 28 031
(wmol g=*
ow)

Saline 38.4 446 436 156 1269 na na <0.001 026
Necrosis (1-9) Control 1 1 1 1 1 na

Saline 2 4 3 1 6 na na <0.001 0.63
Emergence Control 14 13 13 1 18 0.44

Saline 14 14 13 0 16 <0001 021 0832 054
Daystoflower  Control 109 100 107 76 140 0.61

Saline 110 o7 107 78 144 <0001 0298 0291 0.67
Days to Control 181 123 129 110 152 0.46
podding

Saline 130 126 128 112 149 <0001 0.004 0267 047

Overall trait means, minimum and maximum values, and p-values for effects of genotype (G), treatment (T), and genotype by treatment interaction (G x T) are given for Genesis836,
Rupaliand a R population consisting of 198 genotypes. n.a s indicated for non-informative p-values where G x Tis significant. All measurements are made on per plant basis except
emergence which is scored on per plot basis. Estimates of heritability (H’) for different traits under salt and control conditions is indicated.
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Traits Treatment  Genesis836 Rupali Mean Min Max G T GxT Heritability

)
Seed yield (g) Control 67 5.1 48 1 8 0.47

Salt 4.4 25 4 07 7.4 na na <0001 0.52
Seed number Control 32 37 27 8 49 0.50

Salt 2 24 2 4 48 na na <0001 0.43
100-seed weight ()~ Control 213 139 193 106 279 063

Salt 17.1 10 149 5.1 254 <0001 <0001 067 0.66
Nurnber of total Control 30 32 25 5 42 055
pods

Salt 24 2 24 8 5 na na <0001 041
Nurmber of filed Gontrol 27 28 21 7 M 0.50
pods

Salt 22 19 19 3 35 na na <0001 041
Nurmber of empty Control 4 4 5 0 15 023
pods

Salt 2 6 3 0 13 na na 0.024 0.00
Harvest index Control 0.44 032 031 006 051 054

Salt 045 03 036 018 05 na na <0001 0.37
Relative gowthrate  Control 007 007 008 005 01 0.00
(pixels pixel~"day~")

Salt 006 005 006 0.04 0.09 <0001 <0001 029 0.00
Plant height (cm) Control 53.8 528 61.7 35 86.4 065

Salt 416 412 516 28 724 <0001 <0001 0645 0.67
Shoot biomass (g) Control 85 106 13 22 214 051

Salt 52 56 72 22 13.2 na na <0001 0.45
Projected shootarea  Control 8.12x105  338x105 822x105 129x105 5.17x105 o7t
(pixels)

Salt 272x105 290x 105 2.78x105 124x 105 487x105 <0001 <0.001  0.159 0.72
Water use (mi) Control 432 426 439 186 65 031

Salt 269 203 285 128 463 <0001 <0001 0242 035
Water use efficiency  Control 767x103  720x 103 7.49x 103 287 x 103  1.13x 104 0.14
(pixels mi~")

Salt 104104  102x104 105x104 549x103 168x104 <0001 <0001  0.263 0.16
Potassium Control 982 969 9059 519 1,654 0.26
(wmol g=' DW)

Salt 1,361 1374 1320.7 795 2,649 <0001 <0001 0283 025
Sodium Control 52 96 8.43 561 80.32 035
(wmol g=' DW)

Salt 499 193.4 78.4 25 4523 na na <0001 0.29
Potassium: Sodium  Control 189.9 101.3 107 16 9809 0.32
ratio

Salt 273 71 172 36 1486 na na <0001 023
Days to flower Control 48 45 60 35 90 084

Salt 48 46 60 36 95 <0001 <0001 026 084

Measurements are on a per pot basis, with each pot consisting of two plants. Overalltrait means, minimum and maximum values, and p-values for effects of genotype (G), treatment
(T), and genotype by treatment interaction (G x T) are given for Genesis836, Rupali and a RIL population consisting of 200 genotypes. n.a is indicated for non-informative p-values
where G x T was significant. Estimates of heritability (H*) for different traits under salt and control conditions is indicated.
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Trait Sub-trait

Stem height/length

Flowering time Start of flowering
Full flowering
End of flowering

Maturation time ~ Green
maturation

First maturation

Full maturation

Yield Fresh biomass

Dry biomass

Seed
Taw

Description

Measured on five randomly chosen
plants at time of full flowering (cm)
Nurmber of days after sowing when
10% of the plants have flowers
Number of days after sowing when
90% of the plants have flowers
Number of days after sowing when
90% of the plants have no flowers

Number of days after sowing when
25% of the plants have pods that are
swollen, and peas fil the pods

Number of days after sowing when
10% of the plants have mature pods
(cry podis with dry and hard peas)
Number of days until 90% of the plants
have mature pods

Weight (gram) per plant, whole plant*
Weight (gram) per plant, whole plant
after drying at @ maximum of 40°C, unti
dry

Weight (gram) per plant

Weight (gram) of 1,000 seeds

“Harvest was performed at full maturation or, if not reached, at the end of the

growing season.
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Trial site

Taastrup, Denmark
Jokioinen, Finland
Unmed, Sweden
Tromso, Norway

Sowing date (2018)

3May
24 May

25-29 May
12 June

Sowing date (2019)

2 May
21 May
20-24 June
5 June
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Accession no. Accession name Improvement level (release year) Seed type Origin country

7128 Norrona Cultivar(1958) Sugar pea NO
10778 Aslaug Cultivar(1989) Sugar pea NO
11149 Jeerert Landrace Shelling pea/Field pea NO
11750 Sockerart frén Arvidsjaur Landrace Sugar pea SE
13469 Stéime Landrace Field pea SE
18784 Marma Cultivar (1958) Field pea SE
14642 Lit Landrace Field pea SE
17650 Sunna Cultivar (1995) Field pea Fl
17832 Farmor Landrace Shelling pea SE
17833 Ogonsockerért frén Boaryd Landrace Sugar pea SE
17837 Svartbjérsbyn Landrace Sugar pea SE
17839 Vallagarden Landrace Shelling pea SE
17842 Edsés Landrace Sheling pea SE
17855 Tant Erika Landrace Sugar pea SE
17859 Sollerdart Landrace Field pea SE
17863 Saxbo Landrace Shelling pea SE
17865 Enviken Landrace Sheling pea SE
17866 Biskopen 2 Landrace Sugar pea SE
17869 Kanboda Landrace Field pea SE
17873 Puggor frén Ballingsldv-Giimékra Landrace Field pea SE
17882 Géstrikiand Landrace Field pea SE
18057 Martha Landrace Sheling pea SE
18059 Avestadrt Landrace Shelling pea SE
18680 Sumo Cultivar (1995) Sugar pea DK
20011 Hedenéiset Landrace Sugar pea SE
20012 Delikatess Cultivar (1905) Sugar pea SE
20043 Lom Landrace Field pea NO
20121 Marie Landrace Sheling pea NO
20201 Grétom Landrace Sheling pea SE
20205 Gaperhutt Landrace Shelling pea SE
21659 Ringeriksert Landrace Field pea NO
21951 Signal Cultivar (1995) Sugar pea DK
22830 Raber Landrace Field pea SE
22832 Gendalens arter Landrace Shelling pea SE
23819 Tidiig lav Cultivar Sugar pea NO
24333 Bjurholms blaért Landrace Shelling pea SE
24334 Bjurholms grért Landrace Field pea SE
24335 Bjurholms smééirt Landrace Field pea SE
24765 Karls hoje aart Landrace Shelling pea DK
100930 Klosterart Cultivar (1945) Field pea SE
101109 stal Cultivar (1955) Field pea SE
102222 WBH2222 Landrace Field pea SE
103076 Jamtiandsk grédrt Landrace Field pea SE
103488 WBH3483 Landrace Field pea SE
103491 Hja 10953 Breeding material Field pea Fl
103496 Hja 51229 Breeding material Field pea Fl
108523 WBH3523 Landrace Field pea SE
103549 Ein Landrace Sugar pea SE
103826 Simo Cultivar(1973) Field pea SE
103853 Inkilén herne Landrace Field pea fl
Reference Ingrid Cultivar(2010) Field pea SE
Reference Karita Cultivar(1995) Field pea SE
DK, Denmark; Fl, Finland; NO, Norway; SE, Sweden.
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VIGS construct Parameters

