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Editorial on the Research Topic 


Harnessing genebanks: High-throughput phenotyping and genotyping of crop wild relatives and landraces





Introduction

Worldwide genebanks hold phenotypic and genetic novelty useful to increase yield, crop adaptability, and agrobiodiversity (Tanksley and McCouch, 1997) while buffering crop genetic erosion (Khoury et al., 2021). However, new strategies for genebank utilization must be empowered in order to meet increasing global food demand (McCouch, 2013; Bohra et al., 2021) with crop alternatives resilient to climate change, sustainable to the environment and the biodiversity, and profitable for communities (Scherer et al., 2020). Therefore, in order to contribute filling this gap on genebank mining, this Research Topic compiles recent developments able to speed up crop improvement processes by leveraging high-throughput phenotyping and genotyping of crop wild relatives (CWR) and landraces (Singh et al., 2022). As discussed in the next section, the amassed works innovate different steps of genebank characterization, utilization, and allelic deployment, including germplasm identification, conservation, pre-breeding screening for genepool diversity and associated markers, and introgression breeding.





Mining and unlocking the hidden value of CWR and landraces

Crop wild relatives are feasible sources for novel genetic and phenotypic variation (Bohra et al., 2021), as exemplified by Inagaki et al. The team demonstrated that a rice (Oryza sativa L.) near-isogenic line (NIL) that carries a genomic segment on chromosome seven from a Thai O. rufipogon CWR, narrowed by marker-assisted selection from a BC4F2 generation, is able to capture an optimum spectrum of plant shapes for sunlight receiving efficiency, which in turn maximizes vegetative growth and weed suppression. The historical crop-wild transition and genetic interchange during domestication also reinforces the value of wild genepools, as shown by Yuan et al. The team recovered loci responsible for seed coat color pattern during domestication of wild soybean [Glycine max (L.) Merr.] through whole-genome re-sequencing of 276 F10 recombinant inbred lines (RILs) derived from a cross between cultivated and wild soybean accessions. Phenotypic variations from CWR may also be retained in the offspring between cultivated and wild genepools, as demonstrated by Li et al. (2021) Specifically, they captured 31 agronomic-relevant QTL and allelic variation (e.g., for grain formation and length) from weedy rice (Oryza sativa f. spontanea) via whole-genome sequencing of a 199 F2 population obtained by crossing a weedy rice with low heterozygosity and a cultivated rice variety. These results by Inagaki et al. (2021), Yuan et al., and Li et al. (2021) exemplify the utilization of wild genetic resources to increase the genetic base of cultivated crops for sustainable and resilient agricultural production.

Landraces, having been selected under subsistence agricultural environments, also hold a broad representation of useful natural variation (McCouch, 2004). For instance, Osterman et al. used LASSO models to link environmental variation with adaptive genetic diversity in red clover (Trifolium pratense L.), a perennial temperate forage legume, through genotyping 382 accessions from Scandinavia, including landraces and CWR, with 661 single nucleotide polymorphism (SNP) markers derived from seqSNP-targeted sequencing. The genomic landscape of genetic variation was also unveiled by Mulugeta et al. The authors used a diversity panel of durum wheat (Triticum durum Desf.) collected from the Ethiopian highlands, and identified 44 genomic regions associated with grain yield and related traits using last-generation (i.e., FarmCPU) genome-wide association study (GWAS) models that inputted 10,045 SNP markers derived from the 25k Illumina wheat SNP array. In order to further explore isolated pockets of cryptic agrobiodiversity in Ethiopia, Enyew et al. and Gebeyehu et al. respectively examined the patterns of genetic diversity in sorghum [Sorghum bicolor (L.) Moench] and noug (Guizotia abyssinica), an outcrossing edible oilseed crop. The former team genotyped a total of 359 sorghum individuals, comprising 24 landrace accessions, with 3,001 gene-based single nucleotide polymorphism (SNP) markers, and found that sorghum accessions with bent peduncles exhibited more genetic variation than those with erect peduncles (Enyew et al.). The latter team performed RNA-Seq based transcriptome sequencing of 30 noug genotypes (Gebeyehu et al.), and predictably captured greater genetic similarity among self-compatible genotypes compared to self-incompatible accessions. Finally, Nuraga et al. introduced enset (Ensete ventricosum), a multipurpose crop grown in southern Ethiopia for human food, animal feed, and fiber. They demonstrated that enset landraces were not genetically differentiated based on their use-value (i.e., medicinal vs. non-medicinal landraces) through genotyping 51 accessions with 15 simple sequence repeat (SSR) markers. Altogether, the works by Osterman et al. (2022), Enyew et al. (2022), Gebeyehu et al., and Nuraga et al. demonstrate the potential of landraces as sources of genetic innovation for agrobiodiversity.

The latter study by Nuraga et al. also illustrates how CWR and landraces are being used for exotic non-conventional purposes (Von Wettberg et al., 2020). Following Nuraga et al., medicinal applications were also addressed in the work by Cui el al., using Gardenia (Gardenia jasminoides Ellis), a Chinese perennial shrub from the Rubiaceae family with edible flowers and medicinal fruits. The authors conducted syntenic analyses with model species within the Rubiaceae family (i.e., Coffea arabica, C. canephora, and Ophiorrhiza pumila), and discovered 18 and 31 QTL associated with growth- and leaf-related traits, respectively, by genotyping 200 F1 hybrids with 4,249 genotyping by sequencing (GBS)-derived SNP markers. The couple of studies by Nuraga et al. and Cui et al. provide fundamental knowledge that enables further exploration of alternative uses of CWR and landraces (Wu et al., 2022).

Meanwhile, hybridization has played a key role in bidirectional adaptive introgression (Abbott et al., 2013) as well as hybrid breeding within crop-wild complexes (Cortés et al., 2022a). For example, Volk et al. (2022) explored the signatures of admixture from the cultivated apple [Malus domestica (Suckow) Borkh] into the progenitor species M. sieversii (Ledeb.) M. Roem., M. orientalis Uglitzk., and M. sylvestris (L.) Mill. (Cornille et al., 2014) by genotyping 463 accessions using the 20K apple SNP array. On the other hand, Conejo-Rodriguez et al. leveraged hybrid phenotyping for pre-breeding in beans (Phaseolus spp.). They proposed an innovative pipeline to determine parental phenomic proportions in hybrids, and validated it using interspecific crosses derived from common bean (P. vulgaris L.), tepary bean (P. acutifolius A. Gray), and its wild relative P. parvifolius Freytag. The latter two served as donors of heat and drought tolerance (tepary, Buitrago-Bitar et al., 2021), and resistance to common bacterial blight (CBB), respectively (Conejo-Rodriguez et al.). Both studies by Volk et al. (2022) and Conejo-Rodriguez et al. (2022) highlight introgression breeding as a still valid alternative to bridge historical barriers between crops and their wild genepools (Labroo et al., 2021).

An additional study harnessing modern phenomic ‘big data’ tools in diverse genepools was reported by Restrepo-Montoya et al. They utilized qualitative descriptors to curate and catalogue cotton (Gossypium spp.) germplasm encompassing an impressive dataset of 1,616 observations between 2011 and 2019 on 7,941 unique accessions and 50 species. The last two pre-breeding phenotyping efforts carried out by Conejo Rodriguez et al. and Restrepo-Montoya et al. enable designing and targeting downstream goals in breeding by defining trait families, categorizing germplasm diversity, and pinpointing exotic outlier accessions.

Although great advancement has been made in the field of phenotyping, matching the exponential achievement from the genomic arena still requires more innovative analytical tools. Candidate platforms should be capable to merge and interpret complex multi-dimensional datasets embracing diversity from CWR and landraces. To this end, the review by Tirnaz et al. (2022) envisioned novel avenues to utilize genebank resources, for instance via de novo domestication, genome editing, and speed breeding. This review further advocated for computational (e.g., machine learning) approaches suitable for speeding up the incorporation of exotic genepools into breeding programs to improve crop production, adaptability and sustainability (Tirnaz et al.).





A roadmap to harness genebanks

Crop wild relatives and landraces stored at genebanks harbor unique variation that may benefit food security, sustainability (Tanksley and McCouch, 1997) and resilient climate change adaptation (Renzi et al., 2022). Yet, their factual utilization has been hampered by poor characterizations, genetic incompatibilities, and polygenic variance (Coyne et al., 2020). Therefore, an improved roadmap to address these bottlenecks with modern technologies is a prerequisite for their effective utilization (Figure 1). A first pivotal research avenue worth considering is mining phenotypic and genetic variation hidden within CWR and landraces (Singh et al., 2022) through extended sampling targeting isolated pockets of cryptic diversity (Ramirez-Villegas et al., 2020), robust ecological data curation (Waldvogel et al., 2020b) [e.g., targeting specific abiotic stresses such as drought (Cortés and Blair, 2018) and heat tolerance (López-Hernández and Cortés)], dense linkage disequilibrium (LD) guided genomic characterizations (Blair et al., 2018), and geographic-wide agronomical (Osterman et al. 2022) and physiological (Conejo-Rodriguez et al.) trials across diverse germplasm and environments [recently referred to as enviromics (Costa-Neto and Fritsche-Neto, 2021; Crossa et al., 2021; Resende et al., 2021)].




Figure 1 | Schematic roadmap to harness genebanks. Each box marks pivotal research avenues (with the corresponding recommendations within) worth considering for mining, unlocking and utilizing phenotypic and genetic novelty hidden within crop wild relatives (CWR) and landraces. Ultimately, achieving food security with resilient and sustainable agrifood systems capable to cope with climate change, biodiversity loss, and increased pollution would require nature-based solutions for climate-smart alimentary schemes inspired in underutilized plant species, CWR, and landraces.



Second, bridging crop–wild incompatibilities and unlocking novel diversity may rely on hybrid breeding via bridge genotypes (Conejo-Rodriguez et al. 2022), and introgression breeding (Migicovsky and Myles, 2017) from wild genepools into cultivars [e.g., Inagaki et al. (2021), Yuan et al. (2022), and Li et al. (2021)], and viceversa (Volk et al.). To overcome genotype incompatibility and embryo abortion issues, typically found in simpler backcrosses, pre-breeding schemes could be advanced into multiple alternating backcrosses between exotic donors and elite genepools (Burbano-Erazo et al., 2021), as in classical congruity backcrossing (Muñoz et al., 2003). Other promising alternatives to achieve a more optimal retention of the exotic phenotype include: embryo rescue, genomic-assisted backcrossing (Migicovsky and Myles, 2017), speed breeding (Watson et al., 2018; Alves et al., 2020; Bohra et al., 2021), tissue-specific gene editing [e.g., for exotic alleles (Martignago et al., 2019), de novo domestication (Lemmon et al., 2018), precocious flowering time, and compatibility factors (Fritsche et al., 2018)], and grafting with wild rootstocks [e.g., for biotic and abiotic stress tolerance (Warschefsky et al., 2016), adaptation to soil toxicity (Fernández-Paz et al., 2021), growth traits (Cañas-Gutiérrez et al., 2022), and yield (Reyes-Herrera et al., 2020)]. Merging these strategies could facilitate even quicker transitions from the wild genepools compared to classical inter-specific and crop-wild controlled pollination.

As a third step, major challenges to utilize CWR and landraces for improvement of complex polygenic adaptive traits (Renzi et al., 2022) can be tackled by linking last-generation experimental setups [e.g., diversifying selection (McCouch, 2004), introgression breeding (Muñoz et al., 2003; Burgarella et al., 2019), speed breeding (Watson et al., 2018; Alves et al., 2020; Kumar et al., 2020; Varshney et al., 2021b), de novo domestication (Fernie and Yan, 2019), and genome editing (Lemmon et al., 2018)] with modern analytical developments [e.g., last-generation genetic clustering (Enyew et al., 2022; Gebeyehu et al., 2022; Nuraga et al., 2022) and mapping Mulugeta et al. 2023, predictive breeding (Ahmar et al., 2021), genomic-informed selection (Desta and Ortiz, 2014; Crossa et al., 2017), and machine learning (Varshney, 2021; Tirnaz et al., 2022)]. Such trans-disciplinary approaches (Tirnaz et al., 2022) will enable better reconstructions of the genomic landscapes (Ellegren and Wolf, 2017; Barnaby et al., 2020; Tong and Nikoloski, 2021) of trait variation (Barnaby et al., 2022; Li et al.; Yuan et al.), and the selection signatures of past (Cortés et al., 2020; Waldvogel et al., 2020) and modern adaptation (Cortés et al., 2022b; Osterman et al., 2022). Retrieving complex polygenic interactions across the genomic architectures of quantitative (Boyle et al., 2017) and adaptive traits (Barrett and Hoekstra, 2011; Barghi et al., 2020) is a prerequisite to pinpoint exotic alleles enclosed within CWR and landraces (Cortés et al., 2012), and speed up the utilization of this natural variation as part of conservation and pre-breeding programs (Migicovsky and Myles, 2017).

Fourth, novel approaches need to de defined in order to leverage CWR and landraces (Varshney et al., 2021b; Tirnaz et al.). After all, boosting crop adaptability, sustainability, and yield in the face of changing climate, biodiversity loss, and increased pollution requires multilateral trans-disciplinary efforts. Various actors, including producers, scientist and transfer officers, decision makers, funding bodies and marketers should converge to plan and implement innovative strategies capable to meet future global food demands, while facing enlarged threats from abiotic (Blair et al., 2016; Cortés and López-Hernández, 2021) and biotic (Guevara-Escudero et al., 2021) pressures. Some of this pioneering strategies may include (1) prospection of genotypes candidate for exotic alleles (Migicovsky and Myles, 2017), ancient cultivars (Atchison et al., 2016; Thapa et al., 2021), and novel crops (Von Wettberg et al., 2020; Cui et al., 2022; Nuraga et al.); (2) multidimensional ‘big data’ compilation and management from the scientific, climatic and marketing arenas (Tirnaz et al., 2022) to identify conservation priorities (Castaneda-Alvarez et al., 2016), novel markets and value chains (Smale and Jamora, 2020), and (3) innovation for the production, transformation, delivery, commercialization and utilization of CWR- and landrace-derived crop varieties (McCouch, 2013) and ecosystem services (Tyack et al., 2020).





Perspectives

Further studies and implementation practices are urgently required to better harness high-throughput phenotyping and genotyping of CWR and landraces at genebanks. Ultimately, CWR and landraces can be utilized as resources to effectively explore phenotypic and genetic variants associated with innovative phenotypes, and to transfer those traits into customized cultivars (Varshney et al., 2021a). Alternatively, CWR and landraces may themselves be adopted as novel food sources (Von Wettberg et al., 2020). For these strategies to succeed, holistic multilateral and trans-disciplinary agendas should also prioritize an open-access networks approach (Spindel and McCouch, 2016) for mobilizing crop biodiversity (McCouch et al., 2016). On balance, embracing food security with resilient and sustainable crop systems requires equalizing multidimensional access of communities, minorities and vulnerable systems, including farmers from developing countries, women in agriculture, early-career researchers, global South-South partners, and orphan crops. Only then, underutilized plants, CWR and landraces would play an active role as nature-based solutions for agrifood systems.
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Genes have been lost or weakened from cultivated rice during rice domestication and breeding. Weedy rice (Oryza sativa f. spontanea) is usually recognized as the progeny between cultivated rice and wild rice and is also known to harbor an gene pool for rice breeding. Therefore, identifying genes from weedy rice germplasms is an important way to break the bottleneck of rice breeding. To discover genes from weedy rice germplasms, we constructed a genetic map based on w-hole-genome sequencing of a F2 population derived from the cross between LM8 and a cultivated rice variety. We further identified 31 QTLs associated with 12 important agronomic traits and revealed that ORUFILM03g000095 gene may play an important role in grain length regulation and participate in grain formation. To clarify the genomic characteristics from weedy rice germplasms of LM8, we generated a high-quality genome assembly using single-molecule sequencing, Bionano optical mapping, and Hi-C technologies. The genome harbored a total size of 375.8 Mb, a scaffold N50 of 24.1 Mb, and originated approximately 0.32 million years ago (Mya) and was more closely related to Oryza sativa ssp. japonica. and contained 672 unique genes. It is related to the formation of grain shape, heading date and tillering. This study generated a high-quality reference genome of weedy rice and high-density genetic map that would benefit the analysis of genome evolution for related species and suggested an effective way to identify genes related to important agronomic traits for further rice breeding.

Keywords: weedy rice, genetic map, QTL mapping, reference genome, comparative genomics


INTRODUCTION

Cultivated rice is one of the most important staple crops worldwide. The breeding of rice varieties with improved yield, quality, resistance to diseases and pests, and tolerance to abiotic stresses is significant to meet the increasing food demand in China and the world (Khush, 2001; Yang and Hwa, 2008; Xu et al., 2021). However, many genes have been lost from cultivated rice due to the long-term domestication and artificial selection, which hinders the breeding of advanced rice varieties. To the contrary, wild rice growing in natural environments is resistant or tolerant to different biotic and abiotic stresses and therefore retains a natural gene pool containing a large number of genes that have been lost or weakened from cultivated rice (Sun et al., 2002). Weedy rice has many characteristic traits similar to those of wild rice, many studies indicated that weedy rice was originated from wild rice and serves as a transition type between wild rice and cultivated rice (Baker, 1974; Wet and Harlan, 1975; Cho et al., 1995). Previous studies showed that weedy rice harbors the AA genome and no reproductive isolation was observed between weedy rice and cultivated rice (Nadir et al., 2018; Sun et al., 2019). Generally, the genes of weedy rice can be transferred to cultivated rice through breeding techniques such as hybridization and backcrossing (Lu et al., 2000; Stein et al., 2018). Weedy rice has been usually used as the genetic materials for rice genetics and breeding or to identify genes related to stress tolerance, disease and pest resistance, high yield, and high grain quality for improving modern rice varieties (Ishikawa et al., 2005; Shivrain et al., 2010; Dai et al., 2013).

In the past decades, rice functional genomics research, which focuses on technology platform construction and molecular cloning and functional analysis of genes related to important agronomic traits, has resulted in numerous achievements in gene discovery (Han et al., 2007; Xu et al., 2021). Due to its small genome and relatively simple structure, Oryza sativa (9311 and Nipponbare) became the first sequenced rice species in 2002 (Goff et al., 2002; Yu et al., 2002). These rice reference genomes have enabled massive rice functional genomics research, accelerated rice genetic improvement, and laid a foundation for studying genomes of other crops such as Zea mays (Schnable et al., 2009) and Triticum aestivum (International Wheat Genome Sequencing Consortium [IWGSC], 2014). With the development of sequencing technology, the time required for sequencing has largely decreased while the sequencing quality has greatly improved, therefore resulting in more high-quality reference genomes of cultivated rice varieties such as MH63, ZH97, and R498 (Zhang et al., 2016, 2018; Du et al., 2017). The focus of rice research has also been gradually turned to elucidate biological characteristics and evolution processes and to analyze gene functions and related biological issues at the genomic level, as well as to identify genes related to important agronomic traits such as high yield, high quality, and stress resistance (Huang et al., 2010, 2011, 2015; Xun et al., 2012; Wei et al., 2014; Yano et al., 2016).

At present, numerous genes related to important agronomic traits (e.g., grain size) have been located and cloned, such as GS3 (Fan et al., 2006; Mao et al., 2018), GL3.1 (Qi et al., 2012), DEP1 (Huang et al., 2009), GW2 (Song et al., 2007), qSW5 (Shomura et al., 2008), GW8 (Wang et al., 2012b), and GS5 (Li et al., 2011). Although the genome assembly of weedy rice WR04-6 has been constructed (Sun et al., 2019), the progress of identifying genes from weedy rice and the functional genomics research remains hindered due to a lack of more high-quality reference genomes. Generally, the morphological characteristics of weedy rice is between wild rice (O. rufipogon) and cultivated rice (O. sativa L.) (Sun et al., 2013; Cui et al., 2016). Our previous taxonomic study showed that LM8 is a low heterozygous weedy rice germplasm. The plants are homozygous and can be inherited stably that is characterized by very small grains. To discover genes from weedy rice germplasms of LM8, we constructed a genetic map based on whole-genome sequencing of a F2 population derived from the cross between LM8 and a cultivated rice variety. In combination with the phenotypic data of 12 important agronomic traits collected from the F2 population, we also tried to identify some new genes from the weedy rice. Moreover, to clarify the genomic characteristics from weedy rice germplasms of LM8, we generated a high-quality genome assembly of LM8 based on the Nanopore sequencing technology and characterized the LM8 genome to reveal its evolutionary relationship, which broadens our understanding of weedy rice at the genomic level. Based on our study, we found that the combination of genetic map and genome map is critical to quickly discover candidate genes such as plant-type, panicle-type, and gain-size in weed rice.



MATERIALS AND METHODS


Plant Materials

The weedy rice LM8 was obtained from the China National Genebank. It shows erect and compact architecture similar to cultivated rice and harbors typical characteristics, such as small grain size and black hull. The cultivated rice variety Shen 08S was provided by the Anhui Academy of Agricultural Sciences. A F2 population (1229 samples) was obtained from a cross between LM8 and Shen 08S and was planted in the experimental fields under natural growth conditions in Nanning, Guangxi Autonomous Region, China. In this study, the F2 population were collected from one F1. Fresh and healthy leaves were collected at seedling stage and stored at 80°C for subsequent genomic DNA extraction.



Population Sequencing and Genetic Map Construction

Fresh leaves of randomly selected 199 samples of the F2 population and their parents (LM8 and Shen 08S) were used to extract genomic DNA with the cetyltrimethylammonium bromide (CTAB) method. The Illumina PE150 libraries were constructed according to the manufacturer’s instructions and sequenced on an Illumina HiSeq X Ten platform. The two parental genotypes were sequenced at a higher depth (20 × coverage) to obtain 10 Gb data each, and F2 individuals were sequenced at a lower depth (∼ 10 × coverage) to obtain 5 Gb data each. Low-quality reads were removed to obtain clean reads, which were then mapped to the LM8 genome (LM8_v1) using BWA (mem -t 4 -k 32 -M -R) (Li and Durbin, 2009). SAMtools (sort rmup) (Li et al., 2009) was used to convert and sort the mapping results and to remove PCR duplicate reads. The clean reads of each F2 individual that passed the quality control were mapped to the reference genome (LM8_v1) for haplotype-based SNP calling. Development of polymorphic markers was performed by GATK (McKenna et al., 2010) for SNP identification and genotyping, and a total of 2,373,849 SNP markers were obtained. Then, these SNP markers were filtered by removing abnormal bases, abnormal genotypes, incomplete coverage markers, and segregation distortion markers, and were sorted into LGs (Yang et al., 2018). After filtering, 10,739 SNP markers were cluster into 12 LGs using JoinMap v4.1 (Mapping algorithm—ML Mapping, Regression mapping—Kosambi’s) (Stam, 1993).



Phenotypic Evaluation of the F2 Population

We collected the main culm of plant individuals at 25 days after heading to measure the plant height (PH), tillering number (TN), flag leaf length (FLL), and flag leaf width (FLW) using a ruler. At maturity, the main panicles of plant individuals were harvested to measure panicle length (PL) using a ruler, and the primary branch number (PB) and secondary branch number (SB) (Ma et al., 2016) were recorded. The filled grains were used to calculate the grain length (GL), grain width (GW), grain thickness (GT), length width ratio (LWR), and thousand-grain weight (TGW) using an automatic seed analyzer with three replicates (Wanshen Detection Technology, Hangzhou, China). The analysis of variance (ANOVA) and correlations of phenotypic characteristics collected from the F2 population were conducted in R v3.6.2 (Langfelder and Horvath, 2012).



QTL Mapping and Candidate Gene Prediction

QTL mapping was conducted using a permutation test (n = 1,000) in MapQTL6.0 with the composite interval mapping method to determine the limit of detection (LOD) value of each phenotype (Ooijen et al., 2009). Then the CIM mapping method in Win QTL Cartographer v2.5 software was used to locate the QTL position, contribution rate, and additive effect (Wang et al., 2012a). The 99% confidence interval of a QTL were determined as a candidate region, in which genes harbored non-synonymous coding mutations, premature or extended termination mutations were regarded as functional genes.



Genome Library Construction and Sequencing

Genomic DNA was extracted from the fresh leaves of LM8 using Genomic kit (13343, Qiagen, Germany). Total RNA was extracted from five different tissues (root, leaf, stem, flower, and spike) by using the TRNzol Universal Total RNA extraction Kit (DP424, Tiangen, China). The total RNA was reserve transcribed into cDNA using SMARTer PCR cDNA Synthesis Kit (634926, Takara, China). PCR was performed using PrimeSTAR GXL DNApolymerase (R050A, Takara, China). The purity, concentration, and integrity of DNA and RNA were determined using NanoDrop™ One UV-Vis spectrophotometer (Thermo Fisher Scientific, United States), Qubit® 3.0 Fluorometer (Invitrogen, United States) and Agilent 2100 Bioanalyzer (Agilent technologies, United States).

A library for Illumina paired-end sequencing with an insert size of 350–500 bp was constructed and sequenced on an Illumina HiSeq X ten platform (Illumina, San Diego, CA, United States). Oxford Nanopore library preparation was conducted according to the manufacturer’s instruction (13343, Qiagen, Germany) and sequenced on a PromethION platform (Oxford Nanopore Technologies, Oxford, United Kingdom). Fresh young leaves were vacuum-infiltrated with formaldehyde solution and used for cross-link action. The Hi-C library was prepared following the manufacturer’s protocol and sequenced on an Illumina HiSeq X ten platform. SMRTbell library of RNA-seq was constructed from a pooled cDNA sample of five different tissue (root, leaf, stem, flower, and spike) using SMRTbell template prep kit 2.0 (100222300, Pacific Biosciences, United States) and sequenced on a PacBio Sequel sequencer (Pacific Biosciences, Menlo Park, United States) to obtain full-length transcriptome data.



Genome Assembly

The Illumina short reads were filtered using fastp v0.20.0 with default parameters (Chen et al., 2018). The abundance of 17 nt K-mers (-C -m 17 -s 400M) was used to estimate the genome size and heterozygous rate (Marçais and Kingsford, 2011; Liu et al., 2013; Koren et al., 2017). Correction of long reads generated from the Oxford Nanopore PromethION platform and de novo assembly were performed by NextDenovo v1.1.1 (read_cuoff = 2 k, seed_cutoff = 23 k, blocksize = 1 g, pa_raw_align = 20, pa_correction = 35) and SMARTdenovo (-e dom -J 5000 -k 17) (Loman et al., 2015; Cali et al., 2018). The Illumina short reads were mapped to the initial sequence assembly using BWA v0.7.12-r1039 with default parameters, which was then iteratively polished with three rounds of correction using NextPolish v3.0.1 (-max_depth 100 cluster_optons = -w n -l vf = {vf} -q all.q -pe smp {cpu} genome_size = auto) (Walker et al., 2014; Hu et al., 2020). Purge Haplotigs software was used to generate a contig-level assembly with only one copy of each of the contigs from heterozygous regions. The completeness of the draft genome was assessed by BUSCO v3 with the embryophyta_odb9 database (Simão et al., 2015).

Ultra-high-molecular-weight (uHMW) DNA (DNA length > 250 kb) were extracted using Bionano Prep Plant DNA Isolation Kit (80003; Bionano Genomics, United States) according to the manufacturer’s instructions. uHMW DNA molecules were labeled with the DLE-1 enzyme and loaded onto a Saphyr Chip and scanned for images on a Bionano Saphyr system (Bionano Genomics, San Diego, CA, United States). The raw molecules generated were quality-controlled and filtered (molecules with a size < 150 kb were removed). An optical map was generated using Bionano Solve package v3.4. The generated optical map was used to construct scaffolds using the Hybrid Scaffold pipeline of Bionano Solve package v3.4 (CL.py -d -U -N 6 -y -i 3 -F 1 -a opt Arguments_non-haplotype_noES_noCut_saphyr.xml) and Bionano Access v1.5.2 (Bionano Genomics, San Diego, CA, United States) with a more stringent (1e-13) merging p-value threshold (Xiao et al., 2007; Reisner et al., 2010; Mostovoy et al., 2016). The Hi-C raw reads were filtered by fastp v0.12.6 with default parameters and then mapped to the scaffolds with Bowtie2 (Langmead and Salzberg, 2012; Chen et al., 2018). We used Lachesis (ligating adjacent chromatin enables scaffolding in situ) to cluster, order, and anchor scaffolds onto the chromosomes (Burton et al., 2013; Dudchenko et al., 2017).



Annotation of Genome

The repeat sequences and elements were annotated by a combination of de novo and homology-based methods. LTR_FINDER (Haas et al., 2008) and RepeatModeler (Haas et al., 2003) were used to generate a dataset of repetitive sequences with default parameters. This dataset was BLAST against the Plant Genome and Systems Biology (PGSB) repeat element database to classify the repeats (Spannagl et al., 2016), and then RepeatMasker was employed to annotate these repeats based on the Repbase database (Bao et al., 2015). Further, tandem repeats finder software was used to identify tandem repeats (Benson, 1999).

The protein-coding genes of the LM8 genome were predicted through a comprehensive strategy that combined results obtained from de novo, homology-based, and transcriptome-based predictions. Augustus was used for de novo prediction with Hidden Markov Model (Stanke et al., 2008). Homologous proteins from six plant genomes (Arabidopsis thaliana, O. sativa, Zea mays, Hordeum vulgare, Physcomitrella patens, and Triticum aestivum) were downloaded from Ensembl plants1 and used for homology-based prediction by GeMoMa (Jens et al., 2016). The non-redundant full-length transcripts obtained from the PacBio Sequel platform were aligned to the LM8 genome assembly for transcriptome-based prediction using PASA (Haas et al., 2003).

Gene structures were determined based on a combination of results from the three prediction methods using EvidenceModeler (Haas et al., 2008). Functional annotation of protein-coding genes was achieved by BLASTP searches against the Swiss-Prot database (Stanke and Waack, 2003). Protein domains were annotated by searching against the InterPro database using InterProScan (Zdobnov and Apweiler, 2001; Hunter et al., 2009). Non-coding RNA genes, including miRNA, snRNA, and rRNA genes were predicted according to the Rfam database, while tRNA genes were identified using tRNAscan-SE (Lowe and Eddy, 1997; Griffiths-Jones et al., 2005). The completeness of the predicted gene set was assessed by BUSCO v3 with the embryophyta_odb9 database (Benson, 1999).



Collinearity Analysis

Protein sequences of LM8, japonica var. Nipponbare, and indica var. R498 were aligned by BLASTP v2.6.0 with default settings. Syntenic gene blocks within the genome were detected by MCScanX (Wang et al., 2012c) and visualized using the jcvi python module.



Identification of Gene Families

Gene family identification was performed across LM8 (O. sativa f. spontanea), O. aus (AUS), 5 cultivated rice varieties, and 11 wild rice species. The 5 cultivated rice varieties included O. sativa ssp. indica (IND), O. sativa ssp. japonica (JAP), O. sativa ssp. indica var. Minghui63 (MH63), O. sativa ssp. indica var. Zhenshan97 (ZS97), O. sativa ssp. indica var. Shuhui498 (R498). The 11 wild rice species consisted of O. glaberrima (GLA), O. barthii (BAR), O. glumaepatula (GLU), O. meridionalis (MER), O. rufipogon (RUF), O. nivara (NIV), O. longistaminata (LON), O. punctata (PUN), O. brachyantha (BRA), O. rufipogon var. JX-6 (JX-6), and O. rufipogon var. Z59 (Z59). PUN and BRA belong to the BB and FF genomes, respectively, while the others belong to the AA genome. Across all species, the longest transcript of each gene was used in further analyses. Orthologous and paralogous gene clusters were identified using BLASTP (-e 1e-5 -F F). Clustering analysis of protein sequences from the 18 Oryza genomes was conducted with OrthoMCL (Li et al., 2003).



Phylogenetic Analysis

Multiple sequence alignments of the protein-coding sequences of the 4,241 single-copy orthologous genes obtained from the above analysis these protein sequences were performed by MAFFT (Katoh and Standley, 2013). Phylogenetic relationships were resolved using RAxML (-m GTRGAMMA -p 12345 -T 8 -f b -t -z) among these 18 Oryza genomes with all single-copy genes concatenated into an ultra-long aligned sequence, where O. brachyantha was designated as an outgroup (Stamatakis, 2014). Divergence times were estimated by MCMCtree (Puttick, 2019) with parameters of “RootAge ≤ 0.21, rgene gamma = 23.52254, burnin = 100,000, sampfreq = 100, nsample = 50,000, model = 7” in the PAML package (Nikolau et al., 2003) based on a known divergence time (∼ 0.4 Mya) between O. nivara and O. rufipogon.



Expansion and Contraction of Gene Families

A random birth-and-death model was used to estimate changes in gene families between the ancestor and each species using CAFE with conditional likelihoods as the test statistics (-p 0.05 -t 10 -r 10000 lambda -s) (De Bie et al., 2006). A probabilistic graphical model (PGM) was used to calculate the probability of transitions in each gene family, and then all the gene families were classified into three types (expanded, contracted, and unchanged). Finally, GO enrichment was performed for further functional analysis of the expanded genes.



Positive Selection Analysis

All orthologous genes identified in the LM8 genome were tested for positive selection. The phylogenetic tree generated by RAxML was used as the input, and the branch-site test was conducted with CodeML (model = 2, NSsites = 2, fix_omega = 0, fix_omega = 1, omega = 1) in the PAML package (Yang, 2007). Genes under positive selection were determined based on the likelihood ratio test (P < 0.01).




RESULTS


Genetic Map Construction and QTL Analysis With a F2 Population

To further understand the mechanism of LM8 genome variation in its special grain formation, a F2 population was generated from the cross between LM8 and a cultivated rice variety Shen 08S. The two parents, LM8 and Shen 08S, showed obvious differences in plant height, panicle length, and grain size (Figure 1 and Supplementary Table 1). We sequenced the genome of F2 individuals as well as that of the two parents. A total of 10,739 high-quality SNPs were obtained and used to generate a genetic map. The total genetic distance of the constructed genetic map was 12,171.13 cM, and the average genetic distance between two SNPs was 1.13 cM (Figure 1). The SNPs were distributed throughout the 12 linkage groups (LGs) with the highest SNP number (1,754) occurring on LG1 (1,510.48 cM total size) and the lowest (523) on LG12 (713.79 cM total size). Collinearity analysis showed that the genetic map had strong collinearity (99.69%) with the reference genome sequence (Supplementary Figure 1), and the sources of most segments in F2 individuals were consistent according to the monomer source analysis. These results suggest that the constructed genetic map is of high-quality and suitable for further analyses.
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FIGURE 1. Agronomic characteristics of LM8 and Shen 08S (parents) and the genetic map constructed based on the F2 population. (A) Plant height of LM8 (right) and Shen 08S (left). Bar = 10 cm. (B) Panicle length of LM8 (right) and Shen 08S (left). Bar = 0.5 cm. (C) Branches of LM8 (right) and Shen 08S (left). Bar = 2 cm. (D) Grain size of LM8 (bottom) and Shen 08S (above). Bar = 1 cm. (E) Genomic locations of 12 agronomic trait associated QTLs are illustrated on the 12 linkage groups. PH, plant height; TN, tillering number; FLL, flag leaf length; FLW, flag leaf width; PL, panicle length; PB, primary branch number; SB, secondary branch number; GL, grain length; GW, grain width; GT, grain thickness; LWR, length to width ratio; TGW, thousand-grain weight.


Besides, combining the phenotypic data (Figure 2) obtained from the F2 population and the genetic map, we identified 31 quantitative trait loci (QTLs) with 607 genes related to 4 plant-type traits, 3 panicle-type traits, and 5 grain-size traits (Figure 1). Eight of the QTLs explaining more than 17% of the phenotypical variation were identified as major QTLs, which were located at 788.3–789.4 cM on chromosome 3 (chr3), 34.4–37.5 cM on chr11, 782.9–786.6 cM on chr3, 787.6–788.2 cM on chr3, 244.6–253 cM on ch11, 204.9–217.6 cM on chr2, 11.4–17.3 cM on chr8, and 33.6–38 cM on chr11 (Supplementary Table 2 and Supplementary Figure 2). Fourteen QTLs were identified to be associated with grain-size traits, including 1 for grain length (GL), 3 for grain width (GW), 6 for grain thickness (GT), 1 for length width ratio (LWR), and 3 for thousand-grain weight (TGW). These results would help in further detecting the genes from the weedy rice LM8.
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FIGURE 2. Frequency distribution of the 12 agronomic traits in the F2 population. (A) GL, grain length. (B) GW, grain width. (C) GT, grain thickness. (D) LWR, length to width ratio. (E) TGW, thousand-grain weight. (F) PL, panicle length. (G) PH, plant height. (H) PB, primary branch number. (I) SB, secondary branch number. (J) TN, tillering number. (K) FLL, flag leaf length. (L) FLW, flag leaf width.




Identification of Candidate Genes Related to Grain Length

LM8 has evolved to form extremely small grains that may develop new elite rice varieties to study grain shape or yield related traits. Therefore, using LM8 as the material to discover genes related to grain size is practical to enrich rice resources. We conducted a correlation analysis among the grain-size traits QTLs, including grain length, grain width, grain thickness, length to width ratio, and thousand-grain weight. Significant positive correlations (P < 0.05) were observed among grain length, length to width ratio, and thousand-grain weight, indicating that grain length has significant impact on grain size (Supplementary Table 3 and Supplementary Figure 3). One QTL related to grain length was located at 788.3–789.4 cM on chr3, corresponding to a 60-kb interval harboring seven putative genes, which included 3 RAPdb annotated genes (ORUFILM03g000091, ORUFILM03g000095, ORUFILM03g000096) and 4 unknown function annotations (ORUFILM03g000090, ORUFILM03g000092, ORUFILM03g000093, ORUFILM03g000094) were important candidate genes controlling grain length (Figure 3 and Supplementary Table 4).
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FIGURE 3. QTL for grain length and prediction of candidate genes. (A) QTL mapping results for grain length and seven putative genes (ORUFILM03g000096, ORUFILM03g000095, ORUFILM03g000094, ORUFILM03g000093, ORUFILM03g000092, ORUFILM03g000091, and ORUFILM03g000090) within the region. (B) Gene structure of ORUFILM03g000095 (top), (C) grain length (GL) distribution in each genotype of ORUFILM03g000095, (D) corresponding GL phenotypes in F2 individuals (lower right). Asterisks is correlation between genotype and phenotype, *P < 0.05. **P < 0.01.


OsCLG1 (Yang et al., 2021) mediate ubiquitin ligase to regulate grain length. Therefore, the candidate genes among seven candidate genes, ORUFILM03g000095 is a homologous gene to Os03g0427900 of Nipponbare and belongs to the U-box protein gene family, in which a U-box domain acts as a ubiquitin ligase to participate in protein degradation during the cell cycle and morphological development (Sharma and Taganna, 2020; Yang et al., 2021). To further investigate the molecular basis of the small grain phenotype in LM8, we analyzed the sequence of ORUFILM03g000095 gene from LM8, Shen 08S, and their progenies and revealed a C-T SNP site, located in the 12th exon 5,339 bp downstream of the ATG start site (Figure 3). Grain length in the F2 individuals of LM8 and Shen 08S displayed a clear pattern with an order of TT > CT > CC (P < 0.01; Figure 3). ORUFILM03g000095 genotypes were significantly correlated to the grain length variation, suggesting that this locus plays an important role in grain size regulation. Our results suggest that ORUFILM03g000095 are possible candidate genes controlling grain length. However, the underlying mechanisms of how this gene regulate grain formation remain elusive and need to be further explored.



Genome Assembly and Annotation

There are major differences between the morphology of weedy rice and cultivated rice (O. sativa L.). The current research on cultivated rice is relatively clear, but the research on weedy rice does not yet have a reference genome with high assembly quality. To clarify the genome characteristics of the F2 population parent (weed rice LM8), we assembled a high-quality genome. Before assembly, SOAPdenovo was used for pre-assembly. K-mer analysis (k = 17) estimated its genome size to be around 362.7 Mb, with a moderate heterozygous rate of 0.20% (Supplementary Figure 4). However, the completeness and quality of the assembly are not ideal if the genome is assembled using the second-generation sequencing data alone. Thus, the LM8 genome was sequenced and assembled by applying a combination of diverse technologies, including Oxford Nanopore long-read sequencing, Illumina short-read sequencing, Bionano optical mapping, and Hi-C technology (Supplementary Table 5 and Supplementary Figure 5). A total of 77.2 Gb raw data (sequencing depth 100x) were collected from Oxford Nanopore long-read sequencing, which were then self-corrected, filtered, and polished to generate the final dataset (57.3 Gb) for genome assembly (Table 1 and Supplementary Figure 6). The contig-level assembly (LM8_contig) comprised 375.3 Mb, with a contig N50 of 17.9 Mb (Table 1 and Supplementary Table 6). Approximately 98.1% ubiquitous genes in embryophyte were detected by the Benchmarking Universal Single-Copy Orthologs (BUSCO) analysis (Supplementary Table 7), indicating that the assembled contig was of high-completeness.


TABLE 1. Summary of the sequencing, assembly, and annotation of the LM8 genome.

[image: Table 1]
Next, using 476.2 Gb of molecules (> 150 kb) collected from Bionano Saphyr system, we generated an optical map for the LM8 genome, with a total size of 370.3 Mb and an N50 of 24.2 Mb. With the aid of this optical map, we further assembled LM8_contig into scaffolds (LM8_scaffold), with a total size of 375.8 Mb and a scaffold N50 of 24.1 Mb (Supplementary Table 6). After applying high-throughput chromosome conformation capture (Hi-C) data to orient, order, and phase these scaffolds, a total of 375.3 Mb sequences (99.85%; Supplementary Table 8) were anchored onto the 12 chromosomes and the final chromosome-level genome assembly (LM8_v1) was obtained. The Hi-C heatmap separated different chromosomes and showed that the interaction intensity in the diagonal-position was higher than that in the off-diagonal-position (Supplementary Figure 7). BUSCO analysis showed that 97.9% of the core embryophyte genes were complete in the LM8 genome assembly (Supplementary Table 7). In addition, 87.1% (31,810) of the predicted genes were expressed according to the transcriptome data. The above results suggest that the LM8 genome assembly is of high-quality and -completeness.

Repeat annotation results showed that 47.72% of the LM8 genome is composed of repetitive sequences, including 26.87% retrotransposons and 20.85% DNA transposons. About 94.08% of retrotransposons are long terminal repeats (LTRs), accounting for 25.28% of the genome. The two most frequent types of LTRs are Copia and Gypsy, accounting for 2.99 and 19.62%, respectively (Figure 4 and Supplementary Table 9). Besides, through a comprehensive strategy combining results obtained from de novo, homology-based, and transcriptome-based prediction, 36,561 protein-coding genes were annotated in the LM8 genome. These protein-coding genes have an average length of 3,545.1 bp, an average coding sequence length of 1,129.6 bp, an average exon length of 255.2 bp, an average intron length of 705.1 bp, and an average exon number per gene of 4.4 (Table 1). Among these annotated genes, 34,773 (95.91%) were functionally annotated by at least one of the Swiss-Prot, KEGG, and InterPro databases (Supplementary Table 10). In addition, homology-based annotation of non-coding RNAs (ncRNAs) predicted 2,551 microRNAs (miRNAs), 81 ribosomal RNAs (rRNAs), and 772 small nuclear RNAs (snRNAs; Supplementary Table 11).
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FIGURE 4. The morphology and genome features of LM8. (A) Whole plants, bar = 10 cm. (B) Panicles, bar = 2 cm. (C) Grains, bar = 1 cm. (D) Genome features of LM8. Circles from inside to outside are transposable element (TE) content, repeat density, gene density, and GC density.




Comparative Analysis

To reveal the evolutionary relationship of the weedy rice LM8, 4,241 single-copy orthologous genes of LM8 and those from other 17 Oryza genomes were used to construct a phylogenetic tree by the maximum-likelihood (ML) method (Figure 5 and Supplementary Table 12 and Supplementary Figure 8). The phylogenetic tree demonstrated that LM8 diverged from the ancestor O. rufipogon ∼ 0.32 million years ago (Mya; Figure 5) and was clustered into a group with japonica, indicating LM8 is more closely related to japonica compared to indica. Additionally, genome collinearity analyses conducted between LM8 and two cultivated rice varieties revealed that the LM8 genome had more collinear genes with japonica var. Nipponbare (47,439/78,939; 60.1%) than indica var. R498 (34,750/74,110; 46.89%; Figure 6 and Supplementary Figure 9). Collectively, we speculate that LM8 belongs to japonica-type weedy rice.
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FIGURE 5. Comparative genomics analyses of LM8 with other Oryza genomes. (A) Statistics of gene families in 18 Oryza genomes. (B) Core and dispensable genes from five reference genomes. The numbers in the species section and overlapping section indicate the numbers of specific and shared gene families, respectively. IND, O. sativa ssp. indica. JAP, O. sativa ssp. japonica. RUF, O. rufipogon. NIV, O. nivara. and LM8, O. sativa f. spontanea. (C) Phylogenetic relationships and grain phenotypes of LM8 and other Oryza genomes. Pie charts represent total gene families, consisting of contracted gene families (red), expanded gene families (green), and unchanged gene families (blue). The numbers of genes in expanded (+) and contracted (–) gene families in each rice variety are shown with the rice variety name farthest to the right. The lineage divergence times are indicated on the nodes and nodes marked in red are known fossil time points. O. brachyantha was used as the outgroup. MRCA, most recent common ancestor. AUS, O. aus. IND, O. sativa ssp. indica. JAP, O. sativa ssp. japonica. GLA, O. glaberrima. BAR, O. barthii. GLU, O. glumaepatula. MER, O. meridionalis. RUF, O. rufipogon. NIV, O. nivara. LON, O. longistaminata. PUN, O. punctata. BRA, O. brachyantha. JX-6, O. rufipogon var. JX-6. Z59, O. rufipogon var. Z59. MH63, O. sativa ssp. indica var. Minghui63. ZS97, O. sativa ssp. indica var. Zhenshan97. R498, O. sativa ssp. indica var. Shuihui498. and LM8, O. sativa f. spontanea.
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FIGURE 6. Collinearity between LM8 and two cultivated rice (JAP and R498) genomes. (A) Collinearity between JAP and LM8. (B) Collinearity between R498 and LM8.


By comparing LM8 with four other rice species including O. nivara (NIV), O. sativa ssp. indica (IND), O. sativa ssp. japonica (JAP), and O. rufipogon (RUF), we found that 68.4% (17,403/25,430) of the gene families in LM8 were shared among all five species, while approximately 12.4% (3,143/25,430) were specific to LM8 (Figure 5). The closer the relationship indicated by the phylogenetic tree, the more the shared gene families (Figure 7). Among the 18 Oryza genomes, 2,875 unclustered genes and 672 unique genes were observed in the LM8 genome (Supplementary Table 12 and Supplementary Figure 8). The proteins encoded by these unique genes related to the formation of grain length, heading date and tillering number including serine/threonine-protein phosphatases (ORUFILM03g000947), photosystem II reaction center proteins (ORUFILM08g001423), and zinc finger MYM-type proteins (ORUFILM03g000136).
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FIGURE 7. Venn diagrams showing specific and shared gene families between LM8 and other Oryza genomes in the same cluster of the evolution tree. (A) JAP, RUF, JX6, Z59 and LM8. (B) LON, MER, PUN, BRA and LM8. (C) MH63, R498, ZS97 and LM8. (D) AUS, NIV, IND and LM8. (E) BAR, GLU, GLA, and LM8. AUS, O. aus. IND, O. sativa ssp. indica. JAP, O. sativa ssp. japonica. GLA, O. glaberrima. BAR, O. barthii. GLU, O. glumaepatula. MER, O. meridionalis. RUF, O. rufipogon. NIV, O. nivara. LON, O. longistaminata. PUN, O. punctata. BRA, O. brachyantha. JX-6, O. rufipogon var. JX-6. Z59, O. rufipogon var. Z59. MH63, O. sativa ssp. indica var. Minghui63. ZS97, O. sativa ssp. indica var. Zhenshan97. R498, O. sativa ssp. indica var. Shuihui498. and LM8, O. sativa f. spontanea.




Gene Family Analysis

Gene family expansion/contraction has been shown to be associated with domestication and ecological adaptation (Peng et al., 2019; Zeng et al., 2019). To characterize the LM8 genome, a genome-wide comparative genomics analysis was performed among 18 Oryza genomes (Supplementary Table 13). We assigned 36,561 LM8 genes to 25,430 gene families (Table 1 and Supplementary Table 14). Relative to the common ancestor of rice (O. rufipogon), 16.06% (4,086/25,430) expansion and 28.73% (7307/25,430) contracted gene families were observed (Figure 5 and Supplementary Table 14). The expansion gene families included 12793 expansion genes, of which 213 QTL mapping genes belonged to the expanded gene family. In the expanded gene families, Gene Ontology (GO) enrichment analysis revealed 295 GO terms involving biological process (BP), cellular component (CC), and molecular function (MP). Sixty-seven pathways were significantly enriched, including carbohydrate metabolic process, signal transduction, and cell growth (Figure 8). The significantly enriched genes may contribute to the adaptability of LM8 to complex environments during evolution. Meanwhile, we found 57 genes among the QTL mapping were detected by GO enrichment and enriched into 20 pathways including catalytic activity, proteolysis, and transmembrane transport protein activity (Supplementary Table 15). A total of 168 positive selection genes (PSGs) were identified and annotated to be auxin response proteins (e.g., ORUFILM02g003288), cell division control proteins (e.g., ORUFILM01g004046), and ubiquitin-protein ligase E3 UPL4 (e.g., ORUFILM05g002772), which may participate in the regulation of grain growth process and grain formation (Luo et al., 2013; Basunia et al., 2021). Nevertheless, whether these PSGs can explain the difference in the grain size need to be further explored.
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FIGURE 8. Statistics of the GO enrichment analysis of the expanded gene families. The x-axis represents the percentage of enriched genes to the total annotated genes. The y-axis indicates the entry of each enrichment category. The size of the dots corresponds to the number of enriched genes, and the color panel on the right indicates the q-value. The lower the value, the more significant it is.





DISCUSSION

With the development of sequencing techniques and corresponding analysis approaches, the sequencing speed and quality have greatly improved, while the cost has decreased tremendously, allowing a growing number of genomes to be sequenced and applied to related studies. The combination of a specific chromosome-level genome assembly and a high-density genetic map has been verified to be effective to map QTLs or locate genes associated with important agronomic traits (Luo et al., 2020) and has been widely applied to various important crops including cotton (Wang F. et al., 2020), peanut (Agarwal et al., 2018), Cucumis melo (Hu et al., 2018), pear (Li et al., 2019). In rice, Li et al. (2018) constructed a high-density genetic map through performing whole-genome resequencing and identified a candidate gene (DEP1) in determining panicle length. Later, Sun et al. (2019) constructed a genetic map and located a region on chr1 contributing to seed shattering, awn length, and plant height. In this study, we generated a chromosome-level genome assembly and constructed a high-density genetic map with the help of high-throughput sequencing approaches, we identified ORUFILM03g000095 gene on chr3 that may regulate grain length (Figure 3). We have analyzed the candidate gene based on 3K genome data which is important research in rice genomics research (Wang et al., 2018; Wang C. et al., 2020), but the same haplotype as LM8 was not found in 3K data, so we did not further analyze it (Supplementary Table 16). This study would not only lay a foundation for rapid discovery of genes from weedy rice but also broaden the understanding of weedy rice utilization on rice genetic improvement. Large number of candidate genes were obtained in this study and those excellent gene could improve the breeding value of cultivated rice. Next step studying of the function of the candidate gene can use gene knockout, mutation analysis, overexpression analysis, genetic complementation, and other experiments to further verify whether the candidate gene can be used to improve cultivated rice.

The Oryza genus is generally believed to include 22 wild and 2 cultivated rice species based on morphological characteristics (Jacquemin et al., 2014). Asian cultivated rice (O. sativa L.), an important staple crop, is widely planted around the world and has formed extremely rich genetic diversity during the long evolutionary process. In O. sativa, the two subspecies (i.e., indica and japonica) differ in morphology, anatomical structure, physiological and biochemical characteristics, and genome sequence, and their origins remain controversial (Shinobu et al., 2002; Vaughan et al., 2007). The single-origin theory believes that indica and japonica both derived from O. rufipogon and diverged during the long-term domestication and artificial selection (Chang, 1976; Zhu and Ge, 2005). By contrast, the multi-origin theory believes that indica originated from O. nivara in eastern India, while japonica originated from O. rufipogon in the Yangtze River region of China (Oka, 1974; Londo et al., 2006; Huang et al., 2012; Sun et al., 2015), and the divergence between indica and japonica subspecies occurred 0.4 Mya (Kumagai et al., 2010; Chen et al., 2012). Our phylogenetic analysis showed that O. nivara and O. rufipogon were present in two separate branches, supporting the evolutionary model of multiple origins. LM8 was originated approximately 0.32 Mya and harbors morphological characteristics specific to wild rice such as shattering, hard glumes, and small grains (Figure 5). Thus, it could be concluded that LM8 is a kind of japonica-type weedy rice from a cross between japonica and wild rice, which confirmed the result of taxonomic study.

Chromosome-level genome assemblies may generally accelerate gene discovery in crops to improve yield, quality, and disease resistance (Rao et al., 2014; Qian et al., 2016; Bai et al., 2018). As genome assemblies of Asian cultivated rice varieties such as MH63, ZH97, and R498 become available, a large number of structural variations have been successfully obtained, which would have a wide-range impact on crop genetic improvement (Zhang et al., 2016; Du et al., 2017). For example, Zhang et al. (2014) assembled five AA-genome rice species and identified 14 PSGs that are closely related to rice flowering, development, reproduction, biotic and abiotic resistance through comparative genomics analyses. Although many genomes have been assembled in the Oryza genus, only one of them belongs to weedy rice (WRAH), which was used to discuss the origin of weedy rice (Sun et al., 2019). In this study, we reported another weedy rice (LM8) genome for the purpose of identifying genes. This chromosome-level genome assembly contains 672 unique genes specific to weedy rice compared with other 17 Oryza genomes (Figure 5). Besides, the comparison of the contig N50 (6.09 Mb in WRAH and 17.86 Mb in LM8) and sequence gaps (94 in WRAH and 25 in LM8; Table 1) between these two weedy rice genomes (Sun et al., 2019) indicates the high-quality LM8 genome assembly is able to serve as a reference for accelerating the identification of genes from weedy rice, thus improving the cultivated rice varieties.
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To maximize crop growth, crops need to capture sunlight efficiently. This property is primarily influenced by the shape of the crops such as the angle, area, and arrangement of leaves. We constructed a rice (Oryza sativa L.) inbred line that displayed an ideal transition of plant shapes in terms of sunlight receiving efficiency. During vegetative growth, this line exhibited tiller spreading with increased tiller number, which formed a parabolic antenna-like structure. The architecture probably improved light reception efficiency of individuals compared with the recurrent parent. The line achieved not only acceleration of the vegetative growth, but also significant suppression of weed growth under the canopy. The increased light reception efficiency of the line has consequently reduced the amount of incident light to the ground and supplied significant competitiveness against weeds. The spread tillers became erect from the entry of the reproductive growth phase, adaptively sustaining light reception efficiency in thicker stands. The line carries a small chromosomal segment from Oryza rufipogon Griff., a putative progenitor of Asian cultivated rice. The introduced chromosome segment had little effect on grain yield and quality. Our results shed light on potentials hidden in the wild rice chromosome segment to achieve the valuable traits.

Keywords: ancestral genetic resource, Asian cultivated rice (Oryza sativa L), light reception efficiency, plant shape, tiller angle, vegetative growth, weed control, wild rice (Oryza rufipogon Griff.)


INTRODUCTION

Asian cultivated rice, Oryza sativa (O. sativa), is one of the world’s most important crops, sustaining several billion people as a staple food (Global Rice Science Partnership, 2013). To ensure permanence of humanity, improvement of rice cultivation systems should be required not only from economic perspectives, but also from viewpoints based on sustainability.

O. sativa was domesticated from a wild rice species, Oryza rufipogon (O. rufipogon), which is distributed throughout Asia and Oceania (Chen et al., 2019). Human ancestors empirically selected beneficial lines along their cropping systems from the progenitor. Such domestication processes substantially narrowed the genetic diversity at genetic bottlenecks formed during these winnowing steps (Doebley et al., 2006). Comprehensive genome sequencing and analyses of O. rufipogon and O. sativa quantitatively ascertained the vast reduction in genetic diversity that occurred during domestication (Zhu et al., 2007; Huang et al., 2012; Chen et al., 2019). On the other hand, modern breeding has certainly attained some success in constructing elite cultivars using the limited amount of genetic variation still retained in cultivated rice plants and acquired mutations in key genes involved in critical agricultural traits; however, this strategy has been sometimes confronted with limits attributed to a low level of genetic variation. Therefore, the positive resurrection of genetic variations lost during domestication will be a powerful tool to solve deadlocks in genetic improvement (Kamboj et al., 2020).

During the rice domestication, one of the most drastic events was exclusion of prostrate plants, mostly exhibited by wild rice, which triggered to form majority of the erect plants found in almost all the modern rice cultivars. This selection probably preceded at the early phase of the domestication, which conferred an increase in yield per area by supplying the ability for dense planting. This characteristic was extremely important in the ancient times when farmland expanding ability was low and/or farmland with appropriate conditions was restricted.

In 2008, the domestication locus responsible for the erect tiller trait was identified and named the Prostrate growth 1 (Prog1), a gene located on the short arm of chromosome 7 (Jin et al., 2008; Tan et al., 2008). The Prog1 gene encodes a C2H2-type zinc finger transcription factor (Agarwal et al., 2007). Recently, Wu et al. (2018) reported that O. rufipogon (accession DXCWR) possesses approximately 110 kbp of an additional chromosomal segment named the RICE PLANT ARCHITECTURE DOMESTICATION (RPAD) in the near vicinity of the Prog1 gene. The RPAD segment contains seven tandem Prog1-like genes; at least three of the Prog1-like genes were confirmed to modify plant architecture. The erect habit of cultivated rice plants was presumed to be guided by the synergistic effects of sequence changes in the Prog1 and deletion of the RPAD segment from the O. rufipogon genome (Huang et al., 2020).