Internode Leaflet Leaf length® 12 length? Stub length  Floral pedicel Pod size® Seed weigth’  Seed no./pod
lengthl’ (cm) number® (cm) (mm) (mm) length (cm) (mm) (gr)
GUS 2254048 3624072 653162 9754345 152067 5744094 5693 % 8.03 3664019 2534125
PsDAOL 0.740.30° 3324098 2894 141° 3044153 1774082 445+ 115 ND. ND. ND.
PSHUPS4-m-s 315087 3754075 9.19.42.04 3046 16,73 597 £6.07* 8164 1.84° 67.31£8.65 3554018 4334197
PSHUPS4-w" 1.93£0.49 340 40,84 481 £ 130 1100 669 36£25 5334052

The values correspond to mean 2 standard deviation.

*The data in bold correspond to values with statistically significant variation with respect to the values of control GUS-VIGS plants. For statistical analysis, one-way ANOVA test with Bonferroni and Holm inference test was used.
" Values correspond to the average length of the internodes of the stem before the first reproductive node.

“Leaflet number and leaf length correspond to the leaves at the first reproductive node and at the previous one.

Values correspond to the length of the “stem” of the I2s of each plant

“The values correspond to the pods a the first three reproductive nodes. Seeds in those pods were used to estimate seed weight

Values for seed weight correspond to the average weight of five groups of 10 seeds from each plant.

n.d., not determined.

§ Analyzed in PSHUP54-VIGS plants that showed moderate-strong phenotype, characterized for being very high plants > 15 em (15 out of 19 plants in the experiment exhibited that moderate-strong phenotype).

b Analyzed in PSHUP54-VIGS plants that showed weak phenotype (4 out of 19 plants in the experiment exhibited a weak phenotype).
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Ps Cameor ID LFC LFC LFC PsCam Arabidopsis Arabidopsis protein and Arabidopsis
(WT/vegl) (WT/pim) (WT/veg2) expression homolog function GO-associated terms
atlas®
PsCam057706 (PSTAR2) —03 04 - Yes (2)° LFPA AT4G24670 Tryptophan aminotransferase involved ~ Indoleacetic acid biosynthetic®
in IAA biosynthesis process; flower development;
maintenance of root meristem
identity; shoot system development
PsCam050808 (PSLBD38) 05 -05 - Yes (3) LFPA AT3G49940 Transcription factor involved in Regulation of gene expression
anthocyanin biosynthesis and nitrogen
availability signals
PsCam043354 (PSHUPS4) 06 —06 06 Yes (1) LFPA AT4G27450 Cellular response to hypoxia -
PsCam039164 (PSDAO1) 25 -07 34 NoPA ATIG14130 TAA oxidase contributing to AA Auxin homeostasis
degradation
PsCam043276 (PSKMD2) 05 —06 - Yes (3) LEPA ATIGI5670 F-box protein involved in targeting type  Negative regulation of cytokinin
B-ARR proteins for degradation
PSCam048048 03 -03 04 Yes (3) LFPA AT2G36490 Repressor of transcriptional gene Nucleus; chromatin silencing
silencing
PSCam047398 —08 10 16 Yes (3) PA AT5G59310 Lipid transfer protein Response to abscisic acid®
PSCam046067 -10 08 —13 Yes (2) LEPA AT3G14160 2-oxoglutarate-dependent dioxygenase  Nucleus; oxidative DNA
protein demethylase activity
PsCam044818 02 -07 - Yes (2) LFPA ATIG01040 RNA helicase involved in microRNA Nucleus; DNA binding; flower
processing (dicer-likel) development; vegetative to
reproductive phase transition of
meristem; RNA processing
PsCam044132 ~06 03 —04 Yes (0) FPA AT1G02205 - -
PsCam042718 -03 03 - Yes (2) 7476LEPA ATIG69040 ACT-Domain protein involved in -
feedback regulation of amino acid
metabolism
PsCam037476 107 -03 - Yes (3) LFPA AT3G02300 Regulator of chromosome condensation -
PSCam016925 06 —02 - Yes (0) LEPA AT3G29075 Glycine-Rich protein -
PsCam001113 03 —06 - Yes (2) LFPA AT2G19810 Oxidation-Related zinc-finger 1 Nucleus; chromatin silencing

involved in oxidative stress

*Expression according to the Pea gene expression atlas-—0, expression in shoot apices, NPKM value higher or close to 40; 1, NPKM value higher or close to 20; 2, NPKM value higher or close to 10; 3, NPKM value lower than 10. L, expression in leaves;
 expression in flowers; B, expression in pods; expression in other organs (different to leaves, flowers, pods, or shoot apices).
bGreen font represents go-terms

ociated to genes upregulated in WT/vegl.
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Parameters

Growth measurements
H (cm)

BD (mm)

B (9

TLA (m?)

RGRg

LMR

SMR

RMR

R/S

Leaf traits and stem hydraulic parameters

A (wmol m=2 s~)
E(molm=2s~T)

Gs (molm=2s71)
NAR (@m~2 d=")

SSHC (Ks, x 1073 mL mm~"1 h=1 Pa~T1)

SWP (MPa)
Carbon allocation
Leaf SS (mg g~ ")
Stem SS(mg g~ 1)
Root SS (mg g~ ')
Leaf ST (mgg~")
Stem ST (mg g~ ")
Root ST (mg g~ ")

0.299***
0.417**
0.558***
0.689***
0.266***
0.037
0.052*
0.002
0.002

0.839""
0.548™*
0.864"*
0.295***
0.559"*
0.679"