Growth of crops, including rice plants, certainly requires the adequate sunlight as a basal energy source for photosynthesis and is greatly affected by the efficiency of sunlight reception. In fact, Monteith (1977) experimentally found that primary crop production is proportional to the amount of intercepted light energy. Therefore, improving the light-intercepting characteristic of plant shape is expected to promote crop growth. The exact plant shape, which is most effective in perceiving solar radiation, is a point of debate. Theoretical studies examining the relationship between leaf angles and dry matter production have suggested that erect leaves are preferable for increasing the capture of sunlight and enhancing photosynthetic production during the late vegetative growth phase when leaves grow thicker and become mutually shaded (Monteith, 1965; Duncan et al., 1967). In terms of growth promotion during the late vegetative phase, rice lines possessing erect leaves and/or panicles have been constructed that can achieve some increase in yield (Sakamoto et al., 2006; San et al., 2018; Fei et al., 2019). In contrast, Monteith (1965) and Duncan et al. (1967) also reported that inclined leaves are more efficient in perceiving light when there is no mutual shading as typically found in plants with a low leaf area index (LAI), implying that a spreading phenotype is preferable for plants during the early vegetative growth phase. These interpretations indicate that the ideal plant shape for efficient light capture changes depending on the growth phase of the crop.

Among biotic factors interfering with crop yield, weeds constantly invade and spread in fields and are a major cause of reduced yield in all the regions of the globe (Chauhan, 2020). Conventional weed control by manually removing weeds from the field is burdensome and the frequent application of herbicides is expensive and comes with ecological costs such as environmental destruction risk and/or the appearance of herbicide-resistant weeds. Fewer herbicide applications relieve not only the economic burden, but also the ecological issues; however, these applications alone will reduce yields of crops due to insufficient weed control. More ecological approaches, which can substantially reduce herbicide applications, i.e., construction of cultivars with an appropriate plant shape that preserves strong competitiveness against weeds, have been considered (Johnson et al., 1998; Fischer et al., 2001; Dass et al., 2017).

The ideal plant shape for rice to improve weed competitiveness is a plant with many tillers and sloping leaves (Gibson et al., 2003; Koarai and Morita, 2003). These traits would form a deep canopy, limit light penetration onto the ground, and then suppress the growth of weeds under the canopy. From these perspectives, researchers have sought and examined cultivars displaying such ideal plant shapes for strong weed competitiveness. However, it was feared that such traits would lead to a severe decrease in yield due to energy loss by mutual shading of the crop leaves, i.e., the features conflict with the preferable plant shape for high yields in the late vegetative phase. Therefore, cultivars with compatible plant shape are earnestly demanded, especially in developing countries with little economic capacity, which would reduce the weeding costs. Even in developed countries, the decrease of herbicide application has great merits to relieve not only environmental loads, but also appearance of herbicide-resistant weeds (Annett et al., 2014; Heap and Duke, 2018; Islam et al., 2018).

From the perspective of agricultural management, sparse planting of rice seedlings is demanded to save labor and the production cost. However, the sparse planting brings to a new weakness in weed control because the canopy closure of rice plants, which represses weed growth, is delayed. We have to examine ideal plant shapes for the sparse planting that maintain yield and are compatible with weed control.

In this study, we established the rice near-isogenic line (NIL) of Koshihikari holding ideal plant shapes that are compatible with yield and weed control even under sparse planting condition. Koshihikari is the most widely accepted japonica cultivar for staple food in Japan due to its good taste and is recognized to be a monumental existence that has made great contributions to rice breeding in Japan as a mating parent. Koshihikari has erect tillers, which characteristic is generally found in common cultivated rice. The Koshihikari-background NIL contains a genomic segment of chromosome 7 from an accession of O. rufipogon collected in Thailand, which segment carries the novel Prog1 sequence with the RPAD. The NIL displayed the spreading tiller phenotype in the vegetative growth phase; however, the tillers began to erect from the entry of the reproductive growth phase. This transition between the plant shapes complies with maintenance of optimal light receiving efficiency throughout plant development; therefore, the NIL balances promoted growth and significant weed suppression. These results suggest that the ancestral genetic resources used in this study have a great ability to upgrade current rice farming to innovative systems fitting with the United Nations Sustainable Development Goals (SDGs)1.



MATERIALS AND METHODS


Plant Materials and Field Growth Conditions

In this study, Koshihikari, a cultivar of japonica rice (O. sativa), was used as the control. We used GP9-7, the NIL for Koshihikari, containing a segment of chromosome 7 from an accession of O. rufipogon collected in Thailand (IRGC Acc. No. 104814). This line was selected by marker-assisted breeding from lines obtained in the BC4F2 generation of KRIL31 backcrossed to Koshihikari. KRIL31 is a line in the chromosome segment substitution lines (CSSLs) containing chromosomal segments from wild relatives in the background of japonica cultivars, which has been constructed in our former work (Hirabayashi et al., 2010). This study was conducted at the Tsukuba-Kannondai test fields for NARO (N-36.0°, E-140.1°, 22 m above sea level) and at the Western Region Agricultural Research Center, Fukuyama test fields for NARO (N-34.5°, E-133.4°, 1 m above sea level). Details of the field conditions in our experiments were described in the text or the legends of the figures. A summary of climate conditions in the years of the field experiments indicates in Supplementary Table 1.



Cross-Fertilization and Genotyping

After emasculation of pollen on female plants by soaking panicles in hot water at 43°C for 7 min, mating was accomplished by sprinkling the pollen of male plants onto emasculated female stigmata. DNA was extracted from a small piece of a leaf tip using the DNeasy Plant Mini Kit (QIAGEN, Hilden, Germany) following the instruction of the manufacturer. Genotyping was carried out by PCR using the single sequence repeat (SSR) markers (Temnykh et al., 2000; McCouch et al., 2002; International Rice Genome Sequencing Project, 2005) listed in Supplementary Table 2. The PCR mixture (10 μl) consisted of 0.5 μl of template DNA, 5 μl of GoTaq Green Master Mix (Promega, Madison, WI, United States), and 0.6 μl of 10 μM primers. Amplification was performed for 35 cycles of 94°C (30 s), 55°C (30 s), and 72°C (30 s). Amplified DNA products were electrophoresed in 3.0% (w/v) NuSieve 3:1 Agarose Gels (Lonza, Basel, Switzerland, United Kingdom).



Growth Analyses

At designed intervals, above ground parts of randomly selected seven plants grown in a paddy field (500 m2; interplant space = 18 cm × 25 cm; 22.2 plants m–2) were harvested. Leaf area was measured with a leaf area meter (AAM-9, Hayashi Denko Corporation Ltd., Tokyo, Japan) and LAI was calculated. All the samples were oven dried for 2 days prior to measuring dry weight. The crop growth rate (CGR) (g m–2 day–1) and net assimilation rate (NAR) (g m–2 day–1) were calculated using the following equations:
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where, K indicates the plant density (plants m–2), W1 and W2 represent the above ground dry weight (g) at times t1 and t2, respectively, and A1 and A2 represent the leaf area (m2) at t1 and t2, respectively.



Measurement of Tiller Inclination Angle and Vegetation Cover Rate

Tiller inclination angles were measured as the angle from the horizontal to a tiller located on the outermost circumference. The vegetation cover rates were calculated from binarized images of plants taken from directly above as the ratio of pixels corresponding to the plant body to the total number of pixels. The binarized images were generated from the a∗ signals in the CIELAB (Commission internationale de l’éclairage L∗ a∗ b∗) color space of the original images converted with the ImageJ software version 1.52 k2 with a color space converter plugin (LPX color; LPIXEL, Tokyo, Japan).



Assays of Weed Growth in Competition With Rice

In this study, Echinochloa crus-galli (L.) Beauv. var. formosensis Ohwi (E. crus-galli var. formosensis), a well-known grass weed in Japan, was used. At 10 days after planting (DAP) of rice seedlings on paddy fields (interplant space = 30 cm × 30 cm; 11.1 plants m–2), E. crus-galli var. formosensis at the first leaf stage was transplanted to the middle of rice rows. The number of tillers of E. crus-galli var. formosensis was measured every other week. A total of 10 weed plants per plot (1.8 m × 3.3 m = 5.94 m2) were examined in three repetitions. In addition, all the E. crus-galli var. formosensis naturally emerging in the three plots of the field were sampled 10 days before rice harvest and the number of emerging weeds, their tiller number, and their dry matter weight were measured.



Measurements of the Relative Photosynthetic Photon Flux Density

Vertical transitions of the RPPFD in the rice stand were measured on a cloudy day at noon using a quantum sensor (LI-190SB, LI-COR, Lincoln, NE, United States). Simultaneous measurements were carried out for locations every 10 cm from the ground surface in the rice stand and above the canopy (1 m from the ground surface) using the measurements taken above the stand as 100%. The measurements were recorded three times and the mean value was used in the analysis.

Transitions of the RPPFD in the rice stand during the growth were measured using a line quantum sensor (366813M; Ollie Corporation Ltd., Osaka, Japan). Simultaneous measurements were carried out in the rice stand (ground surface) and outside the stand (1 m from the ground surface) using measurements taken outside the stand as 100%. Measurements were recorded once a week from transplanting to harvest. The measurements were recorded three times and the mean value was used in the analysis. At the same time, the number of rice tillers was measured for three plots that consist of 10 plants.



Grain Yield Measurement and Eating Quality Tests

A total of 12 individual plants randomly selected from 100 plants grown in a field (4 m × 3.3 m = 13.2 m2; interplant space = 36 cm × 36 cm; 7.7 plants m–2) were harvested as one plot. The panicles in each plot (three plot replicates) were mechanically threshed, the obtained grains were dried, and the weight of the paddy rice was measured to determine grain yield. Samples for the taste test were obtained from plants growing in the same field as those used for grain yield measurements. Taste tests were conducted at the AiHO Rice Cooking Research Institute (Toyokawa, Aichi, Japan). Protein and amylose contents were measured using a Rice Composition Analyzer (Shizuoka Seiki Corporation Ltd., Fukuroi, Japan). Mido Meter (Toyo Rice, Wakayama, Japan) and Rice Taste Analyzer (Satake Corporation, Higashi-Hiroshima, Japan) were used for objective comparisons of taste-related factors. Values for texture of cooked rice were examined by a Tensipresser (Takemoto Electric Incorporation, Tokyo, Japan).



Statistical Analysis

Statistical analyses were conducted using the statistical computing software R, version 3.6.33.




RESULTS AND DISCUSSION


Introductory Description of the Near-Isogenic Line (GP9-7)

For the first trial, we examined the agricultural traits of KRILs (Hirabayashi et al., 2010) in field conditions in which seedlings were planted in sparse (interplant space = 36 cm; 7.7 plants m–2) or dense (interplant space = 18 cm; 30.9 plants m–2) plant densities. The KRILs consist of 40 lines, each of which possess one or few chromosomal segments of O. rufipogon (IRGC accession number 104814) in Koshihikari background. This CSSL (KRILs) were constructed to examine whether the wild rice genetic resources can be used to overcome weaknesses and/or add new features to Koshihikari. Among the KRILs, KRIL31 displayed wide spreading with an increased number of tillers, especially in the sparsely planted condition (Supplementary Figure 1). Therefore, we focused on these traits that altered vegetative growth presumably caused by a change in their light-receiving posture, which could also provide strong weed competitiveness. Interestingly, KRIL31 did not have a clear dwarf phenotype, even though its tiller number had more than doubled compared with that of Koshihikari. The BC1F1 plants derived from a cross between KRIL31 and Koshihikari showed both the traits, indicating these traits were inherited dominantly (data not shown). KRIL31 possesses almost all of the long arm of chromosome 9 and three small segments in chromosomes 1, 3, and 7 from O. rufipogon (Hirabayashi et al., 2010; Supplementary Figure 2A). KRIL31 tillers maintained a strong spreading trait throughout plant development. When the chromosome 9 segment from O. rufipogon replaced that of Koshihikari, the spreading trait in the reproductive phase disappeared (data not shown). Yu et al. (2007) indicated that the Tiller Angle Control 1 (TAC1) gene, which mediates tiller angle during the reproductive stage (late compact stage), is localized in the long arm of chromosome 9. This study aligns with our observation that when this segment was replaced with Koshihikari, resultant progenies lost tiller inclination during the reproductive growth phase. In contrast, the segment of chromosome 7 from O. rufipogon was linked to leaning tillers only during the vegetative growth phase. To define the segment responsible for the spreading of tillers, we conducted phenotypic and genotypic analyses of 430 lines of the BC2F2 generation, which indicated that the loci for spreading and increasing tiller number were detected between two SSR markers, RM20967 and RM20999 (Supplementary Figure 2B). We selected the NIL, GP9-7 from 300 lines of the BC3F4 generation by genotypic analyses based on the above information. The chromosomes of GP9-7 had almost reverted to Koshihikari form except for the region between two SSR markers, RM20973 and RM21002 (Figure 1A). We used this line in all the subsequent studies.
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FIGURE 1. Basic properties of GP9-7. (A) A comparative diagram showing the genotyping results of GP9-7, KRIL31, and Koshihikari. The yellow zones indicate the segments derived from Koshihikari and the red zones represent the segments derived from Oryza rufipogon (O. rufipogon). (B,C) Typical plant shapes of the rice plants are used in this study. The photograph (B) shows typical nursling seedlings of Koshihikari and GP9-7 at 10 days after sowing. The photographs (C) indicate typical plant shapes in paddy fields taken from directly above the plants at 33 days after planting (DAP). Scale bars: 10 cm.




Inserted Chromosomal Segment of GP9-7

As mentioned above, GP9-7 contains a small segment of chromosome 7 from O. rufipogon (IRGC accession number 104814) between two SSR markers, RM20973 and RM21002 (Figure 1A). The segment between the two markers corresponds to 358 kbp based on the Nipponbare genome sequence (International Rice Genome Sequencing Project, 2005). This segment includes the Prog1 gene that is involved in key processes required for domestication and has been reported to determine tiller inclination angle and number of tillers (Jin et al., 2008; Tan et al., 2008). The Prog1 gene encodes a single C2H2 zinc-finger transcription factor (Agarwal et al., 2007; Supplementary Figure 3). The Prog1 sequences of O. rufipogon collected in China have been sequenced comprehensively, but the Prog1 sequence of GP9-7, which is from an accession of O. rufipogon (IRGC accession number 104814) collected in Thailand, is novel. This sequence is similar to that of cultivated rice with a deletion of 9 bp in the open reading frame that causes a deletion of three residues near an EAR (ethylene-responsive element binding factor-associated amphiphilic repression)-like motif (Kagale et al., 2010; Supplementary Figure 3). Wu et al. (2018) proposed that the RPAD region is also involved in determining plant shape, located on the vicinity of the Prog1 gene in the O. rufipogon genome. To verify the insertion of the RPAD segment in GP9-7, a PCR assay was performed using a primer set to detect the RPAD insertion. The assay revealed that GP9-7 probably possesses the RPAD segment (Supplementary Figure 4) that is likely to confer the ability to alter plant shape together with the Prog1 gene.



Tiller Inclination and Tiller Number in GP9-7

Nursling seedlings of GP9-7 were slightly thinner and more elongated compared with Koshihikari (Figure 1B). After planting on paddy fields in sparse condition (interplant space = 36 cm × 36 cm; 7.7 plants m–2), the number of GP9-7 tillers increased and began leaning more each day (Supplementary Figure 5; Supplementary Movie 1), comparable with previously reported inbred lines containing similar chromosomal segments of O. rufipogon (Jin et al., 2008; Tan et al., 2008). The number of GP9-7 tillers was roughly equivalent to those of Koshihikari until about 15 DAP; however, afterward, the number of GP9-7 tillers increased significantly, reaching more than three times those of Koshihikari by 43 DAP (Supplementary Figure 5). The plastochron of GP9-7 was almost equivalent to that of Koshihikari (data not shown). This observation and the biased increase in tiller number toward the later developmental stages suggested that higher order tillers that normally do not appear in Koshihikari did emerge from GP9-7. Tillers that elongate too much can lead to mutual shading, but the emerging GP9-7 tillers spread in all the directions with very few overlaps and then assumed a parabolic antenna-like structure (Figure 1C). Therefore, leaves on the tillers of GP9-7 did not compete with each other for light.

The erect tiller trait in cultivated rice, including Koshihikari, is caused by the upward curving of laterally emerging non-elongated internodes (Supplementary Figure 6A). Tan et al. (2008) reported that the curved internodes are due to their asymmetric development in which the near-ground border, the outermost cell layer of the tiller base closest to the ground, is longer than the border further away from the ground. Cell sizes for both the borders were almost equivalent suggesting that the curved internodes are due to an increase in cell number on the near-ground border. In contrast, the laterally emerging non-elongated internodes of GP9-7 were straight (Supplementary Figure 6A), probably due to symmetric development between the near-ground and the far-ground borders. This observation does not mean that GP9-7 is not gravitropic. Coleoptiles of dark-germinated Koshihikari and GP9-7 seedlings were clearly gravitropic in an experiment in which seedlings were rotated horizontally at the midpoint of an incubation period (Supplementary Figure 6B). Furthermore, tillers of GP9-7 began to rise during the transition from the vegetative to the reproductive growth phase (Figure 2A; Supplementary Movie 2). This trait was derived from a clear gravitropic bend in GP9-7 nodes, especially the node between internodes III and IV (Supplementary Figure 6C), resulting in erect panicles (Figure 2B). This trait favorably increasing the light reception efficiency in the thicker stand as is often the case in the reproductive growth phase (Sakamoto et al., 2006; San et al., 2018; Fei et al., 2019). In addition, this trait is preferable for modern agricultural harvesting methods using combine harvesters. As mentioned above, GP9-7 exhibited a clear transition in plant shape from the vegetative growth phase during which plants had inclined tillers to the reproductive growth phase when the tillers were erect.
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FIGURE 2. Basic properties of GP9-7 toward the reproductive growth phase. (A) Developmental transitions of tiller angles from horizontal in Koshihikari (blue circles with broken lines) and GP9-7 (red triangles with solid lines) grown in a test field at Tsukuba, Japan in the summer of 2020 (planting date: May 21, 2020). The tiller angles of the same six plants were continuously measured and the mean values with SE were shown in the graph. The period for heading is indicated by a vertical gray bar. Symbols, ***, **, and * indicate statistically significant differences compared to Koshihikari at P < 0.001, P < 0.01, and P < 0.05, respectively, calculated by the Welch’s t-test. The photographs (B) display typical plant shapes of Koshihikari and GP9-7 during the ripening phase (25 days after heading). Scale bars: 20 cm.




Accelerated Growth of GP9-7

GP9-7 and Koshihikari were grown in a field in Tsukuba, a region in eastern Japan, using local agricultural practices (interplant space = 18 cm × 25 cm; 30.9 plants m–2). Leaf area and shoot dry matter weight were measured at intervals; LAI, CGR, and NAR were calculated from these values (Figure 3). Early vegetative growth of GP9-7 up to 50 DAP was indistinguishable from Koshihikari in terms of dry matter weight per plant; however, beginning at 57 DAP, the increase in dry matter weight of GP9-7 was significantly accelerated (Figure 3A). Therefore, the CGR values for GP9-7 during these periods were higher than those of Koshihikari (Figure 3B). Since the CGR is recognized as the product of LAI and NAR, it is easy to distinguish which factor contributes more to the increase in the CGR. The factor that promoted the CGR of GP9-7 from 50 to 57 DAP was attributed to a temporary increase in the NAR during the same period (Figures 3B,D). In contrast, the higher CGR in the subsequent period (57 to 85 DAP) was due to an increase in LAI (Figures 3B,C). The temporary increase in the NAR may be due to improved light-intercepting characteristics in the stand rather than from an increase in the photosynthetic activity of leaves, as discussed in more detail in the next section.
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FIGURE 3. Developmental transitions of growth traits of Koshihikari (blue circles with broken lines or blue bars) and GP9-7 (red triangles with solid lines or red bars) from the vegetative to the reproductive growth phase. Transitions of dry weight per plant (A), crop growth rate (CGR) (B), leaf area index (LAI) (C), and net assimilation rate (NAR) (D) of Koshihikari and GP9-7 grown in a test field at Tsukuba, Japan in the summer of 2018 (planting date: May 9, 2018). Mean values of the dry weights and leaf area indexes obtained from seven plants are plotted. The SE values are shown as error bars in the graphs. The period for heading is indicated by a vertical gray bar. Symbols, ***, **, and * indicate statistically significant differences compared to Koshihikari at P < 0.001, P < 0.01, and P < 0.05, respectively, calculated by the Welch’s t-test.




Light Intercepting Ability of GP9-7

The increased growth performance of GP9-7 is probably due to the enhanced amount of light energy received by the individuals attributed to their distinctive shape. Tiller emergence of GP9-7 plants was greater than that of Koshihikari and the tillers were arranged radially causing less mutual shielding (Figure 1C; Supplementary Figure 5). Therefore, the vegetation cover ratios of GP9-7 in the midvegetative phase were significantly higher than those of Koshihikari (Figure 4A). This result suggests that the light-intercepting efficiency of GP9-7 was increased by the plant shape. The RPPFD of GP9-7 in the stand at 53 DAP had a characteristic vertical profile (Figure 4B) when the NAR of GP9-7 was at its peak (Figure 3D). The vertical RPPFD profile in cultivated rice plants with erect tillers usually indicates a gradual decrease in light intensity from the canopy to the ground surface. In alignment with this expectation, the vertical RPPFD of Koshihikari gradually decreased below 60 cm (Figure 4B). In contrast, an extreme decrease in the RPPFD was detected below 40 cm in GP9-7 (Figure 4B). This characteristic was attributed to the parabolic antenna-like morphology of GP9-7 that had many uniformly spread tillers with a constant slope, forming wide shadows without mutual shielding (Figure 1C). Under the condition, slightly excessive LAI should be connected to effective light capture. In addition, tilted leaf sheaths of GP9-7 were fully exposed to the sky (Figure 1C), which implies that photosynthetic assimilation in the leaf sheaths contributes growth promotion of GP9-7. Actually, Guo et al. (2011) reported that rice leaf sheaths had active photosynthetic apparatus such as leaf blades. Moreover, the leaf sheath photosynthesis was accounted for 10 to 20% of the final yield. Our observation that leaf sheaths of GP9-7 were dark green, such as active photosynthetic organs, is consistent with these interpretations. Thus, efficient light receiving of GP9-7 attributed to the distinctive plant shape during the period from 50 to 57 DAP that could be associated with the temporary improvement of the NAR during this period (Figure 3D). In the subsequent period (57 to 85 DAP), GP9-7 had the extremely higher LAI, which raises the risk of mutual shielding as an inevitable consequence. However, the plant shape transition of GP9-7 from 57 DAP, when tillers began to erect (Figure 2A), could adaptively sustain a preferred light receiving character in the thicker stand.
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FIGURE 4. Light reception-related properties of GP9-7. (A) Developmental transitions in vegetative coverage of Koshihikari and GP9-7 in the test field at Tsukuba, Japan in the summer of 2018 (planting date: May 28, 2018). The period for heading is indicated by a vertical gray bar. This analysis was performed according to Materials and Methods, using images continuously taken at the same three points in the field, and the mean values with SE were indicated in the graph. (B) Vertical transitions of the relative photosynthetic photon flux density (RPPFD) of Koshihikari and GP9-7 measured on the 52nd DAP that is shown by a vertical gray line in panel (A). Symbols, ***, **, and * indicate statistically significant differences compared to Koshihikari at P < 0.001, P < 0.01, and P < 0.05, respectively, calculated by the Welch’s t-test. Values for Koshihikari are indicated with blue circles with broken lines and values for GP9-7 are represented with red triangles with solid lines.




Weed Control in GP9-7 Stand

Ground coverage proceeded more rapidly in GP9-7 than in Koshihikari (Figure 4A), a factor that restricted light penetration onto the ground surface. Furthermore, the RPPFD just above the ground surface under the GP9-7 canopy at 53 DAP was 5% of that above the canopy and significantly lower than that of Koshihikari (Figure 4B). Since the lower ground level RPPFD is preferable for optimal weed control (Gibson et al., 2003; Koarai and Morita, 2003), the RPPFD of the ground level in GP9-7 stands was examined in detail in Fukuyama, a region in western Japan. In this study, the planting date was mid-June (June 15, 2019), about a month later than that at Tsukuba (mid-May). Although the heading date relative to the DAP shown in Figure 5 was significantly different from experiments conducted in Tsukuba (Figures 2–4), the progression of vegetative growth was essentially similar to that of Tsukuba-grown plants. After planting, the number of GP9-7 tillers increased (Figure 5A) and spread uniformly, significantly decreasing RPPFD of the ground level at approximately 30 DAP (Figure 5A). After 35 DAP, Koshihikari and GP9-7 canopies covered the soil as shown by their similar and continued low RPPFD values. Tiller emergence of the transplanted weed, E. crus-galli var. formosensis, one of the most serious weeds in Japan, was significantly suppressed in GP9-7 stand (Figure 5B). The preceding attenuation of incident light under the GP9-7 canopy (Figure 5A) acted to suppress initial weed growth to a level insufficient to increase weed spread. Also, GP9-7 exhibited remarkable weed suppressive activity against the naturally occurring weed, E. crus-galli var. formosensis (Figure 6). Especially, tiller numbers and dry matter weights of naturally emerging weeds were significantly repressed under GP9-7 canopies (Figures 6B,C). Although GP9-7 did not completely eradicate the weeds in our experiment, the significant repression of weed growth under GP9-7 canopy may reduce nutrients interception by weeds and inhibit weed seed production, two factors that should help relieve farmers of weeding costs. Reduced numbers of herbicide applications will also decrease the environmental load and the risk arising herbicide-resistant weeds (Annett et al., 2014; Heap and Duke, 2018; Islam et al., 2018).
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FIGURE 5. Weed suppression-related properties of GP9-7. (A) Developmental transitions in tiller numbers and the RPPFD at ground level of Koshihikari and the GP9-7 in the test field in Fukuyama, Japan in the summer of 2019 (planting date: June 15, 2019). The periods for heading are indicated by vertical gray bars. (B) Developmental transitions in tiller numbers of the transplanted weed, E. crus-galli var. formosensis under the canopy formed by rice stands. Symbols, ***, **, and * indicate statistically significant differences compared to Koshihikari at P < 0.001, P < 0.01, and P < 0.05, respectively, calculated by the Student’s t-test. Values for Koshihikari are indicated with blue circles with broken lines and values for GP9-7 are represented with red triangles with solid lines.
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FIGURE 6. The weed competitiveness of GP9-7 was evaluated by measuring the growth of naturally occurring weeds in the summer of 2019 (planting date: June 15, 2019). The number of emerging weeds (A), their tiller number (B), and the dry matter weight (C) of naturally occurring E. crus-galli var. formosensis under the canopies of Koshihikari or GP9-7 are indicated. Mean values obtained from three plots for Koshihikari and GP9-7 with the SE values are indicated with blue and red bars, respectively. The p-values were calculated by the Student’s t-test and are reported above the bar graphs.




Yield and Grain Quality of GP9-7

GP9-7 was constructed using the genetic background of Koshihikari, the most widely accepted japonica cultivar for staple food in Japan due to its good taste. Since GP9-7 contains a small segment of chromosome 7 from O. rufipogon (Figure 1A), GP9-7 displayed slightly delayed heading (Figure 7A), almost twice the number of panicles per m2 (Figure 7B), almost half the number of spikelets per panicles (Figure 7C), and a nearly equivalent amount of ripened grain (Figure 7D). The thousand grain weight of GP9-7 was also equivalent to that of Koshihikari (Figure 7E). Consequently, the final yield of GP9-7 was about the same as Koshihikari (Figure 7F). Significant increase of panicle number per plant (Figure 7B) should compensate the panicle number per area, which increase is restricted in existing cultivars under the sparse planting condition. On the other hand, significant promotion of GP9-7 vegetative growth (Figure 3A) did not result in an increase in yield (Figure 7F). We conducted yield tests on the Tsukuba fields from 2016 to 2020 and in the Fukuyama field in 2018 and 2019 (Supplementary Table 3). Despite the cultivation trials over the several summers, no significant increase in yield was detected. Possibly optimal cultivation conditions that bring out the best performance from GP9-7 have not been identified yet. Although the source ability of rice was improved in this study, the sink ability was not manipulated. This possibility may be an alternative reason for why the yield of the NIL did not increase in our experiment. Nevertheless, the introduction of a chromosomal segment that promoted vegetative growth and comparable grain yields is a significant advance since the yields of inbred lines to which a similar chromosomal segment was introduced were reported to be halved (Tan et al., 2008; Hua et al., 2016; Wu et al., 2018). Furthermore, in the yield tests conducted on the Fukuyama fields, no significant reduction of the grain yields of GP9-7 compared with those of Koshihikari was detected even in the semi-dense planting density (Supplementary Table 3), which cultivation condition is close to the previous reports (Tan et al., 2008; Hua et al., 2016; Wu et al., 2018).
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FIGURE 7. Yield-related traits of GP9-7. (A) Heading date (n = 12), (B) panicle number per m2 (n = 12), (C) spikelet number per panicle (n = 12), (D) percent ripened grain (n = 5), (E) one-thousand grain weight (n = 3), and (F) weight of unhulled rice (n = 3) of Koshihikari and GP9-7 cultivated in the test field at Tsukuba, Japan in the summer of 2018 (planting date: May 28, 2018) under sparse conditions (interplant space = 36 cm; 7.7 plants m–2). P-values were calculated by the Welch’s t-test and are reported above the bar graphs. Mean values for Koshihikari and GP9-7 with SE values are indicated with blue and red bars, respectively.


A similar inbred line, YIL18, was derived from a cross between the indica cultivar, Tequing, as the recipient parent and O. rufipogon (accession: YJCWR), as the donor parent (Tan et al., 2008). Another similar inbred line, DIL29, was derived from a cross between the indica cultivar, Guichao 2, as the recipient parent and O. rufipogon (accession: DXCWR), as the donor parent (Wu et al., 2018). Both the donor accessions, unlike ours, were collected in China. The grain yields of YIL18 and DIL29 were about 57% of Tequing and about 63% of Guichao 2, significantly lead to inferior yields (Tan et al., 2008; Hua et al., 2016; Wu et al., 2018). Hua et al. (2016) examined the canopy structure of YIL18 using three-dimensional digitizing analysis and found a significant decrease in the LAI of YIL18 compared with those of the recurrent parent, Tequing. This report also mentioned that YIL18 had greater mutual shading due to its prostrate plant shape.

We attribute this major discrepancy to three reasons: (1) Inbred lines YIL18 and DIL29 contain several wild rice chromosome segments in addition to the chromosome 7 segment. These additional chromosome segments may be responsible for the yield reduction; (2) In these cases, the recurrent parents were the indica cultivars, whereas we used Koshihikari, a japonica cultivar; and (3) The chromosomal donor in this study was collected from Thailand, whereas the donors in previous studies were collected from China. It is possible that differences in the sequence of this chromosomal segment may impart different traits. In fact, the Prog1 sequence of GP9-7 was different from those of accessions YJCWR and DXCWR (Supplementary Figure 3B). Progress in whole-genome sequence analysis of these accessions may shed light on the reasons for these discrepancies. Identifying which of the three types of O. rufipogon (Or-I, -II, and -III) (Huang et al., 2012) by genome-wide association analyses that accurately describe these accessions may sort out these confusing results.

The surface of GP9-7 milled grains was the white-like Koshihikari (Figure 8). The taste-related factors of GP9-7 were nearly identical except for the amylose content that was very slightly higher in GP9-7 compared to Koshihikari (Figure 8B). Cooked rice from GP9-7 had relatively softer texture factors (Figure 8B), suggesting that the introduced chromosomal segment of wild rice in this study did not negatively influence grain quality, including its taste.
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FIGURE 8. Grain quality-related traits of GP9-7 harvested in the Tsukuba field in the fall of 2018. (A) A morphological comparison of typical hulled rice grains of Koshihikari and GP9-7. Scale bar: 2 mm. (B) Summary of rice texture and taste quality tests. Values for Koshihikari are indicated with blue circles with broken lines and values for GP9-7 are represented with red triangles with solid lines.


The remaining flaw of GP9-7 was lowered lodging resistance attributed to the smaller stem diameters that are a trade-off for the increased number of tillers. We believe that improvements such as the introduction of alleles conferring lodging resistance are possible. Lodging resistance loci have been well studied and exploitation of them will overcome this flaw (Shah et al., 2019).



Influences of This Research on the Future

This study attained that construction of the NIL capable of accelerating vegetative growth and suppressing weeds using wild rice genetic resources without undesirable consequences and yield reduction. The practical use of the NIL or the chromosomal segment that causes these traits may reduce weed control costs and environmental consequences associated with herbicide application, which open a way to solve some obstacles to the United Nations SDGs. This study also indicates that the genetic diversity of wild rice deserted in the domestication process is a valuable resource for breeding new cultivars with desired traits. The Japanese concept of MOTTAINAI has to be pushed to the front in this case; we have an obligation to excavate and apply these precious resources hidden in wild relatives in order to realize a bright future.
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The gardenia is a traditional medicinal horticultural plant in China, but its molecular genetic research has been largely hysteretic. Here, we constructed an F1 population with 200 true hybrid individuals. Using the genotyping-by-sequencing method, a high-density sex-average genetic map was generated that contained 4,249 SNPs with a total length of 1956.28 cM and an average genetic distance of 0.46 cM. We developed 17 SNP-based Kompetitive Allele-Specific PCR markers and found that 15 SNPs were successfully genotyped, of which 13 single-nucleotide polymorphism genotypings of 96 F1 individuals showed genotypes consistent with GBS-mined genotypes. A genomic collinearity analysis between gardenia and the Rubiaceae species Coffea arabica, Coffea canephora and Ophiorrhiza pumila showed the relativity strong conservation of LG11 with NC_039,919.1, HG974438.1 and Bliw01000011.1, respectively. Lastly, a quantitative trait loci analysis at three phenotyping time points (2019, 2020, and 2021) yielded 18 QTLs for growth-related traits and 31 QTLs for leaf-related traits, of which qBSBN7-1, qCD8 and qLNP2-1 could be repeatably detected. Five QTL regions (qCD8 and qSBD8, qBSBN7 and qSI7, qCD4-1 and qLLLS4, qLNP10 and qSLWS10-2, qSBD10 and qLLLS10) with potential pleiotropic effects were also observed. This study provides novel insight into molecular genetic research and could be helpful for further gene cloning and marker-assisted selection for early growth and development traits in the gardenia.
Keywords: genetic map, genotyping-by-sequencing, growth-and leaf-related traits, QTL, synteny, gardenia
INTRODUCTION
Gardenia (Gardenia jasminoides Ellis, 2n = 22) originated in central China, and it is a perennial shrub in the Rubiaceae family with edible flowers and medicinal fruits. Its dried ripe fruit has high quantities of crocin, geniposide, and genipin compounds (Chen Q. et al., 2020) and therefore possesses anti-inflammatory, antidepressant, anti-diabetes, antioxidant and antihypertensive activities (Qin et al., 2013; Higashino et al., 2014; Khajeh et al., 2020). The fruits are used in many traditional Chinese medicine preparations and formulas to treat different diseases (Chen L. et al., 2020). In addition to applications in traditional Chinese medicine, extracts of gardenia fruit are used as a natural colorant in the food and textile industries (Chen L. et al., 2020). Gardenia has beautiful fragrant flowers and evergreen leaves, so it is widely used for garden decoration. Fresh flowers are also used in China as edible vegetables or used to extract essential oils (Wang et al., 2017). Gardenia has a cultivation history of more than 1,000 years in China and was gradually introduced to Africa, Asia, Australia, Europe, North and South America, and the Pacific islands because of its medicinal, ornamental and industrial value (Xu et al., 2020).
Using traditional phenotypic selection-based breeding methods for genetic improvement is a labor- and time-consuming process because of the long lifecycle and highly heterozygous nature of the gardenia. By contrast, marker-assisted selection (MAS) using tightly linked or functional molecular markers with elite traits is an ideal approach to improving breeding efficiency (Mathew et al., 2014; Pootakham et al., 2015; Dong et al., 2019). However, the current molecular biology research for gardenia falls further behind model species, primarily focusing on phenotype, genetic evaluation or accession discrimination (Tsanakas et al., 2013; Hu et al., 2019; Wei et al., 2019; Li et al., 2021). Very limited studies on molecular marker identification in gardenia have been reported, such as dozens of SSR developments (Xu et al., 2014; Deng et al., 2015). Recently, a chromosomal-level genome assembly for the gardenia was released to dissect the pathway of crocin biosynthesis (Xu et al., 2020). Furthermore, helix-loop-helix (bHLH) transcription factors responsible for crocin biosynthesis were identified based on the gardenia genome (Tian et al., 2020). Genome assembly will undoubtedly accelerate functional genomics studies in gardenia. Nevertheless, the notably shortage of genome-wide molecular marker and the large gap between the phenotyping and genotyping are still bottlenecks for gardenia genetic improvement by molecular breeding and thus restrict the gardenia related industry.
Genetic maps based on the F1 segregating population are a robust tool for identifying the linkage between traits and molecular markers, which have long been applied widely in highly heterozygous species of trees, flowering plants and aquatics (Jorge et al., 2005; Wang et al., 2006; Lambert et al., 2007; Oyant et al., 2007; Sánchez-Pérez et al., 2012; Pacheco et al., 2014). In the next-generation sequencing (NGS) era, sequencing-based technologies can provide novel strategies for genome-wide SNP (single-nucleotide polymorphism) development and help to construct a high-density genetic linkage map for high-resolution QTL (quantitative trait loci) identification (Rehman et al., 2020). SNP markers can be named in many ways, including reduced-representation sequencing, resequencing and transcriptome sequencing. Reduced-representation sequencing has been differentiated into different technologies, including genotyping-by-sequencing (GBS), restriction site-associated DNA sequencing (RAD-Seq), double-digest RAD (ddRAD), specific-locus amplified fragment sequencing (SLAF-seq), ezRAD (Toonen et al., 2013) and 2b-restriction site-associated DNA sequencing (2b-RAD) (Baird et al., 2008; Elshire et al., 2011; Peterson et al., 2012; Wang et al., 2012; Sun et al., 2013; Toonen et al., 2013). Notably, GBS is a feasible SNP discovery method for highly diverse and large genome species, even without reference genome, and it has been widely adopted in genotyping for genetic map construction (İpek et al., 2017; Gabay et al., 2018; Paudel et al., 2018; Robledo et al., 2018; Lewter et al., 2019; Rubio et al., 2020). For instance, a high-density linkage map of coffee, a tree belongs to the same Rubiaceae family with gardenia, was constructed using 848 SSR and SNP markers, of which the SNP markers were developed by GBS (Moncada et al., 2016). Additional high-density genetic maps with 3,000–6,000 SNP markers have been reported in many perennial plants (Pootakham et al., 2015; Zhang et al., 2016; İpek et al., 2016; Tello et al., 2019; Zhang et al., 2019). GBS was also used for genetic diversity analysis in coffee (Anagbogu et al., 2019).
Genetic map can provide chromosome-level variation information across species. In fact, the microsynteny and macrosynteny relationship have long been verified in plants (Paterson et al., 2004; Yan et al., 2004). Comparative mapping can illustrate the co-located molecular marker distribution patterns between different genome of organisms, and further reveal structural variations and collinearity among chromosomes. Using this method, a high degree of colinearity and chromosome recombination and inversion has been found in Salicaceae species (Hanley et al., 2006; Berlin et al., 2010). Similarly, chromosomal translocations and inversions were confirmed by comparing an eggplant genetic map with the genome sequence of both tomato and pepper (Rinaldi et al., 2016). Lately, the genomic evolutionary of Coffea canephora and Ophiorrhiza pumila were investigated (Zhao et al., 2021), and some high collinearity pairs and potential karyotype rearrangement were observed, indicating their chromosomal evolution in genomic differentiation (Kai et al., 2011; Kodama et al., 2014).
QTL mapping is a traditional method to build an association bridge between genotypes and phenotypes. The tightly linked markers in QTL regions can potentially be used for MAS (Chang et al., 2018; Kim et al., 2018; Yamakawa et al., 2021). The phenotypes for typical QTL mapping always focus on specific developmental stages, and the identified QTLs represent the accumulation effect of related gene expression at the phenotyping stages. However, plant growth and development are dynamic, ever-changing processes. Dynamic QTL analysis enables QTL detection for target traits over the entire developmental process, especially for tree species, which require a relatively long time for morphogenesis. Dynamic QTL mapping studies have been published primarily for crops such as rice (Sun et al., 2015), maize (Wang et al., 2019), wheat (Mohler and Stadlmeier, 2019), cotton (Shang et al., 2015) and oilseed rape (Wang et al., 2015). In tree species, however, limited dynamic QTL maps were conducted. Desnoues et al. (2016) reported the dynamic QTL mapping of fresh weight, sugar, acid and enzyme activity at different developmental stages of peach fruit, and observed the effect of allele changes during fruit ripening. Recently, the leaf traits and plant height of Catalpa bungei at five successive time points were investigated, and a total of 33 QTLs were mapped using a high-density genetic map (Lu et al., 2019). In Populus, a total of 311 QTLs for three growth traits at 12 time points were mapped, and many QTLs specific to one time point were identified (Du et al., 2019). These results illustrated the importance of dynamic QTL mapping for the genetic dissection of developmental traits.
The genetic map of the gardenia has not been released to date. In the present study, we used a paternity test-passed F1 population of gardenia, and then employed GBS technology to construct a high-density genetic map for collinearity analysis between Rubiaceae species. Moreover, a high-resolution dynamic QTL mapping analysis was performed on growth and leaf related traits during the vegetative growth stage for three continuous years. This study was the first high-density genetic map-based QTL study in gardenia, laying a foundation for further gene cloning and MAS breeding.
MATERIALS AND METHODS
Mapping Population Construction and Phenotyping
We previously screened two Gardenia jasminoides Ellis. germplasms that exhibited distinct phenotypes, namely, GD1 with high branches, large fruit, medium leaf widths and a broad crown type and AX5 with dwarf branches, small fruit, narrow leaf widths and a thin crown type. In May 2017, following emasculation at the early stage of flower development, GD1 (♀) and AX5 (♂) were crossed by artificial pollination. The dark red fruits were harvested during the first frost. The hybrid seeds were isolated and then placed on moist germination paper in Petri dishes in November 2017. At the time of radicle protrusion, the seeds were transferred into pots in the greenhouse. During the following year on March 27, the seedlings were transplanted within the Botanic Garden at Jiangxi University of Chinese Medicine (N28N°40′, E115°45′). The two parents and a total of 207 F1 individuals were randomly planted. In April 2019, young leaves from the two parents and all the F1 individuals were harvested and stored in a silica-gel drier for further DNA extraction.
Phenotyping and Data Processing
We measured 12 traits over three continuous years in October 2019, July 2020 and April 2021, and all the traits were measured three times. The detailed measurements are shown in Table 1 and Figure 1. Protractors and Vernier calipers were used to measure the stem inclinations and stem base diameters, respectively. The flexible rule was used to measure the remaining traits. SPSS V17.0 software (SPSS Inc., Chicago, IL, United States) was used for variance analysis. TBtools was used to display the variation and Pearson pairwise correlations graphically among different traits (Chen C. et al., 2020).
TABLE 1 | Detailed measurement methods for the 12 agronomic traits.
[image: Table 1][image: Figure 1]FIGURE 1 | Part of the trait measurement schematic diagram.
Paternity Test
To ensure an expectant hybrid seed panel, a paternity test was conducted using simple sequence repeat (SSR) markers. The total DNA from the two parents and 207 F1 individuals was isolated separately using DNA Rapid Extraction Kit DN1403 (Aidlab Biotechnologies Co., Ltd., Beijing, China). Using the total DNA from the two parents, a total of 25 SSRs from Deng et al. (2015) were used for polymorphic screening. Homozygous and polymorphic SSR markers were selected to genotype the 207 F1 individuals. For example, if the genotypes of the two parents were encoded with “aa” and “bb”, then the genotype of the true F1 offspring was “ab”. The polymerase chain reaction (PCR) system for SSR genotyping was performed in a 10.0 μl volume, with 5 μl 2×Taq MasterMix, 0.2 μl forward primer (F) and reverse primer (R), respectively 1 μl sample genomic DNA and 3.6 μl ddH2O. The system was pre-degenerated at 94°C for 3 min, and then PCR amplification began for 34 cycles of 94°C for 30 s, 55°C for 30 s, 72°C for 30 s, and a final extension at 72°C for 5 min. An 8% denaturing polyacrylamide gel was used to separate the PCR products for further silver staining.
Population GBS Sequencing and Genotyping
Similar to the paternity test, genomic DNA was isolated from the young leaves of GD1, AX5 and 200 true hybrid F1 individuals using the DNA Rapid Extraction Kit DN1403 (Aidlab Biotechnologies Co., Ltd., Beijing, China). The DNA concentration and quality were monitored using a NanoDrop spectrophotometer (ND 2000, Thermo Fisher Scientific, United States) and electrophoresis on 0.85% agarose gels, respectively. Then, GBS libraries were constructed. In brief, the genomic DNA was placed into a combination solution of RsaI and HaeIII for digestion. Products between 429 and 459 bp in length were enriched in 3% agarose gels, and end repair was performed with End Prep Enzyme Mix, followed by 3′A extension and adaptor addition. The dual index for further sample identification was introduced by PCR with eight cycles. Library quantification was performed using an Agilent 2,100 Bioanalyzer (Agilent Technologies, Palo Alto, CA, United States), and all the libraries were mixed into one lane for paired-end sequencing (PE150) at Adsen Biotechnology Co., Ltd (Urumchi, China) using an Illumina NovaSeq 6,000 (Illumina, San Diego, CA, United States). The raw data were filtered to generate high-quality clean data according to Zhao’s criteria (Zhao et al., 2021). The genotyping was processed according to the following steps. First, a Burrows-Wheeler aligner (Li and Durbin, 2009) was used to map the clean reads to the reference genome of gardenia (Xu et al., 2020), followed by duplicate removal (Picard: http://sourceforge.net/projects/picard/). Second, SNPs were called by combining the HaplotypeCaller module of GATK (McKenna et al., 2010) and SAMtools (Li et al., 2009) to guarantee a high-quality SNP dataset. Lastly, dual-detected SNPs with sequencing depths ≥8 in the two parents, segregation distortion p > 0.01 (Chi-square) and integrity ≥60% in the offspring were maintained and encoded into eight genotyping patterns suitable for diploid species (aa × bb, ab × cd, ef ×, e.g., hk × hk, lm × ll, nn × np, ab × cc, and cc × ab). All the genotypes except aa × bb were selected and SMOOTH algorithms (van Os et al., 2005) were used to correct genotypes and imputation for further genetic map construction.
Genetic Linkage Map Construction, QTL Mapping and Gene Annotation Analyses
All the retained SNP markers were assigned into linkage groups (LGs) based on the mapping location on the reference genome of the gardenia (Xu et al., 2020). JoinMap software (V4.1) was applied for linear arrangement within LGs using the mapping function of the cross pollination (CP) model (Van Ooijen 2006). Map distances were estimated using the Kosambi mapping function (Kosambi, 1943). Genetic map visualization was performed using a CheckMatrix heat plot (http://cgpdb.ucdavis.edu/XLinkage/). The Spearman correlation coefficient between the final LGs and the reference genome was calculated and visualized using R (www.r-project.org/). MapQTL V6.0 was used for QTL analyses using the interval mapping (IM) algorithm (Van Ooijen 2009). QTLs were cut off when the LOD (logarithm of odds) values of three continuous SNPs were ≥2.5. Genes underlying stable expressed QTLs were annotated by ANNOVAR (Wang et al., 2010), and functional enrichment analyses were conducted by UniProtKB/Swiss-Prot database (Schneider et al., 2004), Pfam (Bateman et al., 2004), Gene Ontology (Ashburner et al., 2000) and KEGG (kyoto encyclopedia of genes and genomes) (Kanehisa and Goto, 2000).
Genome Synteny Analyses
To explore the evolutionary relationship between gardenia and other Rubiaceae species with chromosome-level genomes, SNP-based high-density genetic maps were aligned to the genomes of Coffea canephora (https://www.ncbi.nlm.nih.gov/genome/12248), Coffea arabica (https://www.ncbi.nlm.nih.gov/genome/?term=Coffea+arabica) and Ophiorrhiza pumila (https://www.ncbi.nlm.nih.gov/genome/97777?genome_assembly_id=1538555) using BLAST (Kent, 2002), and the physical positions of the homologous sequences were used to generate a collinearity diagram in R (www.r-project.org/).
SNP Confirmation by Kompetitive Allele-Specific PCR (KASP)
To confirm the SNPs developed by GBS, we randomly genotyped 96 F1 individuals by KASP using 17 SNPs from five randomly selected QTL regions (Supplementary Table S1). Primer 5.0 was used to design the primers, and BLAST (https://blast.ncbi.nlm.nih.gov/Blast.cgi?PROGRAM=blastn&PAGE_TYPE=BlastSearch&LINK_LOC=blasthome) was used to check the primer specificity. The primer information is shown in Supplementary Table S1. The KASP genotyping processes were conducted in the GeneMatrix system (HC Scientific, Chengdu, China) according to the following three parts: Matrix Arrayer reaction plate preparation apparatus, Matrix Cycler high-throughput water bath thermal cycler, and Matrix Scanner high-speed fluorescence scanner. The PCR system contained 1 μl 2×KASP Master mix (standard ROX) (LGC Biosearch Technologies, United KIngdom), 0.028 μl KASP primer mix and 1 μl sample DNA (∼50 ng/μl). The detailed KASP thermal cycling program was 94°C for 15 min, followed by 10 cycles of 94°C for 20 s, 61–55°C for 20 s (dropping 0.6°C per cycle), 72°C for 45 s, 30 cycles of 94°C for 20 s, and 55°C for 1 min.
RESULTS
Hybridization Test
In the present study, the parents GD1 and AX5 were used as materials, and 47 published SSRs were used for polymorphism tests. A total of 19 pairs of primers were observed to be polymorphic. We further selected markers that were homozygous and polymorphic in the parents. That is, aa×bb-type polymorphic SSRs eGJ026 and eGJ118 were used for genotyping the progeny. A total of 200 progeny out of 207 individuals in the F1 population were true hybrids with the segregation type “ab” (Supplementary Table S1–S2), indicating that the hybridization experiment was strictly controlled.
Genetic Variations in 12 Phenotypes
A set of relatively wide ranges of variations were observed in the crown diameter (CD), stem inclination (SI), plant height (PH), main stem height (MSH), leaf number per plant (LNP), the longest leaf length on stem (LLLS) and the shortest leaf length on stem (SLLS), while mild variations were present in the remaining five phenotypes (Supplementary Table S2). The coefficient of variation (CV) of the leaf-related trait LLLS and the longest leaf width on stem (LLWS) were primarily stationary at the three time points, which was similar to all six growth-related traits, suggesting minor differences among these three time points. Only the leaf-related traits LNS, LNP, SLLS and SLWS demonstrated acute CV fluctuation (Supplementary Table S2). Among every year for the phenotypes at the three time point, CD, PH and LNP exhibited strong correlations with other phenotypes. However, SI had no highly significant correlations with the other ten traits (except SBD). PH had the strongest positive correlations with MSH, with correlation coefficients of 0.95, 0.93 and 0.88 in 2019, 2020 and 2021, respectively. SLLS and SLWS also exhibited a correlation greater than 0.80 in the 3 years (Figure 2). The correlation analysis implied that there was an independent and interdependent relationship between growth-related traits and leaf-related traits.
[image: Figure 2]FIGURE 2 | Variation and Pearson pairwise correlation analyses of growth-related and leaf-related traits of the F1 population. (A), (B) and (C) represent the variation and Pearson pairwise correlations in 2019, 2020 and 2021, respectively. The correlations were calculated with Spearman correlation coefficients, and the p values are indicated as follows: *, p < 0.05; **, p < 0.01; and ***, p < 0.001. The abbreviations given in the histograms are as follows: CD: crown diameter; BSBN: basal stem branch number; SI: stem inclination; PH: plant height; MSH: main stem height; SBD: stem base diameter; LNS: leaf number on stem; LNP: leaf number per plant; LLLS: longest leaf length on stem; LLWS: longest leaf width on stem; SLLS: shortest leaf length on stem; and SLWS: shortest leaf width on stem.
Variation Calling and Genotyping
In total, GBS sequencing generated 29, 630, 679 clean reads after quality control, with 1.77 and 0.83 Gb for the parent AX5 and GD1, respectively. For the offspring, 12, 186, 237 reads (1.81 Gb) were obtained per individual. The statistics showed that the average Q30 was higher than 85%, and the GC content (%) was distributed between 40.29 and 48.18 (Supplementary Table S3). Upon using BWA software to align the sequencing data to the reference genome of gardenia, the mapping rates were 94.38, 93.88 and 96.66% for AX5, GD1 and all the progeny, respectively. These pre-processing procedures indicated a high quality of sequencing data for further analysis.
A total of 154,909 SNPs were detected by combining the GATK and SAMTools, and the genotypes of these SNPs were encoded into eight segregation patterns. Among them, lm×ll, np×nn, hk×hk and aa×bb occupied 47,244, 63,583, 21,048 and 21,834 SNPs, respectively, accounting for 99.23% of the total SNPs (Figure 3). After depth and integrity filtering, the remaining SNPs were used for genetic map construction.
[image: Figure 3]FIGURE 3 | The distributions of SNP marker segregation patterns.
High Density Genetic Map
JoinMap was used to construct a female genetic map containing 2,585 markers spanning 2,348.48 cM and a male genetic map containing 1,963 markers spanning 1,348.38 cM, and both consisted of 11 LGs (Table 2). Integrating the female and male maps formed a sex-average genetic map, which included 4,249 SNPs with a total length of 1956.28 cM and an average genetic distance of 0.46 cM (Table 2; Figure 4). Among them, LG2 was the longest (228.19 cM), including 648 SNPs, and the average genetic distance was 0.35 cM. Conversely, LG3 was the shortest group (110.56 cM) with 468 SNP tags but a higher resolution of 0.24 cM between adjacent markers on average. There were 120 SNPs in LG9, which was the least in all 11 LGs, with 1.19 cM, the largest average distance between adjacent markers. Of the 11 LGs, the proportions of genetic gaps (≤ 5 cM) ranged from 92.44 to 99.79%, with 96.86% on average. No genetic gaps larger than 10 cM were observed in LG2, LG4 or LG8. The largest gap presented on LG7, which was 23.86 cM (Table 2). The detailed information of all the SNPs and the corresponding genetic and physical positions were displayed in Supplementary Table S4.
TABLE 2 | The basic characteristics of the female genetic map, male genetic map and sex-average genetic map.
[image: Table 2][image: Figure 4]FIGURE 4 | High-density sex-average genetic map of gardenia.
The Spearman correlation coefficient between the genetic map and the reference genome was approximately 0.722 and up to 0.901, indicating that the marker ordering of the genetic map was basically accurate (Supplementary Table S5).
QTLs for Growth and Leaf-Related Traits
We divided the 12 traits into two categories, namely, phenotypes associated with gardenia growth (CD, BSBN, SI, PH, MSH, and SBD) and leaves (LNS, LNP, LLLS, LLWS, SLLS, and SLWS). Using the high-density genetic map and continuous phenotypic data, 23, 22, and 9 QTLs were mapped in 2019, 2020 and 2021, respectively, of which 18 QTLs were associated with the growth traits, while 31 QTLs were related to the leaf-related traits (Table 3). These QTLs were distributed in all the LGs of gardenia except LG6, with phenotypic variance explained (PVE) values ranging from 5.6 to 11.7%.
TABLE 3 | QTL mapping results.
[image: Table 3]Eighteen QTLs were detected for the six growth traits except PH, including nine for CD, two for BSBN, one for MSH, three for SI, and three for SBD (Table 3). Two major-effect QTLs, qBSBN7-1 and qBSBN7-2 (PVE = 10–10.1%), were identified with LOD>4, and qBSBN7-1 could be detected in both 2020 and 2021 (Table 3). The LOD of qCD4-1 in 2019 was slightly over 2.5 but was supported by 31 SNPs. Notably, qCD8, which was located in the 182.843–184.973 cM interval, could be repeatably mapped over 3 years, indicating that this QTL could be expressed continuously, contributing to the establishment of the crown (Figure 5). Especially in 2020, the LOD value of qCD8 exceeded four, and PVE exceeded 9%. For SI, there were two QTLs (qSI4-1 and qSI4-2) with a spacing of only 1.322 cM, which were supported by 16 and 12 SNPs, respectively.
[image: Figure 5]FIGURE 5 | Repeatable QTLs for three dynamic phenotyping time points.
In the QTLs of the leaf-related phenotype, four QTLs for LLLS were mapped to LG4, LG9, LG10 and LG11, of which the highest LOD value of qLLLS9 in 2020 was up to 5.3, and the corresponding PVE was equal to 11.7%. The largest number of identified QTLs belonged to trait LNP, up to 12, and was primarily distributed on LG10, of which qLNP2-1, located at 19.951–28.282 cM, was detected for three consecutive years (Table 3; Figure 5). qLNP2-2 and qLNP2-10 were 0.502 cM apart, implying that they might be the same QTL. A total of five QTLs were responsible for SLLS, of which qSLLS11-1, qSLLS11-2 and qSLLS11-3 gathered between 211.278 and 223.331 cM, with 41 supported SNPs. There were three QTLs for LNS on LG7, LG8 and LG9. With respect to SLWS and LLWS, three and two QTLs were mapped, respectively.
We continued to explore the QTLs among different phenotypes and found that there were five pairs of QTLs with shared regions, including qCD8 and qSBD8, qBSBN7 and qSI7, qCD4-1 and qLLLS4, qLNP10 and qSLWS10-2, qSBD10 and qLLLS10 (Table 3; Figure 6), suggesting that each pair underlying a single QTL and pleiotropism might play a significant role in gardenia morphogenesis and vegetative development. The structural and functional gene annotations of the above stable and potential pleiotropism QTLs were isolated, resulting in 2,514 nonredundant genes and the corresponding annotation information (Supplementary Table S6–S7).
[image: Figure 6]FIGURE 6 | Potential pleiotropism QTLs.
KASP-Based SNP Confirmation
We selected 17 SNP-based KASP markers on chromosomes 2, 7, 9, and 11 and a total of 96 samples for SNP accuracy verification. There were 15 out of 17 markers with successful fluorescence signals in the HC KASP platform, accounting for 88.24%. Among these 15 markers, 13 SNP markers showed genotypes consistent with the GBS results of each individual (Supplementary Table S8), indicating the accuracy of the sequencing analysis.
Synteny Analyses
We used this high-density genetic map to investigate the evolutionary relationship of Rubiaceae species, as shown in Figure 7. Different levels of synteny were observed between the LGs of gardenia between C. arabica (A), C. canephora (B) and O. pumila (C). Specifically, relatively strong synteny was consistently noted between LG11 of gardenia and NC_039,919.1 of C. arabica, HG974438.1 of C. canephora, and Bliw01000011.1 of O. pumila, indicating that LG11 was more conserved than other LGs. In addition, this type of stronger collinearity was also found between these pairs: the pair LG10 and C. arabica’s chromosome NC_039,919.1, the pair LG4 and C. canephora’s chromosome HG974438.1, and the pair LG10 and O. pumila’s chromosome BLIW01000011.1. Moreover, chromosomes NC_039,917.1, NC_039,918.1 and NC_039,919.1 demonstrated higher collinearity than other chromosomes in C. arabica. Similarly, chromosomes HG974438.1, HG974437.1 and HG974436.1 in C. canephora and chromosomes BLIW01000010.1 and BLIW01000011.1 in O. pumila displayed stronger synteny than other corresponding chromosomes.
[image: Figure 7]FIGURE 7 | Synteny analyses between the genetic map of gardenia and the genomes of Coffea arabica (A), Coffea canephora (B), and Ophiorrhiza pumila (C).
DISCUSSION
Gardenia is a type of gardening species that has medicinal and industrial value. At present, there is less genetic research on this species. In this study, after constructing an F1 segregating population, the first high-density genetic map of gardenia was accomplished using a high-throughput sequencing method.
Three-year dynamic QTL positioning identified a panel of vegetative growth-related QTLs. We believe that this research will open a new avenue for gardenia molecular genetic research.
NGS has greatly accelerated the process of QTL mapping according to forward genetics, as primarily performed by bulk segregation analysis (BSA), high-density genetic map-based QTL mapping and genome-wide association studies (GWASs) in horticultural plants (Ban and Xu, 2020; Ferrão et al., 2020; Song et al., 2020). GBS, which is rooted in NGS, has opened up new possibilities for genome-wide SNP mining without high investments (Chung et al., 2017). At the cost of approximately 1.8 Gb sequencing data per sample, 154,909 dual-calling SNPs were de novo developed in the present study. Hereafter, the sequencing depth, segregation distortion and integrity control were processed to guarantee a high-quality panel of SNPs for high-density genetic map construction. Using an F1 population of 200 plants of gardenia and GBS-based genotyping, a high-density genetic map harboring 4,249 SNPs was constructed, which showed high resolution (0.46 cM per adjacent SNPs) and satisfied marker orders with an approximately 0.8 collinearity compared with the reference genome, a similar standard as in other species (Ji et al., 2018; Lu et al., 2019; Wang et al., 2020). To evaluate the SNP accuracy, we selected 17 SNPs and genotyped 96 F1 individuals, and high consistency between the KASP and GBS genotypes was observed according to Song’s report (Song et al., 2020). These results indicated that a high-quality and high-density genetic map was generated. Furthermore, the genetic map was used for the QTL mapping responsible for early growth and development traits for three dynamic years, and a total of 49 QTLs for 12 traits (CD, BSBN, SI, PH, MSH, SBD, LNS, LNP, LLLS, LLWS, SLLS, and SLWS) were identified. Because the most useful organ was the gardenia fruit, further QTLs associated with fruit-related traits, such as the weight, shape, size or functional substance content, could be expected in 2022 or later, when all F1 gardenia individuals will transfer to reproductive growth. This high-density genetic map might provide a new lesson for molecular genetic research in gardenia.
As mentioned above, 49 QTLs for 12 traits were mapped, including three stably expressed QTLs, qBSBN7-1, qCD8 and qLNP2-1 (Table 3). These QTLs played persistent roles in the corresponding morphogenesis during the vegetative period and were valuable and useful for MAS-based breeding programs (Jamshed et al., 2016; Galiano-Carneiro et al., 2021). In addition, we also found five regions within two QTLs (qCD8 and qSBD8, qBSBN7 and qSI7, qCD4-1 and qLLLS4, qLNP10 and qSLWS10-2, qSBD10 and qLLLS10), suggesting that each region underlies a single QTL with pleiotropism (Sun et al., 2017; Wang et al., 2018). Notably, there was a genetic basis for the phenotypic correlation between CD and SBD, and CD and LLLS, which was consistent with the strong correlations between CD and SBD (0.40***), and CD and LLLS (0.53***) (Figure 2). The SNPs underlying these stable and pleiotropic QTLs could be further converted into KASP markers and potentially used as MAS markers. Further gene cloning may also benefit from the gene structural and functional annotations underlying stable and potential pleiotropism QTLs (Supplementary Table S6, S7).
Generally, gardenia plants are focused on vegetative development for the first 3 years after seed germination, which is called the juvenile period. A gradual declining trend in QTL numbers was observed from 2019, 2020 to 2021, which might be associated with the fact that the channels of vegetative development gradually slowed, while reproductive growth gradually opened. Furthermore, some year-specific QTLs were found except stable and pleiotropism potential QTLs, which could be explained by specific functions in plant growth phases. This phenotyping-derived dynamic QTL mapping based on continuous development time points has recently been performed in peaches (Desnoues et al., 2016), Populus (Du et al., 2019), Catalpa bungei (Lu et al., 2019), and chrysanthemum (Ao et al., 2019). Compared with these studies, one shortcoming of this study is that phenotyping was conducted at only three time points, which might limit the dissection resolution of the developmental trait inheritance. Currently, high-throughput phenomics combining spectral imaging and machine learning methods provides particular insight into the deciphering of dynamic phenotypes in a way that is plant damage-free (Li and Sillanpää 2015; Adams et al., 2020; Streich et al., 2020; Zhu et al., 2021). Novel dynamic QTL perspectives might be enabled by employing phenomic methods in the near future.
The complex synteny of gardenia with C. arabica, C. canephora and O. pumila (Figure 7) implied that widely chromosomal fission and fusion have happened after their divergence from the common ancestor, similar to other species (Luo et al., 2020; Yang et al., 2020). The synteny levels of all LGs in gardenia indicated that different chromosomes underwent different evolutionary process. Strong synteny in LG10, LG11 and LG4 of gardenia demonstrated that these LGs were more conserved than other LGs. The sequences underlying these conserved regions could be potentially used to speculate the corresponding genetic information of species in Salicaceae, and the QTLs on LG4, LG10 and LG11 (qCD4-1, qSBD10, qSLLS11-3, etc.), potentially orthologous QTLs (Rinaldi et al., 2016; Webb et al., 2016), could be applied for comparative mapping in other species of Rubiaceae. Ta°Cken together, the synteny analyses of this paper may lay a foundation for subsequent comparative genomic research.
One ultimate goal of QTL mapping is to perform QTL fine mapping, screening and gene cloning of candidate genes. This goal was commonly achieved in therophyte plants, such as through map-based cloning (Jia et al., 2020; Yu et al., 2020; Sierra-Orozco et al., 2021). However, for many perennial species, it takes more than 6 years to perform hybridization and further backcrossing, and the population size is always restricted to several hundred, which leads to limited recombination. This limitation makes the process of QTL cloning in perennial species slow. To expedite this process, transcriptomics analysis can be used to call RNA variants and differentially expressed genes (DEGs) within QTL regions (Park et al., 2019; Wen et al., 2019). Other omics analyses, such as metabolomics and proteomics, can also provide useful information on the metabolic chemicals or proteins related to phenotypic variations (Szymański et al., 2020; Mou et al., 2021). In future experimental designs, these analyses will be considered to understand the basis of phenotypic variation comprehensively.
5 CONCLUSION
In this study, we developed a panel of genome-wide high-quality SNPs using the GBS method and providing the first high-density genetic map in the gardenia. SNPs and genetic maps could be useful for further genetic study and evolutionary genomics. Based on this high-density genetic map, 18 and 31 QTLs were identified for growth traits and leaf-related traits at three dynamic phenotyping time points, respectively. Stably expressed QTLs and potential pleiotropism QTLs could be targets for MAS breeding and for further gene cloning.
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Ethiopia is the center of origin for sorghum [Sorghum bicolor (L.) Moench], where the distinct agro-ecological zones significantly contributed to the genetic diversity of the crops. A large number of sorghum landrace accessions have been conserved ex situ. Molecular characterization of this diverse germplasm can contribute to its efficient conservation and utilization in the breeding programs. This study aimed to investigate the genetic diversity of Ethiopian sorghum using gene-based single nucleotide polymorphism (SNP) markers. In total, 359 individuals representing 24 landrace accessions were genotyped using 3,001 SNP markers. The SNP markers had moderately high polymorphism information content (PIC = 0.24) and gene diversity (H = 0.29), on average. This study revealed 48 SNP loci that were significantly deviated from Hardy–Weinberg equilibrium with excess heterozygosity and 13 loci presumed to be under selection (P < 0.01). The analysis of molecular variance (AMOVA) determined that 35.5% of the total variation occurred within and 64.5% among the accessions. Similarly, significant differentiations were observed among geographic regions and peduncle shape-based groups. In the latter case, accessions with bent peduncles had higher genetic variation than those with erect peduncles. More alleles that are private were found in the eastern region than in the other regions of the country, suggesting a good in situ conservation status in the east. Cluster, principal coordinates (PCoA), and STRUCTURE analyses revealed distinct accession clusters. Hence, crossbreeding genotypes from different clusters and evaluating their progenies for desirable traits is advantageous. The exceptionally high heterozygosity observed in accession SB4 and SB21 from the western geographic region is an intriguing finding of this study, which merits further investigation.
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INTRODUCTION

Sorghum [Sorghum bicolor (L.) Moench] is the fifth most important cereal crop in the world next to maize, rice, wheat, and barley in terms of both production and harvested area (FAOSTAT, 2019). It is a major food crop for more than 500 million people across Africa, Asia, and Latin America, particularly for those in the semi-arid tropical regions (Ejeta, 2005). It is grown in drought-prone areas where several other crops cannot reliably grow. Recent FAOSTAT data on annual global production of sorghum showed that it covered about 40 million ha of land and produced grains of ca 57.9 million metric tons (MMT) (FAOSTAT, 2019). The United States, Nigeria, and Ethiopia are the leading sorghum-producing countries in the world with a total production of 8.6, 6.7, and 5.2 MMT, respectively (Statista, 2020). In Africa, sorghum is the second most widely cultivated cereal crop, only surpassed by maize (FAOSTAT, 2019).

Ethiopia is considered as one of the centers of origin and diversity of sorghum (De Wet and Harlan, 1971) due to the presence of wild relatives and diversified forms of the crop in the country. The sorghum gene pool in the country has been used as novel sources of germplasm for crop improvements. For example, genotypes harboring genes that confer resistance to ergot and green bug (Wu et al., 2006) as well as high lysine (Singh and Axtell, 1973) and drought-tolerant (Borrell et al., 2000) sorghum genotypes were identified from the Ethiopian accessions.

Studying the genetic diversity of a crop is very important for effective germplasm management, utilization, and genotype selection for crop improvement (Bucheyeki et al., 2009). It is the most important step for conserving and increasing the rate of genetic gain in crop-breeding programs. The level of genetic diversity within a species is commonly used to measure the level of species adaptability and survival in unpredictable environmental conditions (Rao and Hodgkin, 2002; Govindaraj et al., 2015). Similarly, the level of genetic variation within a population is the basis for germplasm selection in plant breeding and is vital for crop improvement (Mohammadi and Prasanna, 2003). Hence, the conservation and utilization of plant genetic variation are crucial to human food security (Rao and Hodgkin, 2002).

Sorghum is a predominantly self-pollinated diploid species (Poehlman and Sleper, 1979) with 2n = 2× = 20 chromosomes. It has a small genome relative to other cereal crops, which is about 730 Mbp (Paterson et al., 2009). Its whole genome was sequenced and made accessible for public use1 (Paterson et al., 2009; McCormick et al., 2018), which facilitated the development of DNA markers, such as single nucleotide polymorphism (SNPs) for various applications, including analyses of population genetics and identification of genomic regions associated with complex traits through quantitative trait loci (QTL) and association mapping (Too et al., 2018; Girma et al., 2019).

The genetic diversity of crop species can be studied through morphological, biochemical, and molecular markers (Rao et al., 1996; Geleta and Labuschagne, 2005; Mehmood et al., 2008; Enyew et al., 2021). Previous studies on the genetic diversity of sorghum have been carried out by using random amplified polymorphism DNA (RAPD) analysis (Ayana et al., 2000; Ruiz-Chután et al., 2019), simple sequence repeat (SSR) markers (Djè et al., 2000; Ghebru et al., 2002; Manzelli et al., 2007; Ali et al., 2008; Wang et al., 2009; Ng’uni et al., 2011, 2012; Burow et al., 2012; Adugna et al., 2013; Adugna, 2014; Mofokeng et al., 2014; Motlhaodi et al., 2014, 2017), and express sequence tags (EST) SSR markers (Ramu et al., 2013), SNP markers (Cuevas et al., 2017; Afolayan et al., 2019; Cuevas and Prom, 2020). More recently, a few studies have been performed on the genetic diversity of Ethiopian sorghum accessions using SNP markers (Girma et al., 2019; Menamo et al., 2021; Wondimu et al., 2021). These studies brought out the contribution of geographic regions and agro-ecological zones for the genetic variation and population structure of sorghum grown in Ethiopia. However, these studies did not consider genetic variation within populations, as the analyses were based on either a single plant per accession or a pool of individual plants treated as a single sample per accession). Ethiopian Biodiversity Institute (EBI) has conserved more than 9,432 sorghum accessions collected from diverse agro-ecologies across the country.2 However, the genetic diversity of most of the accessions in the collection remains molecularly uncharacterized. Therefore, this study analyzes the genetic diversity and population structure of selected Ethiopian sorghum accessions using SNP markers in order to generate highly important information, which together with previous research results, lead to deeper insight on the sorghum gene pool in the country and beyond.



MATERIALS AND METHODS


Plant Materials

Twenty-four Ethiopian sorghum landrace accessions originally collected by the EBI were obtained from Melkassa Agricultural Research Center (MARC). The accessions were selected to represent three agro-ecological zones according to the classification by Amede et al. (2015) viz. cool/subhumid, cool/semiarid, and warm/semiarid zones (Supplementary Figure 1). Supplementary Table 1 provides details about these accessions, including the sampling locations, as well as major morphological and phenological characteristics. Photographs showing panicle diversity in the Ethiopian sorghum that represents these accessions are provided as Supplementary Figure 2.



Planting, Sampling, and Genomic DNA Extraction

Sorghum seeds representing the 24 accessions were planted using plastic pots filled with soil in a greenhouse at the Department of Plant Breeding, SLU, Sweden. Two weeks after planting, the leaf tissues from individual plants were collected using a sample collection kit provided by LGC-Genomics (Berlin, Germany), as described by Tsehay et al. (2020). Each accession was represented by 15 individual plants, except accession SB10, which was represented by 14 individuals; hence 359 genotypes were sampled in total. The samples were then sent to LGC Genomics (Berlin, Germany) where genomic DNA extraction was conducted for subsequent genotyping. High-quality genomic DNA, suitable for next-generation sequencing (NGS), was extracted using the Sbeadex plant kit.3



SNP Selection, Assay Design, Sequencing, and Genotype Calling

The vast majority of SNPs (97%) used in this study were selected from sorghum genome SNP database SorGSD,4 a web-portal that provides genome-wide SNP markers for diverse sorghum genetic resources (Luo et al., 2016). Among different sorghum lines in the database, Cherekit (an Ethiopian sorghum landrace accession) was targeted for selecting the SNPs. For genotyping, SeqSNP method (an advanced NGS method for genotyping target SNPs) was used. Initially, 12,316 SNPs were targeted for high-specificity (without allowing for off-target hit) assay design, using Sorghum bicolor v3.1.1 genome in Phytozome 12.15 as a reference (Paterson et al., 2009; McCormick et al., 2018). Additionally, 380 SNPs within functionally annotated sorghum genes were identified through the Basic Local Alignment Search Tool (BLAST), searching the genes targeting S. bicolor v3.1.1 genome sequence using Phytozome 12.1 search function were targeted for the assay design. Out of the total 12,696 targets used for the high specificity assay design, 9,495 were totally covered (two oligo probes per target), 1,631 were partially covered (one oligo probe), whereas 1,190 failed.

For the seqSNP genotyping, 5,000 SNPs were selected among the totally covered SNPs, based on their distribution across the sorghum genome. The number of SNPs targeted on chromosome-1 to chromosome-10 included in the order, 532, 521, 572, 506, 497, 515, 437, 446, 465, and 509 (refer to Supplementary Table 2). One hundred fifty-seven of these SNPs belong to 51 functionally annotated genes (Supplementary Table 3). This was followed by the construction of SeqSNP kit LGC, Biosearch Technologies (Berlin, Germany) comprising 10,000 high-specificity oligo probes for the 5,000 target SNPs and construction of a sequencing library. The target sequencing was conducted using Illumina NextSeq 500/550 v2 system with 75 bp single read sequencing mode. In the end, ca 973,000 reads per sample were obtained and the effective target of SNP coverage per sample was 175 times on average. After sequencing, the reads were adapter-clipped and quality-trimmed to get a minimum Phred quality score of 30 over a window of ten bases. After discarding reads shorter than 65 bases. the quality trimmed reads were aligned against the reference genome using Bowtie2 v2.2.3 (Langmead and Salzberg, 2012), and the SNP genotyping pipeline was set to diploid genotyping with a minimum coverage of eight reads per sample per locus. The variant identification and genotype calling were done using Freebayes v1.0.2-16 (Garrison and Marth, 2012).



Data Analysis

The site frequency spectra were analyzed for each accession using DnaSP version 6 (Rozas et al., 2003). The nucleotide diversity (Nei, 1987) and Tajima’s D (Tajima, 1989) were calculated using the PopGenome package (Pfeifer et al., 2014) in R software (R Core Team) to reveal the genome-wide pattern of variation using a sliding window approach (window size = 1 Mb, step size = 200 kb), in line with previous studies in sorghum (Yan et al., 2018), maize, and common bean (Lai et al., 2010; Cortés and Blair, 2018).

The mean effective number of alleles (Ne), observed heterozygosity (Ho), expected heterozygosity (He), Shannon information index (I), and gene flow (Nm) for each SNP marker and accession were estimated using GenAlEx 6.5 (Peakall and Smouse, 2012), and the gene diversity (H) and the polymorphism information content (PIC) were performed using PowerMarker (Liu and Muse, 2005). The Hardy–Weinberg equilibrium (HWE) test was also done using GenAlEx 6.5.

Analysis of Molecular Variance (AMOVA) within and among the accessions as well as at higher hierarchical levels were done using the software, Arlequin ver. 3.5.2.2 (Excoffier and Lischer, 2010). Arlequin was also used for estimating pairwise genetic differentiation between accessions and groups and for detecting outlier SNP markers through a non-hierarchical finite island model. The significance of the differentiation of accessions and groups was tested by 10,000 permutations. The joint distribution of population differentiation (FST) and heterozygosity (heterozygosity within populations)/(1 – FST) were obtained according to Excoffier and Lischer (2010). The loci under selection were identified based on the FST significance level of P < 0.01.

The principal coordinates analysis (PCoA) was done using GenAlEx 6.5. The bootstrap-supported unweighted pair group method with arithmetic mean (UPGMA) clustering based on Nei’s genetic distance (Nei and Takezaki, 1983) was performed using PowerMarker v 3.25 (Liu and Muse, 2005) and the resulting trees were visualized using MEGA-X (Kumar et al., 2018). STRUCTURE v. 2.3.4 software (Pritchard et al., 2000) was used for the Bayesian clustering of the 359 individuals representing the 24 sorghum accessions, at the burn-in period length of 100,000 and a Markov Chain Monte Carlo (MCMC) replications of 100,000. The structure analysis was done for K ranging from two to ten, with ten iterations at each K, to determine the optimum number of clusters (genetic populations). The optimum K value was predicted following the simulation method of Evanno et al. (2005) using STRUCTURE HARVESTER version 0.6.92 (Earl, 2012). A bar plot for the optimum K was determined through Clumpak beta version (Kopelman et al., 2015).




RESULTS


The Quality and Level of Polymorphism of SNP Markers

In the data matrix of 5,000 SNP loci for the 359 sorghum genotypes, missing data accounted for 2.8% and, of those with data, 94.1% were homozygous. Among the 5,000 target SNP loci, 4,301 (86%) were polymorphic, whereas 699 loci (14%) were monomorphic across the 359 genotypes. Among the 4,301 SNP loci, 4,256, 42, and 1 were bi-, tri- and tetra-allelic, respectively, whereas two loci had the combination of SNP and length variants. Tri- and tetra-allelic loci were excluded from further analysis. The filtering of the 4,256 bi-allelic SNP data, based on the percentage of missing data and minimum allele frequency (MAF) resulted in different numbers of loci varying from 2,259 loci with less than1% missing and greater than10% MAF to 3,089 loci with less than 5% missing and greater than 5% MAF. For the population genetics analyses, 3,001 bi-allelic SNP loci with missing data less than 2% and MAF greater than 5% were used (Supplementary Figure 3). About 26% of the markers had MAF between 5 and 10% whereas 31% had MAF between 11 and 20%. About 40% of the markers had MAF greater than 2% (Supplementary Figure 3 and Supplementary Table 4). The SNP markers had a moderately balanced distribution across the chromosomes, ranging from 252 SNPs (8.4%) on chromosome 8–371 SNPs (12.4%) on chromosome 3 (Supplementary Table 4).

The site frequency spectrum revealed high variation in the MAF distribution of the SNPs among the 24 sorghum landrace accessions (Figure 1). All individuals in 67% of the accessions (horizontally, the first 16 accessions in Figure 1) had major alleles in most of their SNP loci although to a different extent. Interestingly, one individual from each of the remaining eight accessions carried minor alleles across most of their SNP loci. The expected site-frequency spectrum determined using a coalescent approach matched the observed frequency distributions fairly well for the accessions, SB2, SB7, and SB19 while it was inversely related to the observed frequency distributionsin accession SB4 (Figure 1). The genome-wide diversity across sorghum landrace accessions was quantified using a sliding window approach (window size = 1 Mbp, step size = 200 kb) to explore the genomic signatures of diversity in sorghum. The analyses resulted in an overall average nucleotide diversity (π) and Tajima’s D of 1.2 and 1.4/Mb, respectively (Figure 2). It is clear from Figure 2 that SNPs representing the centromere regions of each chromosome almost do not exist among the 3,001 SNPs used in this study, and thus the diversity estimates were extremely low or zero. At chromosome level, the highest average nucleotide diversity and Tajima’s D were recorded in chromosome 9 (1.5 and 2.2/Mb) and the lowest in chromosome 7 (1.0/Mb) and chromosome 8 (0.7/Mb), respectively (Figure 2). Previously reported candidate loci for domestication are found at the genomic regions with notably low diversity on chromosomes 2, 4, and 7 (Figure 2). The effective number of alleles found across the 3,001 SNP markers ranged from 1.01 to 1.98 with a mean of 1.16. Observed heterozygosity (Ho) varied from 0.0 to 0.96 with a mean of 0.06 while the mean expected heterozygosity (He) was 0.10 with individual values per locus ranging from 0.01 to 0.49. Similarly, the gene diversity estimates per locus varied from 0.10 to 0.50 with a mean value of 0.29 (Figure 3 and Supplementary Table 4). The average PIC of the loci was 0.24 with individual values ranging from 0.09 to 0.37. In the case of fixation indices, the minimum, maximum, and mean values for FIS were –0.96, 1.00, and 0.45, for FIT they were –0.93, 1.00, and 0.79, and for FST, they were 0.01, 0.95, and 0.63, respectively. The estimates of gene flow (Nm) per locus showed wide variation, ranging from 0.01 to 20.23, with a mean of 0.20 (Figure 3 and Supplementary Table 4).


[image: image]

FIGURE 1. The pattern of site frequency spectrum based on the proportion of the minor allele frequency (MAF) of single nucleotide polymorphism (SNP) in the 24 sorghum accessions.



[image: image]

FIGURE 2. Genome-wide pattern of diversity in the 359 individual plants representing the 24 sorghum accessions. A sliding window approach (window size = 1 Mb, step size = 200 kb) was used to analyze nucleotide diversity and Tajima’s D. The black vertical lines on chromosomes 2, 4, and 7 show the positions of shrunken2 (sh2), amylose extender1 (ae1), and brittle2 (bt2), respectively, which were previously identified as domestication loci in maize and sorghum that are localized at regions of low diversity. The overall average nucleotide diversity (π) and Tajima’s D were 1.2/Mb and 1.4/Mb, respectively.
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FIGURE 3. The mean, minimum (Min), and maximum (Max) values for the number of allele (Na), number of effective allele (Ne), Shannon informative index (I), observed heterozygosity (Ho), unbiased expected heterozygosity (uHe), expected heterozygosity (He), fixation indices (Fis, Fit, Fst), polymorphic information content (PIC), and gene diversity (H) for the 3001 polymorphic SNP loci.


Based on the HWE test, 99.5% of the SNP markers showed significant deviation from HWE (Supplementary Table 4). Among the 3,001 SNP loci, 97.9% were heterozygote-deficient, whereas 1.6% (48 loci) had excess heterozygosity showing significant deviation from HWE (P < 0.05). The candidate genes containing SNP markers showing excess heterozygosity and their annotated functions were retrieved from SorGSD6 and further evaluated. Among the 48 SNP loci that showed excess heterozygosity, nine SNPs lacked one of the three possible genotypes expected in a bi-allelic polymorphic locus under the assumption of HWE. The change in amino acid sequences of the corresponding genes was obtained in all SNPs, except three SNPs (snp_sb001000020838, snp_sb042060612417, and snp_sb042061102446) (Supplementary Table 5).



Genetic Diversity Analysis

The 3,001 polymorphic SNP markers revealed a wide range of variation in the Ethiopian sorghum germplasm, as estimated using different population genetics parameters across the 24 accessions, and are summarized in Table 1. The effective number of alleles of the accessions varied from 1.01 to 1.46 with a mean of 1.21, whereas the mean Shannon’s Information index (I) was 0.25 with individual values ranging from 0.0 (SB14 and SB15) to 0.42 (SB21). The lowest and the highest Ho values varied from 0.01 (SB5, SB14, and SB15 and SB16) to 0.25 (SB21) with a mean of 0.07. Likewise, the He and unbiased expected heterozygosity (uHe) of the accessions ranged from 0.0 to 0.27 and 0.0 to 0.28, respectively with a mean of 0.15 (Table 1). The lowest values were recorded in accessions, SB14, SB15, and SB16, whereas SB21 recorded the highest values for these parameters. The percent polymorphic loci (PPL) of the accessions varied from 0.8 to 91.4% with a mean of 47.7%. The fixation index (F) showed wide variation with values ranging from –0.76 (SB14) to 0.84 (SB3). Overall, accession SB21 showed the highest value for Ne, Ho, He, uHe, I, and the number of locally common alleles (NLCA) and PPL while SB14, SB15, and SB16 showed the lowest values for all genetic diversity parameters analyzed (Table 1).


TABLE 1. Summary of different genetic diversity estimates based on 3,001 SNP markers for each of the 24 sorghum accessions and for a group of accessions grouped according to different agro-ecological zones (cool/semiarid, cool/subhumid, and warm/semiarid), geographical regions (eastern, northern and western), and peduncle shape (bent and erect).

[image: Table 1]
Among the agro-ecological zones, warm/semiarid zones showed the highest values for Ne, Ho, He, uHe, and I whereas cool/subhumid zones showed the lowest in the majority of the genetic diversity estimates. Among the groups of accessions in the three agro-ecological zones, the highest value of PPL, which is equal to 99% and the number of private allele per locus were recorded in warm/semiarid and cool/semiarid zones (Table 1 and Supplementary Table 6). In terms of geographic regions, accessions from the western geographic regions showed the highest values in most of the genetic diversity parameters analyzed (I, Ho, He, and uHe) (Figure 4 and Table 1). For example, the eastern, northern, and western accessions had uHe values of 0.24, 0.21, and 0.37, respectively. Accessions from the eastern geographic region showed the highest value PPL, which is equal to 99.7% and in the number of private alleles. Four private alleles were recorded for the eastern region with MAF ranging from 0.19 to 0.47 whereas two and one private alleles were detected in the accessions originated from the western and northern regions, respectively (Table 1 and Supplementary Table 6). With regard to peduncle shape, accessions with bent peduncles were more diverse than those with erect peduncles as shown by the values of I, Ho He, uHe, and PPL (Figure 4 and Table 1). One hundred thirty-nine alleles were specific to accessions with bent peduncles shape with MAF ranging from 0.09 to 0.32, whereas only one private allele with MAF of 0.14 was specific to accessions with erect peduncles (Supplementary Table 6).
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FIGURE 4. Graphs displaying mean values of different genetic diversity parameters estimated based on 3,001 SNP markers for a group of sorghum accessions grouped according to their (A) geographic regions, (B) agro-ecological zones, and (C) peduncle shape. Na = No. of different alleles; Ne = effective number of alleles; I = Shannon’s information index; Ho = observed heterozygosity; uHe = unbiased expected heterozygosity; He = expected heterozygosity; F = fixation index; NPA = number of private alleles.




Genetic Differentiation of Accessions and Hierarchical Groups

The results of the AMOVA without grouping the accessions showed that 64.5% of the total variation was observed among accessions and 35.5% within accessions (FST = 0.65; FIS = 0.47, P < 0.001) (Table 2). Additionally, hierarchical AMOVA was conducted by grouping the accessions according to their geographic regions, agro-ecological zones of their collection sites, and their peduncle shape. In this analysis, 19.5% of the total variation was observed among the geographical regions, which is a highly significant differentiation (FCT = 0.20, P < 0.001). Similarly, significant differentiation was found among peduncle shape groups with 4.3% of the total variation between them (FCT = 0.04, P < 0.05) (Table 2). However, only 1.83% of the total variation accounted for the variation among the agro-ecological zones, which is statistically insignificant (FCT = 0.02 and P = 0.17) (Table 2).


TABLE 2. Analysis of molecular variance (AMOVA) for 24 accessions without grouping, and by grouping them based on their geographic regions, agro-ecological zones, and peduncle shapes.
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Population Differentiation and Gene Flow

The pairwise population differentiation analysis revealed significant differentiation among all pairs of accessions with FST values ranging from 0.18 to 0.99 (Figure 5 and Supplementary Table 7) except in the case of SB16 vs. SB12, which was not significant (FST = 0.02, P > 0.05). The pairs of accessions with the highest FST value (0.99) were SB14 vs. SB15 and SB15 vs. SB16, corresponding to the lowest estimate of gene flow (Nm = 0; Supplementary Table 7). The mean FST values for the differentiation of each accession from all other accessions varied from 0.47 to 0.81. Accessions SB15, SB14, and SB5 were the most differentiated with FST values of 0.81, 0.80, and 0.78, respectively, whereas SB18 was the least differentiated accession (FST = 0.47) (Figure 5 and Supplementary Table 7).
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FIGURE 5. Graphical display of pairwise genetic differentiation (FST) among the 24 sorghum accessions. The differentiation between each pair was significant (P < 0.05) except in the case of SB12 vs. SB16.


The analyses of the average number of pairwise differences (πxy) and the pairwise net number of allele differences (Nei’s distance, d) between the accessions revealed a wide variation with πxy ranging from 1.2 (SB12 vs. SB16) to 1,197.2 (SB6 vs. SB15) and d ranging from 0.001 (SB12 v.s SB16) to 0.56 (SB21 vs. SB6 and SB1 vs. SB14) (Figure 6 and Supplementary Table 8). Accessions SB1, SB6, and SB21 also showed a higher pairwise net number of allele differences (Nei’s distance, d) with other accessions (Figure 6 and Supplementary Table 8). In line with the results of the pairwise FST analysis, the average number of pairwise differences and Nei’s distance were the lowest for SB16 vs. SB12 suggesting that these two accessions are genetically very similar. The average number of pairwise differences within accessions also showed wide variation with the values ranging from 10 (SB14) to 840 (SB21). This parameter was very low for SB15 and SB16, as with SB14 (Figure 6 and Supplementary Table 8).
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FIGURE 6. Average number of pairwise differences within and between sorghum accessions: average number of pairwise differences among the accessions (πxy) (above diagonal, in green), average number of pairwise differences within accessions (π) (diagonal, in orange), and pairwise net number of allele differences among the accessions (d) (below diagonal, in blue).


At the geographic region level, the pairwise FST values among each pair of the three groups were significant (P < 0.001). However, accessions from the western region were the most distinct with higher differentiation from those from the northern and eastern regions (FST = 0.40 and 0.35, respectively). Among the three pairs, accessions from the eastern vs. northern regions were the least differentiated (FST = 0.12) (Supplementary Table 7). Similar to that of geographic regions, the FST values among each pair of the accessions from the three agro-ecological zones were also significant (P < 0.001). The accessions belonging to the cool/subhumid group were the most differentiated having FST values of 0.13 and 0.10 against warm/semiarid and cool/semiarid groups, respectively. The warm/semiarid vs. cool/semiarid groups were the least differentiated (FST = 0.08) among the three pairs (Supplementary Table 7). The average number of pairwise differences and Nei’s distance among the geographic regions and agro-ecological zones had a similar pattern with that of pairwise FST-based differentiation, revealing that the western region was the most differentiated group. In the case of pairwise differences within regions, accessions from the western region had the highest variation whereas the lowest was recorded for the northern region. With regard to agro-ecological zones, warm/semiarid and cool/subhumid zones showed the highest and lowest variations, respectively (Supplementary Table 7).

The non-hierarchical finite island model-based analysis involving the examination of the joint distribution of FST and heterozygosity among accessions to detect loci under selection revealed 74 SNP loci that were highly significant (P < 0.01). Among them, 61 loci had low FST value (ranging from –0.02 to 0.35), and hence were considered as candidates for balanced selection. Whereas 13 loci (Table 3) had high FST values (ranging from 0.81 to 0.94), and hence considered as under directional selection. The MAF of these loci ranged from 0.05 to 0.34. The markers were distributed on chromosomes 1, 5, 6, 7, and 9 with over 50% of them located on chromosome 7 (Table 3). The candidate genes containing these SNP markers and their putative functions were identified through BLAST searching the sorghum v3.1 genome at Phytozome 12.1 (Table 3).


TABLE 3. The list of 13 SNP loci that were identified as loci under selection and their descriptions.
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Cluster Analyses of Individual Genotypes and Accessions

The unweighted pair group method with arithmetic mean-based cluster analysis of the 359 individual genotypes generated a dendrogram of three major clusters, which were denoted by different line colors in Figure 7. The cluster analysis at the accession level resulted in the clustering of the 24 accessions into two groups. In the case of individual genotypes, Cluster I consisted of 316 individuals, whereas Cluster II comprised 43 individuals, respectively. The cluster analysis showed that at least the majority of individuals from the same accessions were clustered together (Figure 7). All individuals of an accession were clustered closely together in several cases. For example, all individuals from accessions, SB21 and SB4 were clustered in Cluster I and Cluster II, respectively. In other cases, a few individuals of an accession were placed under different clusters. For instance, two individuals from accession SB1, one individual from SB6, SB17, and SB22 were separated from the other members of their accession and grouped with other genotypes in different clusters. Except in a few cases, most accessions were clearly clustered based on their geographic regions (Figure 8A). On the other hand, the clustering pattern of the accessions according to their agro-ecological zones or administrative regions was less resolved, as accessions were mostly clustered irrespective of their groups (Figures 8B,C).


[image: image]

FIGURE 7. Unweighted pair group method with arithmetic mean (UPGMA) dendrogram of 359 individuals representing the 24 sorghum accessions generated based on Nei’s genetic distance (Nei and Takezaki, 1983). The individual samples were coded in a way that the first two letters (SB) with either two- or three-digit numbers represent their accessions and the last two-digit numbers represent the codes for the individual plant in that accession. Individuals denoted by the same color and shape belong to the same accession.



[image: image]

FIGURE 8. The UPGMA dendrogram of the 24 accessions generated based on Nei’s genetic distance (Nei and Takezaki, 1983) calculated using the genotypic data of 3,001 SNP markers. Accessions denoted by the same color labels belong to the same (A) geographic region, (B) agro-ecological zone, and (C) administrative region.




Principal Coordinate Analysis

Principal coordinate analysis was performed to determine the relationship between the sorghum accessions and individuals within the accession, which grouped the accessions into three separate clusters (Figure 9A and Supplementary Figure 4). The first and second coordinates explained 29.5 and 12.4% of the total variation among the accessions, respectively. Similar to the cluster analysis, PCoA revealed that accessions SB1, SB4, SB6, and SB21 are the most differentiated groups being clearly separated from the other accessions along the first principal coordinate (Figure 9A).
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FIGURE 9. (A) Principal coordinates analysis (PCoA) showing the clustering pattern of the 24 Ethiopian sorghum accessions and accessions denoted by the same color labels and shapes belonging to the same geographic region and (B) a graphical display of the population genetic structure of the 24 sorghum accessions for K = 2. The two colors represent the two clusters (genetic populations) and each color of an accession represents the average proportion of the alleles that placed that accession under the corresponding clusters.




Population Structure

The admixture model-based population structure of the 359 individuals representing the 24 accessions was inferred using STRUCTURE software. The analysis of the STRUCTURE output using STRUCTURE HARVESTER program (Earl, 2012) that implemented ΔK method of Evanno et al. (2005) revealed that the optimal number of genetic clusters is two (Supplementary Figure 5). The results suggest that the 24 sorghum accessions originate from two genetic populations as graphically depicted in Figure 9B. In line with the results of the cluster analysis and PCoA, accessions SB1, SB4, SB6, and SB21 were significantly differentiated groups, as the majority of their alleles belong to a different genetic population (represented by orange in Figure 9B) as compared to the other accessions.




DISCUSSION


SNP Markers and Their Use in Genetic Diversity Analysis of Sorghum Gene Pool

Genetic diversity analysis of crop species is an important step in detecting alleles that could be used for their improvement through breeding. The Ethiopian sorghum gene pool has been used as a novel source of biotic and abiotic stress tolerance, greatly contributing to the improvement of sorghum, globally (Adugna, 2014). The gene pool has been utilized in various studies that aimed at the identification of novel QTLs and genes governing complex traits (Cuevas and Prom, 2013, 2020; Cuevas et al., 2017; Menamo et al., 2021). Since polymorphism within genes or their close vicinity is expected to be the main basis of phenotypic variation, priority was given to SNPs located in genes in the SNP selection process in this study. Because of simplicity and abundance in plant genomes, bi-allelic SNPs are the most commonly used SNPs used in genetic analyses. In the present study, 86% of the genotyped bi-allelic SNP loci were polymorphic, which can be considered high. This is most likely because, the SNP selection was mainly made based on the SNPs recorded for the Ethiopian sorghum genotype, Cherekit at the SorGSD database. The vast majority of the SNP loci (94.1%) were homozygous across the 359 individual samples genotyped, which is not surprising as sorghum is a self-pollinating crop.

The variation in allele frequency distribution among accessions shown by the analysis of site frequency spectrum indicates a high level of genetic diversity in the Ethiopian sorghum. Accessions containing individual genotypes dominated by minor alleles across the loci require further investigations to reveal the phenotypic diversity of desirable traits. The overall nucleotide diversity (π) of 1.2 recorded in this study is in agreement with the result of a previous study on sorghum landraces (Mace et al., 2013). However, it is higher than the values reported in some other studies on sorghum (Morris et al., 2013; Yan et al., 2018). Similarly, the overall Tajima’s D value recorded in this study was 1.4, which is lower and higher than values reported in Morris et al. (2013) and (Mace et al., 2013), respectively. Among the seven starch-related genes, amylose extender1 (ae1), brittle2 (bt2), Opaque2 (O2), shrunken1 (sh1), shrunken2 (sh2), sugary1 (su1), and waxy1 (wx1), previously identified as candidates of domestication loci (Whitt et al., 2002; De Alencar Figueiredo et al., 2010; Morris et al., 2013), three of them (sh2, ae1, and bt2) are found at the genomic regions with notably low diversity on chromosomes 2, 4, and 7, respectively (Figure 2). The bt2 gene on chromosome 7 coding for a starch biosynthesis enzyme has been shown to be a likely domestication locus in sorghum and maize (Whitt et al., 2002; De Alencar Figueiredo et al., 2010; Morris et al., 2013). The low recombination rates in the pericentromeric region or the presence of other loci under selection in this region may be the reason for the low diversity in the present study and previous studies on sorghum (Morris et al., 2013).

The average Ho of 0.06 obtained in the present study was in line with the results of previous studies on sorghum employing SNP markers (Cuevas et al., 2017) and SSR markers (Ng’uni et al., 2011) (Ho = 0.04), (Ramu et al., 2013; Motlhaodi et al., 2014) (Ho = 0.09), (Motlhaodi et al., 2017) (Ho = 0.03). The Ho was expected, as sorghum is a predominantly a self-pollinating crop (Poehlman and Sleper, 1979). Gene diversity (H) and PIC are the most common measures of polymorphism of markers, which shed light on the evolutionary pressure on the alleles and the mutation rate at a locus over time (Shete et al., 2000; Wilkinson et al., 2012). The total genetic diversity in a population can be estimated through the analyses of a large number of informative markers across their genome (Melchiorre et al., 2013). The gene diversity of the SNP markers across all accessions in this study ranged from 0.1 to 0.50 with a mean of 0.29, which is high. Informative markers could be used for genotyping populations for genetic diversity studies, and the informativeness of the markers can be measured by their PIC value (Salem and Sallam, 2016). In the case of bi-allelic SNP markers, the maximum PIC value of 0.375 is attained when both alleles have a frequency of 0.5. In the present bi-allelic SNP-based study, the PIC values ranged from 0.09 to 0.375 with the overall average of 0.24, which is comparable with previous studies on sorghum using SNP markers (Afolayan et al., 2019; Silva et al., 2021; Wondimu et al., 2021). Forty-seven percent of these SNP loci have a PIC value of greater than 0.25 and hence they are highly informative and could be used for various applications including population genetic studies of sorghum.

Selections, both natural and artificial, as well as inbreeding, contribute to the deviation of populations from HWE. In this study, 98% of the loci showed heterozygote deficiency while 1.60% of the loci showed excess heterozygosity. Since sorghum is a predominately self-pollinating species, heterozygote deficiency at the vast majority of the loci can be attributed to inbreeding. However, the small proportion of loci showing excess heterozygosity suggests that they could be under selection or linked to loci under selection. Among the SNP loci that showed excess heterozygosity, nine loci lacked one of the two homozygous genotypes. The data suggest that one of the two alleles at each locus reduces the fitness of homozygous genotypes, or the locus is linked to another locus within its corresponding gene or the nearby gene that has a significant fitness value. Most of these SNP markers are within the coding region of genes. For instance, snp_sb001000687053, snp_sb001000723312, snp_sb042060543510, snp_sb042060515233, and snp_sb042060517985 are within the coding region of senescence-related gene 1, tetratricopeptide repeat (TPR)-like superfamily protein, cysteine proteinases superfamily protein, C-terminal domain phosphatase-like 4, and hydroxyproline-rich glycoprotein family protein, respectively. These genes had major roles in the growth, development, physiology, and biotic and abiotic stress tolerances in plants. For instance, hydroxyproline-rich glycoproteins (HRGPs) play a major role in the growth and development of plants (Showalter et al., 2016) while cysteine proteinases play an important physiological process ranging from seed germination (Becker et al., 1994) to senescence (Valpuesta et al., 1995). Therefore, further study that investigates the effect of these SNPs on the response of sorghum to abiotic and biotic stresses is of high significance.



Genetic Diversity Within Accessions

The average He (0.15), I (0.25), and PPL (47.7%) obtained in the present study suggest low genetic variation within the sorghum accessions. In general, the relatively low genetic variation within landrace accessions in the present and previous studies on sorghum (Ng’uni et al., 2011; Motlhaodi et al., 2017) is likely due to the combination of its inbreeding nature and due to the strict selection criteria of farmers. However, the variation within accessions varied widely. In this regard, accessions from the western region [Benishangul-Gumuz, Gambella, and Southern Nations, Nationalities and Peoples’ Region (SNNPR)] had higher variation than other accessions with SB21 being the most diverse accession followed by SB4. Accessions from this region (SB21, SB1, and SB4) are characterized by bent peduncle and light brown seeds with the exception of the red seed color of SB1.

Mengistu et al. (2020) also reported higher gene diversity and PIC for accessions from the Benshangul-Gumuz, Gambella, and SNNP regions as compared to the other regions in Ethiopia. The higher variation within accessions from these regions may suggest less human selection pressure on the landraces as compared to sorghum grown elsewhere in the country. Since the genetic diversity of populations implies their potential to adapt to environmental changes (Markert et al., 2010), sorghum landraces from this region may serve as a potential source of genes for biotic and abiotic stresses. Another interesting result of this study is a significantly higher Ho in two of the three accessions (SB4 and SB21) from the western regions as compared to all other accessions. Higher Ho suggests a higher outcrossing rate in these accessions, which might have allowed for gene flow through pollen and hence increased the variation within the accessions. The results suggest the western region as an important source of sorghum genotypes with desirable traits, such as tolerance to biotic and abiotic stresses. On the other hand, most accessions from Northern Ethiopia (Tigray and Amhara) had very low variation within accessions. Their average Ho was 0.03, indicating that the vast majority of the loci in the genotypes of these accessions were homozygous. In this group, accessions SB5, SB14, SB15, and SB16 can be regarded as pure lines, as individuals within each accession are almost identical across the whole loci. On the other hand, other accessions in this group (SB6, SB13, and SB22) are more diverse although their heterozygosity is still very low. Since the loss of heterozygosity increases the chance of deleterious recessive alleles being expressed in the progeny (Radosavljević et al., 2015), these accessions may be more susceptible to biotic or abiotic stresses unless they have been selected for tolerance against these stresses over time.



Genetic Differentiation of Accessions and Hierarchical Groups

In this study, most of the total variations (64.5%) were observed among the accessions than within the accessions (35.5%). The lower genetic variation within the accessions is expected in self-pollinating crops like sorghum (Hamrick, 1983). In addition, strict farmers’ selection for crop improvement might have contributed to the lower within-accession variation, which were clearly displayed in accessions, such as SB14 and SB15. Previous genetic diversity studies through SNP and SSR markers also showed a higher genetic variation among sorghum accessions than within the accessions. For instance, SNP-based genetic diversity study on sorghum accessions from Ethiopia showed that the variation among and within the accessions accounted for 59.6 and 40.4% of the total variation, respectively (Mengistu et al., 2020). Similarly, genetic diversity study through SSR markers on sorghum accessions from Zambia revealed 82 and 18% genetic variations among and within the accession variations, respectively (Ng’uni et al., 2011). Motlhaodi et al. (2017) reported a significant genetic variation among 22 accessions of sorghum, which accounted for 66.9% of the total variation while the within accession variation accounted for 23.6%. However, high genetic variation within sorghum accessions were reported on sorghum studied through SNP markers (Afolayan et al., 2019) and SSR markers (Manzelli et al., 2007; Adugna, 2014), suggesting that the accessions are not under selection processes.

Several studies have shown that the diversity of sorghum is associated with geography, agro-ecology, ethnicity, or botanical racial classifications (Barnaud et al., 2007; Ng’uni et al., 2011; Faye et al., 2019; Menamo et al., 2021). Significant genetic variations among the geographic regions and peduncle shape groups were observed in this study as shown by hierarchical AMOVA. Among the geographic regions, the western and eastern regions had higher genetic diversity than the northern region as shown by average He and the percentage of polymorphic loci, which were higher than the overall average (He = 0.24 and PIC = 89%). The western region accessions were the most distinct, with higher differentiation from those of the northern and eastern geographic regions. The major sorghum growing area (northern region) of the country had relatively low genetic variation probably due to intensive farmers’ selection of landraces to cope with the local environmental factors, such as the duration of the rainy season. The diversity of the crop has been reduced over time due to the recurrent drought in this major sorghum-growing region of the country. Overall, farmers in the drought-prone lowland areas tend to use early maturing and high yielding types and or shift their production systems to more vulnerable and low yielding early maturing crop species, such as tef (Eragrostis tef) (Adugna, 2014), which may provide genetic erosion of the sorghum landraces in these regions. High adoption of early maturing improved varieties in drought-prone areas in the northern region was also reported (Tesfaye et al., 2013).

Private alleles represent a unique genetic variability at certain loci of a particular population or hierarchically grouped populations. In this study, private alleles were not detected at the population level, but were recorded in all geographic regions. The Eastern region had a higher number of private alleles as compared to the western and northern regions, and hence it may serve as a rich source of desirable alleles for sorghum improvement. Private alleles generally support the potential to respond to a selection or have evolutionary significance (Petit et al., 1998). Information on private alleles is crucial for selecting highly diverse genotypes that can be used in breeding programs as a source of parental lines for crossbreeding that would eventually lead to new cultivars enriched with desirable alleles (Brondani et al., 2006; De Oliveira Borba et al., 2009; Salem and Sallam, 2016). The presence of more private alleles in the eastern region suggests the good in situ conservation status of sorghum in that location. Hence, further studies that explore the region for highly desirable traits need to be conducted, especially for use in sorghum-breeding programs.

Sorghum genotypes showed a significant genetic differentiation based on their peduncle shape, possibly because the shape of the peduncle influences the mating system, with the architecture of very bent peduncle obstructing pollination with outcrossed pollen. A more interesting finding was that accessions with bent peduncles exhibited higher genetic variation on average than those with erect peduncles. Unlike previous studies on Ethiopian sorghum (Menamo et al., 2021; Wondimu et al., 2021), sorghum accessions were not significantly differentiated according to agro-ecology in this study. However, a high significant genetic difference among the three pairs of agro-ecological zones was observed and the warm/semiarid zones showed the highest genetic diversity among the agro-ecological zones. Private alleles were detected from warm/semiarid and cool semiarid zones. Cool/subhumid zones, however, did not exhibit any private allele.

In the present study, 13 SNP loci were identified as loci under selection through the determination of the joint distribution of FST and heterozygosity. More than 50% of these SNP loci are located on chromosome 7 of the sorghum genome, suggesting that this chromosome carries many genes under natural selection or targeted by farmers directly or indirectly during and after domestication. These SNPs include those located in genes coding for zinc finger CCCH type family protein, DEAD-box ATP-dependent RNA helicase 42 and pentatricopeptide (PPR) repeat-containing proteins, which play a crucial role in plant responses to biotic and abiotic stresses (Peng et al., 2012; Xing et al., 2018; Nidumukkala et al., 2019). Hence, further study on these loci using individual genotypes that carry different alleles may shed more light on their significance in terms of desirable traits.



The Clustering Pattern and Population Structure of the Sorghum Accessions

Unweighted pair group method with arithmetic mean clustering based on Nei’s genetic distance (Nei and Takezaki, 1983) placed the individuals from the 24 accessions into three clusters. In line with the generally low genetic variation within accessions revealed through different analyses, there was a clear clustering pattern of individual genotypes according to their accessions. At the accession level, the cluster analysis generated three distinct clusters that matched the three clusters of the PCoA, which explained 42% of the total variation in its first two principal axes. The STRUCTURE analysis also generally agrees with the observed clustering pattern although it suggested two genetic populations (K = 2) as the best representation of the germplasm studied. Most of the alleles of the most distinct clusters in UPGMA and PCoA analyses (containing SB1, SB4, SB6, and SB21) originate from the first genetic cluster of STRUCTURE analysis (shown orange in Figure 9). Hence, it is interesting to crossbreed individual genotypes in these accessions with genotypes of genetically uniform accessions (e.g., SB14 and SB15), and evaluate the progeny generations for desirable traits.

In this study, the significant differentiation among geographic groups but not among agro-ecological groups revealed through AMOVA was also evident in the cluster analysis at the level of accessions. Based on redundancy analysis in their recent study on sorghum, Menamo et al. (2021) reported that agro-ecology is more important than the administrative region in defining the genetic variation in sorghum, which is not in agreement with the present study. The present study showed that the genetic diversity of Ethiopian sorghum landrace accessions was more structured along the geographical regions than along the administrative regions or agro-ecological zones. The lack of clear genetic differentiation of sorghum along the administrative regions, which was also previously reported (Ayana and Bekele, 2000; Desmae et al., 2016; Wondimu et al., 2021), could be explained by a high gene flow because of extensive exchange of seeds among farmers across adjacent regions where sorghum is a major crop.




CONCLUSION

In this study, SeqSNP method was used to genotype diverse sorghum accessions using a combination of previously developed and newly identified gene-based SNP markers. Despite the fact that they were gene-based, the SNP markers revealed a comparable genetic variation from the previous studies using SNP markers in sorghum. About half of the SNP markers can be regarded as highly informative and can be prioritized for future population genetics studies. A significant number of loci exhibited excess heterozygosity and/or were presumed to be under selection, some of which are located within genes playing crucial roles in plant responses to biotic and abiotic stresses. Further research on these loci using genotypes carrying different alleles may shed light on their significance in terms of desirable traits. The observed highly significant genetic differentiation among the sorghum accessions will be beneficial to the sorghum breeders in selecting desirable parents for crossbreeding. The sorghum accessions formed three distinct clusters, and it is therefore interesting to crossbreed genotypes from different clusters to evaluate their progeny for desirable traits. In this study, highly significant variations were observed among the geographic regions and peduncle-shaped groups. Compared to the western and northern regions, the eastern region had a higher number of private alleles, and hence it may serve as a rich source of desirable alleles for improving sorghum. Lastly, given that sorghum is generally regarded as a self-pollinating species, an exceptionally high heterozygosity observed in accessions, namely, SB4 and SB21 from the western geographic region, is an interesting result of this study, and should be further investigated.
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Supplementary Figure 1 | Geographical maps of Ethiopia showing (A) the original sampling locations of the sorghum accessions with red, green, and blue colors to highlight the western, northern, and eastern geographic regions, respectively and (B) the agro-ecological zones of Ethiopia as per the Global 16 Class classification system by Amede et al. (2015).

Supplementary Figure 2 | The panicle diversity of sorghum landraces grown in the country.

Supplementary Figure 3 | Minor allelic frequency (MAF) range of 3,001 SNP markers used for genetic diversity and population structure analyses of 359 individual plants representing the 24 sorghum accessions.

Supplementary Figure 4 | Principal coordinates analysis (PCoA) showing the clustering pattern of the 359 individuals of sorghum landraces and individuals denoted by the same color labels and shapes belonging to the same geographic region.

Supplementary Figure 5 | Inferred population structure of 24 sorghum accessions at K = 2. ΔK plot showing its maximum value at K = 2 suggesting two as the optimal number of genetic populations.
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Enset (Ensete ventricosum) is a multipurpose crop extensively cultivated in southern and southwestern Ethiopia for human food, animal feed, and fiber. It has immense contributions to the food security and rural livelihoods of 20 million people. Several distinct enset landraces are cultivated for their uses in traditional medicine. These landraces are vulnerable to various human-related activities and environmental constraints. The genetic diversity among the landraces is not verified to plan conservation strategy. Moreover, it is currently unknown whether medicinal landraces are genetically differentiated from other landraces. Here, we characterize the genetic diversity of medicinal enset landraces to support effective conservation and utilization of their diversity. We evaluated the genetic diversity of 51 enset landraces, of which 38 have reported medicinal value. A total of 38 alleles across the 15 simple sequence repeat (SSR) loci and a moderate level of genetic diversity (He = 0.47) were detected. Analysis of molecular variation (AMOVA) revealed that only 2.4% of the total genetic variation was contributed by variation among the medicinal and non-medicinal groups of landraces, with an FST of 0.024. A neighbor-joining tree showed four separate clusters with no correlation to the use-values of the landraces. Except for two, all “medicinal” landraces with distinct vernacular names were found to be genetically different, showing that vernacular names are a good indicator of genetic distinctiveness in these specific groups of landraces. The discriminant analysis of the principal components also confirmed the absence of distinct clustering between the two groups. We found that enset landraces were clustered irrespective of their use-value, showing no evidence for genetic differentiation between the enset grown for ‘medicinal’ uses and non-medicinal landraces. This suggests that enset medicinal properties may be restricted to a more limited number of genotypes, might have resulted from the interaction of genotype with the environment or management practice, or partly misreported. The study provides baseline information that promotes further investigations in exploiting the medicinal value of these specific landraces.
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INTRODUCTION

Enset (Ensete ventricosum; also called Abyssinian banana) is a herbaceous, monocarpic perennial plant that grows from 4 to 10 m in height. It resembles and is closely related to bananas in the genus Musa, and these, together with the monotypic genus Musella, form the family Musaceae (Borrell et al., 2019). Enset is a regionally important crop, mainly cultivated for starchy human food, animal feed, and fiber. It contributes to the food security and rural livelihoods of a quarter of the population of Ethiopia (Yemataw et al., 2016). It is resilient to extreme environmental conditions, especially to drought (Tsegaye and Struik, 2002) and it is considered a priority crop in areas where the crop is grown as a staple food (Brandt et al., 1997).

The use of indigenous plant species to treat several ailments such as cancer, toothache, and stomach ache in different parts of Ethiopia has been frequently reported (Chekole, 2017; Megersa et al., 2019; Tesfaye et al., 2020). In addition to the extensive use of enset as human food and animal feed, some enset landraces play a well-known and important role in traditional medicine due to their use in repairing broken bones and fractures, assisting the removal of placental remains following birth or an abortion, and for treatment of liver disease (Terefe and Tabogie, 1989; Tsehaye and Kebebew, 2006; Olango et al., 2014). In the comparison of different medicinal plant species, Ensete ventricosum was ranked first by the local people for its medicinal use (Tefera and Kim, 2019). A compound that has anti-bacterial and anti-fungal activities extracted from E. ventricosum (Hölscher and Schneider, 1998) can be related to the traditional medicinal use of the plant by society. The free amino acid composition analysis of enset landraces indicates that high arginine content could be the other reason for their medicinal properties, as it is associated with collagen formation, tissue repair, and wound healing via proline, and it may also stimulate collagen synthesis as a precursor of nitric oxide (Tamrat et al., 2020a). However, experimental studies on different enset landraces claimed to have traditional medicinal importance are scant.

Enset production has been constrained by various plant pests, diseases, and abiotic factors (Merga et al., 2019; Kidane et al., 2021). The loss of some valuable enset genotypes due to various human and environmental factors was also previously reported (Gebremaryam, 1996; Negash et al., 2002). The existence of a gap in collections and conservation of enset landraces was also reported (Dalle and Daba, 2021). Medicinal landraces may be more threatened than others because when a person is ill, the medic is usually given the plant (free of charge) to cure the ailment of the patient, but the farmer does not have an economic reason to propagate and replant the medicinal landraces. Moreover, these landraces are highly preferred by wild animals like porcupines and wild pigs (Negash, 2007) and are more susceptible to diseases and drought (Nuraga et al., 2019a). Since these factors might lead to the complete loss of some of these important landraces, attention needs to be given to the conservation and proper utilization of the landraces that play important roles in traditional medicine.