0.257**
0.126**
0.234**
0.219**
<0.001
0.009

0.003
0.003
0.001

0.020
0.000
0.024
<0.001
0.025
0.021

0.001

0.007
<0.001
<0.001
0.029
0.008

0.003
0.003
0.0349
0.016
0.002
0.019

0.284*+*
0.237**
0.232***
0.013
0.613***
0.318***
0.364***
0.005
0.003

0.003
0.001
0.023*
0.048
0.029
0.014

0.018
0.168**
0.001
0.005
0.003
0.031

WxD

<0.001
0.006
<0.001
0.010
0.000
0.009
0.003
0.000
<0.001

0.002
0.014
0.001

0.002
0.029
0.042*

0.026
0.006
0.110*
0.018
0.051

0.012

DxS

<0.001
0.002
0.003
<0.001
0.001

0.009
0.008
<0.001
0.002

0.001
0.001
0.000
0.011
0.001
<0.001

0.013
0.006
0.004
<0.001
0.001

0.008

W xS

0.015
0.002
0.017*
0.018
0.001
0.043*
0.083**
0.007
0.015

0.006
<0.001
0.022*

0.007

0.059
0.038*

0.005
0.167**
0.001
0.006
0.073
0.099

WxDxS

0.010
0.006
0.004
0.000
0.005
0.021
<0.001
0.015
0.008

<0.001
<0.001
0.002
0.042
<0.001
0.036*

0.007
0.004
0.001
0.007
0.017
0.002

R2

0.624
0.689
0.833
0.751
0.873
0.456
0.507
0.055
0.053

0.445
0.531
0.086
0.406
0.618
0.560

0.930
0.681
0.655
0.795
0.893
0.182

The proportion of explained variance (SSx/SStotal) for each factor and the interactions are indicated. W, water availability treatment; D, defoliation treatment; S, plant
size treatment; H, height; BD, basal diameter; TB, total biomass; TLA, total leaf area; RGRg, relative growth rate of total biomass; LMR, leaf mass ratio, SMR, stem
mass ratio, RMR, root mass ratio, RS, root-shoot ratio; A, the net photosynthetic rate, E, transpiration rate, Gs, stomatal conductance; NAR, net assimilation rate;
SSHC, stem-specific hydraulic conductivity; SWE stem water potential; Leaf SS, leaf soluble sugar concentration; Stem SS, stem soluble sugar concentration; Root SS,
root soluble sugar concentration, Leaf ST, leaf starch concentration; Stem ST, stem starch concentration; Root ST, root starch concentration. *p < 0.05; *p < 0.01;
o < 0.001. x represents the interaction effect. n = 5-8. Bold values represent significant differences.
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Parameters

Growth measurements
H (cm)

BD (mm)

B (9

TLA (m?)

RGRg

LMR

SMR

RMR

R/S

Leaf traits and stem hydraulic parameters

A (wmol m=2 s~)
E(molm=2s~T)

Gs (molm=2s71)
NAR (@m~2 d=")

SSHC (Ks, x 1073 mL mm~"1 h=1 Pa~T1)

SWP (MPa)
Carbon allocation
Leaf SS (mg g~ ")
Stem SS(mg g~ 1)
Root SS (mg g~ ')
Leaf ST (mgg~")
Stem ST (mg g~ ")
Root ST (mg g~ ")

0.032
0.270***
0.400***
0.462***
0.190***

0.015
0.067**

0.028

0.030

0.928***
0.639***
0.620***
0.273***
0.591***
0.788***

0.113*
0.013
0.103*
0.211
0.090*
0.001

<0.001
<0.001
0.002
0.025
<0.001
<0.001
0.005
0.022
0.015

<0.001
0.007
0.000
0.041
0.038*
0.001

0.003
<0.001
0.015
0.001
0.021
0.004

0.678***
0.535***
0.490***
< 0.001
0.776***
0.652***
0.433***
0.061
0.046

0.001
0.003
<0.001
0.029
0.078**
0.008

<0.001
0.008
0.363***
0.286
0.027
0.017

W x D

0.018
0.007
0.001
0.041
0.001
6.360
0.002
0.017
0.016

<0.001
0.009
0.000
0.112*
0.058**
0.041**

0.010
0.002
0.001

0.024
0.069*
0.026

DxS

<0.001
0.003
< 0.001
0.027*
0.002
0.010
0.005
0.006
0.006

<0.001
0.008
0.020
0.036
0.011

0.010

0.244**
0.001
0.063*
0.001
0.105*
0.092

W xS

0.004
0.0101
0.028***
0.001
0.003
0.074***
0.053
<0.001
0.000

0.001
0.005
0.002
0.003
0.005
0.013

0.006
0.005
0.012
0.001
0.156**
0.020

WxDxS

0.004
<0.001
<0.001

0.037
<0.001

0.000

0.000

0.017
0.0167

<0.001
0.011
0.020
0.008
0.015

0.031**

0.068
0.056
0.002
0.094
0.009**
0.096

R2

0.757
0.855
0.933
0.587
0.969
0.794
0.613
0.142
0.127

0.930
0.681
0.655
0.503
0.795
0.893

0.445
0.086
0.560
0.618
0.477
0.255

The proportion of explained variance (SSx/SStotal) for each factor and the interactions are indicated. W, water availability treatment; D, defoliation treatment; S, plant
size treatment; H, height; BD, basal diameter; TB, total biomass; TLA, total leaf area; RGRg, relative growth rate of total biomass; LMR, leaf mass ratio, SMR, stem
mass ratio, RMR, root mass ratio, RS, root-shoot ratio; A, the net photosynthetic rate, E, transpiration rate, Gs, stomatal conductance; NAR, net assimilation rate;
SSHC, stem-specific hydraulic conductivity; SWE stem water potential; Leaf SS, leaf soluble sugar concentration; Stem SS, stem soluble sugar concentration; Root SS,
root soluble sugar concentration, Leaf ST, leaf starch concentration; Stem ST, stem starch concentration; Root ST, root starch concentration. *p < 0.05; *p < 0.01;
o < 0.001. x represents the interaction effect. n = 5-8. Bold values represent significant differences.
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Species

Cicer arietinum

Lathyrus sativus

Lens culinaris

Lotus tetragonolobus
Phaseolus vulgaris
Trigonella foenum-graecum
Vicia faba

Vigna aconitifolia

Vigna mungo

Vigna unguiculata

PC1

11
1.0
0.4
0.9
0.4
0.8
11
1.0
0.6
0.7

PC2

0.39
0.18
0.25
1.41
0.92
0.44
1.20
2.61
1.21
1.23

PC3

1.25
0.11
1.29
1.74
3.74
1.73
0.22
2.96
1.76
2.39

Three PCs

1.68
1.03
1.39
2.40
3.87
1497
1.64
4.08
2.23
277
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Treatment

November sowing
December sowing
NSc

FSt

FSay

FSre

FSg

FSznis

FSznsre

FSa.re

FSznsrers

S-E

7.1 +£0.00b
8.1+0.32a
7.8+ 0.00a
7.6+0.28a
7.4£028a
7.6+ 0.00a
774028
7.7+028a
76+028a
7.5+ 0.00a
7.8+ 0.00a

G-F

45.8 + 0.62a
39.1 £ 0.00b
41.8 £ 0.06a
42.3 £ 0.05a
421 £0.28a
42.4 £ 0.86a
425+ 057a
42.7 £ 1.00a
42.8 + 0.86a
429 £ 0.28a
42.8 +0.57a

F-PI

17.2 +£0.36b
19.1 £0.55a
182+ 0.57a
17.7 £0.78b
18.1 £ 0.76a
17.7 £0.28b
17.8+0.57b
183+ 0.28a
18.4 £0.57a
18.5+0.28a
18.5 4 0.00a

PI-M

43.3 £ 0.67a
3569 £0.57b
38.6 +£0.57b
39.1 £0.57b
39.4 £ 0.50b
39.6 + 0.28ab
400+ 057a
39.6 + 0.57ab
39.6 + 0.78ab
40.3 £0.28a
40.6 £ 0.29a

LC:s-M

1135+ 091a
102.1 £ 0.95b
106.3 + 1.07a
108.8 + 1.05a
107.2 +0.85b
107.3 +£0.78b
108.0 £ 1.00a
1082 + 1.07a
108.2 + 1.26a
109.3 £0.78a
109.4 + 0.05a

S-E, sowing to emergence; G-F, germination to flowering; F~PJ, flowering to pod initiation; PI-M, pod initiation to maturity; LC-S-M, life cycle sowing to maturity; Values are means +

SEM (n

3). Different letters indicate significant differences between means. Treatments details are available in Table 1.
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A 2015 Lattice
Cov Parm
Block
iBlock(Block)
Residual
Effect
Accession
B 2016 Lattice
Cov Parm
Block
iBlock(Block)
Residual
Effect
Accession
C 2015&2016 Combined
(RCBD)
Cov Parm
Environment
Block (Environment)
Accession x Environment
Residual
Effect
Accession

Estimate
0
0
333.24
Num DF
93

Estimate
165.67
0
502.33
Num DF
95

Estimate
0
61.72
62.81
421.44
Num DF
95

Standard error

52.04
Den DF
63

Standard Error
242.4

76.60
Den DF
68

Standard Error

54.29
48.85
45.85
Den DF
93

Z value

6.40
F Value
3.45

Z value
0.68

6.56
F Value
3.01

Z value

1.14
1.29
9.19
F value
3.89

Pr>2

<0.0001
Pr>F
<0.0001

Pr>2
0.2472

<0.0001
Pr>F
<0.0001

Pr>2

0.1278
0.0992
<0.0001
Pr>F
<0.0001

Field trials were grown in 2015 (A) and 2016 (B) as a 10 x 10 lattice. For the
combined analysis in panel (C), the experiment was analyzed as a randomized
complete block design (RCBD). Accession was considered to be a fixed effect,
and all other effects were random.a = 0.05.
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Drought responsive genes TF Hormone

LEA HSP CHS proline CYP bZip bHLH MYB ARF WRKY NAC ERF JAZ Gibberellin Auxin F-box
All four 2 2 4 3 7 2 4 5 1 3 0 1 7 0 0 5
C76-16 + 587 5 4 8 0 8 0 2 9 0 13 5 7 0 1 4 11
Tifrunner + 506 1 3 1 0 4 0 3 1 0 0 1 0 0 1 0 1

LEA, late embryogenesis abundant; HSR, heat shock protein; CHS, chalcone synthase; CYR cyclophilins; TF transcription factor; bZip, basic leucine zipper; bHLH, basic helix-loop-helix; MYB, myeloblastosis; ARF,
auxin response factor; NAC, N-acetyl-cysteine; EFT, ETS domain-containing transcription factor; JAZ, jasmonate ZIM domains.
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Metabolic pathways

Biosynthesis of secondary metabolites

Circadian rhythm-plant

Phenylpropanoid biosynthesis

Starch and sucrose metabolism

Photosynthesis - antenna proteins

Alanine, aspartate and glutamate metabolism
Stilbenoid, diarylheptanoid, and gingerol biosynthesis
Phenylalanine metabolism

Amino sugar and nucleotide sugar metabolism
Alpha-linolenic acid metabolism

Isoquinoline alkaloid biosynthesis

Phenylalanine, tyrosine and tryptophan biosynthesis
Plant-pathogen interaction

Tyrosine metabolism

Limonene and pinene degradation

Valine, leucine and isoleucine degradation
Beta-alanine metabolism

Ascorbate and aldarate metabolism

Tropane, piperidine, and pyridine alkaloid biosynthesis
Carbon fixation in photosynthetic organisms
Glucosinolate biosynthesis

Glutathione metabolism

Terpenoid backbone biosynthesis

Diterpenoid biosynthesis

Arginine and proline metabolism

Base excision repair

AGE-RAGE signaling pathway in diabetic complications
Biosynthesis of amino acids

Pentose and glucuronate interconversions

Cysteine and methionine metabolism

Nucleotide excision repair

Ubigquinone and other terpenoid-quinone biosynthesis
Inositol phosphate metabolism

Thiamine metabolism

Monoterpenoid biosynthesis

Pyruvate metabolism

Porphyrin and chlorophyll metabolism

Glycine, serine and threonine metabolism
Pyrimidine metabolism

Fatty acid elongation

DNA replication

2-Oxocarboxylic acid metabolism

ID

KOO01100
KO01110
KO04712
KO00940
KO00500
KO00196
KO00250
KO00945
KO00360
KO00520
KO00592
KO00950
KO00400
KO04626
KO00350
KO00903
KO00280
KO00410
KOO00053
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KO00480
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KO00270
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KO00062
KO03030
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Input number

388
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18
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15
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9
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9
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8
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5
4
15
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8
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Background number

1910
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22
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20
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7
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35
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P-value
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Corrected P-value
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Name Chr Position Year Allele 1 Mean Allele 2 Mean Effect Prob F value Prob R2

Folate (+ SEM) Folate (+ SEM) (GWAS) (GWAS) (ANOVA) (ANOVA) (ANOVA)

PvO4FLTH 4 46,986,666 2015 174.6 £ 3.54 180.0 £ 4.44 ns 0.24 0.99 0.3219 ns

PvO4FLTA 4 46,986,666 2016 177.0 £ 4.08 171.3+4.15 —12.74 1.3E-05* 118 0.2857 ns

PvOBFLT1 6 21,444,641 2015 173.7 £ 2.75 196.8 £ 5.24 14.16 2.9E-05* 13.97 0.0003* 0.13
PvOBFLT1 6 21,444,641 2016 169.0 + 3.05 198.9 £ 4.07 ns 0.13 21.46 0.0000* 0.19
PvO8FLTH 8 47,654,566 2015 161.9 £ 3.92 182.6 + 3.06 156.93 1.4E-05* 12.69 0.0006* 0.12
PvOBFLT1 8 47,654,566 2016 161.8 £4.79 178.7 £3.29 ns 0.09 6.89 0.0101* 0.07
PvO8FLT2 8 49,207,064 2015 196.8 + 4.51 177.2 £3.40 —15.83 2.5E-05* 7.26 0.0087* 0.09
PvO8FLT2 8 49,207,064 2016 201.6+6.12 171.6 £3.14 ns 0.5 18.65 0.0001* 0.19
Pv11FLTH 11 5,604,100 2015 173.2 £ 2.65 197.8 £ 5.81 ns 0.00028 12.60 0.0006* 0.13
Pv11FLTH 11 5,604,100 2016 168.6 £2.78 208.8 + 5.26 14.54 6.2E-06* 31.24 0.0000* 0.26
PviI1FLT2 11 53,485,930 2015 184.0 £ 3.95 173.0 £3.62 ns 0.77 4.35 0.0399* 0.05
PviI1FLT2 11 53,485,930 2016 181.6 £3.32 170.4 £4.18 —13.74 1.5E-05* 3.92 0.0508 ns

Chromosome position, marker effect (GWAS), P-value, and single marker ANOVA (F value, Prob, R?) results are presented. GWAS results are based on the FarmCPU
model, and ANOVA results are based on a one-way ANOVA using respective markers as the main effect. The experimental population consisted of 96 accessions that
were grown in a 10 x 10 lattice at Elora Research Station, Ariss, ON, in 2015 and 2016 (Year). Freq, frequency; SEM, standard error; Prob, P-value. * Indicates significance
at o = 0.05.
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Genotype Sample type Input read Both surviving Forward only Reverse only Dropped Overall alignment
pairs surviving surviving rate (%)