Conserving domesticated enset diversity as seeds have been considered challenging for several reasons (Tamrat et al., 2020b), and the existing seed conservation measures of the enset crop and its wild relatives is insufficient (Guzzon and Müller, 2016). The most common method of conserving the genetic resources of vegetatively propagated plants like enset is in a field gene bank, which is very costly in terms of requirements for land, maintenance, and labor. In such cases, a clear understanding of the extent of genetic diversity is essential to reduce unnecessary duplication of germplasm (Rao and Hodgkin, 2002). Assessment of diversity using phenotypic traits is relatively straightforward and low cost (Cholastova and Knotova, 2012), and is the first step in identifying duplicates of accessions from phenotypically distinguishable cultivars. However, due to the influence of the environment on the phenotype, evaluating genetic variation at the molecular level is important.

Molecular markers are powerful tools in the assessment of genetic diversity which can assist the management of plant genetic resources (Virk et al., 2000; Teixeira da Silva et al., 2005). Previous enset genetic diversity studies have used molecular techniques including amplified fragment length polymorphism (AFLP; Negash et al., 2002), random amplification of polymorphic DNA (RAPD; Birmeta et al., 2002), inter simple sequence repeat (ISSR; Tobiaw and Bekele, 2011), and simple sequence repeat (SSR; Getachew et al., 2014; Biswas et al., 2020). SSR markers are highly polymorphic, co-dominant and the primer sequences are generally well conserved within and between related species (Karaagac et al., 2014). Recently, (Gerura et al., 2019) and (Olango et al., 2015) have reported the measurement of genetic diversity of enset using SSR markers. The previous studies were carried out on landraces from specific locations, and there was no identification and diversity study on enset landraces used for traditional medicine and other landraces. Therefore, the current study was conducted to investigate the extent of genetic diversity and the relationship that exists within and among enset landraces used in traditional medicine and those having other use-values.



MATERIALS AND METHODS


Plant Material and Genomic DNA Extraction

Thirty-eight cultivated and named E. ventricosum landraces which are used in the treatment of seven different human diseases or disorders were identified with the help of knowledgeable village elders from four locations (administrative zones/special district) consisting of nine districts or special districts of the Southern, Nations, Nationalities, and Peoples (SNNP) regional state of Ethiopia (Figure 1). For comparison, 13 enset landraces that have other non-medicinal use values (principally used for human food) were also sampled. To test the consistency of naming of landraces within each location, up to four duplicate samples (based on their availability) were collected from different sites. Since the landraces are not scientifically characterized, each individual was considered as a separate sample so that a total of 92 plant samples were collected (Supplementary Table 1). The samples were collected from individual farmers’ fields, located at 18 Kebele (the lowest tier of civil administration unit) from across the enset distribution. Since different landraces may have been given the same vernacular name at different locations (Olango et al., 2015), landraces having identical names, but originated from different locations were labeled by including the first letter of names of location after a vernacular name of the second landrace. Healthy young cigar leaf (a recently emerged leaf still rolled as a cylinder) tissue samples were collected from individual plants from November to March 2017 and they were stored in zip-locked plastic bags containing silica gel and preserved until the extraction of genomic DNA. The dried leaf samples were ground and genomic DNA was isolated from 150 mg of each pulverized leaf sample following the modified cetyltrimethylammonium bromide (CTAB) extraction protocol (Borsch et al., 2003).
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FIGURE 1. Map of Ethiopia showing its Federal Regions (left) and enset sample collection sites that represent the nine studied districts found in, within four zones (Dawuro, Kembata-Tembaro, Hadya, and Gurage), and one special district (Yem) of the Southern, Nations, Nationalities, and Peoples (SNNP) Region. The map was constructed using geographic coordinates and elevation data collected from each sites using global positioning system (GPS). PA, Peasant association (the lowest tier of civil administration unit); SNNP, Southern, Nations, nationalities and Peoples.




PCR Amplification and Electrophoresis

Twenty-one enset SSRs primer-pairs (14 from Olango et al., 2015, and 7 from Biswas et al., 2020) were initially screened for good amplification, polymorphism, and specificity to their target loci using 15 samples. This led to the selection of 15 primer pairs to genotype the landraces (Table 1).


TABLE 1. Description and source of the 15 simple sequence repeat (SSR) primers used in genetic diversity of enset landraces.
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A PCR amplification was carried out in a 20 μl reaction volume containing 1.5 μl (100 mM) template DNA, 11.5 μl molecular reagent water, W 4502 (Sigma, St. Louis, MO, United States), 0.75 μl dNTPs (10 mM) (Bio line, London), 2.5 μl Taq buffer (10× Thermopol reaction buffer), 1.25 μl MgCl2 (50 mM), 1 μl forward and reverse primers (10 mM), and 0.5 μl (5 U/μl) BioTaq DNA polymerase (Bioline, London) and amplified using a PCR thermal cycler (BiometraTOne, Terra Universal, Germany). The three-step amplification program consisted of initial (1) denaturation for 2 min at 95°C, (2) 35 cycles of denaturation at 95°C for 1 min, annealing at a temperature specific to each primer set (Table 2), for 1 min, extension at 72°C for 1min, and (3) final extension at 72°C for 10 min. The PCR products were stored at 4°C until electrophoresis.


TABLE 2. Levels of diversity indices of the SSR loci.
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The separation of the amplified product was accomplished in a 4% (w/v) agarose (Bioline, London) gel in 1% (w/v) Tris-acetate-EDTA (TAE) buffer containing ethidium bromide, and electrophoresed at 80 V for 3 h. A standard DNA ladder of 100 bp (Q step 2, Yorkshire Bioscience Ltd., United Kingdom) was loaded together with the samples to estimate molecular weight. The banding pattern was visualized using a gel documentation system (NuGenius, SYNGENE, Cambridge, United Kingdom) and the pictures were documented for scoring.



Data Scoring and Analysis

The sizes of the clearly amplified fragments were estimated across all the sampled landraces. The number of different alleles (Na), the effective number of alleles (Ne), Shannon’s information index (I), observed heterozygosity (Ho), expected heterozygosity (He), un-biased expected heterozygosity (uHe), and Fixation index for each locus were computed using GENALEX version 6.503 (Peakall and Smouse, 2012). The Polymorphism Information Content (PIC) for each locus was computed using PowerMarker version 3.25 (Liu and Muse, 2005). The Genetic differentiation (FST) between the two groups of landraces was estimated using GENALEX. An analysis of molecular variation (AMOVA) was performed to evaluate the relative level of genetic variations among groups, and among individuals within a group using GENALEX. The neighbor-joining (NJ) tree was constructed using the software DARwin (Perrier et al., 2003) based on Nei’s genetic distance (Nei, 1972) to reveal the genetic relationships among the groups and individual landraces. The resulting trees were displayed using Fig Tree var.1.4.3 (Andrew, 2016). Discriminant Analysis of Principal Components (DAPC) was implemented using R, version 4.4.1 in ‘adegenet’ package (Jombart, 2008). Detection of admixture was inferred using a Bayesian model-based clustering algorithm implemented in STRUCTURE version 2.3.4 (Pritchard et al., 2000), To determine the most likely number of populations (K), the simulation method of Evanno et al. (2005) was implemented using the web-based STRUCTURE HARVESTER ver. 0.6.92 (Earl and von Holdt, 2012). Each of the probable K was run 10 times with K = 1–10, and the length of burning period was set at 50,000 and 500,000 Markov chain Monte Carlo (MCMC) iterations.

Principal coordinates analysis was carried out using R version 3.6.3 (R Core Team, 2017) to further evaluate the genetic similarity between the landraces.




RESULTS

Fifteen SSR markers that produced clear and scorable bands were analyzed to evaluate the genetic diversity and the relationship of E. ventricosum landraces used in traditional medicine and those having other use-values.


Genetic Diversity

The polymorphic nature of some of the SSR markers was as shown in Supplementary Figure 1. A total of 38 alleles were detected across 15 SSR loci in 92 genotypes (Table 2). The number of alleles generated per locus ranged from 2 to 3, with an average of 2.53 alleles. The PIC values for the markers varied from 0.16 (primer EnBedSSR020585) to 0.52 (primer Evg2) with an average of 0.41. The observed heterozygosity (Ho) and expected heterozygosity (He) ranged from 0 to 0.64 and 0.18 to 0.63, respectively, and Shannon’s information index (I) ranged from 0.31 to 1.04.



Genetic Differentiation and Relationships

The AMOVA showed that 97.6% of the total variation was assigned to individuals within a group; while only 2.4% variation was contributed by variation among the groups (Table 3). The overall genetic divergences among the two groups of enset landraces (“medicinal” and “non-medicinal”), measured in coefficients of genetic differentiation (FST) was 0.024 (Table 3).


TABLE 3. Analysis of molecular variance and fixation index for landraces used in traditional medicine and those having other use values based on data from 15 loci.
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The unweighted neighbor-joining tree cluster analysis performed using Nei’s genetic distance showed that landraces used in the treatment of a specific disease traditionally were not grouped into the same cluster or sub-cluster; instead, they were mixed with those landraces having other use values (Figure 2). Similarly, the landraces originating from each location were scattered into all 4 clusters (data not presented). In the neighbor-joining tree, it was also observed that some of the landraces with the same vernacular name (replicate samples) were found to be identical, while the others show a difference. Whereas, except two (bishaeset and mekelwesa), all landraces with the different vernacular names were distinct. The Bayesian clustering result showed the presence of four subpopulations, with some shared admixture memberships (Figure 3A), which is in agreement with the results of the neighbor-joining tree. The DAPC grouped the studied enset landraces into four clusters irrespective of their use value (Figure 3B and Supplementary Table 2). Although the medicinal and non-medicinal landraces were not separately clustered, the majority of the later were grouped in to cluster 3 and 4.
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FIGURE 2. The unrooted neighbor-joining tree generated based on simple matching dissimilarity coefficients over 1,000 replicates, showing the genetic relationship among 51 Ensete ventricosum landraces (duplicated on average two times) using 15 SSR markers. Landraces are color-coded according to previously identified diseases types or disorders treated by the landraces traditionally, as designated by: BF for bone fracture; DP, discharge of placenta; BI, back injury; SD, skin itching and diarrhea; NM, non-medicinal; ET, expulsion of thorn and drainage of abscess from tissue; LD, liver disease; OD, other diseases. Numbers at the nodes are bootstrap values only ≥ 60%.
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FIGURE 3. Population structure and detection of admixture based on 15 polymorphic simple sequence repeat (SSR) markers indicating estimated group structure with individual group membership values (1–92 following arrangement of landraces in Supplementary Table 1) (A) and Discriminant analyses of principal components (DAPC) scatter plot for 92 enset landraces (B). The axes represent the first two linear discriminants, each circle represents a cluster, and each dot represents an individual. Numbers represent the different subpopulations identified by DAPC analysis.





DISCUSSION


Genetic Diversity

We assessed the genetic diversity of 38 cultivated enset landraces used in traditional medicine and 13 landraces that have non-medicinal values. According to our results, a moderate level of genetic diversity (He = 0.47) was detected. A relatively higher He values (0.55 and 0.59) of enset were reported (Getachew et al., 2014) and (Olango et al., 2015; Gerura et al., 2019), respectively. The value of I (0.74) in the current study was also lower as compared with the earlier report (1.08) (Gerura et al., 2019). The variation of the result is probably due to the fact that our study was focused on a selected group of landraces, those used in traditional medicine. Lower genetic diversity estimates were reported earlier using ISSR (Tobiaw and Bekele, 2011) and RAPD (Birmeta et al., 2002) markers. However, comparisons of detailed diversity estimates from marker systems that have different properties and origins of variation do not allow useful conclusions (Powell et al., 1996; Hamza et al., 2013).



Genetic Differentiation and Relationships

The genetic differentiation between the landraces used in traditional medicine and those having other use-values was very low (0.024). Genetic differentiation values (0.037) among locations were reported on enset (Gerura et al., 2019), although the direct comparison of different populations is difficult. The AMOVA also showed that the proportion of genetic variation among the two groups of enset landrace was very much limited (2.4%), while the majority was contributed by variation among individuals.

From the landraces that have the same vernacular names (replicate samples), the majority were closely similar genetically and placed together in the neighbor-joining tree. This indicates that farmers have rich indigenous knowledge in identifying and naming enset landraces based on phenotypic traits, and the knowledge is shared across the growing region. However, few other replicates of landraces were placed in different clusters, indicating that genetically different landraces were given the same vernacular name. Perfect identification of genotypes using morphological traits is difficult, and the existence of homonyms has been reported previously (Olango et al., 2015).

Except for two, all landraces with distinct vernacular names were found to be different, showing that vernacular names are good indicators of genetic distinctiveness in these specific groups of landraces. Whereas, the existence of 37 and 8 duplicates of landrace in diversity analysis of enset using four AFLP (Negash et al., 2002) and 12 RAPD (Birmeta et al., 2002) markers, respectively, was reported. Gerura et al. (2019), who studied 83 enset genotypes using 12 SSR markers, also reported 10 duplicates of landraces. Although full identity among the landraces can only be determined when the entire genomes are compared, it is expected that the SSR markers used in the current study could sufficiently discriminate the landraces than the studies that reported a higher number of duplicates. The variation of the results, therefore, could be due to the sample collection method followed in the current study, which involved focusing mainly on specific landraces used in traditional medicine.

The use of some of the enset landraces in traditional treatment of various human ailments in the major enset growing region of Ethiopia, SNNPR, was reported by several authors (Tsehaye and Kebebew, 2006; Olango et al., 2014; Ayenew et al., 2016; Daba and Shigeta, 2016). However, landraces that are used in the treatment of the same types of diseases did not show distinct grouping; instead, landraces used to treat different diseases were mixed with each other and even with those having other use values in the neighbor-joining tree, indicating that “medicinal” properties do not appear to be monophyletic. Furthermore, the DAPC also showed that the two groups of landraces neither formed a separate cluster nor did one group show greater spread or genetic diversity. From these results, it can be argued that landraces that are used in traditional medicine are not genetically distinct from other landraces.

There are several possible explanations for these observations. First, all enset landraces may have a degree of medicinal value, but specific genotypes are preferred for phenotypic or cultural reasons. Second, the medicinal value may arise through genotype-environment interactions or management practices specific to those landraces i.e., they may have non-differentiated genotypes, but in situ, they generate unique biochemistry with medicinal properties. Thirdly, a number of important medicinal landraces may have been omitted, or medicinal value incorrectly assigned to non-medicinal landraces. This could serve to hinder our analysis and make it more difficult to detect real genetic differentiation. This would also be an indication of a decline in the quality of indigenous knowledge. We also note that it is unlikely that the strong trust of society upon these landraces could not be developed after a very long period of use, and we have observed remarkable similar enset medicinal claims across a wide variety of distinct ethnic groups in multiple languages. Moreover, anti-bacterial and anti-fungal activities of a compound extracted from the unspecified E. ventricosum landrace (Hölscher and Schneider, 1998), and a report (Sreekutty and Mini, 2016) on the medicinal property of a related species, Ensete superbum, suggests that at least some of the enset landraces have real medicinal property. The higher mineral concentration (that has a relation with bone health) landraces used in traditional medicine was reported (Nuraga et al., 2019b). Finally, a biochemical survey of enset landraces (Tamrat et al., 2020a) detected high levels of arginine, compared to other amino acids, in three medicinal landraces (Koshkowashiye, Astara, and Lochingiya). Arginine is involved in collagen formation, tissue repair, and wound healing via proline, indicating a possible biochemical basis for the medicinal properties of some of the landraces.




CONCLUSION

The study indicated the existence of moderate level genetic diversity among enset landraces used in traditional medicine. The majority of the variation was contributed by variation among individuals, indicating low genetic differentiation among the groups. Except for two, all the landraces with distinct vernacular names were found to be genetically different. The landraces were not clustered based on their use-values, showing no evidence for genetic differentiation between landraces used in traditional medicine and those having other use-values, and the range of diversity in medicinal landraces was little different from that of landraces cultivated for food. In the future, we suggest a biochemical comparison of enset landraces growing in the same environmental and soil condition would complement our analysis, while genetic mapping and genome-wide association studies (GWAS) have the potential to identify genomic regions and genes associated with medicinal traits. The information from this study will be useful for the identification and conservation of enset landraces used in traditional medicine, and it can provide baseline information that promotes further investigations in exploiting the medicinal value of these specific landraces.
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Leveraging National Germplasm Collections to Determine Significantly Associated Categorical Traits in Crops: Upland and Pima Cotton as a Case Study
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Observable qualitative traits are relatively stable across environments and are commonly used to evaluate crop genetic diversity. Recently, molecular markers have largely superseded describing phenotypes in diversity surveys. However, qualitative descriptors are useful in cataloging germplasm collections and for describing new germplasm in patents, publications, and/or the Plant Variety Protection (PVP) system. This research focused on the comparative analysis of standardized cotton traits as represented within the National Cotton Germplasm Collection (NCGC). The cotton traits are named by ‘descriptors’ that have non-numerical sub-categories (descriptor states) reflecting the details of how each trait manifests or is absent in the plant. We statistically assessed selected accessions from three major groups of Gossypium as defined by the NCGC curator: (1) “Stoneville accessions (SA),” containing mainly Upland cotton (Gossypium hirsutum) cultivars; (2) “Texas accessions (TEX),” containing mainly G. hirsutum landraces; and (3) Gossypium barbadense (Gb), containing cultivars or landraces of Pima cotton (Gossypium barbadense). For 33 cotton descriptors we: (a) revealed distributions of character states for each descriptor within each group; (b) analyzed bivariate associations between paired descriptors; and (c) clustered accessions based on their descriptors. The fewest significant associations between descriptors occurred in the SA dataset, likely reflecting extensive breeding for cultivar development. In contrast, the TEX and Gb datasets showed a higher number of significant associations between descriptors, likely correlating with less impact from breeding efforts. Three significant bivariate associations were identified for all three groups, bract nectaries:boll nectaries, leaf hair:stem hair, and lint color:seed fuzz color. Unsupervised clustering analysis recapitulated the species labels for about 97% of the accessions. Unexpected clustering results indicated accessions that may benefit from potential further investigation. In the future, the significant associations between standardized descriptors can be used by curators to determine whether new exotic/unusual accessions most closely resemble Upland or Pima cotton. In addition, the study shows how existing descriptors for large germplasm datasets can be useful to inform downstream goals in breeding and research, such as identifying rare individuals with specific trait combinations and targeting breakdown of remaining trait associations through breeding, thus demonstrating the utility of the analytical methods employed in categorizing germplasm diversity within the collection.
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INTRODUCTION

Global agriculture production is facing major challenges, including demands to increase crop productivity and quality while sufficiently preserving natural ecosystems, addressing climate change and tolerance of intense weather events, increasing agricultural resource use efficiency, and enhancing biotic and abiotic stress resistance (FAO, 2017; Tian et al., 2021). To address these challenges, a constant interaction between plant breeding and fundamental research is needed, and both approaches have been used to address challenges of crop production for food, fiber, fuel, animal feeds, and ornamental uses, among others (Gillespie and van den Bold, 2017; Ramankutty et al., 2018; Zhao et al., 2019; Nguyen and Norton, 2020). Particularly, in the 21st century, agricultural intensification has relied on producing crops with genetic uniformity. Although these practices have benefits, they potentially increase crop susceptibility to pests, diseases, and environmental stress. To overcome those issues, the worldwide germplasm collections are essential to collecting and conserving living plant material, solving agricultural production problems, as well as conserving plant genetic diversity for future needs (Börner and Khlestkina, 2019; Nguyen and Norton, 2020). Among them, the largest collection in the world is the United States National Plant Germplasm System (NPGS) maintained by the United States Department of Agriculture - Agricultural Research Service (USDA-ARS). In the 1970’s and 80’s, the USDA mandated conservation of historical cultivars and crop wild relative germplasm for agricultural security (Wilkes and Williams, 2008). The NPGS is charged to acquire, conserve, document, distribute, evaluate, and characterize crop germplasm in order to safeguard the genetic diversity of agriculturally important plants (Allender, 2011; Byrne et al., 2018). Permanent collections and curators were established and available or acquired germplasm was re-routed to be first handled by the curators then maintained and distributed to users. There are currently 44 crop germplasm collections in the NPGS, the majority of which collect data on observable qualitative traits for each accession in the collections, including the National Cotton Germplasm Collection (NCGC) for Gossypium species (Postman et al., 2010; White et al., 2011).

Cotton is one of the most important cash crops around the world, and it provides the largest renewable source of fiber in addition to edible oil and protein (Campbell et al., 2010; Ahmad and Hasanuzzaman, 2020; Kumar et al., 2021). The NCGC began in 1989 and is physically maintained in College Station, TX, United States. It currently includes about 50 species of Gossypium and 10,459 total cotton accessions1. The collection is accompanied by information on the species classification and historical context of accessions, as traditionally described by a curator in the USDA-ARS Crop Germplasm Research Unit (CGRU). The NCGC primarily contains G. hirsutum and G. barbadense, which are the two main cultivated tetraploid cotton species (the other two cultivated types are diploids) (Grover et al., 2014). Upland cotton (G. hirsutum – Gh) and Pima cotton (G. barbadense – Gb), represent 75% of the total number of accessions in the NCGC collection. The Gh collection contains two main subsets as follows. (1) The Stoneville accessions (SA) mainly represent obsolete Gh cultivars originally collected at the Mississippi State University Delta Branch Experiment Station in Stoneville, Mississippi. (2) The Texas accessions (TEX) include photoperiodic landraces (i.e., primitive domesticated germplasm) or tropical materials as originally housed at Texas A&M University, College Station, Texas. The Pima accessions (Gb) were initially curated in Phoenix, Arizona, and the current group may contain a mix of landraces and cultivars, although specific subset information is not available (Percy et al., 2014).

In order to better characterize the diversity in the NCGC, a rating scale was established in 2006 for 36 phenotypic descriptors that encompass the diversity across Gossypium species in the collection, as observed by researchers in the CGRU (Yuan et al., 2021). For the past decade, the NCGC standardized and expanded descriptors to cover the consolidated sub-collection accessions and Gossypium species. However, the early stages of the cotton germplasm collection were sub-collections in different locations so historical descriptors and ratings differ. This systematic approach for describing traits has been used for evaluating many of the accessions in the NCGC over the last 11 years in the field in three different locations: (1) College Station, Texas; (2) Tecomán, Colima, Mexico; and (3) Liberia, Guanacaste, Costa Rica (Percy and Kohel, 1999; Wallace et al., 2008; Frelichowski and Percy, 2015; Yuan et al., 2021). Each of the 36 descriptors has a rating scale with a discrete number of non-numerical categories, or descriptor states, which encompass the variation in individual cotton accessions. Stated in another way, the rating scale for each trait contains a set number of categories or categorical variables, which may include for example presence, absence, and intermediary states of the trait between presence and absence (Percy et al., 2014; UPOV-Council, 2019; Cerda and Varoquaux, 2020).

Two of the cotton descriptors are illustrated in Figure 1A, leaf glands and leaf color. The rating scale for leaf glands has four descriptor states: glandless, light, medium, or heavy. The leaf glands descriptor is ordinal because there is a natural order within the range, but the distances between the states are not known. The rating scale for leaf color has three states: green, red, or dark red. The leaf color descriptor is nominal because its states are recognizable, but they lack inherent order. Neither nominal or ordinal variables have true quantitative values, but they can be evaluated through categorical analysis after grouping into a set of mutually exclusive unordered (nominal) or ordered (ordinal) categories (Watson, 2014; UPOV-Council, 2019) (Figure 1B). Classification of descriptor states into nominal and ordinal data types allows for the transformation of the data into a large matrix, and this, in turn, supports the use of statistical methods including bivariate association analysis to further characterize the large data set (Figure 1C). Bivariate association analysis determines whether or not there is a statistically significant relationship between any two descriptors within each group analyzed. Two descriptors are significantly associated if one of them tends to display specific states when the state of the other descriptor changes. Conversely, there is no significant association between two descriptors if their states change independently of each other (Watson, 2014; UPOV-Council, 2019). The evaluation and analysis of categorical traits have been previously suggested by the International Union for the Protection of New Varieties of Plants (UPOV-Council, 2019) as a means of demonstrating distinctness or statistically significant grouping patterns of different plant varieties.
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FIGURE 1. Example of a categorical classification and encoding transformation of phenotypic descriptors. (A) Rating scales showing four (for leaf glands) or three (for leaf color) standardized descriptor states. (B) Examples of classifying two types of descriptor states, ordinal and nominal. (C) Encoding data transformation from text format to integer format prior to applying statistical analysis.


Some examples of how categorical traits matter for cotton improvement are described below. The red color of cotton bolls, bracts, leaves, and stems may be useful for separating cotton genotypes during field tests, and it may also indicate enhanced resistance of red accessions to certain insects and/or pathogens (Long et al., 2019; Zhang et al., 2019). Likewise, the presence/absence of lysigenous glands, which contain terpenoid aldehydes including sesquiterpenoid gossypol, on bolls, leaves, and stems affects the degree of natural protection against insects. Conversely, the toxicity of these compounds to non-ruminant animals and humans limits the uses of cotton seeds and plant parts (Cai et al., 2010), which implies that breeders may want to alter the number and/or distribution of the glands (Zhou et al., 2013; Park et al., 2019; Gao et al., 2020). Other traits such as nectar glands on bolls, bracts, and leaves can, in an ecological context, provide nutrition for insects and microorganisms, while they promote insect damage in a crop context (Park et al., 2019). Moreover, the presence of hairs on leaves and stems may contribute to resistance to certain insects (i.e., Jassids) (Knight, 1952).

If meaningfully compared, the standardized phenotypic descriptors can be integrated with other phenotypic and genotypic data reported by NCGC to extract hidden information and expand the utility of the germplasm collection. We describe statistical methods to evaluate and extract additional meaning from phenotypic descriptors collected by a germplasm team. We leveraged a decade of collected data to compare descriptors within three major groups of Gossypium accessions maintained in the NCGC, including Pima cotton (Gb group) and cultivated Upland cotton (SA group) and its less-improved relatives (TEX group) (G. hirsutum). In this analysis, we add value to three of these sub-collections by identifying accessions that do have complete records for standardized phenotype descriptors and then exploring the descriptors. The results reveal: (a) distributions of character states for each descriptor within each of the three groups; (b) statistically significant bivariate associations between paired descriptors within each group; (c) label-blind, descriptor-based, clusters of accessions within a species; and (d) the ability to utilize clustering of descriptor data to identity the species of an accession. We anticipate that our prototypical analysis for cotton will be adaptable to the germplasm collections of other crops.



MATERIALS AND METHODS


Phenotypic Data and Accession Identification

A categorical analysis was applied using the phenotypic descriptors for selected accessions publicly available in the NCGC, which is part of the Germplasm Resource Information Network (GRIN)-Global (Cotton – see Text Footnote 1). The definition of the categorical descriptor scoring and methods for collecting the scores are reported in Supplementary Data 1. The scores correspond to standardized states for each descriptor that subdivide the overall range of the phenotype as observed in Gossypium. A particular descriptor may also include the “absent” state. The standardized descriptors and their rating scales are shown in table format on the CottonGen research community database website2 (see also Supplementary Table 1 – 05/01/2021), this is constantly updated as traits are added for evaluation.

The categorical descriptors for selected cotton accessions were obtained from the GRIN-Global system3. In the history of NCGC, a total of 28,258 observations on 10,459 accessions of 50 Gossypium species were made in the field between 1989 and 2019 (Figure 2). We studied data collected between 2011 and 2019 in correspondence with the time that observations began for 36 standardized descriptors under the direction of the USDA-ARS Crop Germplasm Research Unit (Wallace et al., 2008; Percy et al., 2014). In this last decade, a total of 11,616 observations (41% of the total set) on 7,941 unique accessions (as of May 2019) were in the database, but testing some of the accessions in multiple years and/or locations resulted in redundant records. Some of the records also had missing data points for one or more of the 36 descriptors. In order to obtain non-redundant and complete records, the dataset was filtered using the following criteria. (1) Only accessions that belong to the SA, TEX, and Gb groups were selected. (2) The accessions with redundant records were randomly processed to select only one observation set per accession. (3) The accessions with missing information for any of the 36 descriptors were removed. After this filtering process, a total of 1,297 accessions with complete records were identified (SA, 274; TEX, 471; and Gb, 552, Figure 2). The accession IDs, the number of total seed requests per accession since 2007, and the associated descriptor information can be found in Supplementary Tables 2–4, for the SA, TEX, and Gb groups, respectively. The analysis finally included 46,692 data points.
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FIGURE 2. Summary of the workflow leading to the final categorical trait descriptor dataset. Redundant observations reflect multiple evaluations of a single accession in multiple locations and/or different years. The data collected from 2011 to 2019 contained 11,616 field observations of approximately 21 Gossypium spp. Our work focused on data subsets enriched in G. hirsutum (Gh) and G. barbadense (Gb) accessions: SA, mainly Upland cotton cultivars; TEX, mainly photoperiodic/tropical landraces; and Gb – mainly Pima cotton. Numbers presented are as of May 2019, data is added to the database as it is collected so numbers are always increasing.




Phenotypic Distributions and Data Transformations

For further analysis, 33 of 36 descriptors were retained because they were expected to be independent of the environment. Specifically, the scores for maturity, photoperiodic rating, and productivity were removed. The number of accessions in each group displaying each state of the analyzed descriptors was determined and displayed in distribution plots showing the observed variation across groups (Supplementary Figure 1). For statistical purposes, the descriptors were classified as nominal or ordinal prior to performing data transformations on the categorical scoring data of the remaining 33 descriptors (Figure 1C and Supplementary Table 5). All notations of segregation (seg)/off-type (i.e., where an accession was found to have varying levels of a descriptor) were removed from the analysis because the related phenotype was too complex or diverse to fit into the standardized rating scale for that descriptor (Supplementary Data 1). Only descriptors with two or more states observed in the field could be included in statistical analysis. To generate reasonable statistical power, each descriptor state was required to be represented by 5 or more accessions within the final data matrix. According to standard practice (Cochran, 1954; Camilli and Hopkins, 1978), some of the descriptor states were removed or combined if two or more of them together would include at least 5 observations (Supplementary Table 6). The changed instances were less than 5% of the initial data set that was used to plot phenotype distributions. This procedure explains why some descriptor states in the distribution plots are not also seen in the mosaic plots.



Bivariate Association and Contingency Analysis

The encoding transformation of the 33 descriptors produced a final data matrix for each group (SA, TEX, and Gb), which was then used for bivariate association analysis in JMP Pro 15.2.0 software (SAS Institute Inc., Cary, NC, United States). A contingency table was generated based on the comparison of each possible pair of descriptors. These tables show the number of observations for all of the different combinations of states of each descriptor. The contingency tables reveal how the states of descriptor 1 are contingent on the states of descriptor 2. We chose alpha = 0.01 as the standard for assessing significance. P-values were calculated by either Fisher’s exact test (if both descriptors had only two states) or the Chi-square independent test (if at least one of the descriptors being compared had more than two states). The initial p-values were obtained as a list where each value corresponded to an independent bivariate association. Then the list was converted into a square matrix prior to adjusting for the False Discovery Rate (FDR) (Benjamini and Hochberg, 1995; Chiu, 2002). The FDR was only applied to the lower triangular matrix in order to avoid double-counting of the same comparison. The resulting FDR-corrected p-values of the bivariate associations were visualized in a heatmap for each of the three major groups of accessions. For each position in the heatmap, an associated mosaic plot shows a graphical representation of the two-way frequency table produced by the contingency analysis4.



Unsupervised Analysis: Clustering Analysis and Multivariate Procedure

The same data set used for bivariate association analysis was used for unsupervised clustering analysis. K-modes clustering was used to explore similarities and/or differences among the three groups (see Supplementary Tables 2–4). The data matrix inclusive of all three groups was transformed using the scikit-learn 0.24.2 software (Pedregosa et al., 2011) into levels reflecting the rating scales of each descriptor prior to clustering analysis. K-modes unsupervised clustering analysis was run using kmodes version 0.11.0 (de Vos, 2021). The clustering analysis assumes a fixed number of clusters and tries to maximize the homogeneity within the clusters, so the analysis was run with k = 2 (aiming to discriminate Gh and Gb accessions) and k = 3 (aiming to discriminate SA, TEX, and Gb groups). The analysis depended on the prior encoding of the descriptors as nominal/ordinal, and the clustering was blind to NCGC labels for accession species/groups. The correlation of results of the algorithm species/group placement with the NCGC species/group labels was evaluated. Results were also evaluated by calculating an accuracy score of clustering using silhouette scores with the scikit-learn 0.24.2 software. The script implemented for this analysis is reported in Supplementary Data 2 and the input file to run this analysis is reported in Supplementary Table 7.

An unsupervised multivariate procedure known as Multiple Correspondence Analysis (MCA) was also used to explore the relationship of the SA, TEX, and Gb accessions (Abdi and Valentin, 2007). In this procedure dimensionality reduction is applied over the categorical descriptors then identification of the non-linear interactions is performed. Afterward the first components are used to visualize the MCA “cloud of individuals” or the similarity structure of the accessions (see Supplementary Tables 2–4) (Kassambara, 2016; Nguyen and Holmes, 2019). The MCA analysis was applied in R, using the library FactoMineR version 2.4 (Lê et al., 2008) and the visualization was obtained using the library factoextra version 1.0.7 (Kassambra, 2022). The script implemented for this analysis is reported in Supplementary Data 3.



Bivariate Association Analysis Using Unsupervised Clustering Result

Three out of the nine sets identified by the unsupervised clustering analysis were reanalyzed using the bivariate association approach. The TEX accessions which clustered as TEX (n = 308), the SA accessions which clustered as TEX (n = 156) and the SA accessions which clustered as SA (n = 251) were processed (Supplementary Table 9). The remaining sets were not evaluated due to the low number of accessions clustered except for Gb, which largely contained the same set of samples as the prior bivariate association analysis.



Multiple Correspondence Analysis to Extract Information Content of Descriptors

The categorical traits were evaluated with the same MCA strategy as above (di Franco, 2016) to identify the contribution and correlation between descriptors. The contribution of each descriptor identified how much influence each categorical trait had in determining the overall information content relative to the entire set of traits (di Franco, 2016). The relationship between each of the variables was represented by calculating the correlation ratios between the accession coordinates on one component and each of the categorical variables, these results were visualized as the MCA “cloud of variables,” or the similarity structure of categorical traits (Husson et al., 2010).




RESULTS


Cotton Accessions and Distributions of Descriptor States

The 33 cotton descriptors analyzed represent attributes evaluating vegetative, reproductive, and architectural structures of the plant for the three groups of accessions (SA, TEX, and Gb). Features such as color, nectaries, shape, or glands may be defined for multiple parts or aspects of the plant, with the different occurrences then counted as separate descriptors (Table 1). The three cotton groups analyzed often showed different patterns of variation for the states of each descriptor. There were cases where descriptor states were uniform in one group, but showed diverse distribution in others, and instances where each group displayed a different range of states for a particular descriptor. For example, glands are distributed across multiple parts of the plant and are, therefore, evaluated in bolls, leaves, and stems. The distributions within the different tissues showed that most SA and TEX accessions are medium or heavy glanded, whereas the Gb accessions were almost uniformly heavy glanded across all parts of the plant (Figure 3). Distributions for all descriptors in the three cotton groups analyzed are reported in Supplementary Figure 1.


TABLE 1. Summary of 33 phenotypic descriptors analyzed in this study. Each descriptor, as marked by x, reflects a combination of a feature and the plant structure where the feature was evaluated.
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FIGURE 3. Distribution of gland-related descriptors across plant structures and species. Seg/off type: segregation-off type condition, in which an accession was not homogeneous for a single state.




Bivariate Associations of the Phenotypic Descriptors in Stoneville Accessions, Texas Accessions, and Gossypium barbadense

While plotting distributions of the states of individual descriptors across groups can be informative, it is also useful to identify cases where significant associations between descriptors occur within a group through bivariate association analysis. As an example, a breeder could ask the question: do the descriptor states of leaf glands change in parallel with the descriptor states of leaf hairs in different groups of Gossypium accessions? Figure 4 shows heat maps displaying the significant ‘descriptor_1:descriptor_2’ associations for the SA, TEX, and Gb groups independently. They show that the ‘leaf glands:leaf hair’ comparison is significant for SA and TEX (p ≤ 0.01). As previously mentioned, the association could not be analyzed in Gb because all of the accessions were heavy-glanded. Therefore, the ‘leaf glands’ descriptor does not appear in the Gb heat map.
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FIGURE 4. Heat maps of the bivariate descriptor associations were independently evaluated for the SA, TEX, and Gb groups. Larger versions of the TEX and Gb heat figures are in Supplementary Figures 2, 3. Interactive heat maps linked to the contingency tables and mosaic plots for each association evaluated are available on-line (https://usda-ars-gbru.github.io/categorical_analysis_cotton/). Dark gray boxes indicate p < 0.01. The sample size of accessions for each group is SA: 274, TEX: 471, and Gb: 552.


From an overall perspective, the SA group had 23 significant associations out of 406 tested (all possible pairwise comparisons). The 23/406 ratio for SA (5.6%) compares to 153/406 for TEX (37.6%) and 122/351 for Gb (34.7%) (Figure 4). Among the three groups evaluated, most of the categorical descriptors show at least one significant association with another descriptor. The SA group had the largest number (9) of categorical descriptors with no significant association, meaning that its states changed independently of any other descriptor (stigma, seed fuzz, pollen color, locule number, leaf nectaries, growth habit, bract type, boll size, and boll point). Comparatively, all descriptors in TEX were significantly associated with at least one other descriptor, and Gb was similar with only one descriptor (boll point) lacking at least one association (Figure 4).

Examples of the contingency analysis are presented as mosaic plots, or stacked bar charts (Figure 5), which facilitate visual comparison of results between the groups analyzed. This type of plot was possible in cases where the descriptor had more than one state reported within the rating scale. These plots are important to analyze in cases of two or more of the cotton groups having the same significant ‘descriptor_1:descriptor_2’ association, because the co-varying descriptor states may or may not be the same between groups (as shown here between Figures 5A,B). In each mosaic plot, the horizontal (X-) axis shows the states of descriptor_1 that were present in the group, with the width of each corresponding column portraying the proportion of accessions observed with that state of descriptor_1. The double vertical (Y-) axes together (black and blue arrows) describe descriptor_2, the vertical length of the bars is proportional to the number of accessions with each state of descriptor_2. The left-side Y-axis pertains to the proportion of descriptor_2 states found within the X-axis descriptor_1 variable states providing the overall likelihood that a trait state will be observed with the X-axis descriptor_1 trait state. The right-side Y-axis outlines the overall proportions of descriptor_2 (green arrow5). Figure 5 shows the ‘leaf glands:boll glanding’ mosaic plots for SA and TEX. In the SA group, most accessions had glands on bolls and leaves, and a medium state of glanding dominated in both organs. Among rare accessions with glandless leaves, about 80% also had glandless bolls. On the contrary, the TEX group contained numerous accessions with heavy glanding in leaves and bolls, and no glandless associations were present using the baseline criteria of this study (Figure 5).
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FIGURE 5. Mosaic plots displaying the degrees of glanding in leaves versus bolls. Plots are shown for (A) the SA and (B) TEX groups. The plots are divided into rectangles as a stacked bar chart so that the vertical length of each rectangle reflects the proportion of the Y variable in each state (blue arrows) of the X variable and is a graphical representation of a contingency table. The scale of the vertical axis at left on each plot shows the response probability (black arrows). The whole axis is equivalent to a probability of one, representing the total sample. Fill colors are showing boxes reflecting the phenotype on the Y-axis with legend to the right of the figure (green arrows).




Relationships Between the Significant Descriptor Associations Existing in Stoneville Accessions, Texas Accessions, and Gossypium barbadense

The significant descriptor associations within each separate group (Figure 4) were intersected to identify commonalities and differences between the three groups, when possible, as shown in the Venn diagram (Figure 6). Most ‘descriptor_1:descriptor_2’ evaluations were performed in all three groups (Figure 6A), but some descriptors were not analyzed in this way because they had the same state (homogeneous) in more than 98% of the accessions of one or more groups. These predominant homogeneous state phenotypes in each group were: for SA, leaf size (medium), seed type (free), bract teeth size (large), and bract teeth number (medium); for TEX, leaf color (green), leaf size (medium), seed type (free), and bract type (normal); and for Gb, leaf color (green), leaf shape (normal), stem glands (heavy), leaf glands (heavy), bract type (normal), and bract teeth number (medium) (Supplementary Figure 1). Of these predominant phenotypes, none are shared across all three groups, but three pairs are shared across two groups: SA and Gb both have medium bract teeth number and TEX and SA both have medium leaf size and the free seed type. In some other cases, a descriptor lacked multiple states in all three groups, which implied that only one or two groups could be compared. Correspondingly, the diagram in Figure 6 is divided into sections showing comparisons between all three groups (SA vs. TEX vs. Gb, Figure 6A), across two groups (SA vs. TEX, TEX vs. Gb, or SA vs. Gb, Figures 6B–D) or only in one group (Figures 6E–G).
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FIGURE 6. Venn diagrams showing high confidence bivariate descriptor associations within and among three groups of Gossypium accessions, SA, TEX, and Gb. Bivariate significance is based on the FDR adjusted P-values. Each sector is labeled with the relevant group name(s) and the number of associations it contains. Descriptors within a sector that had high confidence associations (P < 0.01) are listed in bold and alphabetical order, with the associated descriptors following in plain text. For example, in the SA and Gb sector (A), the first line indicates two high confidence bivariate associations: boll color with (1) lint color and boll color with (2) bract color. Descriptors listed in plain text may occur in more than a single bold category, but each bivariate descriptor-to-descriptor combination should occur only once in the whole diagram. If an association between two descriptors does not appear, the p-value was >0.01 for that comparison. (A) Significant categorical descriptors evaluated between the three groups. (B) TEX vs. SA. (C) TEX vs. Gb. (D) SA vs. Gb. (E) Only TEX. (F) Only SA. (G) Only Gb. *In (B), the TEX and SA stem glands:petal spot association is the only case where the states of the descriptor states was independently modified for each group (modification shown in Supplementary Table 6); results are statistically significant but the descriptor states had different states in the TEX and SA group.


Across the three-group comparison, there were only three shared associations: ‘bract nectaries:boll nectaries’, ‘leaf hair:stem hair’, and ‘lint color:seed fuzz color’ (Figure 6A). Breeders are concerned about nectaries due to their role in attracting insects, which often act as pests during production of cotton, given its capacity for self-pollination (Rudgers et al., 2004; Frelichowski and Percy, 2015; Zeng et al., 2018; Park et al., 2021). Here we use the names for nectary states as shown in Figure 7A. Both types of nectaries were ‘present’ in the majority of accessions analyzed for all three groups (Figure 7B). However, analysis of the mosaic plots shows some differences between the associated states of each descriptor between groups (Figure 7C). In the SA group, about 80% of the accessions had ‘present’ bract nectaries. Of these, about 80% also had boll nectaries. For the minority of accessions with reduced bract nectaries, about 95% of them also had reduced boll nectaries. Among the rare SA accessions that lacked bract nectaries, about 60% of them also lacked boll nectaries. However, for TEX, about 70% of the accessions had ‘present’ bract and boll nectaries. Of the remaining 30% with reduced bract nectaries, the boll nectaries were either ‘present’ or reduced in an approximately 50:50 ratio. Finally, the nectary traits in Gb were most similar to SA, but ‘present’ bract and boll nectaries existed in 99% of the accessions. When Gb bract nectaries were reduced in rare accessions, boll nectaries were either ‘present’ or reduced in an approximately 50:50 ratio (Figure 7C). The other two pairs of descriptor associations that were consistently found among the three accession groups (‘leaf hair:stem hair’, and ‘lint color:seed fuzz color’) are further illustrated in Supplementary Figures 4, 5, respectively.
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FIGURE 7. Information related to boll and bract nectaries in SA, TEX, and Gb. The results independently showed a significant association among the three groups (FDR adjusted P-values – P < 0.01). (A) The photos show the rating scale for bract and boll nectaries. (B) The two nectary descriptors show a similar distribution of state. (States with ≤5 observations and the seg/off type category were removed prior to bivariate association analysis). (C) Mosaic plots from contingency analysis show the relationship among descriptor states for each group evaluated. See Figure 5 for details on the mosaic plot interpretation.


Other bivariate descriptor associations were shared between only two groups or found in only one group. Between the SA and the TEX groups, six consistent associations were identified, including two descriptor pairs related to gossypol glands, ‘boll glanding:leaf glands’ and ‘stem glands:leaf glands’ (Figure 6B). Between the TEX and the Gb groups, seven diverse plant descriptors were consistently associated with bract teeth size (Figure 6C). No high confidence associations were identified in the SA to Gb comparison (Figure 6D). Finally, some significant associations occurred only in one group (Figures 6E–G).



Unsupervised Clustering Analysis Across Species

Unsupervised clustering analysis was first based on the combined set of SA plus TEX groups (745 total accessions) and the Gb group (552 total accessions) that we had selected for analysis from NCGC in order to determine if the method would generate two species-enriched groups (k = 2). In general, the method worked well: the unsupervised (i.e., blind to the NCGC label) k-modes analysis clustered 97.2% of SA plus TEX accessions together and 98.9% of the Gb accessions together (Cluster 2.1 and Cluster 2.2, respectively, in Table 2). Only 6 accessions originally labeled as Gb (0.8%) were clustered with the Gh set and only 21 accessions originally labeled as Gh (3.8%) were classified as Gb (Table 2). See Supplementary Table 8 for accession IDs.


TABLE 2. Summary of K-modes unsupervised clustering (k = 2).
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Unsupervised Clustering Analysis Across Groups

Unsupervised clustering analysis was then based on a combination of all three groups under analysis to determine if the method would separate SA and TEX accessions into two groups while also clustering Gb into a third group (k = 3). The number of accessions analyzed were: 471 for TEX; 274 for SA; and 552 for Gb (see Supplementary Table 9 for Accessions IDs and clusters.). Results of the clustering are shown in Table 3. For the SA group, 91.6% of the accessions were clustered together (Cluster 3.2) and most of the remaining accessions were clustered with the TEX group (Cluster 3.1). A lesser percentage (65.4%) of the TEX group clustered together (Cluster 3.1), with the others (33.1%) grouping with the SA set (Cluster 3.2). Finally, 98.3% of the Gb group clustered together (Cluster 3.3), with a few (1.3%) of the accessions originally labeled as Gb clustering with the TEX group (Cluster 3.1) (Table 3).


TABLE 3. Summary of K-modes unsupervised clustering (k = 3).
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Unsupervised Multiple Correspondence Analysis – Clustering Individuals

The MCA “cloud of individuals” appeared to provide similar results to the unsupervised clustering analysis across groups. In the cloud there are 2 notable groups – 1 composed of mostly Gb and 1 composed of SA and TEX accessions. On one hand, most of the Gb accessions are in the negative area between Dim 1 and 2. On the other hand, the SA-TEX cloud shows that most of the SA accessions are in the bottom right area and the TEX are in the top right, though there is a group of TEX accessions located in the SA area (Figure 8).


[image: image]

FIGURE 8. Multiple correspondence analysis cloud of individuals across groups. The graph shows similarities of the individuals in terms of all categorial descriptor variables. The first two principal components are shown (DIM 1 + DIM 2: 12.4%). Accessions are colored by group for Gb (blue), SA (yellow), and TEX (red); accession index numbers can be found in Supplementary Tables 2–4.




Bivariate Associations Based on Clustering

Three out of the nine sets identified by the unsupervised clustering analysis (k = 3) were reanalyzed using the bivariate association approach. In cluster 3.1, the TEX accessions clustered as TEX (n:308); and for Cluster 3.2, the SA accessions clustered as TEX (n = 156) and the SA accessions clustered as SA (n:251) were processed (IDs in Supplementary Table 9), the remaining sets were not evaluated due to the low number of accessions clustered with the exception of Gb to Gb (row by column) in Cluster 3.3, which reports 98% of Gb accessions clustered together and its results are considered highly similar to the results previously shown in Figures 4, 6 and reported in https://usda-ars-gbru.github.io/categorical_analysis_cotton/. Generally, the results were not greatly different than the previous bivariate association analysis results, so will not be discussed further, detailed results are available in Supplementary Figure 7 and Supplementary Table 10.



Multiple Correspondence Analysis to Extract Information Content of Descriptors

The calculation of how much each descriptor contributes to the total variation captured by a given Principal component is reported in Figure 9 for the whole three group set. (Values and corresponding charts are provided for each of the three groups separately, Supplementary Table 11 and Supplementary Figure 8. The cloud of descriptor correlations is reported in Supplementary Figure 9). The top contributing descriptors are boll color, bract color, and petal color (Figure 9A). The red dashed line indicates the expected average contribution (100% contribution divided by the total number of variables available in the dataset). Overall, 14, 17, and 24 descriptors can provide 80, 90, and 98 percent of the total variation captured in the overall dataset (Figure 9B).
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FIGURE 9. Descriptor contribution across the SA, TEX, and Gb groups. (A) Overview of the percent variation contributed to the overall dataset per categorical descriptor. (B) Group of categorical descriptors required to capture 75, 80, 85, 90, 95, and 98% of the overall dataset.





DISCUSSION

Phenotypic descriptors are normally used to catalog plants in the United States GRIN-global germplasm system and for plant registrations. The standardized system that was developed for evaluating phenotypic information for cotton accessions in the NCGC allows for tracking diversity in a unique way while giving stability and evaluation robustness to the germplasm collection data (see Text Footnote 2). The standardized descriptors reflect phenotypic differences between cultivated materials and accessions of other origins that have been deposited in the collection.


Categorical Descriptors Adequately Capture Diversity Between Pima and Upland Cotton

In total, 22% of the total unique accessions in the NCGC were evaluated in this study. The set of accessions evaluated were selected under the criteria that all of the standardized categorical descriptors had been collected for each one because missing information would have reduced statistical power and increased the chances of biased estimates and invalid conclusions. Even though only part of the NCGC cotton collection was analyzed, the high-quality data in the filtered dataset allowed us to draw overall conclusions about phenotypic variation within the SA, TEX, and Gb groups.

The unsupervised two cluster analysis for 33 categorical descriptors adequately separated more than 97% of the Pima and Upland accessions as originally described in the NCGC (k = 2) (Table 2). The remaining accessions that were clustered in the opposite group had a combination of descriptors not typical of their previously assigned species in NCGC, which could be due to handling or labeling errors in such a large germplasm collection or to unusual combinations of phenotypes, potentially arising through interspecific crosses or introgression. In certain environments or plant developmental stages, observations of potentially variable traits in hybrids could result in an error or ambiguity in species classification. Overall, this method of clustering accessions based on standardized descriptors can point to accessions within large germplasm banks that need more detailed analysis in order to identify unique and potentially useful genetic combinations and/or to improve the accuracy of the collection records.

The unsupervised three cluster analysis also clearly separated the Gb group, while showing more nuanced outcomes for the groups dominated by Gh accessions: 7.7% of the SA accessions were assigned to the TEX cluster and 33% of the TEX accessions were assigned to the SA cluster. The SA group is referred to as a germplasm breeding reference and contains many cultivars, whereas the TEX group is described as landraces or other tropical materials (Percy et al., 2014). These results are consistent with more extensive breeding to generate Gh cultivars. Early Gh domestication started with ancestors of the landraces that are commonly represented in the TEX group. In addition, more advanced germplasm from Mexico and Central America became an important resource in United States cotton selection and breeding programs beginning in the early 1800s (Moore, 1956; Wendel et al., 2010). Many of these introductions into United States cotton breeding were likely phenotypically quite close to modern Gh cultivars, except for environmentally responsive traits like photoperiodicity that would have been selected against in northerly regions and that were not included in our analysis. Logically, new combinations of phenotypes developed as cotton selection and breeding proceeded over time. Bivariate association analysis may have revealed differences in the composite plant traits between more primitive and advanced accessions as viewed from the cotton breeding perspective (Table 3). Genetic information can potentially augment the use of categorial descriptors as described here in further classifying the TEX accessions.



Breeding Has Significantly Impacted the Way Phenotypes Are Associated

Statistical analysis of categorical descriptors collected by the NCGC shows that the breeding process in producing cotton cultivars (SA) has been modifying and reducing the number of significant ‘descriptor_1:descriptor_2’ associations compared to the Upland cotton landrace accessions (TEX) and the Pima accessions (Gb). In contrast, most qualitative descriptors have some statistical association with others in the two predominantly Gh groups (SA and TEX) and the Gb group evaluated here (Figure 6). Interestingly, the low number of associations in SA is consistent with more extensive breakage of linkages between phenotypes that were originally present in Gossypium as compared to TEX which has seen less human manipulation. This is likely due to cotton breeders focusing on many different individual plant traits over time in response to biotic or abiotic stresses. In addition to focusing on specific traits, public breeders have introduced crosses focused on broadening the genetic base of Upland cotton. For example, they have begun evaluating accessions across different environments and looking to exotic or unusual germplasm present in the NCGC for new sources of diversity.

Across the three-group comparison, there were only three shared associations: ‘bract nectaries:boll nectaries’, ‘leaf hair:stem hair’, and ‘lint color:seed fuzz color’ (Figure 6A). Therefore, in these particular trait combinations, the association of particular phenotypes across the paired descriptors have not been broken within the accessions analyzed, including Gh and Gb accessions arising through modern breeding. In the case of the ‘bract nectaries:boll nectaries’ association, the comparison between groups summarized in the results section suggests that it is uncommon for there to be a difference in presence or absence between boll and bract nectaries in the same accession. This may point to commonalities in the genetic control of nectary formation in both tissues. Despite these persistent pairings, the traits showed a wide variation of states within the range. Such observations are usually explained by polygenic effects (Waghmare et al., 2005; Hou et al., 2013; Hu et al., 2020). Also, we observed significant bivariate associations between descriptors with no obvious relationships, which could be due to pleiotropic effects when a gene product interacts with multiple others. The currently reported results lead to many future pathways of research to explore the genetic basis of the reported associations, such as the ‘canopy type:fruiting type’ significant association case, which is only reported in SA and Gb. Moreover, the canopy type trait reports multiple bivariate associations with other traits in TEX and GB, and independently for TEX, and GB.

The information that we investigated about the diversity of fiber and fuzz color, leaf and stem hairs, nectaries, and boll glands provides additional evidence that the germplasm material serves as a valuable resource in breeding materials for particular traits of interest which are associated with disease resistance, quality, growth habits, and ornamental interests, among others. For example, the data reported about the strong statistical association of presence/absence of nectaries, glands, seed fuzz, and plant hairs allows an interested breeder to identify the accessions with particular physiological conditions showing atypical distribution frequencies to independently explore the biological mechanisms involved in the anomalies of its physiological conditions, such as in the case of ‘bract nectaries:boll nectaries’ there are 7 SA lines having present nectaries on bracts but absent on bolls (SA-1009, SA-1034, SA-2242, SA-2861, SA-2870, SA-2925, and SA-3611) and 3 SA lines with the opposite (SA-2946, SA-3570, and SA-3585). These particular trait associations could be targeted specifically for breakdown among elite materials as it potentially indicates there may either be very homogeneous genetic loci shared or in linkage disequilibrium among all the materials which limits potential diversity among other traits of interest shared in those genetic regions or the traits are controlled by some or all the same causal variants. Both factors play a role in this categorical study but exploring those conditions including genetic data could expand the understanding of the mechanisms associated with the traits that breeders could exploit to determine genotype-phenotype patterns. Currently the genomic data is not available for the NCGC but represents a potential future avenue of this research.

We were interested if we could better understand the historical contribution of the materials in this study to cotton breeding and research, which may have targeted use of these materials for certain desired traits as outlined above. The NCGC has tracked the number of total seed requests for each line since 2007 (Supplementary Tables 2–4), which should correlate with the utilization of a line in practice. The SA collection has seed request numbers from 0 to 47, averaging 4.5 ± 5.5 requests per line. The TEX collection has seed request numbers from 0 to 20, averaging 5.8 ± 3.2 requests per line. The GB collection has seed request numbers from 0 to 57, averaging 4.3 ± 5.9 requests per line. There were a few major standouts in the SA and GB collections as the most requested lines. In SA, the most requested line is Coker 310 (47 requests); which is an important line from which Coker 312 was selected from, as the most regenerable line of cotton (Trolinder and Goodin, 1987; Bowman et al., 2006). The next most requested lines both have the green lint phenotype, Arkansas Green Lint (42 requests) and Intense Red Green Lint (36 requests), which reflects the interest in cotton that does not require dyeing (Vreeland, 1999). In Gb, the most requested lines are Pima S-6 (57 requests) and Pima S-7 (55 requests), they both have long fiber, good yield and are earlier maturing than most G. barbadense lines (Feaster and Turcotte, 1984; Turcotte et al., 1992). The lines have also been studied for their reaction to important diseases such as verticillium wilt and fusarium wilt (Bolek et al., 2005; Wang and Roberts, 2007; Zhu et al., 2021). The third most requested line is Bleak Hall Sea Island (37 requests), an important genetic contributor to the USDA-ARS Pee Dee Breeding Program focused on fiber quality (Campbell et al., 2011). In a field trial of 48 Pima lines, it had the longest fiber length at 37.8 mm (Holladay et al., 2021). The presence of a registration in the Plant Variety Protection (PVP) system often indicates the importance of a line. Of lines studied here, there are only 2 lines that are ex-PVP materials (lines for which a PVP was filed and ex indicating they have passed the time of legal protection), both in the SA collection, Stoneville 907 (PVP - Stoneville 907, n.d.) and DP 5409 (PVP - DP5409, n.d.). Therefore, it is likely the seed request data provides more data on the importance of the study materials to historical cotton breeding and research.