Tifrunner Control 43,170,429 37,947,881 (87.90%) 3,481,624 (8.06%) 608,537 (1.41%) 1,132,387 (2.62%) 77.60
Tifrunner Control 48,861,831 43,973,662 (90.00%) 3,082,838 (6.31%) 754,300 (1.54%) 1,051,031 (2.15%) 73.40
Tifrunner Control 43,839,412 39,489,936 (90.08%) 2,774,014 (6.33%) 685,366 (1.56%) 890,096 (2.03%) 76.90
587 Control 40,070,955 36,200,463 (90.34%) 2,424,462 (6.05%) 624,743 (1.56%) 821,287 (2.05%) 79.30
587 Control 44,781,655 40,323,747 (90.05%) 2,875,811 (6.42%) 656,639 (1.47%) 925,458 (2.07%) 72.90
587 Control 44,683,142 40,559,180 (90.77%) 2,486,187 (5.56%) 704,413 (1.58%) 933,362 (2.09%) 73.20
506 Control 46,447,905 41,940,433 (90.30%) 2,887,090 (6.22%) 689,080 (1.48%) 931,302 (2.01%) 64.80
506 Control 47,081,614 42,489,538 (90.25%) 2,967,321 (6.30%) 710,662 (1.51%) 914,093 (1.94%) 65.90
506 Control 48,467,014 43,354,569 (89.45%) 3,122,297 (6.44%) 839,644 (1.73%) 1,150,504 (2.37%) 75.50
C76-16 Control 44,107,057 30,307,111 (68.71%) 1,502,648 (3.41%) 9,723,368 (22.04%) 2,573,930 (5.84%) 67.90
C76-16 Control 44,738,941 39,605,524 (88.53%) 3,111,979 (6.96%) 757,947 (1.69%) 1,263,491 (2.82%) 62.20
C76-16 Control 44,941,724 40,406,587 (89.91%) 2,744,593 (6.11%) 770,588 (1.71%) 1,019,956 (2.27%) 67.70
Tifrunner Treatment 44,640,385 39,841,817 (89.25%) 2,962,824 (6.64%) 805,756 (1.80%) 1,029,988 (2.31%) 78.70
Tifrunner Treatment 34,479,724 30,039,097 (87.12%) 2,622,507 (7.61%) 691,319 (2.01%) 1,126,801 (37.00%) 78.50
Tifrunner Treatment 44,888,435 39,964,474 (89.03%) 3,022,199 (6.73%) 830,020 (1.85%) 1,071,742 (2.39%) 77.40
506 Treatment 43,660,502 39,093,910 (89.54%) 2,863,022 (6.56%) 722,662 (1.66%) 980,908 (2.25%) 70.80
506 Treatment 37,280,523 32,601,953 (87.45%) 3,329,725 (8.93%) 591,735 (1.59%) 757,110 (2.03%) 78.60
506 Treatment 50,216,886 43,881,482 (87.38%) 4,466,693 (8.89%) 803,551 (1.60%) 1,065,160 (2.12%) 71.50
587 Treatment 49,500,427 43,151,072 (87.17%) 4,570,321 (9.23%) 773,842 (1.56%) 1,005,192 (2.03%) 74.40
587 Treatment 41,764,992 36,311,859 (86.94%) 3,889,085 (9.31%) 667,580 (1.60%) 896,468 (2.15%) 75
587 Treatment 44,072,172 38,394,486 (87.12%) 4,033,529 (9.15%) 702,205 (1.59%) 941,952 (2.14%) 75.10
C76-16 Treatment 47,419,319 41,051,649 (86.57%) 4,630,751 (9.77%) 720,477 (1.52%) 1,016,442 (2.14%) 74.90
C76-16 Treatment 40,858,205 35,399,986 (86.64%) 3,911,482 (9.57%) 635,605 (1.56%) 911,132 (2.23%) 72.40
C76-16 Treatment 39,895,848 34,661,111 (86.88%) 3,699,491 (9.27%) 652,797 (1.64%) 882,449 (2.21%) 77.40
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Merredin2018  Number of salFPqtl.2 CalG04 DAIT417 83.95 SNP203 90.37 1.6338 5.1737
filed pods

Merredin2018  Necrosis salNecrosisqtl.]  CalGOS DAT595 o752 DAITS53 111.41 -02285  1.00E-04 205 32408

Meredin2017  Neoross  salNecrosisqi2 CalGO4  SNPH48C) 1822 SNP201  2ré7  -03491 0 391 120845

Merredin2018  Necrosis salNecrosisqti3  Cal.GO4 SNP14_C14_12.74(C)  71.61 SNP15.C14_13.06 7247 02697 0 34 5.4586

Hydroponics ~ Necrosis salNecrosisqtl.4 ~ Cal.GO3 DAIT273(C) 68.63 DAIT255(C) 8375 ~0.6299 0 419 12.8835

Meredin2017 ~ Seednumber  safSNei  CalGO4  SNP2OT 2787  SNP2.Cad75 2080 38tz 0 285 90112

Merredin2017  Seed number salSNgtl.2 CalGO4 DAIT417 88.95 SNP203 90.37 2.7537 0 232 7.5854

Merrecin2017  Seed number SalSNGtL3 CalGot DAFT71 0 DAT1751 10.48 —1.9877 0 99 33289

Merredin2017  100-seed salSwaqtl 1 CalGOS DAT595 o752 DAITS53 111.41 13526 0 218 205363
weight

Glasshouse 100-seed SalSWatl2 Cal.Go4 SNP14_C14_12.74(C)  71.61 SNP15.C14.13.06 7247 —15592 0 226 16589
weight

Merredin2017 ~ 100-seed salSWatl:3 CalG04 SNP14_C14_12.74(C)  71.61 SNP15.C14.13.06 7247 —1.5393 o 34.4 22.3099
weight

Merredin2017  Seed yield salSYqtl.1 CalG05 DAT595 97.52 DArTS53 11141 03222 0 17.9 4.3667

Meredin2017 ~ Seedyield  salSY@2  CalGO4  SNP2OT 2787  SNP2.Cad75 2080 03865 0 22 61227

Glasshouse Seed yield salSyqtl.3 CalGO6 SNP246 131 SNP259(C) 133.94 03113 0 13.2 3.5456

Glasshouse Water use salWUEqtl. 1 CalGO1 DAT8S 27.79 DArT78(C) 28.07 484.6509 0 46.3 4.167
efficiency

Glasshouse X30AGR salX30AGRqtl.1  CalGO1 SNPS 12.46 DArT1786 15.7 1.4136 0 287 4.0182

Glasshouse X34AGR salX34AGRqtl1  CalGO1 SNP5 12.46 DAIT1786 15.7 1.6533 0 202 3735

®)

Glasshouse Number of conFPqtl.1 CalGo7 DAT1204(C) 4373 SNP286(C) 4627 ~1.7159 0 19.6 37005
filed pods

Merredin2017  Number of conFPqtl.2 CalG04 SNP14_C14_12.74(C) 7161 SNP15.C14_13.06 727 1.8559 () 393 14.0499
filed pods.

Meredn201g ~ Sodum  conNaghi  CalGO4  SNP2OT 2787  SNP2.Cad75 2089 01007 0 {7 43060

Glasshouse Seed number conSNtl. 1 CalGO7 DAIT1046 4032 DAT1204(C) 43.73 —25513 0 19.4 4.0858

Glasshouse Seed number conSNqti2 CalGo4 SNP14_C14_12.74(C)  71.61 SNP15.C14.13.06 7247 21867 o 143 359238

Merredin2017  Seed number conSNqtl3 CalG04 SNP14_C14_12.74(C)  71.61 SNP15.C14.13.06 7247 21157 o 222 65191

Merredin2017  Seed number conSNatl.4 Cal G4 SNP202(C) 93,61 DAIT1740(C) 10327 1.7592 o 138 4.0847

Merredin2017  Seed number conSNqtl5 CalG08 DAIT1753 4859 SNP393(C) 55.61 1.2955 0 85 3776

Merredin2017 100-seed conSWatl. 1 CalG05 DAT595 97.52 DArT553 111.41 1.411 ) 175 13.2902
weight

E— 100-seed conSWatl2 CalGO4 SNP14_C14_12.74(0) 7161 SNP15.G14_13.06 7247 —1.9649 (] 352 23.9314
weight

Merredin2017  100-seed conSWatl 3 Cal.G04 SNP14_C14_12.74(0)  71.61 SNP15.C14.13.06 7217 —1.9841 o 39.7 31.4225
weight

Glasshouse 100-seed conSWatl4 CalG06 SNP246 131 SNP259(C) 133.94 09269 0 83 55955
weight

Merredin2018  Seed yield conS¥etl 1 CalG05 DAIT523 12694 DAT1040 187.75 -0.1348 0 395 41562

Merredin2017  Seed yield conSYqtl.2 CalG04 DAIT419 88,67 DAT417 83.95 02063 0.0001 1.3 3.0544

Merredin2017 Seed yield conSYqtl.3 CalGO1 DArTB3(C) 24.06 SNP24(C) 26.68 -0.2385 o 14.2 4.0241

Glasshouse Water use conWUgtl 1 Cal.GO4 SNP14_C14_12.74(0) 7161 SNP15.C14.13.06 7247 —25546 10004 224 3.0077

Glasshouse Water use conWUEqH1  CalGO4 SNP14_C14_12.74(0)  71.61 SNP15.C14.13.06 7217 —271E402 0 187 4.0655
efficiency

Glasshouse Water use conWUEqt2  CalGO1 DAIT1786 157 DAT1798 15.97 2843119 0 21 46183
efficiency

Glasshouse X30AGR CoNX30AGRqt.1 Cal.GO4 DAIT417 83.95 SNP203 90.37 —2.6217 0 64.1 7.6002

Glasshouse X34AGR CONXB4AGRq. 1 CalGO4 DAIT417 88.95 SNP203 90.37 -3.0783 0 6 7.8203

X30AGR-Absolute growth rate at 30 days after sowing, X34AGR- Absolute growth rate at 34 days after sowing. Allele effects contributed by Rupali are denoted by negative effect size while the positive effect size is contributed
by Genesis836.
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Linkage group Chromosome Number of Length (cM) Average marker Maximum marker

number markers density (cM) density (cM)
L1 CalGO1 33 e 22 189
Li2 CalGOt 16 28 02 1.7
L2 CalG02 109 1435 13 163
L3 CalG03 49 1215 25 204
L4 CalG04 126 1549 12 12.2
Ls CalG05 48 1435 3.1 143
L6 CalGO6 59 138.4 24 280
L7 CalGO7 139 113 08 108
L8 CalG08 49 757 16 124
Overall 628 9635 16 280

Genotyping was conducted by DArTseq and 628 high quality markers were clustered into nine linkage groups and optimally ordered using the MSTMp algorithm available in the ASMap
package. Each linkage group has a corresponding chromosome number derived from anchoring the geneic map to the chickpea Kabulireference assembly v.1. Length of each linkage
group, average and maximum spacing between markers are indicated using centimorgan (cM) units. A visual ilustration of the map can be found in Supplementary Figure 6.
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Trait Treatment Genesis836 Rupali Mean Min Max G T GxT Heritability

H)

Seed yield (g) Control 29 27 33 20 48 014

Salt 30 24 27 07 57 <0001 <0001 0302 009
Harvest index Control 046 043 043 033 054 061

Salt 0.40 037 039 023 055 na na 0.006 024
Shoot Control 62 7.7 78 45 1.0 023
biomass (g)

Salt 67 6.4 73 29 12.9 <0001 <0001 0418 009
Potassium Control 4428 434.4 4320 3137 5726 020
(wmol g™
ow)

Salt 3386 352.4 3734 2483 5768 <0.001 <0001 0528 014
Sodium (wmol Control 14.1 4 9.8 45 224 0.46
g7 ow)

Salt 80.2 486 603 95 2210 na na <0.001 027
Potassium: Control 313 56.6 488 190 825 0.19
Sodium ratio

Salt 49 7.3 82 1.7 285 na na 0025 020
Chioride Control 63.8 766 72.4 490 100.1 005
(wmol g=*
ow)

Salt 3300 401.3 365.2 2449 5351 06329 <0001 0.062 0.19
Necrosis (1-9) Control 1 1 1 1 1 na

Salt 6 5 5 3 8 na na <0.001 024
Daystofiower  Control 14 101 108 % 122 060

Salt 19 110 13 9% 126 <0001 0583 0599 041
Days to pod Control 129 119 124 11 134 053

Salt 131 126 128 118 139 <0.001 <0.001 0.884 0.38

Overall trait means, minimum and maximum values, and p-values for effects of genotype (G), treatment (T), and genotype by treatment interaction (G x ) are given for Genesis836,
Rupali, and the RIL population consisting of 181 genotypes. n.a is indicated for non-informative p-values where G x Tis significant. Estimates of heritabilty (M) for different traits under
salt and control conditions is indicated.
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Location, year

Tromso 2018
Tromso 2019
Umeé 2018
Umeé 2019
Jokioinen 2018
Jokioinen 2019
Taastrup 2018
Taastrup 2019

Temp.

o)

1.6
104
16.0
14.1
17.0
156
18.4
15.6

Total precip.
(mm)*

308.6
286.5
162.6
175.8
122.1
223
62.6
2113

Total radiation
(MJ/m?)

11732
1489.3
2087.6
1462.4
2019.9
2108.2
2329.6
2090.5

PAR
(0]

139
14.6
16.0
149
15.4
16.0
15.7
15.2

Photo-period
(h)

19.7
196
183
173
17.3
173
16.8
16.7

Exp. period
(days)

108
118
109
89
112
114
100
108

The experimental period i the number of days from sowing to the end of the tial, and averages and totals are based on these numbers of days for the respective location. *Drip hoses
were used in Taastrup in both years and manual irrigation was carried out at other sites when needed.
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Genus

Total

Breeding/ Commercial
Research

Collected

Exchange

Trifolium
repens
Trifolium
pratense
Trifolium
subterra-
neum
Trifolium
ambiguum
Trifolium
hybridum
Trifolium
dubium
Trifolium
medium
Trifolium
arvense
Trifolium
occidentale
Trifolium
repens x
occidentale
Other
Trifolium
interspecific
hybrids
Other
Trifolium
species (233
species)

30,047

6,953

1,620

1,162

582

252

247

220

3,215

2,833

4,252

4,451

24,696

4,386

412

917

309

180

107

18

2,997

2,833

4,245

171

1,622

1,069

243

37

43

158

2,442

802

235

141

163

32

80

140

184

1,701

1,387

696

630

67

rad

40

48

60

34

2,421

Breeding/Research accessions includes some cultivars and exchange germplasm
and are not publicly available or viewable. Commercial lines are cultivars that were
commercially released. Collected accessions are accessions that were collected on
overseas trips. Exchange accessions are germplasm from other sources, including
other international institutions.
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Species

Chickpea

Cicer sp.