Resistance-Associated Phenotypes Show Different Patterns of Relationship Among Stoneville Accessions, Texas Accessions, and Gossypium barbadense

Gossypol glands play an important role in insect resistance because gossypol is often toxic. The glands are considered direct resistance traits because the plant invests directly in its own defense (Rudgers et al., 2004). In cultivated cotton, the presence and density of glands, which may be found on leaves, stems, and/or bolls, are negatively correlated with the abundance, performance, and/or damage caused by several herbivores (Matthews, 1989; Summy and King, 1992). Results (Supplementary Figure 6) showed that both SA and TEX have significant bivariate associations for ‘leaf glands:boll glands’ and ‘leaf glands:stem glands’, while ‘boll glands:stem glands’ are only significantly associated in the TEX group (Figure 6). Most of the accessions in all three groups had at least medium glanding on all three organs (Figure 3), which is consistent with a positive impact of glands on defense against insects. Most SA accessions had medium glanding on leaves, stems, and bolls, and rarer cases had glandless leaves and bolls. In contrast, the TEX group contained accessions with glandless bolls accompanied by medium and heavy leaf glands. The majority of TEX accessions had medium glanding in bolls and heavy glanding in leaves and stems. In the Gb group, 98% of the accessions were rated as ‘heavy’ for the glanding on all three organs (Figure 3). Therefore, more extensive breeding in the SA group has led to lesser glanding overall as compared to TEX or Gb. These findings are reasonable from the perspectives of adaptation and evolution because glands provide the plant with natural protection from insects. Thus, losing the glanding trait would be detrimental to overall plant fitness and make it difficult for a breeder to impact glanding. This study is consistent with previous efforts showing the difficulty of breeding for reduced glanding, potentially indicating alternative breeding methods should be applied where gland modification is the goal (Janga et al., 2019; Gao et al., 2020).

Extrafloral structures such as nectaries reflect indirect resistance mechanisms because the plants invest in interactions with other species (Rudgers et al., 2004). The ‘bract nectaries:boll nectaries’ association was significant in all three groups analyzed. The different biological backgrounds of each class and the states observed for descriptors showed differences and similarities in its range trait relationship. The present and reduced states are the most common conditions across the three groups, with absence of bract and boll nectaries only rarely observed among the accessions analyzed. The presence of nectaries could be considered an advantage or disadvantage depending on the natural conditions of the individual in the wild or its use for breeding purposes.

These descriptor traits may be more valuable in ranges where cotton production and specific environmental factors ranges overlap, such as native insect ranges. Assessment of accession geographic collection information, or georeferencing, has led to valuable insights particularly in botanical studies (Swenson et al., 2012; Choudhary et al., 2022). Crop species have a particular difficulty in utilizing geographic data as many accessions were obtained outside of collection expeditions thus contain uninformative or inaccurate geographic data, extensive data filtering would be required to even potentially utilize that data (Feeley and Silman, 2010), but may be worth investigating in the future to potentially add value to the germplasm collection (Volk and Richards, 2011).



Leveraging Germplasm Collection Systems

This analysis expands the use of categorical descriptors normally used for cataloging cotton accessions or germplasm registration. We show that computational and statistical analysis can allow categorical data to be used for illustration and exploration of diversity, trait associations, and similarity in the cotton germplasm collection. The robustness of the analysis is based on the standardized systems developed by the germplasm curators to track multiple phenotypic traits of cotton accessions planted annually in different environments. This research is only based on categorical data and helps to understand the heterogeneity of the cotton accessions present in the collection. This information can be used by the breeding community to integrate new material with desirable traits or unique trait combinations into their breeding programs. While this analysis focused on categorical data as this is the prevalent information available on large numbers of individuals in germplasm collections, a similar strategy can be applied to quantitative data and many of the tools used here are suitable for quantitative data (Lê et al., 2008; Husson et al., 2010; Akay and Yüksel, 2017). As larger quantitative data sets are available for germplasm collections, it will also be possible to combine qualitative and quantitative data for analysis.

We analyzed accessions representing 2 of the over 50 Gossypium species represented in the NCGC. The NCGC is only one of 44 collections with over 500,000 unique accessions representing over 10,000 species in the GRIN-global germplasm system [(dataset) USDA Agricultural Research Service, 2015], with different curators all collecting similar categorical descriptor data on the different crop-specific germplasm collections. While determining the specific number of categorical traits necessary to be informative for a collection will be collection specific, the analytical methods and refined insights about the collection demonstrated in this study could be extended to other crops or organisms present in the GRIN-global system. We would suggest a researcher to systematically collect the largest possible set of descriptor traits on a smaller diversity panel or core set of accessions, then use multiple correspondence analysis as outlined here to understand the most informative set of descriptors to collect on the larger collection. A better understanding of germplasm collections will allow for more effective use of these resources and help to safeguard the genetic diversity of agriculturally important plants, which is essential for protecting agriculture in the future (FAO, 2010; Byrne et al., 2018).
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Genomic resources and tools are essential for improving crops and conserving their genetic resources. Guizotia abyssinica (noug), an outcrossing edible oilseed crop, has highly limited genomic resources. Hence, RNA-Seq based transcriptome sequencing of 30 noug genotypes was performed to generate novel genomic resources and assess their usefulness. The genotypes include self-compatible and self-incompatible types, which differ in maturity time, photoperiod sensitivity, or oil content and quality. RNA-Seq was performed on Illumina HiSeq 2500 platform, and the transcript was reconstructed de novo, resulting in 409,309 unigenes. The unigenes were characterized for simple sequence repeats (SSRs), and served as a reference for single nucleotide polymorphism (SNP) calling. In total, 40,776 SSRs were identified in 35,639 of the 409,309 unigenes. Of these, mono, di, tri, tetra, penta and hexanucleotide repeats accounted for 55.4, 20.8, 21.1, 2.3, 0.2, and 0.2%, respectively. The average G+C content of the unigenes and their SSRs were 40 and 22.1%, respectively. The vast majority of mononucleotide repeat SSRs (97%) were of the A/T type. AG/CT and CCA/TGG were the most frequent di and trinucleotide repeat SSRs. A different number of single nucleotide polymorphism (SNP) loci were discovered in each genotype, of which 1,687 were common to all 30 genotypes and 5,531 to 28 of them. The mean observed heterozygosity of the 5,531 SNPs was 0.22; 19.4% of them had polymorphism information content above 0.30 while 17.2% deviated significantly from Hardy-Weinberg equilibrium (P < 0.05). In both cluster and principal coordinate analyses, the genotypes were grouped into four major clusters. In terms of population structure, the genotypes are best represented by three genetic populations, with significant admixture within each. Genetic similarity between self-compatible genotypes was higher, due to the narrow genetic basis, than that between self-incompatible genotypes. The genotypes that shared desirable characteristics, such as early maturity, and high oil content were found to be genetically diverse, and hence superior cultivars with multiple desirable traits can be developed through crossbreeding. The genomic resources developed in this study are vital for advancing research in noug, such as genetic linkage mapping and genome-wide association studies, which could lead to genomic-led breeding.

Keywords: de novo transcriptome assembly, G+C content, genetic variation, self-compatibility, SNPs, SSR, unigenes


INTRODUCTION

Noug (Guizotia abyssinica) is an edible oilseed crop indigenous to Ethiopia, where it was originated, domesticated and genetically diversified. It is an annual diploid crop with 2n = 30 chromosomes (Dagne, 1994) exhibiting a strict outcrossing reproductive mechanism with honeybees as major pollinators due to its homomorphic self-incompatibility (Geleta et al., 2002; Geleta, 2007; Geleta and Bryngelsson, 2010). It is among major edible oilseed crops grown in Ethiopia, both in terms of acreage and production volume, where 26% of the produce is consumed locally (Geleta and Ortiz, 2013; Ethiopian Institute of Agricultural Research [EIAR], 2017). It is also cultivated to some extent in other African countries that include Sudan, Malawi and Uganda (Geleta and Ortiz, 2013; Gebeyehu et al., 2021). Apart from Africa, it is cultivated in India as a minor oilseed crop, as well as in Bangladesh, the Caribbean, and the United States, however to a much lesser extent (Geleta and Ortiz, 2013).

Genetic diversity in crops refers to the genetic variation within and between individual plants, landrace populations, and cultivars, which results from mutation, recombination, introgression, natural and artificial selection, and adaptation to diverse environments. A crop’s genetic diversity is typically greatest in areas where it was domesticated, originated, or has wild relatives (Geleta and Ortiz, 2013). This diversity plays a key role in the crop’s ability to adapt to climate change and withstand new pests, as well as to increase its productivity and quality. Since Ethiopia is its center of origin and diversity, noug cultivated in the country is inherently diverse with high genetic potential for improvement (Geleta et al., 2007, 2008; Petros et al., 2007; Dempewolf et al., 2010; Mengistu et al., 2020; Tsehay et al., 2020). However, the genetic potential of this crop has not been widely exploited, and only a few modestly improved cultivars have been released (Alemaw and Alamayehu, 1997). Among the major constraints are strict self-incompatibility, which requires abundant availability of insect pollinators, an indeterminate growth habit that leads to seed loss due to shattering, lodging, low response to management and inputs, and pests (including various pathogens, insects and parasitic weeds).

The process of cultivar development for a crop begins with selecting genetic material with desirable traits. For efficient selection of genetic material for breeding, understanding the genetic variation within a crop’s gene pool is vitally important using DNA markers. Thus, it is imperative that genome-wide markers be developed and utilized in order to identify and manage genetic diversity within a crop’s gene pool and to determine genetic factors determining desirable traits. To interpret the functional elements of a genome, it is essential to understand its transcriptome, which include sequence variation in their mRNA transcripts (Wang et al., 2009). As transcriptome markers represent the expressed parts of a genome, they are a better choice than genomic markers for aforementioned applications. To this end, a limited number of transcriptome sequences have been assembled for noug (Dempewolf et al., 2010; Hodgins et al., 2014; Tsehay et al., 2020), and based on these, simple sequence repeat (SSR) markers and single nucleotide polymorphism (SNP) markers have been developed (Dempewolf et al., 2010; Tsehay et al., 2020). However, these genomic resources are insufficient for use in different applications including population genetics analyses for conservation; genome-wide association studies (GWAS) as well as for enabling genomics-led breeding. Hence, the development of additional genomic resources for noug is vitally important.

RNA-Seq (RNA sequencing) is the most advanced method of profiling transcriptomes, which relies on next-generation sequencing methods for high-throughput (Wang et al., 2009). The capability of detecting sequence variations, such as Indels and SNPs in transcribed genomic regions are among the key advantages of RNA-Seq (Cloonan et al., 2008). Additionally, the unigenes obtained after transcriptome assembly can be used in the development of other markers, such as SSRs. The aims of this study were to use RNA-Seq for transcriptome sequencing of diverse genotypes of noug for the development of new genomic resources for their various applications, characterize the SSRs in the unigenes, and assess the usefulness of the novel SNP markers via genetic diversity analyses of the genotypes used.



MATERIALS AND METHODS


Plant Material

Thirty phenotypically diverse noug genotypes were used in this study (Supplementary Table 1). Most of the genotypes were selected from breeding populations bred for desirable traits such as self-compatibility, early maturity, less-sensitivity to photoperiod, as well as high oil or increased oleic acid contents (Geleta and Bryngelsson, 2010; Geleta et al., 2011; Geleta and Ortiz, 2013). Other genotypes were selected from landrace populations based on their distinct differences in one or more traits from those that were already selected (Supplementary Table 1). Twelve of the 30 genotypes are self-compatible although to a different extent, whereas the remaining eighteen are strictly self-incompatible. In terms of maturity time, the source populations varied from very-early to very-late types. For three of the 30 genotypes, the source populations were able to flower when the photoperiod was above 12 h. The average oil content of the source populations varied from 30 to 45% of dry seed weight. As opposed to the other source populations, four have oleic acid content above 10%, although the level depends primarily on environmental temperature (Supplementary Table 1).



Planting, Sampling and RNA Extraction

The 30 genotypes were planted using 1.5 L plastic pots filled with soil in a greenhouse at the Swedish University of Agricultural Sciences (SLU, Alnarp, Sweden) for RNA extraction. Four weeks after planting, leaf tissue was collected separately from individual plants of each genotype in 15 ml falcon tubes and snap-frozen in liquid nitrogen and then stored at −80°C until used for RNA extraction. For each sample, the total RNA was extracted from approximately 100 mg leaf tissue using the RNeasy Plant Mini Kit (#74904, QIAGEN) according to the manufacturer’s protocol, followed by DNase treatment with Ambion Turbo DNA-Free Kit (#AM1907, Thermo Fisher Scientific, CA, United States) as described in Kalyandurg et al. (2021). The extracted RNA quality and quantity were assessed using an Agilent Bioanalyzer 2100 system (Agilent, Technologies, CA, United States), NanoDrop ND-1000 spectrophotometer (Saveen Werner, Sweden), and agarose gel electrophoresis. Then, high-quality RNA samples were sent to CD Genomics (New York, United States) for RNA-Seq analysis. Upon arrival, the samples were further monitored on 1% agarose gels for degradation and contamination, purity checked using the NanoPhotometer spectrophotometer (IMPLEN, CA, United States), concentration measured using the Qubit RNA Assay Kit in Qubit 2.0 Flurometer (Life Technologies, CA, United States), integrity assessed using the RNA Nano 6000 Assay Kit of the Agilent Bioanalyzer 2100 system (Agilent Technologies, CA, United States).



Library Preparation, Clustering and Sequencing

The NEBNext UltraTM RNA Library Prep Kit for Illumina (NEB, United States) was used to create sequencing libraries from 1.5 μg of RNA per sample, according to the manufacturer’s instructions, and index codes were added to assign sequences to each sample. An AMPure XP system (Beckman Coulter, Beverly, United States) was used to purify the library fragments to facilitate preferential selection of cDNA fragments with a length of 150–200 bp. Following adapter ligation to the size-selected fragments and polymerase chain reaction (PCR), the AMPure XP system was used to purify the amplified products, and then library quality was assessed using the Agilent Bioanalyzer 2100 system. This was followed by the clustering of the index-coded samples on a cBot Cluster Generation System using the TruSeq PE Cluster Kit v3-cBot-HS (Illumia) as per the manufacturer’s instructions. The clusters were then sequenced on the Illumina HiSeq 2500 platform, and paired-end reads were generated.



Data Quality Control, de novo Transcript Assembly and Splicing, and SSR Identification

The Illumina Hiseq data was translated to sequenced reads through base calling, and a FASTQ file containing sequenced reads and quality information was created from the raw data for each sample. A series of methods was applied to filter the raw sequencing reads to obtain high quality data for subsequent analysis. First, the raw reads in FASTQ format were processed using in-house python scripts, and reads containing adapter and ploy-N were removed to obtain clean reads. The Phred quality scores of the clean reads were then calculated, and those with Phered quality scores below 30 (error rate greater than 0.1%) were removed. The remaining high-quality reads were used for downstream analyses.

Since noug does not have a reference genome, de novo transcript reconstruction was done using Trinity software package (Grabherr et al., 2011). For this, read1 files containing high-quality reads for each of the 30 samples were merged into a single read1 file, and similarly the read2 files of the 30 samples were merged into a single read2 file. The merged read1 and read2 files were then used for transcript assembly and splicing using Trinity, by setting max_kmer_cov to 2 and all other parameters to default. Following length distribution analysis, the longest spliced transcript for each gene was identified as a unigene and used as a reference sequence in subsequent analyses. This resulted in 409,309 unigenes with a G+C content of 40%, which were used as reference for SNP calling. A web-based microsatellite identification tool MISA-web (Beier et al., 20171) was used to identify simple sequence repeats (SSRs) within the unigenes using the default setting. The minimum number of repeats was set to ten for mononucleotide repeats, to six for dinucleotide repeats and to five for tri, tetra, penta and hexanucleotide repeats.



SNP Calling and Further Processing

As the first step of SNP calling, the BWA v.0.7.4 short read aligner was used to align the high-quality clean reads of each sample to the reference transcripts (Li and Durbin, 2009). Then, SAMtools v0.1.18 (Li et al., 2009) and Picard-tools v1.41 software packages were used for sorting, indexing, removing duplicates, and merging the BAM alignment results of each sample. On the merged BAM files, the Genome Analysis Toolkit (GATK; McKenna et al., 2010) was used for base-quality score calibration, and SNP calling, and genotyping for each sample was performed by using standard filtering parameters or variant quality score calibration according to GATK’s Best Practice recommendations (DePristo et al., 2011; Van der Auwera and O’Connor, 2020). The VCF files of the samples were then merged and the shared SNP loci were filtered using BCFtools (Danecek et al., 2021).



Statistical Analysis

Different statistical programs were used to estimate genetic diversity parameters and indices for each genotype across loci and for each locus across genotypes. GenAlEx version 6.5 software (Peakall and Smouse, 2006) was used for the analysis of mean values of observed number of alleles (Na), observed heterozygosity (Ho), number of private alleles (NPA), percent polymorphic loci (PPL) for each genotype, Nei’s standard genetic distance (GD) and GD-based principal coordinate analysis (PCoA) to display the genetic relationship between the noug genotypes based on both SNP data sets. Pairwise GD matrices were also used for neighbor joining (NJ)-based cluster analysis using the MEGA7 program (Kumar et al., 2016). The polymorphism information content of each SNP locus was calculated in accordance with Hildebrand et al. (1992). Arlequin v. 3.5.2.2 (Excoffier and Lischer, 2010) was used to perform the exact test of Hardy-Weinberg equilibrium (using 1,000,000 steps in the Markov chain and 100,000 dememorization steps), and calculate pairwise FST and mean number of pairwise differences between and within genotypes and groups. To generate heatmaps of these parameters, a console version of the R statistical package (Rcmd) incorporated into the Arlequin software was used. A Bayesian statistics based population genetic structure analysis was conducted using STRUCTURE software version 2.3.4 (Pritchard et al., 2000). The analysis was conducted using an admixture model for different number of clusters (K) using 100,000 burn-in periods and 200,000 Markov chain Monte Carlo (MCMC) chain iterations, with K ranging from two to ten and twenty replications at each K. A further analysis of the results was performed with the STRUCTURESELECTOR (Li and Liu, 2018) program to determine the number of clusters (genetic populations) according to the Puechmaille (2016) method, and to visualize the population structure using CLUMPAK (Kopelman et al., 2015) integrated into STRUCTURESELECTOR.




RESULTS


SSR Identification and Characterization

The analysis of 409,309 unigenes using MISA-web for detecting SSRs resulted in 40,776 SSRs (Table 1). These SSRs were detected in 35,639 unigenes (8.7% the total unigenes), of which 4,269 had more than one SSR (1% of the total unigenes, or 12% of the unigenes containing SSRs). Some of these SSRs were separated by less than 100 bases and hence formed compound SSRs. Counting SSRs forming a compound SSR as one, the total number of SSRs was 38,011, of which 2,380 were compound SSRs (Table 1 and Supplementary Table 2). Among the 40,776 separate SSRs identified, mono-, di-, tri-, tetra-, penta- and hexanucleotide repeats accounted for 55.4, 20.8, 21.1, 2.3, 0.2, and 0.2%, respectively (Table 1 and Figure 1). In all cases, the lowest number of repeats accounted for the highest proportion. Among the mononucleotide repeat SSRs, 50.9% had a repeat of ten whereas 37.7% of dinucleotide repeat SSRs had a repeat of six. In the case of tri, tetra, penta and hexanucleotide repeats, a repeat of five accounted for 59.6, 76.9, 79.6, and 50.6%, respectively (Figure 1). In general, the longer a given SSR motif gets, the less frequent it becomes. The G+C contents of mono, di, tri, tetra, penta and hexanucleotide SSRs were 3.9, 33.3, 43.1, 25.5, 41.5, and 41.0%, respectively. Whereas, all SSRs together had a G+C content of 22.2% (Figure 2A).


TABLE 1. Summary information about the simple sequence repeat (SSR) analysis.
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FIGURE 1. P-charts depicting the number (values in the pie charts) and percentage (values shown below the chart keys in green) of different simple sequence repeat motifs across the noug unigenes that were classified based on the number of times they were repeated. In the chart keys of panels (A–C), the numbers following “R” denote the number of times the corresponding repeat motifs were repeated. In the chart keys of (D), T, P and H refer to Tetra, Penta and Hexanucleotide repeats. “>” indicates that the SSR motif was repeated more times than the specified number.



[image: image]

FIGURE 2. Bar graphs displaying the G+C content of mono, di, tri, tetra, penta and hexanucleotide repeat SSRs, and all SSRs together (A); and the number of classified repeat types considering sequence complementarity) for mono, di, tri, tetra, penta and hexanucleotide repeat SSRs, which were grouped based on the number of times a repeat motif was repeated (three groups for mono and dinucleotide repeats, two groups for trinucleotide repeats, and one group for each of tetra, penta and hexanucleotide repeats) (B–G).


The SSRs were further analyzed considering sequence complementarity (Figure 2). Among the mononucleotide repeat SSRs, the vast majority (97.2%) were A/T type whereas C/G type accounted for only 2.8% (Figure 2). The most and least common dinucleotide repeat SSRs were AG/CT (19.6%) and CG/CG (0.09%), respectively. CCA/TGG, ACC/GGT, and ATC/GAT were the top three most common trinucleotide repeat SSRs, accounting for 10.6, 10.1, and 9.2% of the total trinucleotide repeat SSRs, respectively. Among the tetranucleotide repeat SSRs, AACA/TGTT was by far the most frequent (36.7%), followed by AAAC/GTTT (12.4%). The most common pentanucleotide repeats were AAACC/GGTTT, ATCCA/TGGAT, and CCAAA/TTTGG (12, 11, and 11%, respectively). The frequency of different types of hexanucleotide repeats ranged from one to five, with AGATGA/TCATCT being the most common (Figure 2).



The SNP Markers

The number of high-quality SNPs discovered in each sample that met all filtering criteria ranged from 80,653 (in genotype Ga02.02) to 334,828 (in genotype Ga09.03) (Data not shown). Among the SNPs discovered in each genotype, 1,687 of them were shared among the 30 genotypes. In comparison, excluding two of the samples (Ga02.02 and Ga101B.m) that shared the least number of SNP loci with the others resulted in 5,531 SNP loci shared by the 28 remaining samples (Figure 3 and Supplementary Table 3). Both SNP datasets were used for further analyses and the results were compared. Out of the 5,531 SNP loci, 1,500 (27%) were monomorphic across the 28 genotypes whereas 542 of the 1,687 SNP loci (32.1%) were monomorphic across the 30 genotypes (Figure 3). Thus, the number of polymorphic SNPs was 4,031 for the 28 genotypes and 1,145 for the 30 genotypes.
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FIGURE 3. Pie charts/bar graphs exhibiting the grouping of 5,531 SNP loci recorded across the 28 noug genotypes according to (A) their polymorphism information content (PIC), (B) heterozygosity, and (C) minor allele frequency (MAF); and the 1,687 SNP loci recorded across the 30 noug genotypes according to (D) their PIC, (E) heterozygosity, and (F) MAF.


Among the SNP loci shared by the 28 and 30 genotypes, 1,074 (19.4%) and 200 (11.9%) loci had a polymorphism information content (PIC) of above 0.30, respectively (Figure 3 and Supplementary Table 3), and hence are highly informative. Under the assumption that the genotypes constitute a random sample of a single population, the HWE test revealed that 953 loci (17.2% of the 5,531 loci) and 167 loci (9.9% of the 1,687 loci) showed significant deviation from HWE (P < 0.05) when the population comprised the 28 and 30 genotypes, respectively (Figure 3 and Supplementary Table 4). Among the 5,531 and 1,687 loci analyzed, 0.5 and 0.2% showed heterozygote deficiency, respectively (Figure 3). In total, 28 SNP loci across 27 unigenes exhibited heterozygote deficiency.



Genetic Variation Within and Among Genotypes and Groups

For the genetic diversity analyses, the 5,531 and 1,687 SNPs were used for the two groups comprising 28 and 30 genotypes, respectively (Table 2). Among the 5,531 and 1,687 SNP loci, 50 and 37.1% had minor allele frequency (MAF) above 0.05 (Figures 3C,F). The analysis using the 5,531 SNPs resulted in observed heterozygosity (Ho) ranging from 0.18 (in genotype Ga01.12) to 0.28 (in genotype Ga08.05), which are the same as the percent polymorphic loci (PPL) of the genotypes. The overall mean observed number of alleles (Na) and Ho were 1.22 and 0.22, respectively. The average genetic distance (GD) of a genotype from the other genotypes ranged from 0.040 (genotype Ga01.20) to 0.055 (genotype Ga10.06), with an overall average of 0.048. Private alleles were detected in 82.1% of the 28 genotypes, with genotype Ga09.03 having the highest number of private alleles (NPA; mean = 0.014). The corresponding analysis using the 1,687 SNPs across the 30 genotypes produced Ho ranging from 0.12 (in genotypes Ga01.12 and Ga01.20) to 0.23 (in genotype Ga08.05) with an overall mean of 0.18 (Table 2). Whereas, an individual genotype’s GD from other genotypes ranged from 0.035 (Ga01.12) to 0.051 (Ga10.06), with an overall average of 0.043. In this group, private alleles were detected in all genotypes except in Ga01.12 and Ga01.16 (Table 2).


TABLE 2. Mean values of observed number of alleles (Na), observed heterozygosity (Ho), number of private alleles (NPA), percent polymorphic loci (%PL) for each genotype and Nei’s standard genetic distance (GD) of each genotype from all other genotypes based on data from 5,531 SNP loci (for 28 of the 30 genotypes) and 1,687 loci (for all 30 genotypes).
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Genotype Ga01.12 and Ga01.08 had a relatively low Nei’s distance and mean number of pairwise differences from most of the other genotypes, whereas genotype Ga08.05 had relatively high values in these parameters. The lowest mean number of pairwise differences between genotypes was recorded for Ga01.08 vs Ga01.12 and Ga01.20 vs Ga01.12. The lowest mean number of pairwise differences within genotype was observed in Ga01.12, followed by Ga01.16, Ga01.08, and Ga01.20. In contrast, the mean number of pairwise differences recorded for Ga08.05, Ga08.03, and Ga08.01 was among the highest (Figure 4). At a group level, Group-1 had the lowest mean number of pairwise differences within group whereas Group-10 had the highest. Group-1 vs Group-2 had the lowest mean number of pairwise differences between groups, while Group-6 vs Group-10 had the highest Nei’s distance (Figure 4C).
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FIGURE 4. Heatmaps of (A) pairwise FST between the 28 genotypes, (B) average number of pairwise differences (above diagonal) and Nei’s distance (below diagonal) between the 28 genotypes, and average number of pairwise differences within the 28 genotypes (diagonal), and (C) average number of pairwise differences (above diagonal) and Nei’s distance (below diagonal) between the 10 groups of genotypes, and average number of pairwise differences within the 10 group of genotypes (diagonal).




Cluster, Principal Coordinate and Population Structure Analyses

Neighbor-joining (NJ) cluster analysis and principal coordinate analysis (PCoA) were conducted based on Nei’s standard genetic distance (Supplementary Table 5) calculated using 5,531 and 1,687 SNP data sets for the 28 and 30 noug genotypes, respectively. Following the approach described in Brown-Guedira et al. (2000) for finding an acceptable number of clusters where the within-cluster genetic distance is below the overall mean genetic distance and where the mean between-cluster distance is above the mean within-cluster distance, four major clusters were determined in both cases. Even though there are clear differences between the clustering patterns generated with the two data sets, similarities are also evident. In both cases, genotype Ga10.06, Ga08.01, Ga08.05 and Ga09.04, which were assigned to cluster-1 or cluster-2, were among the most differentiated. On the other hand, genotypes that are less sensitive to photoperiod (Ga101B.3 and Ga101B.5) were closely clustered together in cluster-4 (Figure 5A) and cluster-2 (Figure 5B), respectively. Among the self-compatible genotypes, Ga01-12, Ga01-16 and Ga01-22 (red triangle) were closely clustered in cluster-3 (Figure 5A) and Cluster-2 (Figure 5B). In both cases, cluster-4 is the most diverse, comprising genotypes from seven of the ten groups (see symbols). In several cases, genotypes within the same phenotypic group were assigned to more than one clusters. For example, both very early-maturing genotypes (blue diamond) and very late-maturing genotypes (red diamond) were placed under more than one cluster (Figures 6A,B).
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FIGURE 5. Neighbor-joining trees depicting the clustering pattern of (A) 28 noug genotypes and (B) 30 noug genotypes based on Nei’s standard genetic distances calculated using genotypic data at 5,531 and 1,687 SNP loci, respectively. The numbers in black represent the four clusters of each tree, and the numbers in blue represent the bootstrap support of the corresponding branches (only bootstrap values above 50 are shown).
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FIGURE 6. Principal coordinate analysis (PCoA) of (A) 28 noug genotypes and (B) 30 noug genotypes based on Nei’s standard genetic distances calculated using genotypic data at 5,531 and 1,687 SNP loci, respectively. The first two principal coordinates together explained 17.5 and 13.2% of the total variation in the case of panels (A,B), respectively.


The principal coordinate analysis (PCoA) was conducted to determine the differentiation among the 28 individual genotypes (Figure 6A) and the 30 individual genotypes (Figure 6B), respectively. In the two-dimensional plots generated, the first and the second coordinates explained 10.2 and 7.3% of the total variation among the 28 individual genotypes (Figure 6A) and 7.1 and 6.1% of the total variation among the 30 individual genotypes (Figure 6B), respectively. Hence, the two coordinates together explained 17.5% of the total variation among the 28 individual genotypes and 13.2% of the total variation among the 30 individual genotypes, both of which are quite low. However, the clustering pattern of the genotypes in both two-dimensional plots (Figures 6A,B) are in good agreement, as clusters highlighted by the same color mostly represent the same genotypes. Most self-compatible genotypes (see Supplementary Table 1) were assigned to the light-blue highlighted clusters. The results of PCoA and cluster analysis also agree well in general. For example, similar to cluster analysis, genotypes less sensitive to photoperiod were closely clustered in PCoA (pink highlighted genotypes in Figure 6B). Analyses of the population genetic structure based on admixture models using 5,531 SNPs for the 28 genotypes and 1,687 SNPs for the 30 genotypes demonstrated that the genotypes are best represented by three genetic populations. (K = 3; Supplementary Figures 1A,C). It is interesting to note that each genotype has alleles originating from the three genetic populations, in both cases, demonstrating a strong genetic admixture (Supplementary Figures 1B,D).




DISCUSSION


The SSR Characteristics in Noug Unigenes

The RNA-Seq based sequencing of 30 noug genotypes resulted in 409,309 unigenes ranging in size from 201 to 13,568 bp, totaling 204.2 Mbp, and having a G+C content of 40%. The G+C content is an important feature of genome organization, and show wide variation among different genomes and different regions within a genome, and has been studied in connection with understanding genome evolution (Morgante et al., 2002; Glémin et al., 2014; Singh et al., 2016). Diversity in G+C content in plant genomes is biologically and evolutionary significant, including its importance for plant adaptation to diverse environments (Šmarda et al., 2014). Studies have shown that grasses, such as rice and maize, have genomic G+C content above 40%, while dicots have G+C content below 40% (Wang et al., 2004; Qin et al., 2015; Singh et al., 2016). In general, genes have a higher G+C content than genomic sequences, with their coding sequences (CDS) having a higher G+C content than their 3′ and 5′ untranslated regions (3′-UTR and 5′-UTR) (Zhao et al., 2014; Singh et al., 2016). The G+C content of CDS exceeds 40% even for dicots (Wang et al., 2004; Singh et al., 2016). Hence, the G+C content of 40% obtained in the present study for the noug unigenes (CDS plus UTRs) is consistent with data reported for other dicots.

Simple sequence repeats (SSRs) are ubiquitous and highly polymorphic loci in plant genomes comprising tandemly repeated nucleotide sequences of 1 to 6 bp in length. Genomic events that lead to the length polymorphism of SSRs include unequal recombination between homologous SSRs and replication slippage that result in repeat motif deletion or insertion (Li et al., 2004). In the CDS, frameshift mutations that result in a gain or loss of function occur as the result of insertions or deletions of the SSR repeat motifs (Li et al., 2004). The high mutation rate of SSRs makes them a significant component of genome evolution (Kashi et al., 1997), and they are excellent molecular markers for various applications (Olmstead et al., 2008; Geleta et al., 2012; Lu et al., 2012; Shiferaw et al., 2012; Shirasawa et al., 2013; Teshome et al., 2015; Chombe et al., 2017). The distribution and density of SSRs vary among genomes of different species as well as different regions within genomes (Tóth et al., 2000; Temnykh et al., 2001; Mun et al., 2006). Similarly, the frequency of different types of SSRs (mono, di, tri, tetra, penta, and hexanucleotide repeats) as well as the nucleotide composition of their repeat motifs differ within and among genomes (Morgante et al., 2002; Grover and Sharma, 2007; Qin et al., 2015).

Mononucleotide repeats were the most frequent in the present study accounting for over half of the SSRs identified, of which A/T SSRs accounted for 97.2%. Similarly, AT/TA SSRs were by far more prevalent among dinucleotide repeat SSRs than CG/GC SSRs, accounting for 32.4 and 0.24% of all dinucleotide repeat SSRs, respectively. Such an overwhelming dominance of A/T over C/G and AT/TA over CG/GC in noug unigenes is consistent with that of mono and dinucleotide repeat SSRs in the genomes of other dicots, including Arabidopsis thaliana, Glycine max, Vitis vinifera and Solanum lycopersicum (Qin et al., 2015). According to Qin et al. (2015), C/G and CG/GC SSRs declined during the evolution of plant genomes, which warrants further research to identify the major causes for this change. In other groups of dinucleotide repeat SSRs, homopurine/homoprymidine motifs (AG/CT+GA/TC) were more frequent than purine-prymidine mix (AC/GT+CA/TG) in the present study, in agreement with other studies in dicots (Grover and Sharma, 2007; Wang et al., 2008; Qin et al., 2015). The relative frequency of tri, tetra, penta, and hexanucleotide SSR motifs differed among studies, even within dicots, in contrast to mono and dinucleotide repeat SSRs. Trinucleotide repeat SSRs are more common than dinucleotide repeat SSRs in Arabidopsis CDS and UTRs (Morgante et al., 2002), unlike the case in the present study, where they are more or less equally frequent. The two most common trinucleotide SSRs in the present study were those with ACC/GGT and CCA/TGG motifs, unlike in Papaya where the AAG motif dominates the trinucleotide SSRs (Wang et al., 2008). Among complimentary motifs, notable differences exist between GGT and ACC, and between GAA and TTC, accounting for 6.4, 3.7, 4.0, and 2.2% of trinucleotide repeat SSRs, respectively. Hence, higher frequencies of GGT and GAA in the transcribed sequences of noug require further research in comparison with other dicots.

The G+C content in the noug unigenes (40%) is significantly higher than the G+C content of the SSRs derived from these unigenes (22.2%). Similar pattern was reported in Populus where 33.2% G+C content in the whole genome but 25.4% in the SSRs (ShuXian and TongMing, 2007). The CCG/CGG trinucleotide repeats are abundant in monocots (rice, maize, and wheat) but rare in dicots (Arabidopsis and soybean) (Morgante et al., 2002). They are among low-frequency trinucleotide SSRs in the present study, which is similar to the results from Morgante et al. (2002) study for dicots. Also, they found higher G+C content in monocot ESTs than in dicot ESTs. Nevertheless, the G+C content of 44% in EST-derived Arabidopsis and soybean SSRs they reported is twice that of the present study’s noug SSRs (22%). The marked difference between the two studies could be partly attributed to differences in the representation of CDS and UTRs in the respective sequences; further studies will shed more light on this. The higher G+C content of trinucleotide SSRs than di and tetraploid SSRs in the present study is most likely due to the greater number of GC-rich trinucleotide SSRs in CDS, which do not cause frameshift mutations.

Using transcriptome-based SSR markers, previous studies on noug revealed higher genetic variation both within and between populations (Dempewolf et al., 2010, 2015; Misganaw and Abera, 2017) in comparison to results obtained using dominant markers (Geleta et al., 2007, 2008) and bi-allelic SNP markers (Tsehay et al., 2020), indicating the superiority of multi-allelic SSR markers in their informativeness. Since a reference genome sequence is not available for noug yet, the genomic positions of the SSRs identified in the present study is currently unknown. With the annotation of the unigenes used, it will be possible to select genome-wide single-copy SSRs for genotyping a diverse panel of noug genotypes and then develop gene-associated polymorphic SSRs for their numerous applications in noug and other Guizotia species, as the rate of cross-species transferability of transcriptome-derived SSR markers is proved high (Lu et al., 2013; Teshome et al., 2015; Zhou et al., 2016; Gadissa et al., 2018; Serbessa Tolera et al., 2021). The applications include genetic diversity analyses for conservation and breeding, as well as genetic linkage mapping and genome-wide association studies.



The SNP Markers and Genetic Variation Among Genotypes

Given that noug is strictly outcrossing in general (Nemomissa et al., 1999; Geleta and Bryngelsson, 2010; Geleta and Ortiz, 2013), observed heterozygosity (Ho) is expected to equal or exceed the expected heterozygosity (He) if other HWE assumptions are met. However, a very small fraction of the SNP loci (< 0.5%) exhibited heterozygote deficiency. Hence, natural selection may be favoring homozygosity at these loci although self-pollination might have contributed to the heterozygote deficiency given that 40% of the genotypes are self-compatible to different extents. Contrary to this, 9.9% of the loci (Supplementary Table 4) were heterozygous across all genotypes, which is particularly interesting when considering loci with proportional allele frequencies. Natural selection favoring heterozygosity might have contributed, but genotype calling based on reads from duplicate genes with different alleles cannot be ruled out. The development of a reference genome sequence for noug, as well as the annotation and comparison of the unigenes with sunflower genes (the closest to noug among well-studied crops) will provide evidence that explain these results.

As the number of markers increased from 1,687 (Ho = 0.18) to 5,531 (Ho = 0.22), the mean observed heterozygosity (Ho) also increased, suggesting that the number of markers influences the parameter, particularly for small number of samples. Whereas, a study on 24 noug accessions comprising 281 genotypes reported a slightly higher Ho (0.24) based on 202 transcriptome derived-polymorphic SNP markers (Tsehay et al., 2020), suggesting a stronger effect of sample size than number of markers. Considering the analysis of 28 genotypes using 5,531 markers, Ho varied from 0.18 (Ga01.12) to 0.28 (Ga08.05). On average, self-compatible genotypes were less heterozygous than their self-incompatible counterparts were, and the lower Ho values in self-compatible genotypes resulted from self-pollination. There is, however, still substantial heterozygosity in self-compatible genotypes that have been self-pollinated for a number of generations. As inbreeding depression in noug is high (Geleta and Bryngelsson, 2010; Geleta and Ortiz, 2013), a significant proportion of plants grow poorly following self-pollination. As a result, selecting plants with higher proportions of heterozygous loci for next round breeding is more likely, explaining the high heterozygosity of the self-compatible genotypes. Consequently, developing pure-line cultivars is likely to be challenging although self-compatible genotypes were successfully developed.

Polymorphism information content (PIC) measures the usefulness of DNA markers in terms of detecting genetic variation (Hildebrand et al., 1992; Shete et al., 2000). The PIC of a locus depends on the number and frequency of its alleles, which in turn depends on the diversity of genotypes (populations) analyzed. In the larger data set 5,531 SNPs, 19.4% had a PIC of above 0.30, which makes them highly informative. In a similar study in noug, 50% of the 202 markers used had a PIC value above 0.25 (Tsehay et al., 2020). Comparatively, 31% of polymorphic markers had PIC values above 0.25 in this study. The lower proportion in this study can be explained by a smaller number of samples used compared to Tsehay et al. (2020). Nevertheless, 1,266 SNP markers had PIC exceeding 0.25 (1,074 of which had PIC above 0.30; Supplementary Table 3), which can be prioritized for use in various applications, including population genetics for conservation and breeding, genetic linkage mapping, and genome-wide association studies.

There is a good correlation between results obtained from the analyses of the data sets containing 5,531 and 1,687 SNPs, although the values of most parameters analyzed are higher for the larger data set. In both cases, the highest mean genetic distance was recorded in genotype Ga10.06 and the highest number of private alleles was recorded in genotype Ga09.03. Both genotypes are self-incompatible but they mature at different times. The genotype Ga10.06 was sampled from a very early-type landrace population that was originally collected from Arsi (39 km from Bekoji to Tereta; southeast Ethiopia), whereas the genotype Ga09.03 was sampled from a very late-type population that was originally collected from Gojjam (35 km from Amanuel to Bure; northwest Ethiopia). A higher mean genetic distance of Ga10.06 is not surprising since it came from an isolated location where the cultivation of noug is low. Ga09.03 was sampled from a major noug growing region that it shared with the other two very late-type genotypes (Ga07.01 and Ga08.01), so its relatively high number of private alleles was noteworthy given the high rate of gene flow within the region (Geleta et al., 2008).

The lowest mean number of pairwise differences (MNPD) among genotypes were recorded between pairs of self-compatible genotypes (Ga01.08 vs Ga01.12 and Ga01.20 vs Ga01.12). Self-compatible genotypes are developed through crossbreeding of a few genotypes that exhibit a low level of self-compatibility, and hence, their low pairwise differences is due to their narrow genetic basis. The lowest mean number of pairwise differences within genotypes (e.g., heterozygosity) was also recorded in self-compatible genotypes, which is not surprising since the genotypes have been self-pollinated for a number of generations, and hence increased homozygosity as compared to the self-incompatible genotypes. Those that exhibited the highest mean number of pairwise differences within genotypes (Ga08.05, Ga08.03, and Ga08.01) are all strictly self-incompatible.



Genetic Variation of Genotypes Within Trait-Based Groups

The 30 noug genotypes used in the present study were grouped into 10 different groups based on their phenotypic characteristics. Each group differs from the others at least in one characteristic in terms of ability to set self-seeds, photoperiod sensitivity, duration to reach seed maturity, and seed oil and oleic acid contents. However, the genotypes within each group were genetically diverse with the exception of Group-1 (Ga01.12, Ga01.16, and Ga01.22) comprising genotypes bred for higher oil content, and Group-10 (Ga101B.3, Ga101B.5, and Ga101B.m) comprising genotypes with a lower photoperiod sensitivity (Supplementary Table 1).

Overall, the self-compatible groups were more closely related to one another than the self-incompatible ones. The self-compatible genotypes were developed through crossbreeding and selfing based on a limited number of genotypes originating from a few landrace populations. As such, their relatively higher genetic relationship is a result of their narrow genetic base and the crossbreeding scheme used. Interestingly, both the cluster analysis and principal coordinate analysis assigned genotypes with oil content above 40% to more than one cluster. For example, Ga01.20 and Ga02.07 are both high oil content genotypes (over 40%) and self-compatible genotypes (Ga01.20 being among the best for self-compatibility) but they were assigned to different clusters in both analyses. Hence through crossbreeding these genotypes, a self and cross-pollinating cultivar with high seed and oil yields can be developed. It would be very interesting to apply such an approach to noug, as it can overcome the potential consequences of inbreeding depression.

The dominant fatty acid in noug seed oil is linoleic acid (C18:2) and oleic acid (C18:1) content is generally below 13%, particularly in noug grown in Ethiopia (Dagne and Johnson, 1997; Geleta et al., 2011; Tsehay et al., 2020). However, genotypes with C18:1 above 13% have been identified and crossbred to develop high oleic acid types (Geleta et al., 2011; Geleta and Ortiz, 2013) although their oleic acid levels fluctuate with the average temperature of the growing environments. They produce significantly higher C18:1 at the expense of C18:2 in low-altitudes [below 1,800 meters above sea level (masl)] than in high-altitudes (above 2,200 masl) (Geleta et al., 2011; Tsehay et al., 2020). Among the genotypes included in the present study, three self-compatible genotypes (Ga01.16, Ga02.01, and Ga01.02) and one self-incompatible genotype (Ga02.02) had an oleic acid content above 13%, except when grown in high-altitude environments. The data analyses revealed that these genotypes are genetically diverse and differ in desirable traits, such as oil content. Therefore, their crossbreeding may result in high-oleic acid noug cultivars suitable for low-altitude cultivation. Early maturity is a highly desirable trait in crops, especially when the growing season is short or in drought-prone areas, but it usually comes at a cost in terms of yield (Cattivelli et al., 2008). The genotypes included, in the present study varied from “very-early” type to “very-late” type, which took ca 120 and 180 days from planting to harvesting, respectively, when grown at a high-altitude location (Holeta agricultural research center in Ethiopia; 9°00′ N, 38°30′ E; 2400 masl). Based on pairwise comparison as well as cluster and principal coordinate analyses, Group-8 (Ga08.03, Ga10.02, and Ga10.06) consisted of very-early type self-incompatible genotypes, which are genetically diverse. Crossbreeding these genotypes can therefore improve various desirable traits without affecting their earliness.

Research in population genetics uses various approaches to determine the genetic structure of populations and the source of genotypes (Rannala and Mountain, 1997; Davies et al., 1999; Pritchard et al., 2000; Alexander et al., 2009; Raj et al., 2014). In the present study, a model-based approach of Pritchard et al. (2000) was used for population structure analysis, which assumes that populations are characterized by a set of allele frequencies across multiple loci. By using this approach, each individual within a predefined population is probabilistically assigned to a cluster, or it is assigned to multiple clusters if it is determined to be admixed. The genotypes in the present study were analyzed to determine the population genetic structure using this model. The analysis using the Puechmaille (2016) approach determined that the optimal number of clusters (K) is three, corresponding to three genetic populations. Interestingly, all genotypes are the results of admixture from the three genetic populations with a slightly different extent. This significant level of admixture may have caused the discrepancy between the four clusters obtained from cluster analysis and PCoA compared to the three clusters obtained from Bayesian statistics-based population genetic structure analysis. A recent study on 24 diverse noug accessions comprising 281 genotypes also revealed three genetic populations with strong admixture (Tsehay et al., 2020). The studies generally suggest a weak population structure in noug due to population admixture caused by strong gene flow between populations via pollen and germplasm exchange that gradually covers wide geographic areas.




CONCLUSION

Through RNA-Seq based sequencing, 409,309 unigenes, representing the noug transcriptome, have been developed for its various applications in the present study. The G+C content of these unigenes was 40%, which is comparable to that of other dicots. The analyses of SSRs in the unigenes revealed an overwhelming predominance of A/T over C/G and AT/TA over CG/GC, consistent with other dicots. Interestingly, GGT and GAA repeats had a higher frequency than their complementary motifs. This suggests their greater importance in noug genes, and therefore requires further investigation in comparison with other dicots. The whole unigenes are significantly higher in G+C content (40%) than the SSRs derived from them (22.2%). Further research and analysis of the SSRs identified in the current study could lead to the development of genome-wide single-copy SSRs with high polymorphism for use in noug breeding and research. Thousands of high-quality SNPs were discovered in each noug genotype in the present study, and well over a thousand of them were common to all genotypes and possessed a high polymorphism information content (PIC > 0.30), which makes them ideal for use in a wide range of applications. The significant levels of admixture observed in each noug genotypes suggest a weak population structure in noug likely caused by strong gene flow between populations across wide geographic areas. Although the self-compatible genotypes were bred for several generations with self-pollination, a substantial level of heterozygosity was observed, suggesting an inbreeding depression that led to plants with higher heterozygosity being selected in successive generations, presenting potential challenges to the development of highly productive and nutritionally rich pure-line cultivars. Interestingly, genotypes that share desirable characteristics, such as self-compatibility, early maturity, high oil content, or high oleic acid content are genetically diverse. Crossbreeding these genotypes would enable the development of cultivars that combine these characteristics and reproduce through both selfing and cross-pollination, which would be a viable approach to overcome the potential effects of inbreeding depression.
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Supplementary Figure 1 | Graphs depicting three clusters (K = 3) as the best representation of (A) the 28 noug genotypes based on 5,531 SNP loci, and (C) the 30 genotypes based on 1,687 SNP loci, using the method of Puechmaille (2016) for the determination of the optimum number of clusters; and the corresponding graphical display of the genetic structure of (B) 28 noug genotypes and (D) 30 noug genotypes generated based on genotypic data at 5,531 and 1,687 SNP loci, respectively, following the determination of the optimum number of clusters (K) of three (K = 3) using the method. The three colors in (B) and (C) correspond to the three clusters (genetic populations) and the proportion of each color in each genotype denotes the average proportion of the alleles that placed each accession under the three clusters.

Supplementary Table 1 | Plant material (genotypes) used for this study and their general description.

Supplementary Table 2 | The list of SSRs detected within the 35639 Unigenes and their descriptions.

Supplementary Table 3 | List of the 5531 SNP loci that passed the quality filtering criteria and recorded accross 28 noug genotypes, together with their SNP position (POS), reference allele (REF), alternative allele(s) (ALT), quality score, (QUAL), polymorphic information content (PIC), Observed heterozygosity (Ho), expected heterozygosity (He), P-value for Hardy-Weinbeg Equlaibrium (HWE P-value) and corrsponding reference unigene sequence.
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Seed coat color is a typical evolutionary trait. Identification of the genetic loci that control seed coat color during the domestication of wild soybean could clarify the genetic variations between cultivated and wild soybean. We used 276 F10 recombinant inbred lines (RILs) from the cross between a cultivated soybean (JY47) and a wild soybean (ZYD00321) as the materials to identify the quantitative trait loci (QTLs) for seed coat color. We constructed a high-density genetic map using re-sequencing technology. The average distance between adjacent markers was 0.31 cM on this map, comprising 9,083 bin markers. We identified two stable QTLs (qSC08 and qSC11) for seed coat color using this map, which, respectively, explained 21.933 and 26.934% of the phenotypic variation. Two candidate genes (CHS3C and CHS4A) in qSC08 were identified according to the parental re-sequencing data and gene function annotations. Five genes (LOC100786658, LOC100801691, LOC100806824, LOC100795475, and LOC100787559) were predicted in the novel QTL qSC11, which, according to gene function annotations, might control seed coat color. This result could facilitate the identification of beneficial genes from wild soybean and provide useful information to clarify the genetic variations for seed coat color in cultivated and wild soybean.

KEYWORDS
soybean, re-sequencing, high-density genetic map, seed coat color, QTL


Introduction

Cultivated soybeans [Glycine max (L.) Merr.] were domesticated from wild soybeans by long-term targeted selection and improvement (Schmutz et al., 2010; Kim et al., 2012). The process of crop domestication encompasses a broad range of phenotypic changes throughout the multiple and continuous transition stages (Meyer and Purugganan, 2013). To better clarify the genetic mechanisms of this process, many scientists have researched the whole-genome information of wild and cultivated soybean genomes to obtain a clearer picture of the modes of soybean domestication and diversification (Lam et al., 2010; Li et al., 2011; Li Y. H. et al., 2014; Zhou et al., 2015; Han et al., 2016; Sedivy et al., 2017; Liu et al., 2020). Individually, they assembled de novo different wild and cultivated soybean genomes and constructed a graph-based genome to reveal numerous genetic variations and gene fusion events. This novel information enables the search for candidate genes that have played important roles in soybean domestication and improvement.

Cultivated soybeans have a lower genetic diversity after domestication than their wild counterparts. The lower diversity has potentially resulted in the loss of genes that might be important in different environments (Hyten et al., 2006; Qi et al., 2014a). Therefore, wild soybeans that exhibit high allelic diversity may be an important resource for reintroduction into domesticated genes. The populations constructed by crossing cultivated and wild soybeans were more conducive to the identification of beneficial genes associated with the soybean domestication process.

Seed coat color is a typical domestication trait, evolving from black to yellow, green, brown and double color during soybean domestication from wild to cultivated (Han et al., 2016; Liu et al., 2021). Soybean seed coat color is mainly controlled by five genetic loci, designated as I, R, T, W1, and O classical genetic loci in previous reports (Senda et al., 2002a). The loci I, R, and T regulated seed coat color by controlling the synthesis of seed coat pigments (Song et al., 2016). In addition, Guiamet identified the cytoplasmic genetic locus CytG in plant chloroplasts (Guiamét et al., 2002). With the development of molecular biotechnology, more than 30 molecular marker loci on different chromosomes that control seed coat color in soybean have been detected. Researchers tended to construct the genetic map by mapping a population to provide an essential framework for the putative quantitative trait loci (QTLs) and genes (Githiri et al., 2007; Ohnishi et al., 2011; Qi et al., 2014b). Song et al. (2016) used a biparental population developed from the cross between two cultivated soybeans with yellow seed color and brown seed color to confirm the locus and in which different seed coat colors were further dissected into simple trait pairs. By genotyping the entire F2 population using flanking markers located in fine-mapping regions, the genetic basis of seed coat color was dissected. Du et al. (2019) constructed a high-density linkage map of the recombinant inbred lines (RILs) population by using a specific length amplified fragment (SLAF) technique and determined the QTL of seed coat color and seed size for sesame. Zhang et al. (2019) used the RIL population derived from crossing 09A001 to identify the major and minor QTLs controlling seed coat color in Brassica rapa L. Li et al. (2021) identified the candidate genes regulating seed coat color in sesame using QTL mapping and transcriptome analysis by F2 populations. Liu et al. (2021) used an improve wild soybean chromosome segment substitution line (CSSL) population from NN1138-2(max) × N24852(soja) to identify wild vs. cultivated gene alleles conferring seed coat color and days to flowering in soybean. They identified the same trait in different populations to identify consistent QTLs (Oyoo et al., 2011). A total of 20 genes were reported, and 15 of them were in the flavonoid metabolic pathway. The accumulation of flavonoid substances in dynamic equilibrium was the result of the interaction of transcription factors (Gillman et al., 2011; Cho et al., 2019; Jia et al., 2020). In addition, the interaction of some MYB (v-myb avian myeloblastosis viral oncogene homolog) transcription factors regulate the accumulation of flavonoid substances (Albert et al., 2014). Transcription factors such as GmMYB39 and GmMYB100 could negatively regulate the synthesis of isoflavones in soybean hairy roots (Liu et al., 2013; Yan et al., 2015). GmMYB58, GmMYB176, and GmMYB205 could positively regulate the synthesis of isoflavones (Yi et al., 2010; Han et al., 2017). The MYB transcription factors GmMYBA2 and GmMYBR are identified as transcriptional activators in a feedback loop to control the pigmentation of seed coat in soybeans (Gao et al., 2021). However, the genetic information controlling seed coat color during soybean domestication has not been completely elucidated and the transcriptional regulation relationship among the loci remains elusive.

To identify the loci and genes that controlling seed coat color, we used 276 F10 RIL populations developed from a cross between Glycine max and Glycine soja as the materials to construct a high-density genetic map by whole genome re-sequencing, map the additive QTLs, and predict candidate genes for seed coat color. The results of this study could facilitate the identification of beneficial genes from wild soybean and lead to a greater understanding of the process of soybean domestication.



Materials and methods


Plant materials and DNA extraction

The F10 RIL population (n = 276) was developed from a cross between Jiyu47 (JY47) and ZYD00321 using a single seed descent method. JY47 is an outstanding cultivated soybean with a yellow seed coat, ZYD00321 is a typical wild soybean with a black seed coat. The two parents and the RIL populations were planted in pots in the Gongzhuling Experiment Station at the Jilin Academy of Agricultural Sciences. We employed a planting pattern of two seeds per pot in three replicates to preserve the uniform density.

Fresh leaf tissue from the two parents and RIL individuals was collected at the flowering stage, immediately frozen in liquid nitrogen, then stored in a −80°C freezer. To obtain the high-quality DNA, the cetyltrimethylammonium bromide (CTAB) method was used to extract genomic DNA (Zhang et al., 2005). The quality and concentration of the total genomic DNA were spectrophotometrically assessed by the optical density value (OD600 = 230/260, 260/280). The sequencing libraries were constructed following the manufacturer’s instructions.



Genome re-sequencing and high-density genetic map construction

We performed whole-genome re-sequencing on RIL populations and the two parents to construct our high-density genetic map. Genome re-sequencing was constructed on the Illumina HiSeq2500 platform. We used an average sequencing depth of 20.00-fold in the two parents and 3.00-fold for individual RILs, and compared the sequence data with Williams 82 (Glycine_max_v2.1) reference genome using the BWA package (Li and Durbin, 2009a) and combined the co-segregating markers which had been produced by the GATK process after comparison into bins using the HighMap software (Li et al., 2009b).

The HighMap software was used to analyze the linear arrangement of the bin markers within 20 linkage groups (LGs) and estimate the genetic distance between adjacent markers (Liu et al., 2014). The polymorphic single nucleotide polymorphisms (SNPs) were aligned with the reference genome and mapped onto 20 chromosomes (Chr). We calculated the MLOD scores between the polymorphic markers and filtered for MLOD values of less than 5. The HighMap software was used to calculate the map distances. SMOOTH (Van Ooijen, 2006) was applied to correct errors based on the parental contribution of the genotypes and a k-nearest neighbor algorithm was applied to impute missing genotypes. We mapped skewed markers by applying a multipoint method of maximum likelihood and estimated the map distances using the Kosambi mapping function in centimorgan (cm).



Phenotypic evaluation

We followed the “Descriptors and Data Standard for soybean (Glycine spp.)” (Qiu et al., 2006) to classify the traits and used the numbers 1–5 to represent the yellow, green, black, brown, and double color, respectively. The identified phenotypic data were collected and analyzed. We used Excel 2019 for statistics on all the phenotypic data and the software Graphpad prism 8.0 (Swift, 1997) for graphing.



Quantitative trait loci mapping and candidate genes prediction

The composite interval mapping (CIM) method of the R/qtl package (Arends et al., 2010) was used to detect additive QTLs for seed coat color. A total of 1,000 permutation tests at the 95% confidence level were used to set the logarithm-of-odds (LOD) threshold to detect significant QTLs (Churchill and Doerge, 1994). Based on 1,000 permutations, LOD = 5.356 was used to determine the presence of a putative QTL associated with the target trait in a particular genomic region. The QTLs were named as per the guidelines described (Swift, 1997). The sequences within the target QTLs were analyzed according to the Williams 82 soybean reference genome sequence (Glycine_max_v2.1) in National Center for Biotechnology Information (NCBI). The physical positions of target intervals were aligned based on the same reference genome sequence. We obtained the SNPs and insertion-deletion (InDels) in the target intervals from the re-sequencing data and the genes with sequence variations between two parents to predict the candidate genes. We arranged the distributions of SNPs or InDels upstream, in the intragenic region and downstream.

We used the BLAST search on Soybase1 to search for descriptions of the soybean genes. The CDS sequences from the QTL regions were retrieved from Phytozome2. The putative functions of the candidate genes were annotated based on the gene ontology (GO)3 and Kyoto Encyclopedia of Genes and Genomes (KEGG)4 databases. We listed genes with similar functions or functional domains as the major candidate genes according to gene annotations and the functional analysis.




Results


Population sequencing and high-density genetic map construction

Recombinant inbred line populations derived from a cross between JY47 and ZYD00321 were sequenced on the Illumina HiSeq2500 platform to construct a high-density genetic map. A total of 20.85 Gb of clean data was obtained for JY47 and 20.99 Gb for ZYD00321 with 20.0-fold and 21.0-fold depth, respectively. The sequencing quality values (Q30) of the two parents were >93.00% and the GC content percentages (the proportion of Guanine and Cytosine of the whole genome) were, respectively, 35.76 and 35.84% (Supplementary Table 1).

A total of 2,612,708 SNPs between the parents were identified using the BWA package by comparing the sequencing data to the Williams 82 reference genome. The alignment efficiency was 96.26%. We obtained a total of 854.08 Gb of clean data with approximately 3.09-fold depth for each RIL. The average Q30 for the sequencing was 93.17% and the average GC content was 35.98% for each RIL. After filtering and quality assessment, 9083 bin markers without recombination events were used to construct the genetic map (Figure 1). The genotype of the RIL populations was generated to evaluate the genetic map quality. We used different colors to represent the origin of the different DNA fragments according to the physical location of 9,083 bin markers on 20 chromosomes (Supplementary Figure 1). It showed that this RIL population with a high recombination frequency was suitable for genetic analysis using marker-density linkage maps. A high-density genetic map with a total length of 2814.07 cM was constructed and the average distance between adjacent markers was 0.31 cM (Table 1). The genetic length of 20 LGs ranged from 103.69 cM (Chr11) to 160.19 cM (Chr10). The largest average distance was 1.01 cM on Chr17 with 135 bin markers and the smallest average density was 0.20 cM on Chr15 with 739 bin markers. The largest gap was mapped to Chr06 and was 18.82 cM in length. The proportion of gaps <5 cM between two markers was 94.33%.
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FIGURE 1
The soybean high-density genetic map. Bin markers are distributed on 20 chromosomes. The black bars in each linkage group represent the mapped bin markers. The linkage group number is shown on the x-axis and genetic distance is shown on the y-axis (cM is the unit).



TABLE 1    Characteristics of the high-density genetic map.
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To evaluate the collinearity between the genetic map and the soybean reference genome, 9083 bin markers were mapped to the soybean reference genome. A collinearity analysis showed that the order of markers on 20 chromosomes was consistent with the genome (Supplementary Figure 2). Consecutive curves between physical distances and genetic distances were observed except on Chr11 and Chr14. The Spearman coefficients of 20 LGs were >0.99 and collinearity was high at 99.80%, which indicated that the genetic and physical positions followed an identical order on this map. The high collinearity on our map indicated the genetic recombination rate was accurate and the gene annotation within QTL intervals was reliable.



Phenotypic variation of seed coat color

Seed coat color is a qualitative trait that is difficult for the environment to affect and had reached a state of purity for the F10 RIL population. Great phenotypic variation existed among the 276 RILs (Figure 2A). Five phenotypic types were found in the RIL population: black, brown, yellow, green, and double color (Figure 2B). The frequency distribution indicated that this RIL population was isolated for this trait and fulfilled the essential conditions for QTL localization. Of the 276 RILs, the brown seed coat was present in the largest quantity and the double color in the least quantity in the five classifications (Supplementary Table 2).
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FIGURE 2
Phenotypic identification of parents and RIL populations. (A) The characteristics of the seed coat color of JY47 and ZYD00321 and RIL populations. (B) Frequency distribution of seed coat color for the 276 RILs.




Quantitative trait loci mapping for seed coat color

Based on the constructed high-density genetic linkage map and the identified phenotypic analysis of seed coat color, we used the R/qtl package and the CIM program to identify QTLs associated with seed coat color in the RIL population (n = 276). The threshold of LOD scores for estimating the significant QTL effects was determined using 1,000 permutations. In total, two QTLs related to seed coat color designated as qSC08 and qSC11 were detected on Chr08 and Chr11, respectively (Table 2). The LOD score curves were constructed and sharp peaks spanning Chr08 and Chr11 were obtained (Figures 3A,B). The high phenotypic variance, respectively, explained by two QTLs ranged from 21.933 to 26.934% and the LOD score was 8.112 and 14.251. The additive effects of qSC08 and qSC11 were, respectively, −0.616 and −0.683 and the beneficial alleles of two major and stable QTLs were derived mainly from the male parent ZYD00321 (Table 2). The results indicated that two loci qSC08 and qSC11 had a powerful effect on the seed coat color.


TABLE 2    Two QTLs for seed coat color in RIL populations.
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FIGURE 3
Fine mapping of two QTLs. (A) Mapping of QTLs for seed coat color on Chr08. The curves indicate the physical position of markers against the LOD score of the QTLs detected on Chr08. (B) Mapping of the QTLs for seed coat color on Chr11. The curves indicate the physical position of the markers against the LOD score of the QTLs detected on Chr11. (C) Distribution of tightly linked markers and plausible candidate genes for seed coat color on qSC08 in soybean. (D) SNP/InDels variants based on re-sequencing data from both parents of GLYMA_08G110300 and GLYMA_08G110700.




Gene annotation and candidate genes prediction

To validate the QTL mapping results, we annotated and analyzed the potential genes within the QTL intervals by comparing the genome interval regions within the QTLs with the reference genome sequences. The 0.326 cM physical interval for qSC08 represents approximately 140 kb in the reference genome and contains 10 candidate genes according to the annotation of Williams 82 (Figure 3C). We analyzed the SNPs and InDels based on the whole genome re-sequencing data of both parents (JY47 and ZYD00321) to understand the genetic variations of these genes. In qSC08, 8 of 10 genes possessed SNPs or InDels. In total, 254 SNPs and 51 InDels were detected among 8 genes (Supplementary Table 3). Among these variations, a percentage of 44.59% (136/305) were located outside of the genes, including the scope within or beyond 5 kb upstream and downstream of the transcription start and stop sites. A percentage of 44.59% variations were located in the intergenic region. Non-synonymous variations with a percentage of 9.83% (30/305) were found in the coding sequence among the intragenic region (Figure 4A and Supplementary Table 3). Additionally, we annotated the functions of 8 variant genes based on the GO and KEGG databases to anchor the candidate genes for seed coat color in soybean (Supplementary Table 4). The results indicated that LOC100789075 (GLYMA_08G110300) and LOC100779649 (GLYMA_08G110700) might be involved in the response to seed coat color in soybean. They encoded chalcone synthase (CHS3C and CHS4A) and were involved in the flavonoid biosynthetic pathway. Chalcone synthase (CHS) is a key enzyme in the branch of the phenylpropanoid pathway leading to the biosynthesis of flavonoid pigments including anthocyanins. A sequence comparison analysis between the parents supported the above prediction. SNP or InDel variations between both parents were found in the upstream regions of the two genes; one InDel and three SNPs for GLYMA_08G110300 and eight SNPs for GLYMA_08G110700 (Figure 3D). Based on the functional annotation of candidate genes and sequence alignment analysis between the two parents, we predicted GLYMA_08G110300 and GLYMA_08G110700 as candidate genes that controlled seed coat color in soybean.
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FIGURE 4
Analysis of SNPs and InDels between two parents in qSC08 (A) and qSC11 (B). Strip-shape charts show the distribution of SNPs and InDels in different genomic regions. The upstream and downstream represent the 5 kb within the region of transcription start and stop sites, respectively. Pie charts show the effects of SNP (upside) and InDel (underside) in the intragenic regions. And the corresponding quantity of SNP or InDel is labeled near the pie chart.


Based on the Williams 82 soybean reference genome, a total of 281 genes occupied the novel qSC11 were identified. We analyzed the SNPs/InDels based on the whole genome re-sequencing data of two parents to understand the genetic variations of these genes. A total of 256 variant genes contained 9,996 SNPs and 2,191 InDels in qSC11 were identified as the candidate genes for seed coat color (Supplementary Table 5). Among these variations, a substantial portion (68.48%) was located outside of the genes, including the scope within or beyond 5 kb upstream and downstream of the transcription start and stop sited (Figure 4B). Only 29.58% of variations were located in the intragenic region (Figure 4A and Supplementary Table 5). Non-synonymous variations with a percentage of 15.27% (467/3059) were found in the coding sequence among the intragenic region (Figure 4B and Supplementary Table 5). It was speculated that the key genes regulating seed coat color existed in the target intervals from the mass of genetic variations between the parents.

The gene functions of 256 variant genes were annotated to anchor the candidate genes for soybean seed coat color based on GO and KEGG databases, among which, only 131 genes were annotated (Supplementary Table 6). A total of 122 genes were annotated in the GO database as cellular components, molecular functions and biological processes (Supplementary Figure 3 and Supplementary Table 6), and 71 genes were detected in the KEGG database (Supplementary Table 6). According to the gene annotation results, five genes were annotated that might involve the biosynthetic pathway that controlled seed coat color, including LOC100786658, LOC100801691, LOC100806824, LOC100795475, and LOC100787559 (Figure 5A and Supplementary Table 6). Of these, LOC100786658 and LOC100801691 encoded xanthoxin dehydrogenase and are involved in carotenoid biosynthesis. LOC100806824 and LOC100795475 encoded photosystem I reaction center subunit VI and protein TIC110 from chloroplast, respectively. LOC100787559 encodes cytochrome P450. All the five genes existed with SNP or InDel variations in the coding region; LOC100786658, LOC100801691, and LOC100787559 existed with SNP or InDel variations in the upstream, coding region and downstream between two parents; LOC100806824 only existed two SNPs in the intragenic region; LOC100795475 existed six SNPs and one InDels in the intragenic region, severally (Figure 5B and Supplementary Table 7). Among which, the candidate genes LOC100795475 had two non-synonymous coding variations (Act/Gct, cGt/cAt) between two parents (Supplementary Table 7). All the five candidate genes were annotated as affecting the composition and content of pigments from seed coats in different ways.
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FIGURE 5
Distribution of the five candidate genes for seed coat color on qSC11. (A) Distribution of the candidate genes on qSC11. (B) Variation distribution of the candidate genes on qSC11. The upstream and downstream represent the 5 kb within the region of transcription start and stop sites, respectively. The regions are markers of different colors. Each white line represents one SNP/InDel variant.





Discussion


The high-density genetic map for quantitative trait loci mapping

A proper marker density for high-density genetic maps could provide an essential framework for QTL fine mapping (Gutierrez-Gonzalez et al., 2011; Qi et al., 2014a). In previous studies, the genetic maps constructed with restriction fragment length polymorphism (RFLP) and SSR markers have drawbacks of relatively few markers and large gaps, which limited the efficiency and accuracy of QTL mapping. With the completion of the whole genome sequencing of Williams 82 (the reference genome in this study) and the rapid development of sequencing technology, SNP markers have become widely used to construct genetic maps in plants (Hyten et al., 2008). Cai et al. (2018) used a high-density genetic linkage map containing 3,469 recombination bin markers based on 0.2 × RAD-seq technology to map QTLs for isoflavone content. Han et al. (2019) constructed a high-density genetic map using 260 RILs derived from the cultivars of Heihe43 and Heihe18, and the constructed map contained 4,953 SLAF markers spanning 1478.86 cM with an average distance between adjacent markers of 0.53 cM. Chu et al. (2021) reported on a genetic linkage map constructed by polymorphic 2,234 SNP markers from a SoySNP6K array, which covered a total of 4229.01 cM genetic distance with an average distance of 1.89 cM. Tian et al. (2022) constructed a high-density genetic map by re-sequencing technology, which contained a total of 4,011 recombination bin markers with an average distance of 0.78 cM in the entire RILs population. In this study, we used F10 RILs from the cross between JY47 and ZYD00321 to construct the high-density genetic map that contained 9,083 bin markers with an average distance of 0.31 cM between adjacent markers.

Although the resolution of genetic maps has been improved by increasing marker density, it has been limited by a Linkage disequilibrium (LD) in soybean that is significantly higher than in other plants (Lam et al., 2010; Gutierrez-Gonzalez et al., 2011). Because the average LD of cultivated soybean is approximately 150 kb, at least 6,300 distributed markers could theoretically fulfill a high-density genetic map (Li B. et al., 2014). In this study, we used the re-sequencing technology with high efficiency and capacity to construct a high-density genetic map. The number of bin markers was significantly higher than the theoretical value of the genetic map. Compared with the previously constructed high-density genetic maps, our map presented the characteristics of more markers (9083 bin markers), a smaller average genetic distance (0.31 cM) and higher collinearity (99.80%), which effectively eliminated the drawback of a large gap. These results indicated that the drawback of the high link disequilibrium could be avoided and fulfill the high-density genetic map could be achieved. Moreover, the use of RIL population with a wide range of variation can enhance our understanding of molecular mechanism evolution and genetic regulation, and also help to identify more QTLs regulating seed coat color in soybeans.



Identification and evaluation of quantitative trait locis for seed coat color

High-generation RIL populations were excellent materials for QTL localization. In this study, we identified two major QTLs for seed coat color, qSC08 and qSC11, by the F10 RIL population with significant isolation for seed coat color. However, the qSC11 presented a much broader interval compared with qSC08, we speculate the reason was the non-uniform distribution of the 9,083 bin markers on 20 chromosomes. In comparison to the previous results, qSC08 was mapped into a much smaller region (Ohnishi et al., 2011; Qi et al., 2014a; Liu et al., 2021). Senda et al. (2002b) and Song et al. (2016) had shown five classical genetic loci I, R, T, W1, and O. Coincidently, qSC08 was located precisely within the classical genetic I locus that controlled seed coat color by regulating the distribution of anthocyanin and proanthocyanidin from seed coat (Todd and Vodkin, 1996). The I locus was located in the chalcone synthase CHS gene-rich region (Clough et al., 2004). The chalcone synthase gene family of soybean includes CHS1, CHS2, CHS3, CHS4, CHS5, CHS6, CHS7, CHS8, and CHS9 (Clough et al., 2004). Notably, the candidate gene CHS4 (GLYMA_08G110700) in our study is a member of the chalcone synthase gene family (Senda et al., 2002b). The clear conclusion was that the qSC08 locus had a powerful effect on seed coat color in soybean and also demonstrated the accuracy and reliability of this study.

Three QTLs for seed coat color were detected on Chr11 in the previous studies. Of these, the classical genetic locus K1 controlled the distribution of pigment in the saddle region, regulating seed coat color in soybean (Cho et al., 2017). The D2 locus determines a yellow or green coat according to the chlorophyll content in the seed coat (Fang et al., 2014). Kovinich et al. (2011, 2012) detected a locus within the physical interval 1992156–1993544 on Chr11 and identified the candidate gene Glyma.11g027700 that encoded anthocyanidin synthase ANS3. The previous reports had no QTL for seed coat color in the physical interval 11236206–22112949 on Chr11, so the target region qSC11 was a novel QTL. We predicted five candidate genes from qSC11. Of these, LOC100801691 and LOC100786658 encoding xanthoxin dehydrogenase and are involved in carotenoid biosynthesis. Carotenoids are the second most abundant natural pigments with more than 750 members. The color of carotenoids varies from colorless to yellow, orange, and red with variations reflected in plants (Nisar et al., 2015). LOC100806824 and LOC100795475 encoded photosystem I reaction center subunit VI and protein TIC110 from the chloroplast. During photomorphogenesis, the chlorophyll and carotenoid compounds are promoted in a coordinated manner in the development of photosynthesis (Welsch et al., 2000; Rodríguez-Villalón et al., 2009). In chloroplasts, most carotenoid biosynthetic genes are activated during light-triggered de-etiolation (Giuliano et al., 2008; Rodríguez-Concepción, 2010), and it indirectly affecting the accumulation of pigments from the individual tissues of the plants. LOC100787559 encodes cytochrome P450, which plays an important role in flavonoid biosynthesis and the principal cytochromes in plants (Tanaka, 2006; Severin et al., 2010; Waese et al., 2017). In the present study, SNP and InDel variations were also observed between the two parents in the genomic sequences of the five candidate genes, including the regions 5-kb downstream and upstream of the genes and the coding regions (Figure 5 and Supplementary Table 7). It was also found that the candidate genes LOC100795475 occurred with non-synonymous coding variations (Act/Gct, cGt/cAt) between the two parents. Therefore, it was speculated that these genes might be the key genes responsible for soybean seed coat color. The cloning and functional analyses of these candidate genes will be conducted in the future, which will help to expound the genetic variations between wild and cultivated soybean more thoroughly regarding seed coat color.



Identification of important loci and genes in wild soybean

Cultivated soybeans were domesticated from wild soybeans via long-term selection and improvement (Sedivy et al., 2017). In previous studies, researchers usually located and analyzed target traits by constructing populations. Cho et al. (2021) used a population derived from a cross between a Korean cultivar and IT162669 to identify QTLs conferring salt tolerance in soybean. Githiri et al. (2007) used an F2 population derived from a cross between two cultivated soybeans to identify five QTLs for pigmentation. Ohnishi et al. (2011) used two sets of RILs between two cultivars to identify minor QTLs for seed coat color. However, such procedures could not fully reflect the changes in seed coat color and might miss some vital genetic information during the domestication process.

Identification of genes and alleles from wild germplasm associated with seed coat color could allow deeper insight into the process of the changes in this trait during soybean domestication (Hyten et al., 2006; Lam et al., 2010; Zhuang et al., 2022). ZYD00321 is a typical wild soybean with a black seed coat, a small seed and a vining growth habit. We used the RIL population derived from JY47 (Glycine max) and ZYD00321 (Glycine soja) to identify QTLs and genes for seed coat color. Identification of the source of the beneficial alleles on each QTL is the prerequisite for the QTLs application to molecular breeding and crop improvement (Wang et al., 2007). In this study, qSC08 and the novel interval qSC11 showed consistent ADD (−0.616 and −0.683) and similar PVE (21.933 and 26.934%), which indicated that both beneficial alleles were derived from the wild soybean ZYD00321 and demonstrated that a wild soybean with a black seed coat had a crucial role in producing different seed coat colors, facilitating the identification of superior genes in the domestication process (Alkan et al., 2011; Li et al., 2011). The intact and accurate genomic information we obtained for wild germplasm was beneficial for identifying QTLs and conducting association studies on seed coat color (Kim et al., 2010; Xie et al., 2019).
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Red clover is a highly valuable crop for the ruminant industry in the temperate regions worldwide. It also provides multiple environmental services, such as contribution to increased soil fertility and reduced soil erosion. This study used 661 single nucleotide polymorphism (SNP) markers via targeted sequencing using seqSNP, to describe genetic diversity and population structure in 382 red clover accessions. The accessions were selected from NordGen representing red clover germplasm from Norway, Sweden, Finland and Denmark as well as from Lantmännen, a Swedish seed company. Each accession was represented by 10 individuals, which was sequenced as a pool. The mean Nei’s standard genetic distance between the accessions and genetic variation within accessions were 0.032 and 0.18, respectively. The majority of the accessions had negative Tajima’s D, suggesting that they contain significant proportions of rare alleles. A pairwise FST revealed high genetic similarity between the different cultivated types, while the wild populations were divergent. Unlike wild populations, which exhibited genetic differentiation, there was no clear differentiation among all cultivated types. A principal coordinate analysis revealed that the first principal coordinate, distinguished most of the wild populations from the cultivated types, in agreement with the results obtained using a discriminant analysis of principal components and cluster analysis. Accessions of wild populations and landraces collected from southern and central Scandinavia showed a higher genetic similarity to Lantmännen accessios. It is therefore possible to link the diversity of the environments where wild populations were collected to the genetic diversity of the cultivated and wild gene pools. Additionally, least absolute shrinkage and selection operator (LASSO) models revealed associations between variation in temperature and precipitation and SNPs within genes controlling stomatal opening. Temperature was also related to kinase proteins, which are known to regulate plant response to temperature stress. Furthermore, the variation between wild populations and cultivars was correlated with SNPs within genes regulating root development. Overall, this study comprehensively investigated Nordic European red clover germplasm, and the results provide forage breeders with valuable information for further selection and development of red clover cultivars.




Keywords: pool-seq, phylogenetic tree, DAPC, LASSO, bioclimatic variables, red clover



Introduction

Red clover is a perennial forage legume that grows in temperate regions worldwide. Due to its high protein content, it is considered an important crop for the ruminant industry (Smith et al., 1985; Taylor and Quesenberry, 1996a). In addition to its great nutritional value, red clover provides several important ecosystem services. Due to its symbiotic relationship with nitrogen-fixing bacteria (Sturz et al., 1997; Thilakarathna et al., 2017), red clover increases soil fertility. Compared to alfalfa and white clover, which have similar symbiotic relationships with the Rhizobium bacteria, red clover is more efficient at nitrogen fixation (Dhamala et al., 2017). As a perennial crop, red clover also contributes to soil carbon sequestration, reduces soil erosion during the winter, and suppresses weeds (McKenna et al., 2018). However, persistence is generally low in red clover, which adversely affects its overall performance as a forage crop (Taylor and Quesenberry, 1996b). Red clover is a diploid species (2n = 2x = 14); however, tetraploid (2n = 4x = 28) cultivars have been developed through chromosome doubling techniques (Taylor and Quesenberry, 1996c). The tetraploid red clover cultivars generally have a higher green biomass yield as well as a higher persistence and resilience than the diploids (Öhberg, 2008). However, their seed yield is generally lower than that of the diploids because of their flower anatomy and a higher rate of embryo abortion (Amdahl et al., 2016).

The development of modern DNA marker-based plant breeding techniques for red clover is lagging behind, despite its economic and ecological significance, although it has been picking up pace in recent years. For instance, the publication of its reference genome (De Vega et al., 2015) has facilitated the discovery of quantitative trait loci (QTL) for various traits, and the “mining” of single nucleotide polymorphism (SNP) markers (Herrmann et al., 2008; Ergon et al., 2019; Li et al., 2019). In two recent papers on population genetics, SNPs were used to assess the population structure in individually genotyped red clover (Jones et al., 2020; Osterman et al., 2021). Jones et al. studied 75 accessions from Europe, Asia, and Iberia where 70 were wild populations and five were commercially available breeding populations. They found that the population structure of red clover is highly correlated with its geographical location and associated climatic conditions. Osterman et al. focused more on the genetic differences between accessions representing different populations and found that, for instance, wild populations were clearly differentiated from cultivated populations. Both studies noted the effect of the outcrossing nature of red clover in the overall higher heterozygosity which decreases the levels of genetic differentiation. Since red clover is a strictly outcrossing species, genetic research should ideally be performed at a population level. Currently, it is quite expensive to sequence an adequate number of individuals within each population for a comprehensive genetic analysis of multiple populations. With a method that is generally referred to as Pool-seq (Schlötterer et al., 2014), individuals can be pooled and sequenced simultaneously using different next-generation sequencing (NGS) methods. SeqSNP is a targeted genotype by sequencing method for genotyping known SNPs, which is also amenable to de novo discovery of SNPs located close to the target SNP positions (Osterman et al., 2021). Hence, Pool-seq via SeqSNP is an NGS method in which individuals are sampled, pooled, and sequenced together, targeting known SNP loci. The target SNPs can be selected from the available SNP databases or developed through allele-mining approaches based on existing genomic resources.

SNP markers are codominant single nucleotide markers that have been widely used in various applications, including genomic selection (GS; Heffner et al., 2009) and marker-assisted selection (MAS; Lande and Thompson, 1990). Compared to the phenotype-based selection, these two breeding methods are quicker and can facilitate the development of high-yielding cultivars that are resilient and nutritious within a shorter period of time. Gene-specific SNP markers are preferred over SNPs in other genomic regions since they are more likely to be associated with genes that regulate desirable traits (Poczai et al., 2013). Hence, genes that are highly desirable from the viewpoint of plant breeding can be targeted for genetic diversity analyses. This will enable the determination of suitable genetic resources that could be used in plant breeding programs. Because genetic similarity between populations might reflect phenotypic similarity, gene-specific markers could provide crucial insights into the differentiation of populations in terms of traits, such as growth and development.

Due to its proximity to the North Pole and the effects of the passing Gulf Stream, the Nordic Region of Europe has highly variable weather with large differences in day length over seasons despite its geographically small area. Consequently, the region requires unique crop cultivation conditions, and the key to crop persistence could be found in its wild relatives. In this regard, genetic analyses of both wild and cultivated gene pools could link the breeding material used by Scandinavian breeding enterprises to resilient wild populations.

The purpose of this study was to compare and examine the genetic resources of red clover available in northern Europe by targeting its cultivated and wild gene pools that represent the Nordic countries. Here, SeqSNP was used to target SNPs within genes that influence growth and development, as well as disease resistance. Moreover, population genetic analyses were carried out in order to determine the correlation between genetic differences among wild populations and bioclimatic variables at the original collection sites.



Material and methods


Selecting germplasm and planting

For this study, 382 accessions of red clover were used that originate from different parts of the Nordic Region of Europe (Supplementary Table 1). Of these, 294 accessions were obtained from NordGen (a regional genetic resources center for the Nordic countries) and 88 accessions from Lantmännen Seed (a plant breeding and agricultural seed company based in Sweden). The NordGen accessions were selected based on their passport data to represent a variety of available germplasm (cultivars, breeding populations, landraces, and wild populations) representing most of the Nordic region of Europe (i.e., Sweden, Norway, Finland, and Denmark). One Russian accession was also included as it was located at the Finnish border. The Lantmännen varieties include cultivars and synthetic populations from the Scandinavian forage breeding programs (Lantmännen, Sweden; Graminor, Norway; and DLF, Denmark), and hence reflect the variety of cultivated red clover available in northern Europe. These accessions include both diploid and tetraploid types that are categorized either as late or middle-late based on their maturation period.

The accessions were planted and grown for two weeks in a greenhouse at the Swedish University of Agricultural Sciences (SLU, Alnarp, Sweden), as described in Osterman et al. (2021). The BioArk leaf collection kit (LGC Biosearch Technologies) was used to collect ten 6 mm leaf discs (1 leaf disc/plant). One pool of leaf tissue representing ten plants was sampled for each accession separately. DNA extraction and genotyping were conducted at LGC Biosearch Technologies (Berlin, Germany), as described in Osterman et al. (2021).



Genotyping and variant calling

For genotyping, SeqSNP was used with a set of 400 target SNPs developed by Osterman et al. (2021). The SNPs were identified from publicly available red clover genomic resources by targeting coding sequences of genes known to be involved in growth and development as well as in the response to biotic and abiotic stresses. In addition to genotyping the target SNPs, SeqSNP was used to discover novel SNPs in the regions surrounding the target SNPs. In this analysis, 2 × 150 bp reads were used as a sequencing mode. The sequencing depth was set to 50 million read pairs (15 GB raw data) per sample to ensure sufficient coverage of each genotype in each pool thus adjusting the sequencing depth to ×501. SNP calling was performed by aligning the quality trimmed reads to the reference genome using Bowtie2 v2.2.3. For variant discovery, Freebayes2 was used with ploidy set to diploid and minor allele frequency set to 1%. To exclude calls due to sequencing error, allele counts below eight were set to zero as per the recommendations of LGC Biosearch Technologies where genotyping was conducted. The allele frequency of each accession at each locus was calculated based on the read counts.

For determining the validity of converting the read counts of pool-seq into allele frequencies for data analysis, five randomly selected accessions were genotyped at both the individual and pool levels. Following this, the read counts of each pooled sample were converted to allele frequencies. A subsequent step involved converting the genotypic data of the five individuals of each accession into allele frequency data for that particular accession. This was followed by correlation analysis between the allele frequencies obtained from individual genotype sequencing and PoolSeq, which revealed a highly significant correlation (r > 0.95; P < 0.001) between them. Hence, SeqSNP is a highly reliable method to generate data for allele frequency-based data analyses.

Among the 400 target SNP loci genotyped, 5.5% were mono-allelic, 86% were bi-allelic, 7.5% were tri-allelic, and 0.75% were tetra-allelic across the 382 accessions studied. The remaining 0.25% were INDELs (insertion or deletion of a nucleotide). The de novo SNP and INDEL calling generated 347 SNPs and 16 INDELs. Among the 347 novel SNPs, 91% were bi-allelic, 8% were tri-allelic, and 1% were tetra-allelic. Due to the complexity of analyzing pooled sequencing data and a mixture of diploid and tetraploid accessions, only polymorphic bi-allelic markers were used. Additionally, tetraploids were treated as diploids as described in Osterman et al. (2021). Overall, 344 originally targeted and 317 de novo discovered bi-allelic SNPs (661 SNPs in total), all with minor allele frequency of 5% or above, were used for data analyses in this study.



Genetic parameter estimation

Tajima’s D was estimated using PoPoolation (Kofler et al. 2011b) based on the quality- trimmed reads combined in a sync file using the respective reference sequences to map the reads. The allele counts from Freebayes2 were imported into R (R Core Team, 2013) and the expected heterozygosity for each population (HS) was calculated using the adegenet package (Jombart, 2008). Using the poolfstat package (Gautier et al., 2022) in R, pairwise FST was calculated for each pair of SNPs as well as for each pair of accessions. After grouping the accessions according to their origins or types an additional pairwise FST analysis was performed. Nei’s standard genetic distance between populations and between groups (as for the FST analysis) was calculated using adegenet package. Additionally, Mantel’s randomized test comparing Nei’s standard genetic distance with the geographic coordinates of the germplasm collecting sites of the wild populations was performed to determine whether isolation by distance (IBD) has a significant effect on the genetic differences between the accessions.



Determining population structure via clustering

Both principal component analysis (PCA) and principal coordinate analysis (PCoA) were used to determine the genetic relationships between the accessions. The PCA was conducted using the pcadapt package (Luu et al., 2017), and SNPs that were most associated with the variation described in the first two principal components were extracted for further analysis. The PCoA was performed using the stats package in R (R Core Team, 2013) based on the Nei’s genetic distance. The Nei’s genetic distance based relationship between the accessions was further analyzed using ComplexHeatmaps (Gu et al., 2016), which generates heatmaps. These analyses enabled the comparison of the accessions both individually as well as collectively based on their origins and types.

The Nei’s genetic distance based relationship between the accessions was further investigated through neighbor-joining (NJ) cluster analysis. The NJ tree was built using the ape package (Paradis et al., 2004) and visualized using the ggtree package (Yu et al., 2017). Incorporating bioclimatic variables to the NordGen accessions of wild populations and maturity types to the Lantmännen accessions into the analyses was made possible using the ggtree package. A map of collection coordinates for landraces, some cultivars and breeding populations as well as wild populations provided by NordGen was constructed using the rnaturalearth package, which uses maps from Natural Earth, in R.

A discriminant analysis of principal components (DAPC) was performed using adegenet with the method described by Jombart et al. (2010); Jombart and Collins (2015) on the allele frequencies. The find.clusters function was used to find the most optimal number of clusters based on the BIC score, and the cluster solution with the lowest BIC score was chosen. The xval function with a test set of 90% with 30 repetitions was used to find the appropriate number of principal components (PCs). This resulted in a five-cluster solution involving 150 PCs.



Environmental data for NJ tree and LASSO models

Bioclimatic variables were retrieved from WorldClim (Fick and Hijmans, 2017) with a spatial resolution of 30 seconds (~ 1 km2) and imported via the raster (Hijmans et al., 2012) package in R. The coordinates of the germplasm collecting sites of the wild populations were used to extract environmental data with interpolation, hence minimizing the effect of potential recording errors. The bioclimatic variables were evaluated based on how they vary within Scandinavia. Most of the precipitation variables were similar across the sampling sites, and therefore they were excluded. The final set of bioclimatic variables from WorldClim include annual mean temperature and precipitation, as well as isothermal and precipitation seasonality. Annual snow coverage was estimated using snow thickness data retrieved from Climate Data Store (CDS) for months with snow (September to June) from 1980 to 2000. The mean snow thickness for each month at a sampling site during the years 1980 to 2000 was calculated and plotted with months on the x-axis and mean snow thickness on the y-axis. The area under the curve (AUC) of the yearly trend was calculated using the AUC function from the DescTools package (Andri, 2021) in R. The AUC value was chosen to represent mean snow coverage for each collection site.



SNPs with significant contribution to the variation explained by PCA

The pcadapt package (Luu et al., 2017) was used to perform a PCA with the Mahalanobis’ method as the function argument. Thus, the Mahalanobis’ distance was used to measure the extent to which each SNP is related to the first, in this case, two PCs. A χ2-test was performed on the SNPs Mahalanobis distance to find those SNPs with significant contribution to the population structure, and the Benjamini–Hochberg correction was applied to control false positive discovery. The significant SNPs were then validated for their biological roles using gene ontology (GO) enrichment to find possible molecular functions differentiating the populations in the PCA clusters.



LASSO models

The least absolute shrinkage and selection operator (LASSO) regression model was used to connect environmental variables to the allele frequencies. As the number of SNPs exceeded the number of populations in this study, LASSO was considered an appropriate model due to the application of penalization and feature reduction. Among the accessions studied, only those representing wild populations were used for the LASSO models. This is because they could be considered to have adapted to the environments of the sampling sites. Considering the number of SNPs available for the data analysis was high (661), a method for selecting only the most relevant ones was devised to increase the biological aspect of model training. The goal of this analysis was to find the SNPs that genetically differentiated two populations. Thus, the FST values of all 661 SNPs between every pair of populations were calculated and the top 1% values of each pairwise calculation was selected. A final set of 430 SNPs with high FST values was selected for the LASSO models. The caret package (Kuhn, 2008) in R was used to train and select the LASSO model. A leave one out cross validation (LOOCV) approach was used to train a regression model (glmnet) and the mean average error (MAE) was computed for model selection. The MAE and root mean square error (RMSE) were compared to the variance of each climate variable to validate the final model; and the error was smaller than the standard deviation of the input for all models. To validate the models further, a linear regression analysis was performed on the bioclimatic variables without including the SNP data. In cases where the LASSO model had a lower RMSE than the linear model, the SNPs were considered to have an effect.



Validating selected SNPs in terms of biological functions

The analysis of SNP effect on population differentiation in the PCA and LASSO models resulted in nine sets of SNPs, two from the PCA and seven from the LASSO models. A gene ontology (GO) enrichment analysis was carried out on each set of SNPs to find any biological function underlying the population differentiation. The GO analysis was performed with the workbench at dicots Plaza 5.0 (Van Bel et al., 2021) where the correct names of the genes containing the SNPs were determined via the integrated BLAST function. Then enrichment was performed using all red clover genes as background with p-values showing significant enrichment adjusted following Bonferroni’s correction.




Results

The SeqSNP-based sequencing of the 382 red clover accessions resulted in 661 bi-allelic SNP markers, which were then used for population genetics analysis of the accessions (Supplementary Table S2; Osterman et al., 2021). Additionally, 49 tri-allelic, four tetra-allelic and 17 INDELs were identified across the 400 target SNP loci, and 357 SNP loci were discovered de novo. Of the 317 de novo discovered bi-allelic SNPs, 292 were reported in Osterman et al. (2021) whereas the remaining 25 were specific to this study. It is evident from the number of de novo SNPs discovered in this study, compared to that of Osterman et al. (2021), the number of accessions studied had an effect on the number of novel SNPs discovered. Only bi-allelic SNPs were used for the data analyses for the sake of simplicity. At each of the 661 bi-allelic SNP loci, the allele frequency was calculated based on the read counts obtained from the sequencing. The read counts across the 661 bi-allelic SNPs ranged from eight to 4320. Although the range of the allele counts is large, there was no need to scale the frequencies since they were calculated independently for each locus of each accession.


Genetic variation within and among groups

For data analysis, the accessions were grouped based on their origins and population types. The grouping results in nine origin-based groups (Denmark, Finland, Graminor, Lantmännen, Norway, Sweden, DLF, Local population, and Russia) and eight population type-based groups (Breeding population, Cultivar, Diploid, Graminor, Landrace, Tetraploid, Unknown, and Wild Population). Because DLF, Local population, and Russia (among the origin-based groups) and Graminor and Unknown (among the population type-based groups) had only one accession each, they were excluded from some analyses.

The study revealed low genetic diversity and population structure considering the median and mean values of Nei’s standard genetic distance and FST of each group (Table 1, Figure 1). Additionally, the results show a difference in the amount of rare alleles present within groups where wild populations had larger levels of rare alleles than cultivated accessions (Tajima’s D in Table 1 and Figure 1). All cultivated groups (breeding populations, cultivars, diploids and tetraploids) had negative FST mean values. Both negative and zero FST values indicate lack of genetic variation distinct to each of the populations compared. Only wild populations had a positive mean FST value, hence, it is the only group (among population types) with any population structure. In the case of origin-based groups, the mean FST values were negative for Lantmännen, Graminor and Denmark, zero for Finland, and positive for Norway and Sweden. Apparently, the FST values of the different population type-based groups and origin-based groups were related due to the accessions they shared. The majority of the landrace accessions belong to Finland, and consequently the mean FST values for both groups were zero. Similarly, most of the accessions from Denmark were cultivars, and hence both Denmark (origin) and cultivars (population type) had a negative mean FST value. The mean FST for Sweden and Norway was higher, as they were mainly comprised of wild populations.


Table 1 | The first column indicates the number of samples in different groups of red clover populations grouped according to their origin or population type.






Figure 1 | A box plot depicting the range and median for the genetic parameters on each group according to (A) Origin and (B) Type. The genetic parameters were HS, mean expected heterozygosity; Nei, Nei’s standard genetic distance; FST, mean fixation index; Tajima’s D, Tajima’s population genetic test statistic.



The pairwise FST between groups showed high genetic similarity between the cultivated types (Figure 2A) while the wild population group was divergent from the rest. Among the origin-based groups, Sweden, Norway, and Russia (which are dominated by wild populations) showed significant genetic differentiation from the other origin-based groups (forming a separate cluster in Figure 2B). This suggests a significant difference in allelic states between accessions from these countries and those from the other origins. Further, cultivated types as well as origin-based groups that are largely composed of cultivated types did not appear to have a clear population structure within or between them.




Figure 2 | Heatmap depicting the pairwise FST values between groups of red clover populations based on population type (A) or origin (B).



The mean values of Nei’s standard genetic distance within the different groups were quite similar (Table 1). Hence, it was further investigated at a population level to illustrate groups of populations with high genetic similarity and had similar genetic relationships with the remaining populations. Only a few groups could be identified in the present study (marked by the blue rectangles in Figures 3A–C). There was a clear separation between clusters containing populations with a relatively high genetic distance (wild populations) and populations with low genetic distance (cultivars, Figure 3A). When the wild populations were separately analyzed, two clusters were identified, where one contained mainly the Swedish and Norwegian populations while the other contained mostly Swedish but also Finnish and Norwegian populations (Figure 3B). The separate analyses of the Lantmännen accessions representing the cultivated gene pool revealed similarly low genetic distance between the accessions, and no clearly defined clusters were found (Figure 3C). Similar results were obtained with the cultivated accessions of NordGen, with the exception of a small cluster formed by the Finish landrace accessions (Figure 3D).




Figure 3 | A heatmap depicting Nei’s standard genetic distances between each pair of populations. The colors indicate high (red), intermediate (yellow) or low (blue) genetic distances. The accessions were clustered according to their pairwise genetic similarities. The accessions included were (A) all 382; (B) WildOnly those that are wild; (C) PopulationsOnly those from Lantmännen; and (D) Cultivarsonly cultivars and landraces from NordGen.





Cluster analysis via PCoA, DAPC and neighbor joining tree

A principal coordinate analysis conducted based on Nei’s standard genetic distance showed that the first principal coordinate (PCo1), which accounted for 30.8% of the total variation distinguished most of the wild populations from the cultivated ones (Figure 4A). It was also shown that the landrace populations were placed between the wild and cultivated populations along the PCo1. The second principal coordinate (PCo2), which accounted for 10.9% of the total variation, distinguished wild populations and one landrace population originating from Norway from a group containing wild populations from Sweden, Finland, and Russia, as well as landrace populations from Finland. The results clearly showed that the major contributors to the variation displayed in the first two principal coordinates are wild populations. Thus, to get a better understanding of the main clusters, the 382 accessions were divided into subsets. In the wild population subset, the pattern persisted as expected and the cumulative variance described by the first two PCos decreased only slightly (from 41.7% to 39.1%; Figure 4B).




Figure 4 | A bi-plot of the principal coordinate analysis (PCoA) showing the variation explained by the first two principal components. (A) All 382 populations’ analyzed together and separate analysis when the accessions have been grouped according to wild populations (B) Lantmännen populations (C) or Landraces and cultivars held at NordGen (D).



When the Lantmännen accessions were separately analyzed, the PCoA showed a cumulative variance of 23.9% in the first two PCos (Figure 4C). However, the scatter plot showed no clear partition between diploid and tetraploid accessions in both the PCo1 and PCo2. The separate PCoA of the NordGen accessions revealed a major separation of the landrace accessions from cultivars and breeding populations along the first PCo, which explained 24.8% of the total variation. Furthermore, it showed a separation of populations from Denmark and Finland (Figure 4D). The second PCo described far less variation (8.3%) and did not show a clear separation between any of the different groups.

A DAPC on the 382 accessions explained 79.2% of the total variance and revealed five clusters (Figure 5 and Supplementary Table S1). Clusters 3 and 5 mainly comprised the cultivated types as well as some wild accessions. The major source of variation for the differentiation between clusters 3 and 5 appears to be the accessions’ countries of origin, especially Denmark versus Finland. Clusters 1, 2 and 4 differentiated the wild populations from the cultivated types although some landraces were contained in Clusters 1 and 4. Clusters 2 and 4 are dominated by wild populations from Sweden and Norway, respectively, while Cluster 1 comprised of wild populations and landraces from Finland and Sweden. This clustering follows the map Nordic Region of Europe from east to west.




Figure 5 | A Discriminant Analysis of Principal comonents using 150 Principal components and a five cluster solution.



Each accession has been assigned to a cluster based on a membership probability, which can be plotted in the same way as the commonly used software STRUCTURE Following the instructions provided in Jombart and Collins (2015) (Figure 6). The membership probabilities were high with some overlaps between cluster 1 and 2, 1 and 3 as well as 1 and 4. Here, the differentiation between Finnish and Danish populations in clusters 1 and 4 is more prominent. It is again shown by the membership of wild populations in all clusters, that the wild populations contain a high genetic variance.




Figure 6 | A Structure-like membership probability graph showing individual populations of different groups, classified according to (A) their origin and (B) their population type, assigned to a cluster.



The differentiation between the cultivated and wild populations was again observed in a neighbor-joining cluster analysis based on Nei’s standard genetic distance where the 382 accessions formed four major clusters (Figure 7 and Supplementary Table S1). Cluster-1 contained the majority of the wild populations, some cultivated types from both NordGen and the breeding companies. The NordGen cultivated types comprised three breeding populations from Norway, Denmark and Finland and three cultivars from Finland and Sweden. Whereas the Lantmännen cultivated types include one Graminor population and three diploid cultivars from Lantmännen. Cluster-2 and cluster-3 contained the majority of the Lantmännen accessions. Interestingly, cluster-4 contained almost exclusively Finnish accessions with the exception of one diploid cultivar and tetraploid cultivar from Lantmännen and one Norwegian wild population. Wild populations and landraces in cluster-2, cluster-3 and cluster-4 originated from along the coast or near a lake in southern to central Scandinavia. The Mantel test, which compared geographical distances with Nei’s genetic distance, revealed that isolation by distance is evident (Supplementary Figure 1), indicating that environmental variance could be linked to genetic variation.




Figure 7 | A Nei’s standard genetic distance based neighbor-joining tree of the 382 populations showing four major clusters. Each column number (1-8) links the column to a specific trait or descriptive data, 1-2 origin and type, 3 maturity types on previously scored populations. Column 4-8 is the bioclimatic variables describing the collection sites of each wild population. The geographical map shows the collection site coordinates for breeding populations, cultivars, landraces, and wild populations obtained from NordGen.



The bioclimatic data from WorldClim successfully described the local environment at each of the wild populations’ sampling sites, demonstrating the variation of climate factors in the region. The five bioclimatic variables, shown in columns 4 to 8 in the heatmap of Figure 7, describe the average environment for each sampling site of the wild populations. They show, for example, a connection between lower annual mean temperatures and higher mean snow coverage. The highest snow coverage was recorded in the most northern geographical locations. Additionally, there were several geographical locations with high annual mean temperatures as well as high snow coverage. Similarly, there were multiple sites with high isothermality, i.e. a large difference in day to night temperatures between summer and winter. Wild red clover from these locations would have developed resilience to the harsh winter conditions, to which cultivated red clover is highly susceptible.

Interestingly, despite the fact that the wild populations with close genetic relationship to Lantmännen material do not span the entire geographical area of interest, they still represent most of the climatic conditions. Nevertheless, the main climatic conditions associated with the Lantmännen breeding materials were warmer, steady temperatures and low snow coverage. Additionally, populations with similar maturation periods clustered together in cluster-2 and cluster-3. All populations in cluster-4 with a known maturation period, except one, were late maturing. Contrary to the hypothesis, that late maturing would have larger similarities with northern wild populations, nevertheless there was no clear distinction between the maturity groups.



LASSO models and GO analysis

In the present study, the parameter selection feature of LASSO models was used to estimate the SNPs that were the most informative in predicting the values of bioclimatic variables. A model with a root mean square error (RMSE) smaller than the standard deviation (SD) indicates that there is a predictive effect of the feature (SNP). In other words, there is an effect of the selected markers on the predictive ability of the model. All LASSO models had RMSE smaller or about equal to their respective SD (Table 2). Thus, all models had good predictive ability except for mean snow coverage and isothermality. The goodness of fit of the model was further confirmed by conducting a simple linear regression analysis without using the SNP information and comparing the RMSE. The RMSE of the linear regression was closer to the SD than the RMSE of the LASSO for all models except isothermality and snow coverage, thereby confirming the effect of the SNPs in the model’s prediction.


Table 2 | A summary of the results of best preforming least absolute shrinkage and selection operator (LASSO) model and gene ontology (GO) functional enrichment analysis for the most significant single nucleotide polymorphisms (SNPs).



The gene ontology (GO) enrichment analysis was used to validate the model results, in terms of biological functions. The reference gene-coding sequences, of the SNPs selected by the LASSO models were imported into the online tool Plaza workbench via BALST to find the corresponding genes. The models in which SNPs generated a GO enrichment were annual mean temperature, annual precipitation, and annual temperature range (Supplementary Table S3). Interestingly, the set of genes from both the annual precipitation and annual temperature models showed enrichment for genes regulating stomatal opening (Table 2 and Supplementary Table S3). The stomata are known to be involved in the plants regulation of water, oxygen and carbon dioxide, functions that are relevant to changes in temperature and precipitation (Waggoner and Zelitch, 1965; Honour et al., 1995). Furthermore, there was an enrichment of genes coding for kinase binding proteins in the annual mean temperature model (Table 2; Supplementary Table S3). Kinases are a group of enzymes that via post-translational modification plays an important role in plant growth and development. Some kinases are involved in the plant response to changes in both mild and extreme temperatures (Praat et al., 2021). Analogs of the three genes detected in the GO enrichment analysis were, via experimental evidence, connected to heat response (Larkindale et al., 2005; Wu et al., 2014) and to post translational modifications as response to external factors (Colby et al., 2006) in tomato and Arabidopsis.



The GO analysis of SNPs from PCA

From the PCA analysis, using the R software’s pcadapt package, the SNPs that significantly contributed to the clustering of the 382 accessions in the first two PCs were located within the coding regions of 22 and 38 genes, respectively (Supplementary Table S3). A GO enrichment analysis of the 22 genes from PC1 revealed that 10.5% of the genes were enriched for two biological processes, namely, specification of plant organ axis polarity and regulation of root morphogenesis. However, no GO enrichment was observed for the 38 genes from PC2.




Discussion

This study revealed the genetic variation of 382 red clover accessions, including wild and cultivated types representing the red clover gene pool in the Nordic Region of Europe. Among the red clover accessions studied, 45 were known to be tetraploids. However, in order to facilitate the comparison with the diploid populations used in this study they were treated as diploids, following the explanation provided in Osterman et al. (2021). Diploidizing tetraploids is commonly employed to reduce complexity in data analysis and has been implemented in potato for population structure analysis using STRUCTURE and other software developed for diploids (Hirsch et al., 2013; Pandey et al., 2021; Selga, 2022). The genotyping was conducted using a pool-seq approach of the SeqSNP sequencing assay used by Osterman et al. (2021) that targeted genes known to be involved in growth and development as well as stress response. In total, 661 polymorphic, bi-allelic SNPs were detected in the targeted protein coding sequences across the 382 populations, demonstrating the potential of SeqSNP for sequencing the target SNPs as well as for de novo SNP discovery. Nevertheless, it should be noted that the novel SNPs identified were within 75 bp of the target SNPs. Therefore, SeqSNP is useful when specific coding regions are targeted, but may not be suitable for the identification of novel SNPs in larger regions, such as quantitative trait loci (QTL) and uncharacterized gene sequences.

The benefit of using pool-seq methods as opposed to individual sequencing methods is the number of populations that can be analyzed. With a pool of 10 individuals, pool-seq can analyze 10 times as many populations as individual genotype analysis for the same cost, assuming their sequencing depth is the same. The main challenge of pool-seq is the data analysis, as the representation of the sampled individuals within a pool can be uneven. The selection of reading depth relative to the number of individuals in each pool is very important. In the present study, using read counts from ten individuals at a sequencing depth of x501 was deemed appropriate, given the result of our in-house analysis that compared data generated through pool-seq and individual genotype sequencing.

The genetic parameters estimated from ten individuals per pool were comparable with the results reported by Jones et al. (2020) and Osterman et al. (2021). Various bioinformatics software packages have been developed to analyze pool-seq data, including BayPass (Gautier, 2015), PoPoolation (Kofler et al., 2011a; Kofler et al., 2011b), and SelEsim (Vitalis et al., 2014). Pool-seq based study on red clover using BayPass has previously been done to detect genomic signatures of herbicide resistance (Benevenuto et al., 2019). The study used pools of 20 to 40 individuals from 10 populations and data analysis was performed using BayPass, which uses read counts and a hierarchal Bayesian model to estimate genetic variance/covariance and outlier loci. However, in the present study, the number of populations (382) relative to the number of SNPs used was too large to apply BayPass.

The discovered genetic variation differentiated the groups of accessions to different extents based on their population type or origin. The major trend was a separation of the wild populations from the cultivars, with the landraces being represented within both groups. The genetic distance between the cultivated populations was low, and there was no clear separation between them based on their origins. This could be partly due to the strict outcrossing nature of the crop that facilitated a high rate of gene flow, resulting in high heterozygosity with reduced differences in allele frequency between the populations. A high level of heterozygosity has been previously reported in red clover populations analyzed at individual genotypes level, which was attributed to its strict outcrossing reproductive system (Jones et al., 2020; Osterman et al., 2021). Contrary to this, there was a pattern of population structure between the different groups of wild populations. The lower rate of gene flow between the wild populations is probably due to the low level of migration as well as the consequences of geographical distance and terrain.

This study was designed to identify informative SNPs from the perspective of red clover breeding and to generate knowledge regarding the extent to which the genetic material used for breeding reflects available genetic resources in red clover. These objectives are clearly reflected in the NJ tree (Figure 7) as well as in the results of LASSO model-based analysis where genetic variation was linked to bioclimatic variables and to relevant biological functions.


Genetic Parameters: HS, FST, Nei’s standard genetic distance and Tajima’s D

The wild populations selected for this study fully spanned the Nordic Region of Europe (Figure 7) with no obvious geographical groupings. The higher FST (mean of 0.04, Table 1 and Figure 1B) values of the wild populations, compared to the cultivated types, suggests population structure as a consequence of either restricted gene flow, ongoing evolution, or both. In contrast, the cultivated red clover showed low FST values both within and between different cultivated types and the origins where these groups dominated (Table 1 and Figures 1B, 2A). This indicates a high gene flow within the different types of both the same and different origins. If the FST between a pair of populations is high, it implies significant differentiation between them. This means that their genetic constitution is significantly different, and hence their crossbreeding may lead to hybrids that are superior to both of them. Since low values of FST was recorded within cultivated types, crossbreeding with wild populations could lead to further genetic gain.

A lack of genetic differentiation between populations might lead to little to no genetic gain when crossbreeding. This is because the populations possess the same alleles in similar proportions across a majority of loci, and hence crossbreeding does not lead to significant genetic recombination. Even though red clover populations are expected to be highly heterozygous due to their outcrossing nature, variation between populations declines as the majority of their common alleles approach fixation. Tajima’s D can be used to measure the amount of rare alleles in a population. Hence, maintaining genetic gain in breeding populations is dependent on the inclusion of new rare alleles. Populations with negative Tajima’s D values can be considered to be in expansion following either a bottleneck or selective sweep and thus has an abundance of rare alleles (Tajima, 1989). By selecting such populations further genetic gain can be introduced into the breeding populations. The Tajima’s D for the wild populations was negative, which supports the suggestion that an ongoing evolutionary process contributes to their higher genetic differentiation. Hence, the red clover wild populations might have experienced recent selective sweeps and/or events that reduced their population sizes. Interestingly, the cultivars and breeding populations from NordGen had lower Tajima’s D mean values than the wild populations (Table 1). The lowest Tajima’s D values belonged to the Graminor accessions (both as origin and population type, Table 1). This might be due to balancing selection after the development of new cultivars or cultivar types.

Compared to the mean FST value presented by Jones et al. (2020) of 0.076 for red clover representing Europe and Asia, the mean FST of the present study (0.022) indicates lower genetic differentiation in Northern European red clover. These results are not surprising since Europe and Asia cover a larger area. Furthermore, red clover was introduced to northern Europe relatively late compared to southern and central Europe (Taylor and Quesenberry, 1996a). Additionally, Jones et al. (2020) used 93.3% ecotypes (here referred to as wild populations) compared to the 45% used in the present study. The results showed that the majority of the genetic diversity was held within the wild populations. Hence, a larger amount of wild populations would increase the FST in a sample set.

The lowest HS median was recorded in the wild populations, which also had a higher genetic distance between populations compared to the other population types. The lower Hs values of the wild populations compared to the cultivated types indicate a low gene flow. Of the 382 populations selected for this study, 172 were wild populations. The large proportion of wild populations could be the reason for the relatively lower mean HS of 0.18 in the present study (Supplementary Table 1) as compared to Osterman et al. (2021) who reported a mean HS value of 0.21. Interestingly Jones et al. (2020) reported a mean HS of 0.26. Therefore, the present study may suggest lower within-population diversity in Norther European wild red clover.



Principal coordinate analysis, discriminant analysis of principal components and neighbor-joining cluster analysis

The PCoA scatter plot for the 382 populations showed a separation between cultivated and wild populations on the first principal coordinate (Figure 3A). The second principal coordinate differentiated Swedish and Finnish wild populations from Norwegian wild populations. The landraces from Sweden and Norway clustered together with NordGen and Lantmännen cultivars while Finnish landrace populations were closer to the Swedish and Finnish wild populations. This pattern was also observed in the DAPC, where wild populations and landraces that were not in clusters 1 and 4 exhibited three major trends, Swedish and Finnish, Swedish and Norwegian, and only Norwegian (Figure 5 and Supplementary Table S1). These two main patterns were observed throughout the analysis, the separation of the Swedish wild populations from the Norwegian wild populations and the mixture of the NordGen and Lantmännen cultivars. This pattern was clearly observed in the NJ analysis (Figure 7 and Supplementary Table S1) as well as in Nei’s heatmap (Figure 2). This distinction between cultivated and wild red clover suggests that wild populations possess genetic variation that is not represented in the cultivated populations. Hence, by incorporating wild (Norwegian or Swedish) and landrace (Finnish) populations into the breeding programs for red clover, the genetic diversity of the cultivated gene pool can be increased further.

In agreement with the results in Osterman et al. (2021), higher genetic variation differentiated wild populations from Sweden and Norway than the genetic variation that differentiated NordGen and Lantmännen cultivars or diploids and tetraploids. In order to determine the genetic relationship between populations within different groups, various analyses were conducted by grouping the 382 populations according to their origins or types, to reveal any sub-groupings. A separate PCoA analysis for the Lantmännen populations showed no clear differentiation between diploids and tetraploids, in contrast to the low degree of differentiation observed among the NordGen cultivars and landrace populations (Figures 3C, D). Additionally, the lack of clear differentiation between the diploids and tetraploids was evident in the DAPC, where the diploids and tetraploids were assigned to clusters 1 and 2 similarly. However, genetic variation was higher within the diploid group than within the tetraploid group. This can be seen from the PCoA scatter plot where tetraploids were distributed close to the origin while diploids covered the full range of variance described by both PCo1 and PCo2.

In agreement with the results of the PCoA and DAPC, no clear differentiation between diploids and tetraploids was described by Nei’s standard genetic distance (Figure 2). However, some sub-clustering of diploids and tetraploids was observed in cluster-2 and cluster-3 of the NJ tree although it was not as clear as their clustering pattern observed in Osterman et al. (2021). The grouping of the tetraploids into different sub-clusters in the present study indicates that they have been derived from chromosome-doubling experiments performed independently on diploids from different genetic backgrounds. Thus, crossbreeding of tetraploids representing different sub-clusters may result in superior cultivars with multiple desirable characteristics. Tetraploid cultivars have higher resilience and biomass yields than diploid cultivars. Hence, genetic differentiation between diploids and tetraploids is expected although it was not the case in the present study. It is likely that the agricultural gain from cultivating tetraploids derives from the molecular genetics of polyploidy rather than from an increased genetic variation since there is no clear genetic variation separating cultivars based on ploidy.

In the case of NordGen germplasm, it is interesting to note that genetic variation was higher among landraces than among cultivars, as clearly depicted in Figure 2D. The two groups also showed significant genetic differentiation, particularly when comparing the landraces from Finland and the cultivars from Denmark (Figures 2D, 5). The distinctness of some Finnish landrace populations was also demonstrated in the heatmap of Nei’s genetic distance (Figure 3D) as well as in cluster-4 in the NJ tree (Figure 7). Hence, these Finnish landrace populations might have unique genetic constitution of significant breeding values (agronomic and forage quality) that needs to be explored further. Another interesting finding of the present study was the close genetic relationship between the Danish cultivars from NordGen and the Lantmännen populations (Figures 2, 4). Possibly, this is due to the frequent inclusion of Danish cultivars in Lantmännen breeding programs or to the use of similar genetic resources by different breeding programs to develop cultivars that share similar desirable traits, such as high forage yield.