Common bean

Garden pea

Lentil

Lotus japonicus

Medicago
Mung bean

Navy Beans

Field pea

Peanut

Soybean

Trait(s)

Seed Fe and Zn

Carotenoid (B-carotene,
B-cryptoxanthin, g-carotene,
lutein)

Seed Fe and Zn concentration

Protein content
Seed protein concentration

Protein, Fe, Zn and several
macro- and micro-nutrients

B-carotene content; lutein
concentration

Ca, Fe, Zn, and tannins

Fe and Zn

Fe reductase activity; Zn
concentration; Fe
concentration; net phytate
content (mg/seed); net P
content (mg seed/q)

P accumulation
Seed coat Ca; seed coat Mg

Seed Fe and Zn concentration

Seed Fe content; seed Zn
content

Seed mineral

Seed P concentration; seed
phytic acid (%); seed Fe
concentration; seed Zn
concentration

Protein, Zn, Ca and Fe
Bioavailability (FeBIO)

Zn seed content

Total condensed tannin
concentration

Protein content

Seed Fe and Zn concentration

Seed nutrients

Ferric reductase activity
Seed mineral concentrations
P compounds in the seed

Seed Fe, Zn, P, and phytic acid

Zn

Protein content

Raffinose and for glucose
concentration

Raffinose content; Rubisco
content

Seed mineral concentration
Linoleic acid; oil content; Oleic
acid; O/L ratio; protein content
Seed mineral, cysteine, and
methionine concentrations

Seed Ca
Seed Cd

Vitamin E

Minerals in seeds

Nutritional traits

Published QTL Symbol

11 QTLs for seed Fe and 8 QTLs
for Zn

5QTLs

CagFel.1; CagFe3.1; CagFe4.1;
Cagzn2.1; CagZn3.1; CagFZ4.1;
CagFZ7.1

4 QTLs
3 QTLs

119 marker trait associations for 11
nutrition component traits

BC.QTL1; LC.QTLA

26 QTLs

Zn-ICPb11.2 (K126G);
Fe-ICPb11.1 (BMd33);
BM209-BMd4033;
E070.9-BM4643

P accumulation

Cal (McatEtc46); Ca7 (P gene);
Ca9 (McagEac7); Mg7xc (P gene)
13 QTLs

Fe_cont8.1; Zn_cont5.1

ATA4; PVcttl; AGATOS; fin

QTL for cooked seed protein, Zn,
Ca, and FeBIO

Phvul001G233500

Seed coat tannin 1-1; Seed coat
tannin, insoluble 1-1; 1-2; 1-3; 1-1
5QTLs

FeQTL1.1-1.3; FeQTL2.1-2.3;
FeQTL4.1-4.6; FeQTL5.1-5.4;
FeQTL6.1-6.2; 7.1-7.3

QTLs (55 markers)

1 major QTL

46 QTLs

2 for phytic acid; 4 for inorganic P;
1 for total P

Co-localized QTLs for seed Fe and
Zn on three linkage groups

1 QTL for Fe

prot1

PC.LGlll.cccc18.E_2000
Two QTLs (RafCleS2.c and
GlcT2.b)

RafCleS2.c; RuBisCOcleS2

37 seed mineral content QTLs
Seed linoleic 1-1; Seed oleic 1-13;
Seed oleic/linoleic 1-1; Seed
protein 1-1

82 x DSR-173; Wiliams

82 x Vinton 81

Cal; Ca2; Ca3; Cad
Major QTL on LG K

SSR marker linked with Cd locus

4 QTLs for a-Toc; 8 for y-Toc; 4 for
3-Toc; 5 for Vitamin E

8 QTLs for K; 4 for Mg; 1 for P; 1
for C; 1 each for N, S, and Ca

40 QTLs

Cross

MNK-1 x Annigeri 1

CDC Jade x CDC Frontier;
CDC Cory x CDC Jade; ICC
4475 x CDC Jade

ICC 4958 x ICC 8261

Germplasm
Carneval x MP 1401
280 diverse accessions

Hadas x Cr 205

Wide cross

DOR 364 x G 19833
DOR 364 x G 19833

G 19833 x DOR 364
Xana x Cornell 49242

G14519 x G4825
Cerinza x (Cerinza x G 10022)

G 21242 x G 21078
AND 696 x G 19833

206 diverse accessions

192 diverse genotypes

Andean x Mesoamerican
Genepools

Wt 10245 x Wt 11238

ILL 8006 x CDC Milestone
MiyakojimaMG-20 x GifuB-129
MiyakojimaMG-20 x GifuB-129
Jemalong-6 x DZA315.16
V1725BG x AusTRCF321925
AND 696 x G 19833

Narrow cross Mesoamerican
genepool

Wt10245 x Wt11238

Carneval x MP1401
champagne x Terese

Terese x Champagne

Kiflica x Aragorn

TG26 x GPBD4

Williams82 x NKS19-90

SS-516 x Camp
AC Home Westag-97

Leo Westag-97

OAC Bayfield x Hefeng 25

MD 965722 x Spencer

Wiliams 82 x DSR-173,
Williams 82 x NKS19-90, and
Williams 82 x Vinton 81

Population
Fo:s

Fa

RIL

187 genotypes
RIL

Germplasm
collection

Fa

RIL
RIL

Fs.7 RIL
RIL

RIL

Advanced
Backcross

RIL
RIL

Germplasm
collection

Germplasm
collection

RIL
RIL
RIL
RIL
RIL

RIL
Fa

Fs.7 RIL

RIL

Fa

RIL
RIL

RIL

RIL

RIL

RIL

Fo:s
RIL

RIL

RIL

RIL

RIL

References

Sab et al., 2020

Rezaei et al., 2019

Upadhyaya et al., 2016

Jadhav et al., 2015
Tar’an et al., 2004
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Abbo et al., 2005
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etal., 2003

Blair et al., 2009
Blair et al., 2010

Beebe et al., 2006
Casanas et al., 2013

Blair et al., 2010
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2012

Blair et al., 2011
Cichy et al., 2009

Katuuramu et al., 2018

Caproni et al., 2020

Caldas and Blair, 2009

Irzykowska and Wolko,
2004

Aldemir et al., 2017

Klein and Grusak, 2009
Klein et al., 2012
Sankaran et al., 2009
Sompong et al., 2012

Cichy et al., 2009

Gelin et al., 2007

Irzykowska and Wolko,
2004

Tar'an et al., 2004
Dumont et al., 2009

Dumont et al., 2009

Ma et al., 2017

Sarvamangala et al.,
2011

Ramamurthy et al.,
2014

Zhang et al., 2009
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2010
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2010
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Crop Nutritional References
trait
Soybean Amino acid Falco et al., 1995; Reddy and Thomas,
1996; Kita et al., 2010
Fats and oils Kinney and Clemente, 2005; Clemente

Common bean

Lupin

Low Phytase

Vitamin E

Flavonoids
Low Phytate

Plenish high
oleic

Vistive Gold low
saturated high
oleic

Lysine
Folate

Low Phytate
Methionine

and Cahoon, 2009

Denbow et al., 1998; Chiera et al.,
2004; Bilyeu et al., 2008

Van Eenennaam et al., 2003; Sattler
et al., 2004

Yu et al., 2003

Yuan et al., 2007

Plenish high oleic, 2021

Monsanto; Ulmasov et al., 2012

Falco et al., 1995

Rivera et al., 2016; Xie et al., 2017
Panzeri et al., 2011

White et al., 2001
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Stress condition

High pH, salinity, and carbonate
content of soil

Mineral toxicity

Mn toxicity

Mineral deficiency in soil

Nutrient retention and bioavailability

Anti-nutrients (Phytic acid, Trypsin
inhibitors, etc.)