In order to understand the genetic merit of the gene pool of wild populations, the bioclimatic variables of their respective collection sites were analyzed as a means of examining their respective environments. Wild populations, even naturalized cultivars, are thought to be well adapted to the climate of their natural habitats (Turesson, 1925). Hence, a high genetic similarity between a cultivar and a wild population may indicate that the cultivar is well suited to an environment similar to that of the wild population. Such analyses can provide insight into whether the germplasm under cultivation has sufficient genetic diversity to suit the diverse environments in which they are being cultivated. The present study revealed that cultivated red clover showed a greater tendency to cluster together with wild populations found in the warmer climates of the south and central parts of the Nordic Region with low levels of variation in precipitation and temperature and little to no snow cover. One of the main causes of red clover senescence is repeated freezing and thawing (Smith, 1957; Zanotto et al., 2021). However, such information is difficult to model. Instead, an educated guess can be made using isothermality and snow coverage to identify locations that may have long autumns with frequent fluctuations around the freezing point. Wild populations from northern Norway in cluster 2 (Figure 7), where the snow coverage is high and the annual mean temperature is around zero or negative, shared a close genetic relationship with three middle-late diploid cultivars bred by Lantmännen. Hence, it would be interesting to evaluate the winter hardiness of these cultivars to validate the ideas discussed above.



LASSO prediction and GO functional analysis

This study used least absolute shrinkage and selection operator (LASSO) models to relate the SNP frequency across populations to a specific bioclimatic variable. Due to its ability to rank the importance of variables LASSO models are currently used in multiple fields where the number of samples is less than the number of variables. They are used in gene-based diagnostics (Kohannim et al., 2012; Kim et al., 2018), genome-wide association research (Li et al., 2011), and other forms of unsupervised learning like in chemometrics (Pomareda et al., 2010). In the present study, the objective was to identify highly descriptive markers that can help select suitable germplasm for use in breeding programs. To the best of our knowledge, the LASSO models have not been used to relate a SNP marker to an environmental variable before. In this study, the method was considered successful because it was possible to assess the relationship between the SNPs identified by the LASSO models and the traits appropriate to the bioclimatic variable studied. Hence, this study demonstrates the ability of penalized linear regression models to assess the relationship between SNPs and environments.

Relating SNPs to bioclimatic variables with allele frequencies have previously been done via Bayesian models. However, for these models to converge, the data must fulfill the assumptions of the prior likelihood distribution. If the data does not fit the Bayesian model, a LASSO model could be used as an alternative as they rely on no prior information. LASSO models, however, are not adjusted based on population structure, unlike Bayesian models. As a result, additional steps are necessary in order to exclude possible artifacts due to population structure or statistical false discovery. A GO enrichment analysis was carried out for this purpose in the present study and satisfactory results were obtained.

Four LASSO models showed enrichment for biological processes that can be regarded as plausible responses of plants that are growing in a particular environment (Table 2). For example, the temperature and precipitation models showed enrichment of genes related to stomatal opening, a function known to be involved in the plant response to humidity and temperature (Waggoner and Zelitch, 1965; Honour et al., 1995). Additionally, the enrichment of protein kinases in the annual mean temperature model gives further information on the mechanisms of plant resilience. For a better understanding of persistence in red clover, a study of the stomatal changes and kinase activities in plants bearing different alleles related to their survival would be valuable. Similarly, the knowledge of how wild red clover copes with temperature stress is valuable for breeding since cold resilience is a desirable trait in Nordic breeding programs and beyond. Additionally, a study on root development between cultivated and wild red clover would be of interest given the results of the GO enrichment of auxiliary root development. The establishment of roots could affect persistence, resilience, nitrogen fixation, and nutrient uptake, as well as the establishment of the whole plant. This way of evaluating new germplasm could serve as a key component of red clover improvement.




Conclusion

This study thoroughly described the genetic diversity and population structure of the Nordic red clover genetic resources, which include breeding populations, cultivars, landraces, and wild populations. As shown by this study, further genetic gains are possible by incorporating NordGen cultivars and landraces. Inclusion of selected landraces and wild populations based on the results exhibited in Figure 7 into red clover breeding programs could increase persistence and climate resilience of cultivars and synthetic populations. Furthermore, GO enrichment analysis facilitated the identification of SNPs that may affect the stomatal function and root development in wild populations, thus providing additional knowledge for breeding this forage crop. It would be very interesting to see this method applied in other similar studies involving wild germplasm.
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The USDA-ARS National Plant Germplasm System (NPGS) apple collection in Geneva, NY, USA maintains accessions of the primary Malus domestica (Suckow) Borkh. progenitor species M. sieversii (Ledeb.) M. Roem., M. orientalis Uglitzk., and M. sylvestris (L.) Mill. Many of these accessions originated from seeds that were collected from wild populations in the species’ centers of diversity. Some of these accessions have fruit phenotypes that suggest recent M. domestica hybridization, which if true would represent crop contamination of wild species populations and mislabeled species status of NPGS accessions. Pedigree connections and admixture between M. domestica and its progenitor species can be readily identified with apple SNP array data, despite such arrays not being designed for these purposes. To investigate species purity, most (463 accessions) of the NPGS accessions labeled as these three progenitor species were genotyped using the 20K apple SNP array. DNA profiles obtained were compared with a dataset of more than 5000 unique M. domestica apple cultivars. Only 212 accessions (151 M. sieversii, 26 M. orientalis, and 35 M. sylvestris) were identified as “pure” species representatives because their DNA profiles did not exhibit genotypic signatures of recent hybridization with M. domestica. Twenty-one accessions (17 M. sieversii, 1 M. orientalis, and 3 M. sylvestris) previously labeled as wild species were instead fully M. domestica. Previously unrealized hybridization and admixture between wild species and M. domestica was identified in 230 accessions (215 M. sieversii, 9 M. orientalis, and 6 M. sylvestris). Among these species-mislabeled accessions, ‘Alexander’, ‘Gold Reinette’, ‘Charlamoff’, ‘Rosmarina Bianca’, and ‘King of the Pippins’ were the most frequently detected M. domestica parents or grandparents. These results have implications for collection management, including germplasm distribution, and might affect conclusions of previous research focused on these three progenitor species in the NPGS apple collection. Specifically, accessions received from the NPGS for breeding and genomics, genetics, and evolutionary biology research might not be truly representative of their previously assigned species.




Keywords: crop wild relatives, cultivar, genetic diversity, genotype, Central Asia



1 Introduction

Apple (Malus) genebank collections make plant genetic resources available to research and breeding programs that seek new alleles for improving disease and pest resistance, reducing environmental vulnerabilities, and improving production and consumer traits (Volk et al., 2015a; Bramel and Volk, 2019; Peace et al., 2019). Genebanks include Malus domestica cultivars as well as accessions that represent diverse species. For breeding, closely related Malus crop wild relatives provide desirable alleles without the extreme challenges of working with more distant wild species (Migicovsky and Myles, 2017). Researchers and breeders depend on apple collections to provide high quality materials that are true-to-type, at both the species and cultivar levels.

Donations, exchanges, and plant explorations have made the USDA National Plant Germplasm System (NPGS) apple collection among the largest and most diverse collections in the world (Volk et al., 2015a; Bramel and Volk, 2019; Gutierrez et al., 2020). The collection provides a wide range of Malus crop wild relatives that have been used to determine evolutionary relationships, identify novel alleles, and assess genetic diversity (Volk et al., 2015a). These crop wild relatives, including the primary M. domestica progenitor species of M. sieversii, M. sylvestris, and M. orientalis, were acquired by the NPGS through plant exchange and exploration expeditions that were performed between 1989 and 2004 (Luby et al., 2001; Forsline et al, 2002; Volk et al., 2009b). Exploration efforts introduced either budwood or seeds into the NPGS after passing through the United States national quarantine program. Budwood was grafted onto rootstocks and some seedlots were planted to obtain seedling trees in orchard blocks in Geneva, NY. Many of the trees have been genotyped using a set of 7 or 19 microsatellite markers, and the results were used to identify core subsets and genetic relationships among accessions (Richards et al., 2009a; Richards et al., 2009b; Volk et al., 2005; Volk et al., 2009b). Core subset and elite accessions (those exhibiting unusual or desirable phenotypes) were propagated by grafting and included in the permanent orchard collection. In addition, seedling trees produced from crosses between ‘Royal Gala’ and M. sieversii-labeled accessions PI 613971 (GMAL 4327), PI 613981 (GMAL 4448), and PI 613988 (GMAL 4455) resulted in research populations with local identifiers GMAL 4590, GMAL 4593, and GMAL 4595, respectively. These populations have been used for multiple genetic linkage mapping studies involving the Ma locus influencing fruit acidity (Xu et al., 2012), resistance to blue mold (Norelli et al., 2014; Norelli et al., 2017), and resistance to apple scab (Wang et al., 2012).

Malus sieversii, native to Central Asia and Western China, offers novel allelic diversity for a plethora of traits that are important to breeding programs (Volk et al., 2015a; Liu et al., 2021). A primary progenitor species of M. domestica, M. sieversii has been the target of numerous studies that have focused either on materials from China or Central Asia (Zhang et al., 2007). The extensive NPGS collection of this species in Geneva, NY, was obtained by Phil Forsline, Herb Aldwinckle, A. D. Dzhangaliev, and their collaborators in Kazakhstan and other Central Asian countries in 1989, 1993, 1995, and 1996. Four collection trips resulted in a total of 894 seedlots, and hundreds of these seeds were planted in the Geneva orchards, with many others provided to collaborators both within the U.S. and abroad (Forsline et al., 2002). Some trees in the wild in Kazakhstan had fruit quality phenotypes that rivaled those of cultivars and were therefore considered “elites” during the 1990s collection trips. Johann Sievers, after whom M. sieversii was named, during his travels in 1790 described wild apples of Kazakhstan (near Ust-Kamenogorsk, 500 km northeast of “Site 9” and about 1100 km northeast of Almaty) as dwarf trees with apples the size of a chicken egg, having red and yellow cheeks, and that could be eaten from the trees (Nussenov, 2018). This suggests that, as early as 1790, larger wild M. sieversii apples were present in the Targabatai Mountains and other northeast regions of Kazakhstan. “Elites” and other trees were introduced into the NPGS as budwood and grafted onto rootstocks, while most M. sieversii accessions were introduced as seed. M. sieversii germplasm accessioned into the NPGS has been distributed as budwood of accessions resulting from imported budwood of wild trees considered “elites”, budwood of accessions grown from wild-collected seeds, and seed from crossing among wild accessions grown ex situ. These materials have subsequently been used to determine genetic relationships between M. domestica cultivars and M. sieversii (Robinson et al., 2001; Gharghani et al., 2009; Nikiforova et al., 2013; Duan et al., 2017; Wedger et al., 2021), to evaluate phenotypic diversity of traits (Janisiewicz et al., 2008; Fazio et al., 2009; Bassett et al., 2011; Jurick et al., 2011; Van Nocker et al., 2012; Fazio et al., 2014; Maguylo and Bassett, 2014; Harshman et al., 2017; Watts et al., 2021; Davies et al., 2022), and to identify QTLs and novel alleles (Xu et al., 2012; Wisniewski et al., 2020; Singh et al., 2021).

Malus orientalis, native to the Caucasus and Middle East, is also a likely contributor to the domesticated apple (Cornille et al., 2012; Cornille et al., 2014; Amirchakhmahgi et al., 2018). Its attributes of interest to breeding programs include late blooming, environmental adaptation, fire blight resistance (Amirchakhmaghi et al., 2022), and long-term storage (Khadivi et al., 2020; Moradi et al., 2022). M. orientalis in the NPGS was primarily collected in exploration trips to Turkey, Russia, Armenia, and the Republic of Georgia between 1998 and 2004 (Volk et al., 2009b). The NPGS accessions of M. orientalis have been used for genetic and phenotypic research (Gharghani et al., 2009; Volk et al., 2009b; Duan et al., 2017).

Malus sylvestris, found in localized wild populations throughout much of Europe, has increasingly become recognized as an important ancestral contributor to M. domestica, but has not been as extensively utilized in breeding and research as the other two main progenitor species (Cornille et al, 2012; Cornille et al., 2013; Duan et al., 2017). Much of the literature on M. sylvestris has instead focused on the issue of recent hybridization with M. domestica cultivars, which is reportedly rife in wild populations. Such hybridization has been identified in the East Ore Mountains of Germany (40% of trees being hybrids; Reim et al., 2013), Saxony (13% hybrids; Reim et al., 2020), the Rhine Valley (5% hybrids; Schnitzler et al., 2014), and the United Kingdom (30% hybrids or pure M. domestica; Ruhsam et al., 2019). A recent study identified seven of 115 M. sylvestris accessions to be admixed with M. domestica in The Netherlands’ field genebank collection (Buiteveld et al., 2021).

SNP arrays have become a very powerful tool in apple, particularly for use in haplotype-based analyses such as pedigree-based QTL analyses (Kostick and Luby, 2022), introgression tracking (Luo et al., 2020), and relatedness estimation (Howard et al., 2021a). Several SNP arrays have been developed for use in apple, with the Illumina Infinium® 20K (Bianco et al., 2014) being the most common. While these SNP arrays were designed using panels consisting primarily of M. domestica cultivars without input from any wild M. sieversii, M. orientalis, or M. sylvestris, it is expected that they will work well with these species being the progenitors of domesticated apple and because the 20K SNP array was successfully used for introgression tracking of M. sieversii haplotypes (Luo et al., 2020).

Acknowledging the importance of providing true-to-type species materials in the NPGS apple collection, the purpose of this study was to provide accurate information about the extent of hybridization (clear single recent crossing events) and admixture (multi-generational species mixing without specific ancestors identified) in NPGS accessions of M. sieversii, M. orientalis, and M. sylvestris, using the Illumina Infinium 20K SNP array.



2 Materials and methods


2.1 Plant material

Leaves were sampled from a total of 383 M. sieversii, 36 M. orientalis, 44 M. sylvestris, and one M. domestica-labeled accessions from the USDA National Plant Germplasm System apple collection in Geneva, NY (Table S1; USDA, 2022).



2.2 DNA extraction

Fresh frozen (100 mg) or dried (50 mg) apple leaf tissue was pulverized to a fine powder and DNA extracted using a modified CTAB extraction procedure (File S1). DNA quality and quantity were determined using a spectrophotometer/fluorometer.



2.3 Genotypic analysis

Samples were genotyped on the Illumina Infinium® 20K apple SNP array (Bianco et al., 2014). Raw SNP array data were curated according to Vanderzande et al. (2019). The resulting genome-wide SNP profiles for the accessions were added to a dataset of more than 5000 unique genotypic profiles sampled from 56 apple collections previously assembled for an ongoing collaborative apple pedigree reconstruction project (Howard et al., 2018). Malus unique genotype (MUNQ) codes used for the organization of duplicate genotypic profiles were provided via Denancé et al. (2020).

Admixture was identified via a combination of an analysis of Summed Potential Lengths or Shared Haplotypes (SPLoSH) information (Howard et al., 2021a) and Principal Components Analysis (PCA). The commonly used STRUCTURE analysis (Pritchard et al., 2000) was not used because our pilot study identified extensive pedigree structure between many wild accessions and extant domestic cultivars, because of the presence of extensive pedigree structure among M. sieversii accessions, because of the small number of M. sylvestris accessions available for analysis, because of the extensive pedigree structure inherent in any panel of domestic cultivars that could be included in a STRUCTURE analysis, and because of issues relating to the SNP inclusion bias on the 20K SNP array. These issues would have severely violated some of the assumptions made in the STRUCTURE model or would have otherwise resulted in unclear or misleading results.

Genetic duplicates and parent-offspring relationships were sought among the progenitor species accessions and the larger dataset of DNA profiles as described in Vanderzande et al. (2019). Close pedigree relationships and grandparent-grandchild relationships were identified using SPLoSH information as described in Howard et al. (2021a) using 20 cM as a threshold. This threshold was chosen to readily enable detection of any recent cultivar ancestors of the species accessions in the dataset. If one parent of an accession was identified, haplotype data deduced for the chromosomal homologs from the unknown second parent were also compared to the dataset to detect any likely recent cultivar ancestors.

Grandparent-grandchild relationships involving species accessions were considered likely present where the SPLoSH values between pairs were 512 cM or higher, representing at least 20% of the entire diploid genome [twice the 1280 cM haploid genetic length; Howard et al. (2021a)]. These thresholds were used instead of the estimated coefficient of relatedness models from Howard et al. (2021a) for three reasons. First, the coefficient of relatedness model estimates from Howard et al. (2021b) were made only using M. domestica cultivars that were expected to have a degree of haplotype sharing through multi-generational endogamy (via artificial selection). Such shared ancestry would be expected to inflate the estimated average SPLoSH values for grandparent-grandchild and half-sib relationships among M. domestica cultivars. Thus, in instances where species accessions had a M. domestica grandparent but otherwise appeared to be of a progenitor species origin, the SPLoSH value between them would not have that inflation and instead would more closely approximate the theoretical 25% of genome sharing for this relationship. Second, the 20-cM threshold used could have prevented detection of some real but shorter identical-by-descent haplotypes, leading to a total amount of genome-sharing less than the expected 25%. But a smaller threshold than 20 cM was not used because those could also have resulted in some false or artificially elongated shared haplotypes due to limitations of the SNP coverage (some gaps being present) and informativeness (undetected null alleles possible) of the 20K array. Third, using a genome-sharing threshold slightly less than 25% allowed for expected biological variation in proportion of genome inherited after two meioses. Thus, the minimum threshold of 512 cM used for likely grandparent-grandchild considered in this study was intended to address these points by limiting both the exclusion of real relationships and the inclusion of false relationships.

Accessions were classified as fully M. domestica if their entire pedigree consisted of M. domestica cultivars. Accessions were classified as hybrid if they had one M. domestica parent or at least one likely M. domestica grandparent. Accessions were classified as having a M. domestica component, and thus admixed, if they had SPLoSH values with any M. domestica cultivar of more than 10% of their genome (0.1 × 2 × 1280 cM = 256 cM) but could not be classified as hybrid or fully M. domestica. If accessions had SPLoSH values with numerous M. domestica cultivars that were between 7.5% and 10% of their genome, they were noted as such but not classified as having a M. domestica component. Progenitor species accessions lacking definitive or clear evidence of M. domestica introgression from SPLoSH information were compared to one another through PCA to identify outliers that could also indicate admixed individuals. PCA was conducted using prcomp in R (R Core team, 2022). SPLoSH information using 5 cM as a threshold was used as the input information instead of raw SNP data to diminish effects of unequal SNP informativeness across the material and chromosomes and to account for genetic linkage among SNPs. PCA results were used to confirm or clarify the recorded species of accessions without clear admixture by observing clustering patterns. Outlier accessions positioned outside but between the primary species clusters were noted as being possible hybrids/admixed between those species. Such accessions were also examined for any abnormally large SPLoSH values with M. domestica cultivars relative to those found in accessions that did not have outlier PCA positions to gain evidence for the possibility of smaller-scale admixture.

Some accessions were classified as having an “exotic” Malus component. Exotic Malus in this study refers to Malus species with fruit smaller than M. orientalis, M. sieversii, and M. sylvestris accessions and very long stems, such as M. baccata (L.) Borkh., M. floribunda Siebold ex Van Houtte, M. × micromalus Makino, and M. toringo (Siebold) de Vriese (also referred to as M. sieboldii Rehder), and which are all not primary progenitors of M. domestica. Accessions were considered as having an exotic Malus component if they shared more than 256 cM (i.e., at least 10% of the diploid genome) of SPLoSH using 20 cM as a threshold with a group of 11 phenotypically confirmed exotic Malus accessions (Table S2) that lacked significant SPLoSH values with M. domestica cultivars.

Passport details of 28 of the 44 M. sylvestris accessions were recorded in GRIN-Global (USDA, 2022; and confirmed by genotypic analyses here) as belonging to three separate full-sibling groups derived from four different parents, only two of which were available for genotyping. To prevent this pedigree structure from causing M. sylvestris accession outliers to appear in the PCA, SNP profiles for the two ungenotyped parents, ‘Oelsen 5’ and ‘Klipphausen’, were imputed using their recorded offspring via the method of Howard et al. (2021a) and the parents of these full-sib groups were used for PCA instead of the full-sibs.



2.4 Phenotypic analysis

Available fruit image data were downloaded from GRIN-Global for the 20K SNP array-genotyped NPGS accessions of M. sieversii, M. orientalis, and M. sylvestris. Additional photograph imaging (Nikon D7100, 4000 × 6000 pixels) of multiple fruit was conducted and then uploaded to GRIN-Global for M. sieversii, M. orientalis, and M. sylvestris genotyped accessions that did not previously have associated image data available. From the 234 images, phenotypic measurements were conducted for five fruit of each accession for the traits of fruit diameter, fruit ground color, percentage of fruits with overcolor, percentage of each fruit with red overcolor, and fruit shape (according to Watkins and Smith, 1997; Figure S1). Quantitative data were analyzed by ANOVA and Tukey Mean Separation tests.




3 Results


3.1 Genotypic analysis

The SNP array performed effectively on accessions of all three progenitor species to detect hybridization and admixture, enable pedigree reconstruction using SPLoSH information, and enable DNA profile imputation of two ungenotyped M. sylvestris parents. SPLoSH information was able to reliably illuminate clear instances of admixture, often directly through domestic cultivars. As an illustrative example, M. domestica-M. sieversii hybrid PI 613979 was identified as an offspring of ‘Alexander’ (Figure 1A), and phased haplotypes, with recombination evidence, from ‘Alexander’ clearly accounted for one homolog of each chromosome of PI 613979. In PI 650959, an offspring of PI 613979, remnant haplotypes of its grandparent ‘Alexander’ can clearly be identified (Figure 1B).




Figure 1 | Example of newly detected presence of recent M. domestica ancestry in accessions previously labeled as pure wild progenitor species. (A). Extended shared haplotypes of ‘Alexander’ present in the M. domestica-M. sieversii hybrid accession PI 613979; (B) Extended shared haplotypes of ‘Alexander’ present in the M. domestica-M. sieversii hybrid accession PI 650959.



All accessions with a non-M. domestica component tended to have higher numbers of null alleles present than did pure M. domestica cultivars, although this did not seem to impede admixture detection. The M. sieversii accession with the highest level of data curation via descendants, PI 613981, had 41 SNPs detected as being homozygous for null alleles. For M. orientalis, the highest detected number of homozygous-null SNPs was 21 (in PI 682807), and the highest detected number in a curated M. sylvestris accession was 36 (in GMAL 4495.o, having SNP data available for both parents). PCA based on the SNP array data clearly differentiated the three progenitor species (Figure S2).


3.1.1 Malus sieversii

Of the 383 accessions originally labeled as M. sieversii, 151 were determined to be pure M. sieversii, 17 were determined to be fully M. domestica, and 215 were hybrids or admixed between taxa. Specifically regarding the latter, 178 accessions were M. sieversii-M. domestica hybrids, 33 were M. sieversii with domestic components, one was a M. sieversii-M. orientalis hybrid, and three were M. sieversii with an exotic component (Table S1). In addition, one M. domestica-labeled accession (PI 644151) was determined to be a M. sieversii-M. orientalis hybrid. In all, only 39% of the sampled accessions labeled as M. sieversii in the NPGS genebank were determined to represent this species in its “pure” form.

Five pairs of accessions were identified with identical DNA profiles, all of which were originally labeled as M. sieversii. PI 657760 (DM 34) and PI 657763 (DM 49), both received from a Kyrgyz Republic exploration (Volk et al., 2009a), were identical. Duplicate accession pair PI 650966 and PI 650977 originated from a M. sieversii wild-collected seedlot(s) from Site 9 raised at the University of Minnesota and provided back to the NPGS apple collection. PI 614000 and PI 657764, collected from Kazakhstan Sites 9.02 and 9.04, respectively, were both identified as ‘Rosmarina Bianca’, an old Italian cultivar available from the United Kingdom’s National Fruit Collection. The duplicate pair of PI 613953 and PI 613978 was identified as M. sieversii with a domestic component. PI 613978 was collected in 1995 from Site 9.05, and a collection note by P. Forsline in 1996 suggested that PI 613953 might be the same tree. The duplicate pair of PI 657072 and PI 657117 was pure M. sieversii, although the two accessions were collected from different sites in Kazakhstan (Sites 6 and 12, respectively).

Of the thirty-six M. sieversii-labeled accessions classified as “elite” in the NPGS collection, five were determined to be M. domestica, 21 M. sieversii-M. domestica hybrids, three M. sieversii with a M. domestica component, and only seven were pure M. sieversii. The accession named ‘FORM 35’ (PI 613967), which was selected in Kazakhstan by Dr. Dzhangaliev and presumed to be M. sieversii (GRIN-Global, 2022), was determined to be a M. sieversii-M. domestica hybrid, with ‘Zigeunerin’ as one parent. ‘FORM 35’ was also determined to be a parent of two other “M. sieversii” accessions in the dataset (PI 629319 and PI 629318).

The extent of admixture in sampled populations varied across the original collection sites (Figure 2). All but one accession examined from Site 6, in the Karatau region, were determined to be all pure M. sieversii, but only 27% of the accessions of Site 11, also in the Karatau region, were pure M. sieversii. A large proportion of the accessions examined from Site 12 (53%) were M. domestica cultivars that had been originally considered to be M. sieversii. For the site with the largest representation in the dataset, Site 9, located in the Tarbagatai region, 93% of the tested individuals were identified as hybrid or admixed and only 6% were determined to be pure M. sieversii (Table 1; Figure 2). The majority (96%) of the 24 sampled accessions originating from outside of Kazakhstan were identified as pure M. sieversii (Table 1). Most (75%) of the 76 accessions from Kazakhstan-sourced seedlots that were provided to Dr. James Luby in 2007 that were grown, evaluated, selected among, and then returned to the NPGS were admixed with M. domestica (Table S1).




Figure 2 | Map of M. sieversii collection sites for NPGS apple collection genotyped with a 20K SNP array. The subsequently determined proportions of pure M. sieversii, pure M. domestica, and hybrid/admixed individuals investigated from each site are overlaid as pie charts (small pie chart: 1-10 individuals; medium pie chart: 11-50 individuals; large pie chart: 51-135 individuals).




Table 1 | Species compositions determined for NPGS Malus sieversii collection sites representing various regions in Central Asia.



Some M. domestica cultivars were repeatedly identified as parents and/or grandparents of “M. sieversii” accessions (Tables 2, S1, S3). Russian cultivars were identified as the most common source of M. domestica contamination in NPGS “M. sieversii” accessions collected directly from Tien Shan forests (Sites 3, 4, 5, 9, 11, 12; Figure 2; Table S1) and also as parents and grandparents of “M. sieversii” seedlings. ‘Alexander’, ‘Gold Reinette’, and ‘Charlamoff’ were the most prolific grandparents (Table 2). Some non-Russian cultivars were also found directly in the Kazakh landscape or as parents or grandparents of seedlings, such as ‘Rosmarina Bianca’, an old Italian cultivar (found twice at Site 12 and many times as a recent ancestor at Sites 11 and 12), ‘King of the Pippins’, originally from England, and cultivars from many other geographical origins.


Table 2 | Named cultivar ancestors of NPGS apple accessions labeled as Malus sieversii (excluding genotypic duplicates) identified by pedigree reconstruction using SNP array genotypic information.





3.1.2 Malus orientalis

Admixture with M. domestica was observed in M. orientalis NPGS accessions to a lesser extent than in M. sieversii accessions. Twenty-six of the 36 accessions labeled as “M. orientalis” were pure M. orientalis, one (PI 644252) was determined to be fully M. domestica (an offspring of ‘Golden Delicious’ and ‘Delicious’), and nine were hybrid/admixed. Of the latter, three were M. orientalis-M. domestica hybrids (‘Delicious’ and ‘Eierapfel’ were parents), one was a M. domestica-exotic hybrid, four were M. orientalis with M. domestica components, one was a M. orientalis-M. sieversii hybrid, One of the M. domestica-M. orientalis hybrids, PI 682808.s, was a triploid that shared an allele at every locus with ‘Kasseler Renette’ (Table S1). In all, 72% of the M. orientalis accessions were identified as pure species representatives.



3.1.3 Malus sylvestris

The least admixture was detected for M. sylvestris NPGS accessions. Of the 44 accessions labeled as M. sylvestris, 35 were pure M. sylvestris. All M. sylvestris accessions from the three half-sib groups had recorded pedigrees that were confirmed with 20K SNP array genotyping and enabled successful whole-genome imputation of the ungenotyped M. sylvestris parents ‘Oelsen 5’ (95.5% of all alleles) and ‘Klipphausen’ (99.8%). Three accessions labeled as M. sylvestris were M. domestica, three accessions were M. sylvestris-M. domestica hybrids and three were M. sylvestris with domestic components (Table S1). In all, 80% of M. sylvestris accessions were deemed pure species representatives.




3.2 Phenotypic analysis

Fruit of M. sieversii-M. domestica hybrids and M. orientalis-M. domestica hybrids were significantly larger than those of their pure wild species counterparts (Table 3). There were too few M. sylvestris-M. domestica hybrids to establish that their fruit were significantly larger than those of pure M. sylvestris fruit (Table 3). Fruit ground color and proportion of red overcolor were generally similar among counterparts, considering that some fruit might have been sampled and imaged while immature. Pure M. sieversii and M. sieversii-M. domestica hybrids showed the greatest fruit shape diversity, while fruit of pure M. orientalis and M. sylvestris accessions were mostly globose and flat-globose (Figures S3–S5; Tables 3, S4). A series of image examples of the relationships between pure M. sieversii from Site 12, an M. sieversii-M. domestica ‘King of the Pippins’ hybrid from Site 12, and the cultivar ‘King of the Pippins’ are shown (Figure 3). In addition, a series of three pure M. sieversii accessions, three M. sieversii-M. domestica ‘Rosmarina Bianca’ hybrids, and two Kazakhstan-collected accessions that match genotypes of ‘Rosmarina Bianca’ are shown (Figure 4).


Table 3 | Some fruit trait observations for pure and hybrid M. sieversii, M. orientalis, and M. sylvestris accessions in the USDA-National Plant Germplasm System apple collection.






Figure 3 | Malus fruit images from the USDA-NPGS apple collection (A) PI 657117 collected from Kazakhstan Site 12, determined to be pure M. sieversii; (B) PI 682787 collected from Kazakhstan Site 12, determined to be a hybrid between M. sieversii and M. domestica ‘King of the Pippins’; (C) Accession PI 589676, M. domestica ‘King of the Pippins’.






Figure 4 | Malus fruit images from the USDA-NPGS apple collection (A) Three accessions collected in Kazakhstan determined to be pure M. sieversii; (B) Three accessions collected in Kazakhstan determined to be M. sieversii-M. domestica hybrids with ‘Rosmarina Bianca’ as a parent; (C) Two accessions collected as M. sieversii in Kazakhstan with genotype matching the United Kingdom National Fruit Collection accession 1951197, ‘Rosmarina Bianca’.






4 Discussion

It is critical to have access to pure M. sieversii, M. orientalis, and M. sylvestris genebank materials because these species are recognized as valuable to and are being used in costly long-term breeding programs, assessments of domestication, and genetic dissection of traits of interest (Volk et al., 2015a). The extent of hybridization and admixture identified in this study between M. domestica and M. sieversii, M. orientalis, or M. sylvestris in the NPGS apple collection is significant. The identification of hybrid/admixed accessions in the NPGS apple collection presented herein may affect findings of research from around the world that used the collection to identify novel alleles and assess genetic relationships.

Pure cultivars and species-M. domestica hybrids were identified in NPGS accessions that were labeled as M. sieversii, M. orientalis, and M. sylvestris. In each case, M. domestica cultivars in the landscape could have been inadvertently sampled by plant exploration teams. In addition, hybrid trees may have grown from seeds derived from natural pollination occurring between wild species and locally grown M. domestica cultivars. Furthermore, collection teams may have sampled fruit from wild trees with seeds resulting from crosses with pollen from cultivars (or hybrids). The following exemplifies how trees in wild populations could have recent cultivar ancestors such as ‘Alexander’, which was detected as a common recent ancestor of many “M. sieversii” accessions in this study. ‘Alexander’, which was originally from Poland and brought to Kazakhstan in 1865 under the name of ‘Aport’, was a common cultivar in orchards in Kazakhstan until devastating freezes between 1951 and 1955 that destroyed most orchards. ‘Aport’ was then replanted within the M. sieversii forests (Barbera et al., 2016).

Our results revealed a greater extent of hybridization and admixture in the NPGS apple collection than previously described. Gross et al. (2012) used microsatellite marker genotyping to identify hybrids in the NPGS collection and reported that 10% of the sampled M. sieversii and M. orientalis and 20% of the sampled M. sylvestris was hybrid or admixed, as revealed by STRUCTURE results. Omasheva et al. (2017) reported the genotyping with microsatellite markers of 311 M. sieversii trees from 12 wild populations and 16 wild apple clones selected by Dzhangaliev and found the lowest levels of M. domestica-M. sieversii admixture in the Kazakh regions of Krutoe truct (89% pure M. sieversii) and Tauturgen (92% pure M. sieversii). These two sites are located near the present study’s Sites 5 (Djungarsky-Lepsinsk) and 3 (Zailisky-Almaty), respectively, where we detected high levels of hybridization/admixture. The difference could reflect the greater resolution of SNP arrays to detect hybridization/admixture compared to microsatellite marker systems or differences in localized areas of M. domestica contamination among sampled locations. The 16 Dzhangaliev clones sampled by Omasheva et al. (2017) were reported to all have some M. domestica admixture, which is similar to what we observed with the Dzhangaliev-selected accession ‘FORM 35’. Kazakhstan Site 6 had almost no detected admixture and could serve as a source of pure M. sieversii for reforestation purposes.

We found that the extent of M. sieversii admixture was greater in Kazakhstan than in other sampled Central Asian countries. Ha et al. (2021) also measured admixture of M. sieversii and M. domestica in Kazakhstan using microsatellite markers. That study sampled 84 M. sieversii trees from regions in the east that were near Sites 4 and 5 and towards the west near Site 3 of the current study. All of the populations sampled by Ha et al. (2021) exhibited some hybridization between M. sieversii and M. domestica, which is consistent with results in the present work for populations sampled from those locations. In contrast, the lower levels of detected admixture in M. sieversii sampled from outside of Kazakhstan (Figure 1) may reflect different cultural practices across the landscape resulting in fewer numbers of M. domestica trees in or nearby the native stands of M. sieversii in other Central Asian countries.

Core sets seek to capture the diversity of populations using a limited number of individuals; the current work has revealed that formerly proposed core sets included admixed individuals. The M. sieversii core sets were developed based on microsatellite genotypic data and fruit and disease resistance phenotypic data for individuals from Sites 6 and 9 in Kazakhstan (Volk et al., 2005). Site 6, which was mostly pure M. sieversii based on the SNP array analysis, had 31 of 35 core-set individuals that were pure M. sieversii and four that were not in the SNP array dataset. In contrast, Site 9, which exhibited high levels of M. sieversii-M. domestica admixture in the SNP array analysis, had only four pure M. sieversii accessions but 17 M. sieversii-M. domestica hybrids, two M. sieversii with M. domestica components, one M. domestica, and no data available for 11 of the 35 core set individuals. A third M. sieversii core set was proposed by Richards et al. (2009a) to represent NPGS M. sieversii individuals from other collection sites in Kazakhstan. Our results revealed that this set of 35 individuals had 12 pure M. sieversii, 19 M. sieversii-M. domestica hybrids, three M. domestica, and one with no data available. Therefore, the core collections based on Site 9 and the other Kazakhstan sites were identified here as containing a large extent of hybrids and admixture. While the M. sieversii core sets chosen by Volk et al. (2005) appear to be have captured the general degree of admixture that is present in the collection sites, the detected contamination with M. domestica indicates that these core sets should not be considered as representative of M. sieversii diversity there. In any case, each of the three core sets should contain enough representation by M. sieversii to enable the discovery of novel alleles.

The results revealed admixture in the individuals represented by the NPGS M. orientalis core set individuals proposed in Volk et al. (2009b). Fourteen of the 27 M. orientalis core set individuals overlapped with the current SNP dataset. Of those, nine were pure M. orientalis, one was a M. orientalis-M. domestica hybrid, three were M. orientalis with M. domestica components, and one was M. sieversii with M. domestica components. Pure M. orientalis was identified in trees that originated from Russia, Turkey, Armenia, and Georgia. Thus, despite contamination with other species, the M. orientalis core set appears to be mostly M. orientalis and should contain novel alleles. But it should not be considered as representative of M. orientalis diversity.

Previously reported phenotypic assessments performed using NPGS-derived materials are now identified as having unintentionally included hybrid and admixed accessions. Watts et al. (2021) provided phenotypic data for the Apple Biodiversity Collection in Nova Scotia, Canada, derived in part from NPGS accessions. The supplementary data in Watts et al. (2021) has 78 accessions labeled as M. sieversii, 55 of which were included in the present study. Of those, two were determined to be M. domestica, 21 were M. sieversii-M. domestica hybrids, one was M. domestica with an exotic component, one was M. sieversii with an exotic component, three were M. sieversii with M. domestica components, one was M. sieversii with possible admixture, and only 26 were pure M. sieversii. Davies et al. (2022) described the phenotypic divergence between M. domestica and M. sieversii using the same dataset. While that study revealed significant differences for traits including soluble solids content, bitterness, and firmness during storage between the trees labeled as M. domestica and those labeled as M. sieversii, those differences could be even more pronounced if only pure species accessions are considered.

The result of extensive M. domestica hybridization and admixture in M. sieversii accessions might have influenced previous conclusions of the implied species origins of interesting trait locus alleles. The mapping populations GMAL 4590 and GMAL 4595, used for fine-mapping of the Ma locus (Xu et al., 2012), were derived from “M. sieversii” parents PI 613971 and PI 613988, respectively, determined here to both be M. sieversii-M. domestica hybrids, with the M. domestica cultivar Charlamoff being a parent of PI 613971. Four of nine “M. sieversii” accessions with PI numbers that were phenotyped for fire blight responses in Washington and West Virginia and often exhibiting resistance (Harshman et al., 2017) were determined here to not be pure M. sieversii. Similarly, 21 misidentified and nine pure species PI accessions from the NPGS apple collection were tested for resistance levels to blue mold considering them to all be pure M. sieversii (Janisiewicz et al., 2008), and several accessions exhibiting moderate levels of resistance were hybrids and M. domestica in our results. Although Wedger et al. (2021) used NPGS apple collection materials that were considered pure according to previous work (Gross et al., 2012), seven of the 15 M. sieversii individuals that study sampled from the NPGS were not pure species representatives according to the present analysis. In contrast, mapping population GMAL 4593 was created with parent PI 613981 (Desnoues et al., 2018), a M. sieversii pure species representative. Accessions PI 613981 (M. sieversii) and PI 633825 (M. sylvestris) used by Sun et al. (2020) and Luo et al. (2020) were also pure species representatives. Although M. sieversii-M. domestica hybrid and admixed individuals were inadvertently used in previous studies for identifying alleles of interest, discovered novel alleles could still be valuable to breeding and research programs. In some cases, the use of these hybrid and admixed individuals in breeding programs might introduce alleles of interest while incorporating fewer disadvantageous attributes from wild species.

NPGS apple collection materials now determined to be hybrids rather than pure species have been used for whole genome sequence-based projects, which could affect the results and conclusions of those studies. For example, Velasco et al. (2010) used ten M. sieversii accessions to determine the relative distinction between M. domestica and M. sieversii, five of which were determined here to be misidentified (GMAL 4054.a and GMAL 4309.d – M. domestica; GMAL 3762.g, GMAL 4304.e, and GMAL 4309.c – M. sieversii-M. domestica hybrids). Among the 117 diverse Malus accessions used by Duan et al. (2017) to obtain genome sequence data, 10 of the 15 M. sieversii accessions from Kazakhstan, the only M. orientalis, and three of the seven M. sylvestris sampled from the NPGS apple collection were not the expected pure species representatives (while SNP array data are unavailable for a further one M. sieversii and three M. sylvestris in that study), which helps explain some of the unexpected population structure findings in that report. Migicovsky et al. (2021) also assessed genetic relationships among M. sieversii, M. sylvestris, and M. domestica accessions from the NPGS apple genebank collection, although the specific individuals used were not reported. Inclusion of non-pure accessions of these species would be expected to blur genetic relationships or even exacerbate differences.

Wild species accessions in the NPGS apple collection that were identified as hybrids or admixed here have been included in phylogenetic and wild-cultivar relationships investigations (in addition to the previously mentioned study of Duan et al., 2017). For a Malus phylogeny based on chloroplast sequencing, Nikiforova et al. (2013) used several NPGS accessions that were not pure M. sieversii as expected, but rather M. sieversii-M. domestica hybrids, including GMAL 3610, GMAL 3619, and GMAL 3638, as well as PI 594104, which is actually M. domestica with an exotic component. The inclusion of these materials might have affected results, particularly the close relationships detected between M. sieversii and M. domestica. Similarly, Volk et al. (2015b) inadvertently used some “M. sieversii” and “M. sylvestris” that were determined here to be pure M. domestica, M. sieversii-M. domestica hybrids, or M. sieversii with M. domestica components. Accessions of M. domestica, M. sieversii, M. orientalis, M. sylvestris, and other species were classified into three haplotype groups based on chloroplast sequences in which the four species could not be differentiated; however, the clarification of accessions species status here does not remedy the situation. Gharghani et al. (2009) relied on NPGS apple collection materials to determine relationships among old Iranian cultivars and wild Malus species. One of the two M. sylvestris, ten of the 19 M. sieversii, and one of the M. orientalis of that study were not pure species representatives according to our results.

The NPGS GRIN-Global database has already been partially updated to reflect revised species statuses as determined herein. This effort will continue and will ideally highlight which accessions labeled as M. sieversii, M. orientalis, and M. sylvestris are pure species representatives. This updated information should ensure that species identities for M. sieversii, M. orientalis, and M. sylvestris are correct in the NPGS apple collection. It is recommended that researchers using accessions of these three species received from the NPGS apple collection update species designations.
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Global agricultural industries are under pressure to meet the future food demand; however, the existing crop genetic diversity might not be sufficient to meet this expectation. Advances in genome sequencing technologies and availability of reference genomes for over 300 plant species reveals the hidden genetic diversity in crop wild relatives (CWRs), which could have significant impacts in crop improvement. There are many ex-situ and in-situ resources around the world holding rare and valuable wild species, of which many carry agronomically important traits and it is crucial for users to be aware of their availability. Here we aim to explore the available ex-/in- situ resources such as genebanks, botanical gardens, national parks, conservation hotspots and inventories holding CWR accessions. In addition we highlight the advances in availability and use of CWR genomic resources, such as their contribution in pangenome construction and introducing novel genes into crops. We also discuss the potential and challenges of modern breeding experimental approaches (e.g. de novo domestication, genome editing and speed breeding) used in CWRs and the use of computational (e.g. machine learning) approaches that could speed up utilization of CWR species in breeding programs towards crop adaptability and yield improvement.
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What can CWRs offer?

The world population is estimated to come close to 10 billion by 2050, while a food gap of more 50% is expected between 2006 and 2050 (Ranganathan et al., 2016). In addition, the growing consequences of climate change, such as increasing weed prevalence and the occurrence of severe disease epidemics and drought stresses (Raza et al., 2019) will lead towards billions of dollars of crop yield losses worldwide (Gregory et al., 2009; Mittler and Blumwald, 2010). The IPCC (2014) has projected yield losses of up to 25% due to climate change if crop adaptation and improvement are not implemented (IPCC, 2014). At the same time, diets are changing, with shifting nutritional demands toward gluten free, plant-based protein and low GI (glycaemic index) products (Gaikwad et al., 2020). As a result, there is an urgent need for plant breeders to develop new traits in addition to agronomically important traits such as disease resistance, drought tolerance, and yield improvements. On top of these challenges, the effect of the recent COVID-19 pandemic on future agricultural industries has likely added financial strain to both production and distribution chains due to restricted food trade policies and closure of food production facilities (Aday and Aday, 2020). These factors put farmers in a precarious position, with growing pressure to increase production, while they are placed in an increasingly vulnerable position to crop failure and infrastructure setbacks.

Providing breeders access to diverse genetic resources is essential to facilitate, accelerate and optimise crop improvement approaches while domestication bottlenecks have also restricted modern breeding populations (Allaby et al., 2019). The reduction in genetic diversity induced by domestication bottleneck is well documented among many crops such as common bean (Gepts et al., 1986; Papa and Gepts, 2003). Compared to the domesticated population, there are tremendous genetic diversity persists among crop wild relatives (CWRs). The structure of genetic diversity among wild populations appears to be stronger than domesticated; for example in common bean, the diversity of domesticated beans showed limited geographical structure and much less differentiation among populations and regions while in wild bean population even geographically-short-distanced populations carry significant genetic diversity (Papa and Gepts, 2003). As a result, the addition of CWRs to the current breeding programs can significantly widen the source of genetic variation and selection towards yield, resistance and nutritional quality improvement in crops. CWRs can be defined as any taxon belonging to the same genus as a crop; however this definition will include species that are both closely or remotely related to crops (Maxted et al., 2006). In a narrower definition CWRs belong to the same genus of the crop and are closely related to the crops (i.e they are ranked as  same the species or same subgenus) (Maxted et al., 2006; Perrino and Perrino, 2020). Advances in breeding techniques, such as genome sequencing, pangenome construction and de novo domestication, have been facilitating traits/gene selection from both closely and remotely, related species where fertility and compatibility will be a barrier in traditional breeding approaches, related CWRs to crops. There are a number of successful examples of CWRs application in breeding, such as disease and pest resistance improvement in wheat, rice, potato, tomato, cassava, sunflower, banana and lettuce; yield improvement in wheat and rice; and improving tolerance to abiotic stress in rice, tomato, barley and chickpea (Hajjar and Hodgkin, 2007). CWRs have also contributed beneficial traits related to ideal plant architecture and weed suppression in rice (Inagaki et al., 2021).

The diversity among CWRs could also be used to decrease the rate of gene/genetic erosion, which has been happening over decades of crop domestication and intense breeding (Schouten et al., 2019). The FAO estimates that ~75% of the genetic diversity in crop varieties has been lost over the past century (FAO, 1999; Khoury et al., 2022). Genetic erosion restricts breeders by limiting sources of selection for identifying desirable agronomic traits. For instance, 96% of peas grown in the US originated from only 9 varieties (Esquinas-Alcázar, 2005). This limited genetic pool will significantly decrease diversity for natural and artificial selection, and intensify the vulnerability of modified varieties to rapid climate changes and new environmental stresses (Esquinas-Alcázar, 2005). Pangenomic analyses in soybean also revealed a reduction in mean gene count per individual due to domestication (Bayer et al., 2022), with disproportionately high levels of biotic and abiotic stress genes lost in modern breeding populations compared to CWRs (Liu et al., 2020). Fortunately, the application of wild species in breeding programs can be used to recover lost diversity caused by erosion, and boost diversity among the crops. SNP array analysis showed that genetic diversity among commercial tomato varieties (from NW Europe) increased by a factor of eight over 7 decades (starting from the 1950s) as a result of the introgression of many disease resistances genes from wild relatives (Schouten et al., 2019).

The application of CWRs in breeding has been also shown to deliver huge economic returns in agricultural industries worldwide, with their annual contribution to the world economy estimated at around US $186.3 billion in 2020 (Tyack et al., 2020; Bohra et al., 2022). It has been estimated that around 30% of crop yield improvement since 1945, valued worldwide at around US $100 billion, is a result of CWR use in crop breeding (Pimentel et al., 1997; Brozynska et al., 2016). In tomato, one wild variety provided genes increasing solids content by 2.4% which was worth US$250 million a year to the global tomato industry; and genes from three wild peanut varieties increased resistance to the root knot nematode, for potential savings of around US $100 million each year worldwide (Maxted, 2008).

Despite all the potential that CWRs can offer to improve breeding programs, their in-situ (in their natural habitats) and ex-situ (outside their natural habitats) conservation has been neglected over many years, leading to their potential extinction. Global and local studies have been conducted to guide CWR conservation strategies and estimate the potential loss of diversity of CWRs if the required actions have not been taken. In the US, conservation assessments for 600 CWRs show 42 taxa (7%) are critically endangered in their natural habitats, 297 (50%) are endangered, 166 (28%) are vulnerable, 66 (11%) are near threatened, and only 23 (3%) are of least concern (Khoury Colin et al., 2020). Another CWR conservation study revealed that the diversity of CWRs is poorly represented in genebanks while out of 1,076 taxa related to 81 crops, for 313 (29%) taxa no germplasm accessions exist, and for 257 (23%) taxa fewer than ten accessions exist (Castañeda-Álvarez et al., 2016). A conservation study on 29 threatened CWRs in Italy, also indicates 23 out of 29 species, have no gene pool at all. In addition, there is not enough data of their ex-situ and in-situ conservation while 16 and 22 species were identified as high priority for ex-situ and in-situ conservation respectively (Perrino and Wagensommer, 2022).

Rapid advancements in sequencing technology and computational approaches offer excellent opportunities to fully harness CWR diversity for crop improvement. However, the availability and accessibility of the existing CWR genebank and germplasm resources, capability of modern breeding methodologies and techniques in use of CWRs conservation strategies are currently not well developed to support their full potential and contribution in the current breeding programs. In this regard, here we discuss available in-/ex-situ resources for the preservation of CWR variation and the advances in the modern experimental methodologies and computational tools to facilitate capturing the genetic diversity among CWR and their utilization in breeding.



Ex-situ resources

Ex-situ resources, e.g. genebanks and botanical gardens, facilitate user access to plant samples without the need for collecting samples directly from their natural habitat, which can be laborious and complicated when species only exist in remote locations and in most cases need collecting permit (PolicyReport, 2016) and in many cases may not accessible because of political or socio-economic unrest. The number of accessions held worldwide in genebanks estimated at ~7.4 million accessions in 2009, which increased more than 1.4 million from 1996, ~30% of this increase associated with CWR (van Bemmelen van der Plaat et al., 2021). There are now more than 1750 genebanks worldwide, with 130 of them holding more than 10,000 accessions each (Bohra et al., 2021). Wheat (856,168 accessions), rice (773,948 accessions), barley (466,531 accessions), maize (327,932 accessions) and bean (261,963 accessions) are the most represented crops across the world’s genebanks (Wambugu et al., 2018).

To facilitate global access and the conservation of genetic diversity of cultivated and CWR species, genebanks work collaboratively; for instance, Genesys is a database (platform) that contains information of around 4 million accessions across 450 institutes and allows researchers, breeders and policymakers to browse across all genebanks (https://www.genesys-pgr.org/content/about/about ) (Table 1). The Genesys database also includes accession information of three of the world’s largest genebank databases; the Consultative Group on International Agricultural Research (CGIAR), European Search Catalogue for Plant Genetic Resources (EURISCO), and the U.S. National Plant Germplasm System (NPGS). In contrast to CGIAR and EURISCO that hold both crops and CWRs accessions, the NPGS collection mainly focuses on crop germplasm (https://www.ars-grin.gov/Pages/Collections#bkmk-1 ). The EURISCO database contains over 2 million accessions of crop plants and their wild relatives preserved ex situ by about 400 institutes (https://eurisco.ipk-gatersleben.de/apex/eurisco_ws/r/eurisco/home ). CGIAR is a partnership of 11 genebanks conserving over 700,000 accessions of cereals, grain legumes, forages, tree species, root and tuber crops and banana and their wild relatives (Table 1). For instance, one of the CGIAR genebank partners is the International Institute of Tropical Agriculture (IITA) which holds over 28,000 accessions of plant material or germplasm of major African crops, including cassava, plantain and banana, yam, soybean, bambara ground-nut and maize. IITA holds the world’s largest collection of cowpeas, with 15,1222 samples from 88 countries, representing almost half of the global diversity (https://www.iita.org/research/genetic-resources/ ). There are also several genebanks that hold local genetic diversity of crop wild relatives, for example, the Karlsruher Institute of Technology (KIT) collected around 250 species of CWRs with 4500 accessions from all over Germany (https://www.botanik.kit.edu/garten/english/1056.php) (Table 1).


Table 1 | A list of well-known resources and platforms that include CWR species.



Recourses available in genebanks have been used in a number of studies, for example Abdallah et al. (2020) obtained 285 accessions, representing 13 Lathyrus (grass pea) species, from The International Center for Agricultural Research in the Dry Areas (ICARDA) and showed that wild Lathyrus species have higher resistance to broomrape weeds (Orobanche spp.), a root holoparasitic plant that causes significant damage to legume crops (Abdallah et al., 2021). Dida et al. (2021) obtained 52 finger millet accessions, including landraces, wild lines and hybrids between wild and cultivated genotypes, from the International Crops Research Institute for the Semi-Arid Tropics (ICRISAT) and Genetic Resources Research Institute (GeRRI) genebanks and found that wild accessions were more resistant to blast disease, caused by the Magnaporthe grisea fungus, in comparison to the cultivated accessions (Dida et al., 2021).

In addition to the germplasm conservation, there are also genebanks that provide seed kits to smallholder farmers to improve local access to the crop diversity towards better nutrition and supporting climate-resilient agriculture these also assist with the improvement of local genetic diversity among crops. For example, the World Vegetable Center (WorldVeg) genebank distributed over 42,000 seed kits, containing over 183,000 vegetable seeds, to smallholder farmers in Tanzania, Kenya and Uganda, between 2013 and 2017. The kits contained seed of promising accessions and open-pollinated breeding lines of traditional African vegetables, tomato, Capsicum pepper and soybean. The results show that introduced diversity through seed kits effectively improved local nutrition by facilitating access to various vegetables and also the introduction of new germplasm may slow down genetic erosion and enhance local vegetable diversity (Stoilova et al., 2019).

One of the main concerns across genebanks is the misclassification of species, as previously species identification was mostly based on morphological traits. However, recently the combination of traditional methods combined with molecular approaches, such as DNA barcoding, have improved the accuracy of species identification (van Bemmelen van der Plaat et al., 2021). For example, Mason et al., 2015 proved high-throughput genotyping approaches, such as a SNP array, is an effective methodology for species confirmation. They performed diversity assessment, using the Illumina Brassica 60K SNP array, across 180 Brassicaceae samples sourced from the Australian Grains Genebank and showed 76 of samples were misclassified (Mason et al., 2015). Through advances in genome sequencing technology and introduction of marker assisted breeding, the use of CWRs has intensified and with this growing interest it is important to keep information in the genebanks well documented and accurate. This is particularly important for use of CWRs in breeding programs where the success rate is highly dependent on the genetic distance between the species, particularly in approaches where crossing compatibility is important, it is crucial to have accurate information regarding the species taxonomy.

Botanical gardens are another ex-situ resource for germplasm; moreover they play a crucial role in preventing species extinction through integrated conservation actions (Mounce et al., 2017). Mounce et al. (2017) showed that botanic gardens contribute to the conservation of at least 105,634 species, representing 30% of all plant species diversity, including over 41% of known threatened species (Mounce et al., 2017). The Botanic Gardens Conservation International (BGCI) has the largest collection of living plants (Table 1). The GardenSearch database, within BGCI, is the only global source for botanical gardens and includes information on over 3,755 botanical institutions worldwide. GardenSearch allows users to search botanical gardens based on their location (country) and their specific features or expertise (https://tools.bgci.org/garden_search.php ). For example, based on information stored in GardenSearch, the botanical garden of South Australia has a collection of 40% of Australian flora including drought and salt tolerant plants. This information can facilitate the access and identification of plants with traits of interest for both breeding and research purposes. PlantSearch within the BGCI searches across 1,582,767 collection records, representing 642,718 taxa, at 1,194 institutions; in addition with Plant Search there is a specific option for CWR search at the taxa level (https://tools.bgci.org/plant_search.php ) (Mounce et al., 2017).



In-situ resources

In contrast to ex-situ conservation sites, in-situ sites are typically natural habitats which are rarely curated, for example conservation/rehabilitation facilities or national parks. The benefit of in-situ resources is that they are genetically dynamic and continue to evolve in response to both natural and artificial selection, thereby enhancing their adaptation to the environments in which they are grown (Phillips et al., 2016). However, these in-situ collections are vulnerable to habitat destruction and/or encroachment caused by civil strife, human settlement pressure and natural disasters including wildfires, flooding, drought and volcanic eruptions. As such, the development of effective CWR conservation strategies is required nationally and globally. Several nations have already prioritised in situ CWR conservation, for example, Cyprus (178 priority CWR taxa) (Phillips et al., 2014), UK (148 priority CWR taxa) (Maxted et al., 2007; Fielder et al., 2015), US (821 priority CWR taxa) (Khoury et al., 2013; Khoury et al., 2019), Mexico (310 priority CWR taxa) (Contreras-Toledo et al, 2018), Czech (238 priority CWR taxa) (Taylor et al., 2013) and Norway (204 priority CWR taxa) (Phillips et al., 2016). These in-situ conservation efforts provide an ongoing roadmap for the study of the evolutionary history of the plant, which can provide insight into the persistence of traits, identification of new agriculturally significant traits and maintaining biodiversity (Khoury Colin et al., 2020). However, the incorporation of CWRs into traditional farming systems must be carefully considered as it may lead to unfavourable outcomes, for example, a study by Bernal et al., 2019., found that by incorporating a secluded maize genotype (Zea diploperennis) into Mexican and Argentinian farms, the pest ‘corn leafhopper’ was able to emerge as a widespread pest to corn farmers (Bernal et al., 2019).

Furthermore, CWR in-situ sites typically overlap with regions of high biodiversity, for example, as described by Vincent et al. (2022), the identified Mediterranean basin CWR hotspot shared 91% of its area with a region of high biodiversity, similarly, the California Floristic Province shared 90% between the CWR and biodiversity hotspots. This overlap has since been harnessed to aid in crop diversity and improvement studies, for example, the Unesco biosphere reserves promote solutions that reconcile the conservation of biodiversity with sustainable development (Benz et al., 2000). However, it is important to consider that in-situ resources should not only be limited to ‘wild’ regions. Traditional farming systems are not closed and isolated from gene flow, Louette et al., 1997., showed that the maize varieties cultivated by farmers of Cuzalapa, Mexico, changes in composition over time (Iltis et al., 1979; Louette et al., 1997). Despite certain changes to the germplasm being permanent, for example, the teosinte germplasm in maize which persists during advanced generations of backcrossing (Kato and Sanchez, 2002). In addition to the biodiversity hotspots, centers of origin/diversity, defined as global crop domestication regions including high diversity of both crops and their wild relatives (Vavilov, 1926), could be used as major sources for identification of CWRs. These diversity centers/regions include China; India; Indo-Malayan; Inner Asiatic; Mediterranean; Ethiopian; Central American; the Peruvian-Ecuadorian-Bolivian center, with sub-centers in both Chiloe, Chile and around the Brazil-Paraguay border (Vavilov et al., 1992; Pironon et al., 2020; Maxted and Vincent, 2021). Recently, by assessing the distribution of 222 major international crops and 2,731 of their wild relatives, including both closely and distant related wild species to the crops, Pironon et al. showed geographic distribution of major crop species and their closely related wild species strongly overlap with the Vavilov centers (Pironon et al., 2020). Identification of both crop and wild species diversity hotspots will provide opportunities for identifying and applying more focused conservation strategies for CWRs.