Lack or deficiency of promoters like
inulin, histidine, lysine, etc.

Constraint

Iron non-availability leading to Iron
deficiency chlorosis (IDC)

Limited ion movement to transpiration
stream

Reduced shoot growth

Cytotoxicity

Limited uptake

Mn toxicity can arise in acidic and
poorly drained soil

Mn can compete and prevent uptake of

other essential elements (Ca, Mg, Fe,
and P)

Inadequate nutrient acquisition

Inadequate nutrient in seeds

Low bioavailability

Low bioavailability of nutrients

Potential solution

Coordinate expression of an active proton pump to
increase solubility of Fe'3, a ferric chelate
reductase to generate the more soluble Fe*2, and
finally an iron transporter

Compartmentalization of minerals
Outflow of organic ions for chelation of toxic ions

Sequestering of Mn in the apoplast or vacuole

Enhanced uptake by transporters and
developmental adaptation

Root architecture re-modeling for efficient
acquisition of minerals Partitioning for storage of
minerals

Improved post-harvest processing and cooking
methods and conditions and duration of storage
Screening of promising lines for micronutrient
bioavailability

Detect and understand plant biosynthetic genes
and pathways of nutritional importance, including
those for nutrient absorption enhancers and
inhibitors

Soaking of legumes before cooking

Food diversification

Development of genotypes with low anti-nutrients
Selection of genotypes with high level of promoters
Development of genotypes with high promoters,
like inulin, etc.

References

Hell and Stephan, 2003

Socha and Guerinot, 2014

Millaleo et al., 2013

Mickelbart et al., 2015

Nestel et al., 2006

Xie et al., 2017

White and Broadley, 2005
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Band No. Molecular Retention Well-watered Drought-stressed

weight (KD) factor
Tap 05mM 1mM 1.5mM Tap 05mM 1mM 1.5mM
water n-Si0, n-Si0, n-Sio, water n-Si0, n-Si0, n-Si0,
1 170 0.066 + + + + + + + +
2 158 0.101 + + + + + + + +
3 129 0.189 - - - - . = ¥ ¥
4 110 0.260 + + + + + + + +
5 % 0348 + + + + + + + +
6 81 0395 + + + + + + + +
7 63 0507 + + + + + + + ¥
8 57 0551 + + + + + + +
9 40 0699 + + + + + + + +
10 30 0.847 + + + + + + + +
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Basic

Oxygen, water,
Carbohydrates

Amino Acids

Histidine,
Isolueucine,
Leucine,
Lysine,
Methionine,
Phenylalanine,
Threonine,
Tryptophan,
Valine

Lipids-Fat

Linoleic acid,
Linolenic acid

Minerals

Na, K, Ca,
Mg, S, P, Cl,
Cr, Fe, Zn,
Cu,Mn, I, F,
Se, Mo, Co,
B, Ni, Si, As,
Sn

Vitamins

A, D, E K, C,
B4, B2, Bg, Bs,
Bs, B7, Bg, B2
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Studied factor

Irrigation

Foliar

Interaction
Well-watered

Drought stress

ANOVA
Irrigation (1)
Foliar (F)
IxF

Well-watered
Droughted

Control (tap water)
0.5mM nano-SiO, (T4)
1 mM nano-S0; (T2)

1.5 mM nano-Si0; (T3)

Control
T

T2,

T3
Control
T

T2

T3

DF

1

3

3

Ant idant
activity (%)

81.43°
89.50*

82.06¢
84.24°
86.24°
89.312

77.08"
80.10°
83.13¢
85.45°
87.09°
88.38%
89.35°
93172

0.013
<0.001
0.003

Flavonoids content
(g QE/g extract)

108.7°
134.8%

103.5°
113.4°
128.5%
137.6%

87.68°
95.90°
115,34
127.8%
119.3%9
130.9%
14170
147.40

0.039
0.019
0.015

Means followed by the same letters under the same factor are not significantly different by least significant difference at p < 0.05.

QE, quercetin; GAE, galic acid.

Phenolic content
(g GAE/g extract)

1,467°
2,182%

1,482¢
1,805°
1,946
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Means followed by the same letters under the same factor are not significantly different by least significant difference at p < 0.05.
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TRAITS WEIGHT C  WEIGHT H WEIGHT PL T50.C TS50 H TS50 PL T80T20. C T80T20 H T80T20 PL

Seed weight WEIGHT_C
WEIGHT_H
WEIGHT_PL
Seed germination  T50_C -0.03
speed TS0_H 011
T50_PL 009
Seed germination  TBOT20_C 0.14 0.10
homogeneity TBOT20_H 047
TBOT20_PL 012 0.16 o
Geographical Longitude -0.04 005 3 ! 0.14 -0.11 0.07 011
location Latitude -0.09 -0.10 Y X 0.05 —0.08 —0.04 —0.04
Alitude -0.14 -001  -013 001 006 —0.04 0.04

Pearson correlation coefficients above 0.2 with a p-value below 5% are indicated in red color. Pearson correlation coefficients above ~0.2 with  p-value below 5% are indicated in
green color. Longitud is indlcated by degrees from west to east with negative and positive values, respectively. Latitude s also indicated by degrees from south to north with negative

and positive values, respectively.
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QTL Year M1 M2 M3 M4 M5 M6 Size (bp) F value Prob R2
(ANOVA) (ANOVA) (ANOVA)

PvOBFLT1 2015 20,865,226 21,003,367 21,117,136 21,355,431 21,444,641 21,976,699 1,111,473 6.19 < 0.0001 0.27
PvOBFLT1 2016 20,865,226 21,003,367 21,117,136 21,355,431 21,444,641 21,976,699 1,111,473 6.45 < 0.0001 0.27
PvO8FLT1, 2015 47,062,651 47,654,566 49,207,064 49,331,462 - - 2,278,911 13.5 < 0.0001 0.39
PvO8FLT2

PvO8FLT1, 2016 47,062,651 47,654,566 49,207,064 49,331,462 - - 2,278,911 9.56 < 0.0001 0.31
PvO8FLT2

Pvi1FLT1 2015 5,619,607 5,604,100 5,703,262 5,795,317 - - 275,710 3.72 0.0078 0.15
Pvi1FLT1 2016 5,619,607 5,604,100 5,703,262 5,795,317 - - 275,710 9.4 < 0.0001 0.30
Pvi1FLT2 2015 53,248,603 53,485,930 53,635,163 - = = 286,660 2.49 0.0488 0.10
Pvi1FLT2 2016 53,248,603 53,485,930 53,635,163 - - - 286,660 4.74 0.0016 0.17

Physical positions of SNP markers (M1-M6) and one-way ANOVA results are presented (F value, Prob, R2). ANOVA results are based on a one-way ANOVA using
respective haplotypes as the main effect.
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