Considering CWRs have been neglected for years and there are many endangered species assessment of national and/or global in-situ resources to identify which CWRs are endangered or becoming extinct, whilst screening areas that are rich in wild crops and biodiversity (Hübner and Kantar, 2021) is crucial for protecting CWRs. For example, an assessment of wild banana species (Musa spp.) found that 11 out of 59 CWRs are vulnerable and another nine are endangered (Mertens et al., 2021). Khoury et al. (2019), found that of 600 CWR taxa assessed 7% may be critically endangered in their natural habitat and 50% may be endangered. These assessment programs involve a ‘gap analysis’ whereby the currently known and available CWR taxa (in-situ/ex-situ resources) are evaluated for their ability to provide future biodiversity to improve food security (Zair et al., 2021). By conducting a thorough gap analysis, Ng'uni et al., 2019., found that 459 CWR taxa out of a national Zambian inventory of 6305 taxa should now be included as part of their conservation and sustainability CWR checklist, with 59 to be specifically prioritised for future food security. The identified taxa represented an agriculturally significant group that was selected due to a shift in socio-economic values to ensure the nation’s food security in the oncoming years. Several nations have conducted their own gap analysis to ensure food security (Contreras-Toledo et al., 2019; Ng'uni et al., 2019; Tas et al., 2019; González-Orozco et al, 2021; Khaki Mponya et al., 2021; Rahman et al., 2021) and globally ten new in-situ conservation sites have been recommended as conservation zones to help achieve global food demand by expanding the in-situ/ex-situ resources (Zair et al., 2021).

To successfully establish in-situ/ex-situ resources to maintain and improve biodiversity, nations must create an inventory of all known plant taxa. These inventories provide a preliminary resource for the identification of critical taxa, such as CWRs (Teso et al., 2018; Allen et al., 2019; El Mokni et al., 2022). Whilst it is important for each nation to conduct an internal inventory, an unbiased global-scale inventory is also critical to establish CWR taxa. Vincent et al. (2013), originally created a global inventory of important CWR taxa, totaling 1667 taxa, divided between 37 families and 108 genera (Vincent et al., 2013). These inventories serve as the foundation for in-situ/ex-situ conservation, as they represent a ‘living’ CWR databank. However, as these taxa are truly wild, they will continue to evolve, and as such inventories only represent a snapshot of the population from the time of sampling, and recurring sampling is required to update inventories. A list of major global and national inventories is shown in Table 2.


Table 2 | A list of major global and national CWR plant inventories.





Platforms: Tools for accessing, managing or utilising CWR data and metadata

Several platforms have begun to emerge with the explicit purpose of user-friendliness, designed to aid breeders and scientists alike (Raubach et al., 2021) to facilitate accessibility to CWR resources, including germplasm and genomic data (Table 1). These platforms attempt to solve the most common challenges in handling high throughput data from phenotyping to genotyping: 1) data format, 2) data sharing, 3) data versioning, and 4) historical data (Raubach et al., 2021). For example, GRIN-global (https://www.grin-global.org/ ) is open-source software for genebank workers to create and manage a genebank’s data. Genesys and CGIAR are also examples of genebank platforms/databases (as discussed in the ex-situ section) that have been developed at a global scale to efficiently store and categorise data and facilitate the access and conservation of plant species including CWRs. Several other platforms are also available (discussed in the following sections) for visualizing, managing, accessing and storing large datasets related to crops and their relatives.


Software/tool-based platforms

Software/tool-based platforms are essential for data visualisation or organisation and help to gain a better understanding of the accessions stored in genebanks. For example, the Crop wild phylorelative platform (CWP in Table 1) (Viruel et al., 2021) helps to predict the phylogenetic distance (through housekeeping genes or whole genome analysis) and cytogenetic compatibility for breeding programs to help estimate the CWR gene pool classification (Brozynska et al., 2016; Viruel et al., 2021). Alternatively, plaBiPD provides an online platform that visualizes the phylogenetic relationship of genome sequences of flowering plants including CWRs. Furthermore, the associated Mercator online tool allows for the assignment of functional annotations to land plant protein sequences (Schwacke et al., 2019; Bolger et al., 2021).



Database management platforms

Database management tools provide a quick and easy to use platform for the access, management and use of data derived from breeding programs, research studies and trait identification programs using both CWRs and farmed crops. The genotyping platform Germinate v3 (Table 1) (Shaw et al., 2017; Raubach et al., 2021) provides a rapid directory for importing and exporting plant genetic data such as erm plasm, markers, traits and locations. Germinate v3 has showcased its usefulness in breeding efforts that involve CWRs, specifically those associated with the Crop Trust Crop Wild Relatives project (https://www.cwrdiversity.org ). Currently, Germinate v3 (20th of April, 2022) contains the directories for CWR taxa: Cowpea (~13100 germplasms), Finger Millet (~1600 germplasms), Grass Pea (~5600 germplasms), Pigeonpea (~2900 germplasms), Chickpea (~23500 germplasm), Alfalfa (~2700 germplasms), Carrot (248 germplasms), Pearl Millet (~2400 germplasms), Barley (~33200 germplasms), Wheat, Sorghum (~2800 germplasms), Eggplant (~3300 germplasms), Rice (~4900 germplasms) and Sunflower (~7900 germplasms) and DIIVA (~2900 germplasms). The use of Germinate has been employed in recent CWR studies. For example, Kouassi et al., 2021., generated interspecies hybrids with eggplants and nine related CWRs. The successfully generated hybrid lines were genotypically and phenotypically screened, wherein it was established that the drought tolerance traits were controlled by genes that are in linkage disequilibrium or have pleiotropic effects. The phenotypic characteristics have been stored in Germinate to provide access to both the user and breeders (Kouassi et al., 2021). Furthermore, Germinate also provides evaluation data of breeding programs. Metwally et al., 2021., generated 13 new superior F10 lines of cowpea by crossing CWRs, improving seed yield and seed quality, as well as introducing earlier maturation. The two datasets which cover 11 different traits for 15 cowpea accessions (total of 2640 data points) were uploaded to Germinate for visualization or downloads (Metwally et al., 2021).

Breeding and research resources are widely available for several crop species such as GrainGenes for wheat, barley, rye and oat (Blake et al., 2019), MaizeGDB for maize (Portwood et al., 2019) and SoyBase for soybean (Grant et al., 2010). These databases primarily host and facilitate the exploration of detailed breeding, pedigree, QTL and molecular information across crop populations. Whilst genomic information regarding CWRs may be presented in these databases, particularly in the case of family-wide databases such as the Sol Genomics Network for Solanaceae (Fernandez-Pozo et al., 2015), they are deposited with no tools for comparative analysis. The development of integrated tools accessible in comprehensive databases is needed to facilitate direct comparisons between wild and domesticated individuals.



Genomic databases

The PLAZA platform holds genomic data of both monocots and dicots. This platform compares the genomic data of submitted dicots and monocots to centralized genomic databases (Van Bel et al., 2022). The submitted genomic data is represented as an interactive phylogenetic tree style figure that links to a bioinformatic ‘workbench’. The workbench includes tools such as gene family plots, collinearity statistic tools, localization tools and direct BLAST tools to the PLAZA protein sequences. Similarly to PLAZA, CerealsDB is a specific database platform for cereals like wheat (Wilkinson et al., 2020), providing several key features such as a SNP database for Axiom® 820K and 35K SNP arrays, KASP probes, iSelect Arrays, TaqMan® probes. The database is curated to provide agronomically important SNPs (e.g. flowering time associated markers). Furthermore, database platforms such as the Brassica information portal (Brassicaceae) (Eckes et al., 2017) and the Genome database for Rosaceae (Rosaceae) (Evans et al., 2013) have been established as a way to collate and exchange open source information relating to the Brassica and Rosaceae genomes and genetics, respectively, although the databases do not contain CWR resources directly, many of the projects included do include CWR resources. The Legume Information System and Legume Federation project provides an excellent collection of genomic and variant data for over 15 crop species, with a large range of accompanying CWR data (Dash et al., 2016).



Platform models that assist in data handling

A major issue in integrating informatics is a standardised model for data handling, especially as the information regarding the CWR conservation status and breeding programs is diverse and dispersed (Moore et al., 2008). These challenges can be identified by understanding the findable, accessible, interoperable and reusable (FAIR) curation and annotation of minor and underutilized crops (Andrés-Hernández et al., 2021). To address this, the European Crop Wild Diversity Assessment and Conservation Forum developed the Crop Wild Relative Information system (CWRIS) that incorporates an eXtensible Markup Language schema to aid data sharing and exchange. This system integrates with more partitions data into taxon-, site-, and population-specific elements, allowing for the integration with standard conservation biology (Kell et al., 2007; Kell et al., 2008; Moore et al., 2008). CWRIS was developed to provide access of the CWR data to a broader user community such as plant breeders, conservation and rehabilitation site managers, government, biologists and the wider public (Kell et al., 2007). CWRIS has since been integrated into GRIN-Global (https://npgsweb.ars-grin.gov/gringlobal/taxon/taxonomysearchcwr ), as the website is no longer being maintained or updated.




Pangenomes to capture CWRs genetic variation

In recent years, advances in genome sequencing and bioinformatic tool development have extended the means to fully catalogue genetic variation among domestication and CWR populations through the construction of pangenomes (Bayer et al., 2020; Jayakodi et al., 2021; Tay Fernandez et al., 2022). Pangenomes achieve this by providing a comprehensive genomic reference to which both small variants, including single-nucleotide polymorphisms (SNPs), and structural variants, including presence/absence variation of large nucleotide sections (PAVs), can be identified across diverse populations (Danilevicz et al., 2020). In addition, analysis of pangenomics allows for the more accurate predication of underlying genetics that are associated with phenotypic variation, such as transposable elements, recombination and double-stranded break/repair (Saxena et al., 2014; Dolatabadian et al., 2020; Song et al., 2020). As pangenomes excel in capturing large structural variation, as is increasingly found between highly divergent populations, they are ideally suited for the comparison of domesticated genomes to CWR taxa to capture ‘wild genes’ that would be overlooked when using a traditional reference genome (Khan et al., 2020). For example, a pangenome assembly of Brassica oleracea with 87 domesticated accessions (Bayer et al., 2021b) identified 58,347 genes across all individuals in comparison to a study that included 8 domesticated accessions and 1 CWR (Golicz et al, 2016) (8 landraces and 1 CWR), which identified a higher number of genes (63,865) (Golicz et al., 2016; Bayer et al., 2021b). Similar findings have been shown in sorghum (Tao et al., 2021) and rice (Xu et al., 2012), where the inclusion of CWR individuals led to large increases in the breadth of genes uncovered.

Beyond capturing more genes, the addition of CWR to pangenomes facilities the identification of novel SNPs and PAVs that are not found in domesticated populations. For example, Mace et al., 2021 performed comparative analysis in sorghum to quantify the ‘contribution of CWR diversity’ by establishing the average total number of SNPs per genotype. They found that wild/weedy species contained about one SNP every 763 bp compared to landraces that contained one SNP every 1,282 bp and inbred lines containing one SNP every 1,543 bp (Mace et al., 2021). Lam et al., 2010 also performed a comparative study between 17 wild and 14 cultivated soybean genomes showed higher diversity of SNPs and PAVs among wild species in compared to cultivated. In total, they found 6,318,109 SNPs and 186,177 PAVs, with the CWR genomes carrying 34.66% more SNPs (Lam et al., 2010). This is a clear indication that through optimising our agriculturally important crops, their respective genetic diversity has been reduced and CWR make promises to widen selection diversity (Nelson et al., 2018; Bailey-Serres et al., 2019).



Machine learning and CWRs

The application of machine learning (ML) has proven its efficiency in handling huge amounts of data and is becoming more popular in various plant science fields including gene identification and classification, and biodiversity analysis (Bayer et al., 2021a). For example, in Arabidopsis a ML model was developed to identify candidate stress-related genes by comparing whole genome expression data between the control and stress samples (Wegrzyn et al., 2014). In soybean, a ML model was developed to predict agronomically important traits, including yield, protein, oil, moisture and height, using SNP markers (Liu et al., 2019). Similarly, Ma et al., 2018., successfully developed a ML model to predict eight phenotypic traits among 2000 wheat individuals using 33,709 DArT (Diversity Array Technology) markers (Ma et al., 2018). ML is now also being used to predict mature yield in early development using a combination of image and genotype data (Danilevicz et al., 2021; Danilevicz et al., 2022). Recently ML models were developed for identification of core and dispensable genes in Oryza sativa L. and Brachypodium distachyon (L.) P. Beauv. using existing pangenomic information. The significant potential of these models is to identify core and dispensable genes in a new species without construction of pangenome (Yocca and Edger, 2022), such approaches can facilitate and speed up genes identification in new cultivated and wild species.

Understanding and usage of environmental conditions, in particular of CWR populations helps in selecting individual populations for the specific introgression goal. CWRs and landraces have occupied local niches (e.g., hot vs. cold regions) and have been shaped by natural selection (Cortés and López-Hernández, 2021), and these traits can be easily tracked when considering collection environmental site parameters. For example, Ariani et al, 2018, by using ∼20,000 SNPs across 249 accession of wild Phaseolus vulgaris, identified 5 geographically distinct subpopulation, which mostly affected by temperature and rainfall of the regions (Ariani et al., 2018) Berny Mier Y. Teran et al., 2020, also documented that the lines driven from wild parents from the lower rainfall regions produced higher yield in both drought and watered conditions in compare to lines driven from domesticated parents (Berny Mier Y. Teran et al., 2020). Using ML algorithms is also a powerful approach to combine information of germplasm resources and environmental conditions for identification of candidate germplasms with traits of interest. This approach, finding adaptative traits based on environmental parameters, is known as FIGS (Focused Identification of Germplasm Strategy) (Khazaei et al., 2013). Several ML models based on the FIGS approach have been successfully developed and used for identifying germplasm of interest (Table 3). For instance, the identification and classification of Vicia faba genetic resources with traits related to drought tolerance (Khazaei et al., 2013). Similarly, in wheat, ML algorithms used for analysing accumulative stem rust trait data (1988-1994), and geographical data of accessions (including landraces and improved accessions) screened for stem rust over 2,000 collection sites revealed an association between the geographic distribution of resistance accessions and environmental variables at collection sites (Bari et al., 2012). Another ML model was successfully developed to predict stripe rust resistance in wheat, based on the stripe rust scores of 725 wheat landrace accessions with collection site information associated with 2,910 accessions in the ICARDA genebank (Bari et al., 2014). Genetic diversity analysis among 80,000 wheat accessions (including 3,903 wild relatives) also revealed landraces with unexplored diversity and genetic footprints defined by regions under selection (Sansaloni et al., 2020). ML has facilitated the study and discovery of several genetic resources with agronomically valuable traits in crops. There are also “global database for the distribution of wild relatives” (https://www.gbif.org/dataset/07044577-bd82-4089-9f3a-f4a9d2170b2e ) which includes the distribution data of crop wild relatives that can be used to extract geographical information and potential environmental conditions for CWRs.


Table 3 | Case studies of the most recent applications of CWRs for crop improvement.





Limitation to uses of CWRs within breeding programs

There are many challenges that still prevent the wide-spread use of CWRs as a source of superior alleles that can be incorporated into elite cultivated germplasm. The relatedness, compatibility and crossability of CWRs to their cultivated counterparts is one issue largely inhibiting the straightforward introduction of CWR traits through traditional breeding. For example, in cotton highly disease resistant sources were identified in wild diploid species, including Gossypium. longicalyx J.B. Hutch. & B.J.S. Lee; G. somalense (Gürke) J.B. Hutch.; G. stocksii Mast.; G. arboreum L.; and tetraploid species of G. barbadense L. (Yik and Birchfield, 1984); however due to genetic incompatibility, ploidy, climbing growth habit, photoperiodism, and agronomic issues breeders were unable to use these resources. Later, through the development of three-species hybrids, researchers were successfully able to introduce donor plants which were fertile and had reniform nematode resistance (Robinson et al., 2004; Konan et al., 2007).

Furthermore, trait identification and selection might be challenging and significantly affected by environment as there are radically different selection regimes in a wild state/region compared to a domesticated state/region while a trait can be useful in a domesticated state (and selected for) may not be useful in the wild and vice-versa. For example, Parker et al. (2020), suggested the decreased-pod dehiscence (PD) trait among domesticated haplotypes of common bean is as a result of the different fitness landscape imposed by domestication, where stronger selection pressure were used against PD in arid condition of North Mexico compared to tropical lowlands (Andes), where environmental humidity masks susceptibility to PD and reducing selection pressure against it (Parker et al., 2020). It is also often challenging to accurately evaluate the yield of CWRs since they can display growth forms or traits that are difficult to manage, for example the wild progenitor of common bean has naturally dehiscent seed pods, making yield measurements arduous to obtain, and has a larger, less compact growth habit that is far less suitable for cultivated environments compared to cultivated common bean (Koinange et al., 1996). Even if beneficial wild derived traits are introgressed into elite material, they can often have a negative effect on yield or yield-related traits, through linkage drag. A common example is the introduction of biotic stress tolerance genes, for example disease resistance genes, which improve some resistance/tolerance but are detrimental to other agronomic traits (Brouwer and St Clair, 2004; Summers and Brown, 2013) Furthermore, after introducing genetic material from CWRs into an elite background, problems with sterility, often seen at the F1 or BC1 generation, can arise (Wang et al., 2020; Bohra et al., 2022).

There are also a number of challenges of CWR application in breeding that have been eased by availability of more genomic resources, and advances in laboratory techniques, as discussed in the following section. These include lack of information of gene-trait relationships in wild species, uncertainty of how allelic combinations will be expressed in different cultivated crop backgrounds and difficulties of transferring genes of interest into crops (Dempewolf et al., 2017).



Modern breeding and CWRs

There are now avenues to harness CWRs and overcome some of these barriers. For instance, wild-derived genes conferring desirable alleles can now be introduced through precise genome editing into elite backgrounds without the need for lengthy introgression regimes, bypassing the barriers of linkage drag and reduced fertility that so often complicate the use of CWRs (Bohra et al., 2021). These modern approaches, utilising the advances in genomics and genome editing, provide promising pathways to overcome long-standing challenges and push CWRs to the forefront of crop improvement. Table 3, included examples of successful application of CWRs for crop improvement via modern breeding approaches.

Genomics provides an avenue to explore the genetic diversity in CWRs and identify agronomically valuable genes or QTL. Sequencing CWRs followed by de novo assembly can generate reference assemblies that underpin downstream applications, such as the functional characterization of genes and targeted genome editing. Although initially lagging behind cultivated crop genomes, a number of CWRs assemblies are now becoming available, including relatives of barley, rice, soybean, tomato and wheat (Brozynska et al., 2016; Bohra et al., 2022). Often in combination with high-throughput phenotyping, these genome assemblies have enabled the identification of several important genes and QTL from CWRs, for example numerous disease resistance genes in wheat (Yahiaoui et al., 2009; Periyannan et al., 2013; Saintenac et al., 2013) and QTL associated with oil content in soybean (Zhou et al., 2015). High-quality assemblies based on third generation long read sequencing are now becoming the standard for reference genomes in major crops. Advances in long-read sequencing in terms of increased accessibility and lower price points, will be vital for the construction of high-quality long read assemblies in a broad range of CWRs, which will unlock an arsenal of beneficial CWR genetic diversity ready to be harnessed for crop improvement.

There are also recent genomic methodologies that have been developed to identify genes linked to specific traits; for instance resistance gene enrichment sequencing (RenSeq) is a methodology that targets, enriches and sequences R genes within any plant genome based on common R gene motifs (Jupe et al., 2013). To date, it has been used to capture nucleotide-binding-site leucine-rich repeat proteins (NLRs), receptor-like proteins (RLPs) and receptor-like kinases (RLKs), which represent the largest families of R genes (Jupe et al., 2013; Lin et al., 2020). Since its initial development, RenSeq has been combined with other approaches, including ethyl methanesulfonate (EMS) mutagenesis (MutRenSeq), single-molecule real-time sequencing (SMRT RenSeq) and association genetics (AgRenSeq). These combined workflows have rapidly identified and cloned causative R genes in a wild potato relative (Witek et al., 2016), wheat (Steuernagel et al., 2016), wild diploid wheat (Arora et al., 2019) and rye (Vendelbo et al., 2022). RenSeq is a promising alternative to whole genome sequencing for large scale R gene identification, and if utilised in CWRs, has the potential to rapidly expand the R gene arsenal used for breeding disease resistant cultivars. Notably, AgRenSeq does not rely on a reference genome (Arora et al., 2019), therefore it is extremely applicable to CWRs that are yet to have a reference assembly, but whose cultivated counterpart has well characterised R genes.

While there has been rapid progress within the field of plant genome editing, the application within CWRs has been far slower. The limited genomic resources for many CWRs serves as an initial barrier, then the lack of functionally characterized gene targets and easy delivery system for those targets proves arduous. In spite of these challenges, one innovative application of CRISPR recently proposed is the manipulation of genes controlling important agronomic traits, for example plant architecture genes, while purposefully retaining valuable wild-derived traits such as stress tolerance or improved nutritional quality; in essence, the domestication of a CWR or landrace that has never been cultivated. This approach, termed de novo domestication, can produce new crops from a CWR in a matter of generations through genome editing technology (Gasparini et al., 2021). Using a wild tomato relative, Zsögön et al., 2018., edited four key tomato domestication genes, SELF-PRUNING, OVATE, FRUIT WEIGHT 2.2 and LYCOPENE BETACYCLASE, to produce an engineered tomato crop boasting increased fruit number and size compared to the wild parent, and vastly improved nutritional quality compared to cultivated tomato (Zsögön et al., 2018). A similar approach was undertaken in the orphan crop groundcherry, a distant tomato relative, whereby productivity traits including plant architecture, flower production and fruit size were improved by editing known tomato orthologues with CRISPR-Cas9 (Lemmon et al., 2018). One ambitious study utilised de novo domestication to develop the first ever polyploid rice crop, through the rapid domestication of an allotetraploid wild rice, Oryza alta (Yu et al., 2021). This has demonstrated a feasible route to create polyploid versions of diploid crops, which are said to benefit from genome buffering via gene redundancy, hybrid vigour and environmental fortitude (Mason and Batley, 2015). As researchers characterise more genes related to key domestication traits in model or major crops and high-quality CWR genome assemblies are generated, the potential for editing these genes in CWRs skyrockets, leading to the possible creation of new crops through de novo domestication. Furthermore, simultaneously identifying and cataloguing agronomically beneficial traits in CWRs will greatly enhance our ability to exploit wild genetic diversity, meaning de novo domesticated crops will be more nutritious and climate resilient than their cultivated relatives.

Despite the promising potential of de novo domestication, one of the major challenges preventing the widespread deployment of CRISPR in CWRs, and therefore de novo domestication, is the delivery system of the genome editing reagents. Even for elite cultivars, quick and easy methods for delivery that are widely transferable between species remain elusive (Zhan et al., 2021). The most popular DNA delivery approaches include agrobacterium-mediated delivery, which utilises the soil pathogen Agrobacterium tumefaciens to transfer DNA into the host genome, and biolistic or micro-projectile-mediated delivery, where the donor DNA is mechanically forced into the host cells (Ran et al., 2017). However, these methods come with certain limitations. Agrobacterium-mediated delivery is hindered by its inability to introduce small donor fragments, its difficulty in preventing plasmid integration and thereby producing a transgenic plant, and is dependent on the genotype of the recipient, particularly for monocot plants (Ran et al., 2017). While biolistic methods provide some advantages over Agrobacterium-mediated delivery, for example the delivery of multiple targets, its use is lower than expected due to issues with multiple copies of the transgene being incorporated into the host, resulting in altered gene expression or complete silencing. Efficient delivery methods using these approaches, after significant optimisation, have been established in model plants and select major crops. However, such methods are not easily transferrable to CWRs, as they often represent a diverse set of morphotypes which introduces unique challenges hindering delivery. On top of this, CWRs are also difficult to regenerate, further complicating the transformation process (Zhu et al., 2020).

Several alternative approaches for reagent delivery which were initially developed in animal cells, are being explored in plants (Ghogare et al., 2021). For example, a biolistics approach using nanoparticles offers a less harmful delivery method compared to larger microparticles, which may reduce delivery damage, a common issue encountered in plants due to the presence of a cell wall (Zhang et al., 2019; Cunningham et al., 2020). Most excitingly, delivery mediated by viral vectors can completely bypass the need for regeneration which is an extremely promising prospect for editing hard to regenerate CWRs, however this method is limited by its delivery capacity (Shan-e-Ali Zaidi and Mansoor, 2017). Novel delivery methods will help to overcome the barriers preventing widespread plant transformation and reduce the amount of optimisation needed. In doing so, efficient genome editing in CWRs will be one step closer.

Another potential approach for CWRs utilization in breeding schemes is through speed breeding. The concept of speed breeding revolves around manipulating the photoperiod (e.g. 12 hr extended to 22 hr) and temperature in a controlled growth facility to rapidly produce multiple crop generations per year (Watson et al., 2018). Through speed breeding, the genetic background of cultivars can be fixed in an accelerated timeframe, a process which usually takes years of inbreeding. Speed breeding has been tested and effectively produced multiple generations in a single year for crops such as barley, canola, chickpea, pea, rice, sorghum and wheat (Espósito et al., 2012; Rizal et al., 2014; Watson et al., 2018; Nagatoshi and Fujita, 2019; Rana et al., 2019). In the absence of precise genome editing, desirable traits from CWRs which are introgressed into elite cultivars through traditional breeding will often bring with them unwanted deleterious alleles. Hence, speed breeding can facilitate the quick growth of multiple generations, allowing undesirable traits to be selected against, and for these new varieties to reach a stable genetic background. In addition, speed breeding would benefit alternative approaches to domesticate CWRs without the use of CRISPR, such as germplasm conversion (Stephens et al., 1967; Rosenow et al., 1997; Klein et al., 2016). Germplasm conversion involves the alteration of germplasm through crossing, multiple rounds of selection for various traits and inbreeding to become well-adapted to new environments while also having favourable agronomic traits (Stephens et al., 1967). Extensive germplasm conversion has been done in Sorghum to transform numerous exotic varieties into early-maturing and dwarf-height varieties that are adapted for cultivation in the US or other temperate regions (Stephens et al., 1967; Rosenow et al., 1997; Klein et al., 2016). As an alternative to genome editing, germplasm conversion could be harnessed to introduce important agronomic traits into CWRs through hybridization and then followed by marker-assisted selection (MAS). The advantage of this over genome editing is that specific knowledge of the target sequences is not required, only knowledge of the genomic region conferring the domestication trait/s. However, it is likely that this method would be more laborious and time consuming compared to genome editing approaches, as several generations are usually required to achieve the final product. Therefore, exposing these CWRs to speed breeding conditions may help to mitigate the time required for cycling multiple generations that is necessary for effective germplasm conversion of CWRs into commercially viable crops (Bhatta et al., 2021).



Conclusion

Crop wild relatives have remained under-utilised during crop domestication and intense crop breeding, despite the fact they harbour beneficial traits such as disease and pest resistance, and tolerance to abiotic stresses. CWRs have the potential to widen selection sources for breeders beyond the existing variation among cultivated crops to meet future foods’ quality and quantity demands. A multi-resource integrative approach that utilises many of the resources outlined here will enable CWRs to be effectively used as a source of valuable genetic diversity. For example, ML strategies based on FIGS in combination with genomic and pangenomic resources that capture the gene diversity that exists in CWRs, will help to rapidly identify adaptative traits based on environmental parameters which will in turn guide the identification of genes underpinning these traits. However, realisation and utilisation of the full potential of the genes and diversity presented in CWRs will ultimately depend on the availability of resources and experimental techniques to support breeding programs (Hajjar and Hodgkin, 2007). There are a number of resources and databases that both researchers and breeders can benefit from, but ongoing efforts are crucial to keep these data well organised and up-to-date. This is only possible with the great collaboration between ecological/biological conservation sectors, who manage CWR ex/in -situ conservation and prevent extinction, researchers in the field of computer science, plant biology, for example plant genomics and agricultural industries, who assist with identification of traits/genes of interest among CWRs and only with this multidisciplinary effort is there a chance to guarantee the future food demands.
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Introduction

Evaluations of interspecific hybrids are limited, as classical genebank accession descriptors are semi-subjective, have qualitative traits and show complications when evaluating intermediate accessions. However, descriptors can be quantified using recognized phenomic traits. This digitalization can identify phenomic traits which correspond to the percentage of parental descriptors remaining expressed/visible/measurable in the particular interspecific hybrid. In this study, a line of P. vulgaris, P. acutifolius and P. parvifolius accessions and their crosses were sown in the mesh house according to CIAT seed regeneration procedures.



Methodology

Three accessions and one derived breeding line originating from their interspecific crosses were characterized and classified by selected phenomic descriptors using multivariate and machine learning techniques. The phenomic proportions of the interspecific hybrid (line INB 47) with respect to its three parent accessions were determined using a random forest and a respective confusion matrix.



Results

The seed and pod morphometric traits, physiological behavior and yield performance were evaluated. In the classification of the accession, the phenomic descriptors with highest prediction force were Fm’, Fo’, Fs’, LTD, Chl, seed area, seed height, seed Major, seed MinFeret, seed Minor, pod AR, pod Feret, pod round, pod solidity, pod area, pod major, pod seed weight and pod weight. Physiological traits measured in the interspecific hybrid present 2.2% similarity with the P. acutifolius and 1% with the P. parvifolius accessions. In addition, in seed morphometric characteristics, the hybrid showed 4.5% similarity with the P. acutifolius accession.



Conclusions

Here we were able to determine the phenomic proportions of individual parents in their interspecific hybrid accession. After some careful generalization the methodology can be used to: i) verify trait-of-interest transfer from P. acutifolius and P. parvifolius accessions into their hybrids; ii) confirm selected traits as “phenomic markers” which would allow conserving desired physiological traits of exotic parental accessions, without losing key seed characteristics from elite common bean accessions; and iii) propose a quantitative tool that helps genebank curators and breeders to make better-informed decisions based on quantitative analysis.





Keywords: phenomic descriptors, phenomic proportions, interspecific hybrid, image analysis, machine learning



Introduction

Genebank plant genetic resources comprise the representative diversity of genetic material contained in traditional varieties and modern cultivars, as well as in the crop wild relatives and other wild plant species that can be used now or in the future for food and agriculture (Wang and Zhang, 2011). Currently, there are about 1,750 genebanks worldwide that conserve 7.4 million accessions of agricultural genetic resources (Noriega et al., 2019). Eleven CGIAR genebanks conserve about 730,000 accessions among crops, trees, and forages, of which the International Center for Tropical Agriculture (CIAT) conserves 37,987 bean accessions, 23,140 forage accessions and nearly 6,000 Cassava accessions (Noriega et al., 2019). Despite this great diversity, only approximately 10% of the accessions from the 1,750 genebanks is used in plant breeding, mainly because of poor phenotypic and genotypic characterization or lack of agronomic traits evaluation (de Carvalho et al., 2013; Tadesse et al., 2019; Nguyen and Norton, 2020; Kholova et al., 2022).

P. acutifolius (tepary bean) is an important species in common bean breeding, due to its adaptation to abiotic and biotic stress (Singh and Munoz, 1999; Porch et al., 2013; Kusolwa et al., 2016). The use of cultivated and wild relatives of P. vulgaris by the common bean breeding program at CIAT started in the 1980s, with the aim of generating lines with elevated levels of introgression from P. acutifolius and/or P. parvifolius ~ P. montanus (Debouck, 2021), using techniques such as congruity backcrossing (CBC) and recurrent backcrossing (RBC) (Haghighi and Ascher, 1988; Mejía-Jiménez et al., 1994; Singh et al., 1998) with the help of bridge genotypes.

Classification of hybrids based on phenotypic traits was done in the 1960s (Allendorf et al., 2001), however, the detection of morphological traits usually assumes that hybrids are phenotypically intermediate to the parents. This is often not the case, because hybrids express a mosaic of parental phenotypes (Arnold, 1997) influenced also by environmental conditions. Furthermore, morphological characters do not allow determining whether an individual is a first-generation hybrid (F1), a backcross or late generation hybrid (Allendorf et al., 2001).

Recently, there have been published studies that promote characterization processes using phenomic descriptors. When compared with conventional descriptors, these showed a better capacity for analysis of phenotypic variability (Rosero et al., 2019; Nankar et al., 2020). Phenomic descriptors has both qualitative and quantitative characters and deal with agronomic, morphological, physiological, and colorimetric traits of accessions which are captured by proximal sensors such as cameras, fluorometers, trichromatic, multispectral and hyperspectral sensors. Phenomic descriptors have a “high-throughput” character of data, which means, hundreds of accessions can possibly be characterized/screened in a reasonable time. However, the sheer volume, variety and veracity of imagery and remote-sensing data still present limits in data analysis (Singh et al., 2016).

To solve this problem, there are currently several machine learning models, such as partial least squares (PLS), random forest (RF), support vector machines (SVM), and neural networks (NN) used in phenomics data analytics (Araus et al., 2022). Based on phenomic traits, classification of accessions and their hybrids has been attempted. This has been made possible with the development of phenomic and machine learning methods with thousands of data points from each individual, (Parmley et al., 2019; Soltis et al., 2020; Feldmann et al., 2020; Henao-Rojas et al., 2021).

In this work, we propose a Phaseolus-oriented methodology for the detection of phenomic proportions of interspecific hybrids with respect to their parents. We used multivariate and machine learning methods to characterize and classify three parental line accessions (a cultivated P. vulgaris, a domesticated P. acutifolius, and a wild P. parvifolius - P. montanus) with its interspecific hybrid accession.

The phenomic proportions correspond to the percentage of parental descriptors which remain expressed/visible/measurable in the particular interspecific hybrid. Correspondingly, in this study, phenomic proportions show the phenomic traits portions quantified in the three parental lines and verified in an interspecific hybrid. We hope this methodology will provide a first step to help genebank curators, breeders, physiologists and others to i) make detailed quantitative comparisons of selected phenomic traits between accessions of interest, and ii) better manage and understand their genetic resources. After some generalization using other parents/hybrid collections or random selection, this methodology could facilitate a deeper understanding about i) crossings, heritability and breeding success; ii) functional trait diversity; iii) species domestication/evolution and genetic recombination; and iv) how to substantially increase genetic gains (in tandem with genomics).



Methodology


Plant material and experimental design

Materials used in this study were P. acutifolius (G40001 – CIAT genebank accession number), P. parvifolius - P. montanus (G40102), P. vulgaris (G5773) and their interspecific cross hybrid line INB 47 (G52443), all obtained from the bean collection at CIAT Genebank. Accessions G40001 (P. acutifolius) and G40102 (P. parvifolius - P. montanus) display a type III growth habit (indeterminate prostrate growth); while accessions G5773 and hybrid G52443 exhibit a type I growth habit (determinate bush growth; growth habits defined according to Fernández de Córdoba et al., 1991). Accession G40001 showed heat and drought resistance (Mejía-Jiménez et al., 1994) and G40102 was highly resistant to common bacterial blight (CBB) (Singh et al., 1998).

The interspecific hybridization was a product of artificial crossings, carried out by the CIAT common bean breeding program, from crosses between a popular commercial bean variety Ica Pijao, P. parvifolius (G40102) and an interspecific line, with five cycles of congruity backcrossing (CBC5) between Ica Pijao and P. acutifolius (G40001) (Mejía-Jiménez et al., 1994). The pedigree of the interspecific hybrid line is as follows: INB 47 (G52443) = ICA PIJAO x (G40102 x (ICA PIJAO x (G40102 x (ICA PIJAO x (ICA PIJAO x (ICA PIJAO x G40001; CBC5).

The INB 47 line was developed from ten (10) cycles of selection pressure based on commercial characteristics including growth habit, seed type and yield in the experimental station in Santander de Quilichao and in Palmira (both sites in Colombia), CIAT (Personal communication, Common bean breeding program, CIAT). The selection was mainly focused on conserving the commercial seed type similar to P. vulgaris – Ica Pijao, while introducing resistance to bacterial diseases (Mejía-Jiménez et al., 1994). The phenotypic characteristics of the parental lines and the interspecific hybrid are shown in Figure 1. These characteristics were observed during the experiment at the regeneration station of CIAT’s genetic resources program (GRP) in Palmira.




Figure 1 | Phenotypic characteristics of the Phaseolus lines and interspecific hybrid, from its initial stages until harvest. (A) P. acutifolius (G40001), (B) P. parvifolius (G40102), (C) P. vulgaris - ICA Pijao (G5773) and (D) Interspecific hybrid (G52443 - INB 47). The figure shows the variation of morphological traits of the common bean accessions evaluated.



Our experiments were performed in two periods: from October 2018 to January 2019, and from January 2019 to April 2019, in a mesh house at CIAT, Palmira, Colombia (3°30′17″ N, 76°21′24″ W, 950 masl). The cultivation protocol was used according to standard operating procedures used in CIAT genebanks when multiplying accessions. The experimental conditions inside the mesh house presented: i) an average daily temperature of 38°C, with a daily maximum temperature of 41°C at midday hours, and daily minimal temperature of 27°C; ii) a minimum relative humidity of 31% and a maximum of 65%; and with iii) an average photosynthetically active radiation (PAR) of 1680 μmol m-2 s-1 during the sampling of physiological variables (please, explore variables at: https://photosynq.org/projects/domestication-syndrome/explore); iv) 12 h of natural light, and v) conventional agronomic management and fertigation using drip irrigation. The plants were sown in a substrate of coconut fiber substrate for hydroponic systems (120 × 40 × 40 cm), composed of 100% peat, which is highly efficient in conserving water and guarantees health development in the early stages of cultivation (elaborated in Spain by the company Berger, https://www.berger.ca/en/horticultural-products/). Water irrigation and fertilization scenarios were the same for all plants (Supplementary Material Table 1 - Fertilization).

Each plant was tutored with agricultural mesh, starting at germination, to minimize human intervention in the span of plant development and guarantee adequate growth. The experimental design was a complete randomized block design, in which each accession acted as a treatment and each plant as an experimental unit. Five (5) plants per accession were planted, and three (3) independent technical repetitions measured in each period. To evaluate differences between accessions with special focus on the hybrid, we decided to compare morphometric, physiological, and agronomic traits.



Morphometric descriptors

We evaluated the morphometric aspects of pod shape and lateral seed shape. Seed morphological characterization was carried out using phenomic descriptors based on image analysis, including the following traits: seed Area (cm2), Perimeter (cm), Width (cm), Height (cm), Major, Minor, MinorFeret, MajorFeret, Aspect Radio (AR), Circularity, Roundness, and Solidity according to Schlautman et al. (2020) and Rosero et al. (2019) (see details in Supplementary Material Table 2 – Morphometric descriptions).

The digital images of each of the accession’s pod/seed were obtained using Canon SX60 HS camera with a digital resolution of 16.1 megapixels, an image area of 1080 × 1080 pixels in an automatic format. We captured images in a RAW format to ensure maximum image quality. Images were taken separately for seeds and pods. Each picture was processed using the DCRAW plugin of ImageJ 5.4 (https://imagej.net/software/fiji/).

After plant harvest, images were captured from pods and seeds of every accession, considering the level of luminosity and the contrast of the background. To capture color of the seeds, we used a contrasting background and standardized color scale 24ColorCard Camera Trax Card-3x5 (Supplementary Material Figure 1 – Color scale and photobox used). Images of the pod shape and lateral shape of the seeds were processed using ImageJ software (Eliceiri et al., 2012), following the protocol: (I) Settlement of the scale (pixels to cm), (II) Image binarization using the Max Entropy and Huang methods (Huang and Wang, 1995), (III) Definition of regions of interest (ROI) from pod and seed selections, and (IV) Extraction of morphometric measurements of each of the selected ROIs (Supplementary Material Figure 2 – imagen analysis process).



Physiological descriptors

For physiological measurements, we used the MultispeQ device (Kuhlgert et al., 2016; PhotosynQ, USA). The device includes climatic and plant variables that facilitate characterizing the physiological performance of plants in their environment. All data were captured at midday between 11:00 am and 1:00 pm, with the aim of comparing the data collected under more stable temperature and lower air humidity (RH) under mesh house conditions. Measurements were taken three times a week in three technical (plant as experimental unit) repetitions per accession in all three replicates and both periods. In total, 1,022 MultispeQ observations were captured for the four accessions. Samplings were carried out every 15 days from December 22, 2018 to April 23, 2019. Samples were taken during phenological stages 22 to 85 according to the BBCH scale from plant branching until harvest maturity (Feller et al., 1995). The classical protocol was used: Leaf Photosynthesis MultispeQ V1.0 (the raw data are available at: https://photosynq.org/projects/domestication-syndrome; ID 5685).


Briefly, the MultispeQ proximal sensors measure photosynthetic parameters including: i) quantum yield of photosystem II (ΦII – Phi2); ii) non-photochemical quenching (ΦNPQ - PhiNPQ); iii) energy losses for heat dissipation (ΦNO - PhiNO); iv) relative chlorophyll (Chl); v) linear electron flux (LEF); vi) leaf temperature differential (LTD); vii) maximum variable fluorescence at a steady-state conditions (Fm’); viii) minimum variable fluorescence during dark phase after a steady-state (Fo’); ix) variable fluorescence at a steady-state conditions (Fs’); x) efficiency of open reactions centers in the light (Fv’/Fm’); xi) fraction of open PSII centers when QA is oxidized (qL); xii) photochemical quenching relating PSII maximum efficiency (qP); xiii) fluorescence decrease ratio (RFd), and xiv) leaf thickness (Kuhlgert et al., 2016; Fernández-Calleja et al., 2020; Deva et al., 2020). In addition, the device also measures environmental conditions like light intensity (photosynthetically active radiation, PAR), air temperature and air humidity (see Supplementary Material – Figure 3 for temperature range, humidity and PAR). The data acquired can be visualized on the PhotosynQ platform (i.e. exploratory analysis of the data). Thus, at air temperatures above 32°C, photosynthetic activity is restricted in common bean of determinate growth type (Beebe et al., 2011; Deva et al., 2020).



Yield components

To calculate seed yield, ten pods were taken randomly from each of three similar plants per accession during the final harvest at BBCH 89. Seeds were pre-dried according to the Genetic Resources Program methodology (Salazar et al., 2020). Seed weight was measured with high precision scales with seed average humidity of 14%. The dry weight of seed at harvest (PSW), weight of pod with seed at harvest (PW), dry weight of pod without seed (pod walls) (VW), number of seeds (SN) and the harvest index at the pod level (PHI = ((Dry weight of seeds at harvest)/(Dry weight of whole pod at harvest))x100) were determined.



Multivariable analysis and Phaseolus accessions classification

Initially, we performed an outlier detection test using the Dobin library of R software (Kandanaarachchi and Hyndman, 2021). Principal Component Analysis (PCA) was carried out first on the parents, and the Principal Components (PC) with the highest contribution to the explained variance were extracted in each characterization group for each variable (performed using the FactorExtra library of R; Kassambara and Mundt, 2020). Predictor analysis was performed by random forests (randomForest library of R; Liaw and Wirner, 2018). Classification was performed on 100 trees, using 70% of the data for tree training, and 30% of the data for validation. For evaluating the classification model prediction with “out of bag” accuracy (OOB accuracy). The OOB is an error estimation technique used to evaluate the accuracy of the random forest (Janitza and Hornung, 2018). The OOB estimates accuracy across all classes (values above 1 - 10% are estimated as high accuracy; Kennedy et al., 2015).

The evaluation metric and confusion matrix were determined to observe the phenomic proportions of parent classification for each characterization group. The descriptors selected for each characterization component are determined by mean decrease in accuracy and the gini decrease index as parameters for feature selection. Analyses were run in R using the library “randomForestExplainer” and “caret” library (Paluszynska, 2017).



Phenomic proportions of the interspecific hybrid with respect to its parents

Initially, the contributions of the PCs from the classification of the parent lines were used for weighting the phenomic descriptors of the interspecific hybrid. Subsequently, the weighted phenomic descriptor values of both parents and the interspecific hybrid are standardized to values between 0 - 1. The phenomic proportions are determined from classifying parents and an interspecific hybrid using random forests. Phenomic descriptors of importance in the classification will be determined for each characterization component using the gini index and mean decrease accuracy. The prediction of the confusion matrix in the interspecific hybrid will be considered as the phenomic proportions that it presents with respect to each of its parents. A confusion matrix is typically created representing the summary of the number of correct and incorrect prediction results broken down by each parental line.

Finally, a non-parametric multivariate analysis of variance (MANOVA) was performed to determine if there are significant differences between the parents and their hybrids in each of the characterization components with the already prioritized descriptors. In our study we used MANOVA developed by Friedrich and Pauly (2018) which allows flexibility of normality assumptions and incorporates general heteroscedastic designs and potentially singular covariance matrices. It also improves the performance of small samples through bootstrap techniques. The analysis was performed using 10,000 iterations, modified ANOVA-type statistics (MATS), and the p-resampling value was determined from the parametric bootstrap approach (paramBS). MANOVA was performed for each characterization component separately (physiology, pod morphometry, seed morphometry and yield). In order to observe the significant differences between parents and its hybrid, the post hoc Tukey multivariate test was performed. This was done using the MANOVA.RM library of the free software R. The summary of the data analysis procedure can be seen in Figures 2, 3.




Figure 2 | The procedure consists of three steps: (A) capture and processing of phenomic descriptors, (B) classification of parents using random forest and PCA and (C) phenomic ratios based on the weighting of the descriptors with the contribution of the PCs and phenomic ratios as the prediction of the hybrid with respect to its parents in the confusion table. This figure shows the different stages during the characterization process from data capture to data analysis.






Figure 3 | Procedure for the analysis of the phenomic proportions between interspecific hybrids and their parents. Four stages are observed that contemplate multivariate (PCA) and random forest (RF) analyses. OOB: Out of bag accuracy and MDA: Mean decrease accuracy. The figure shows the evaluation metrics used during each stage.






Results

The three parental accessions used in this study show contrasting phenotypic differences in morphological characteristics of the leaf shape, growth habit, flower shape and color, and seed size (Figure 1). P. acutifolius (G40001) (Figure 1A) presents an oval-lanceolate leaf shape and acute angles (less than 90 degrees) in conditions of high light intensity at midday hours. The flowers and seeds of P. acutifolius are white, with a straight pod shape, and a predominantly round-oval seed shape. P. parvifolius (G40102) (Figure 1B) is a wild accession with a lobed leaf shape, a light-purple flower color, and dark-purple and curved pods. P. parvifolius seeds are small, black to mottled grayish black, with a flattened truncated shape. P. vulgaris - Ica Pijao (G52443) (Figure 1C) has an oval leaf shape, dark purple flowers, mottled purple pods with slightly curved pod shape, and black seeds with a flattened oval shape. The interspecific hybrid (G52443 - INB 47) (Figure 1D) has a lanceolate leaf shape and acute leaf angles under high light intensity. It has purple flowers, with some flowers showing malformations in the floral wings. The pods are slightly curved with mottled purple colors, the seeds are black, and the seed shape is round cuboid.

The classification of the parent accessions using random forests, determined as predictive descriptors for seed shape were: Major, Area, Minot, Height and MinFeret; while in pod morphometry the predictive descriptors were: Major, Feret, Round, Aspect Radio (AR), Solidity and Area, presenting corresponding values of gini index higher than 40 and accuracy decrease 0.06 (Supplementary Material Figures 4AS, 4CS). The physiological variables, the phenomic descriptors Fo’, LTD, Fs’ and Fm’, and in the yield components VW (Valve weight), PW (Pod weight), SPW (Seed pod weight) and PHI (Pod harvest index), presented gini index values higher than 35 and accuracy decrease higher than 0.075 (Supplementary Material Figures 4AS, 4CS). The table of the contributions of the PCs to each of the predictive descriptors is shown in Supplementary Material Table 3. The classification of the parents can be seen in the confusion matrix (Supplementary Material Figure 5 Matrix confusion parents’ accessions).


Phenomic proportions of the hybrid respect to its parents

The low OOB value of 5.68% differences in the phenomic shape descriptors of seed of hybrid with respect to its parents. Interestingly, in the case of pod morphometric descriptors and physiological descriptors, the OOB values reached 22.44% and 36.76%, respectively; while 8.49% for the yield component (Supplementary Material Table 4 - OOB error).

The phenomic descriptors of importance in the classification of the parental accessions and the hybrid are presented in Figure 4. Generally, the descriptors of seed morphometry, Area and Minor were the most important, while in pod morphometry the descriptors Major, Feret and AR presented accuracy higher than 0.250 (Figures 4A, C). In the physiological descriptors, Fm’ and Chl are the most important, and in the yield components the descriptors PHI and PW are the ones that presented the highest values of accuracy decrease with values higher than 0.125 (Figures 4B, D).




Figure 4 | Gini index and accuracy decrease for feature selection in random forest for each characterization component in the hybrid. (A) Seed morphometric component, (B) Physiological component, (C) Pod morphometric component and (D) Yield component. The weighted phenomic descriptors are observed. The figure shows the phenomic descriptors of major importance in the classification of the parental accessions and the interspecific hybrid.



Using the predictions in the confusion table, the phenomic proportions of each of the characterization components were determined (Figure 5). The relationships of the predictions of the hybrid with its parents are most closely related to the common bean parent P. vulgaris - Ica Pijao (G52443). The values of proportions are as follows: 5.2 % for physiological traits, 9.8% for pod morphometric traits, and 4.1% for yield components.




Figure 5 | Phenomic proportions in the confusion matrices for classification of the interspecific hybrid in each of the characterization components using phenomics descriptors. (A) Seed morphometric component, (B) Physiological component, (C) Pod morphometric component and (D) Yield component. The confusion table shows the phenomic proportions of the interspecific hybrid. The phenomic proportions are the predictions of the hybrid with respect to the parental accessions.



Despite the hybrid’s high relatedness to its P. vulgaris parent accession (the effect of multiple back-crosses), the hybrid presents phenomic proportions of 2.2% also with P. acutifolius (G40001) and 1% with P. parvifolius (G40102) accessions in physiological descriptors (Figure 5B), while 4.5% with P. acutifolius in seed morphometrics (Figure 5A), 0.6% for yield and 4.9% for pod morphometrics indicating successfully inherited traits from these parents as well (Figure 5C).

Phenomic proportions of the physiological components showed trait discrimination (difference) between the parents in traits like the Chl, Fm’, Fo’, LTD and Fs’, respectively. Furthermore (Figure 4B), it was observed that the parental P. parvifolius shows contrasting physiological behavior when compared with the other two parents. This can be explained by its wild origin and different morphometric characteristics. The interspecific hybrid is closely related to the P. vulgaris accession and also the P. acutifolius accession, indicating that it conserves physiological characteristics mainly from these two parents. However, the hybrid presents higher phenomic proportions of the P. vulgaris accession and not of the P. acutifolius accession (Figure 5B). For seed morphometry, the confusion matrix clearly separates the interspecific hybrid and the parents with high precision, showing the hybrid has unique characteristics in seed morphometry, despite sharing 4.5% of phenomic proportion with P. acutifolius (Figure 5A). In pod morphometry, it is clear that there is a difference of our hybrid regarding its P. acutifolius and P. parvifolius parental accessions (Figure 5C). This supports the fact that there is no clear trait separation between the P. vulgaris parental and the interspecific hybrid and again is likely an influence of multiple back-crossing and/or environment-based limitations of P. acutifolius-related traits.

The data after MANOVA fitting, supported the rejection of the statistical hypothesis associated with shared characteristics between the hybrid and its parents (Table 1). In the physiological characterization (MultispeQ data), there were no significant differences with the parentals P. acutifolius and P. vulgaris accession; while with P. parvifolius accession differences were highly significant (< 0.001) (Table 1). In pod morphometry, the interspecific hybrid showed no differences with P. acutifolius and P. vulgaris accessions. In seed morphometry, the hybrid showed no differences with the parental P. vulgaris, while in the yield components it showed no differences with P. parvifolius and P. vulgaris (Table 1) accessions. The MANOVA supports the statistical differences of the hybrid and its parents in each characterization component, contrasting with those obtained in the random forest analysis.


Table 1 | MANOVA of parents and interspecific hybrid in each of the characterization components.



In addition, it is observed that using seed morphometric descriptors, the interspecific hybrid shows differences from the three parents, indicating characteristics of the interspecific hybrid determined probably by the hybrid vigor.




Discussion

High-throughput phenotyping methods can facilitate the use of genetic resources by estimating phenotypic traits of importance and identifying accessions of interest for pre-breeding and breeding programs (Nguyen and Norton, 2020). In this work, we explored phenomic descriptors that help discriminate selected Phaseolus accessions with their interspecific cross, using components based on physiological descriptors, seed and pod morphometrics and yield components.

Despite being crop relatives of P. vulgaris, Acutifolii species (P. acutifolius and P. parvifolius) have contrasting leaf, seed, and pod phenotypic characteristics (Figure 1). In addition, there are natural differences between domesticated and wild accessions (Mwale et al., 2020). The domestication syndrome of the Phaseolus genus is characterized by a reduction in pod shattering and increase in seed size, being these the most important traits in the adaptation of domesticated populations (Chacón-Sánchez, 2018). This explains the differentiation in our data for seed and pod morphometrics and reveals why they can serve as the most significant traits in quantification of phenomic proportions between the studied hybrid and its parents and under some generalization and verification can be used for a wider spectrum of hybrid evaluations.

Each of the accession’s classifications contained several phenomic descriptors that contributed to defining/identifying its uniqueness. In pod and seed morphometry, it is observed that the descriptors with highest contributions (Figures 4A, C), such as seed/pod Area, pod Feret, seed Height, seed MinFeret, seed Minor and seed/pod Major, are descriptors directly related to the organ (seeds or pod) size; while Solidity shows that the pod shape is influenced by its curvature and also by the shape of the seed. P. parvifolius, being a wild accession, does not present domestication syndromes (Chacón-Sánchez, 2018). This is evidenced by the pod and seed small size, being the primary discriminating descriptors in classifying the parvifolius accession. Both studied P. acutifolius and P. vulgaris have larger pod and seed sizes, likely due to the selection pressure of preferable domestication syndromes (Chacón-Sánchez, 2018). The domestication process directly influences pod and seed weights and can increase pod harvest index (PHI) (Rao et al., 2013). Interestingly, P. acutifolius generally has smaller seed size (Freytag and Debouck, 2002) but higher PHI compared to P. vulgaris (Rao et al., 2013). Higher PHI has strong heritability, is easily measured, and is related to drought resistance and low soil fertility tolerance. The P. parvifolius accession also lacks pod shape curvature, allowing simple visual differentiation and classification between accessions.

The physiological descriptors are extremely useful for accession classifications (Figure 5B), although less comparable to morphometric aspects. However, the lower weight of physiological traits is understandable when considering all physiological descriptors (in our case we measured photosynthetic/fluorescence traits and leaf-based data by MultispeQ) as greatly influenced by the environment, with possibly limited heritability and biologically relevant biochemical acclimation thresholds (resistance). The physiological traits inherently hold considerable genetic complexity, considering their crucial role in plant development and survival (Reynolds and Langridge, 2016). Alternatively, it is possible that P. acutifolius shows similarly reduced physiological behavior as P. parvifolius in the conditions where experiments were done. Although P. acutifolius and P. parvifolius are two different species (Buhrow, 1983; Schinkel and Gepts, 1989), P. acutifolius var. latifolius has been reported as an intermediate species between the domesticated P. acutifolius and wild P. parvifolius. This suggests that both studied accessions may share similar genetic background (Freytag and Debouck, 2002; Muñoz et al., 2006; Blair et al., 2012) and thus some physiological performance as mentioned above.

Regarding the physiological descriptors, it is clear that leaf components as Chl, Fo’, Fs’, Fm’, and LTD (Supplementary Material Figure 4B) present the highest contributions in the differentiation and classification between lines. Both P. acutifolius and its wild relative P. parvifolius, have similar physiological responses most likely due to the similar ecogeographic distribution of both species, associated with the arid areas of southern USA and northern Mexico (Freytag and Debouck, 2002). Similarly, the above-mentioned descriptors are closely related to photosynthetic efficiency and are recognized - in some scenarios - as indicators of abiotic stress resistance of individual accessions (Sánchez-Reinoso et al., 2019; Guidi et al., 2019). P. vulgaris usually exhibits higher sensitivity to drought stress compared to more resistant P. acutifolius (Rao et al., 2013; Polania et al., 2016). This can be closely related to the two independent domestication processes of P. vulgaris (Chacón et al., 2005), mainly influenced by differences in air/soil humidity and contrasting temperatures between the Mesoamerican and Andean races, presenting differences also in their photosynthetic adaptations (Lynch et al., 1992; González et al., 1995).

The studied interspecific hybrid line INB 47 is a product of interspecific crossings carried out by the CIAT common bean-breeding program. The selection process focused on obtaining adequate seed type, growth habit and yield characteristics from the parent P. vulgaris. No surprise then, which the studied interspecific hybrid presented low phenomic proportions with the P. parvifolius and P. acutifolius parent accessions. This is because agronomically-valued traits likely do not coincide with those two parental accessions. This is probably mainly because physiological traits were selected indirectly (in contrast to agronomically-important descriptors), with no apparent interest/knowledge in/of physiological traits at the time of selection by the breeders (Mejía-Jiménez et al., 1994).

Mejía-Jiménez et al. (1994) developed a group of CBC5 interspecific hybrids with P. acutifolius. These authors generated populations with high genetic frequencies of P. acutifolius, showing average introgressions of 8% in CBC5 using amplified fragment length polymorphisms (AFLP). Considering that the interspecific hybridization used in our study employed CBC5 crossed twice with the parents P. vulgaris and P. parvifolius, and that it was selected during ten selfing cycles, it is likely that introgression of the P. acutifolius has decreased. Nevertheless, the 2.2% of the phenomic proportions of P. acutifolius - predicted from the physiological characterization - evidence the successful introgressions from this parental line. In addition, the studied interspecific hybrid also preserves morphological traits similar to P. acutifolius, such as the lanceolate leaf shape and acute leaf angle at high light intensities (Figure 1). It could be interesting to evaluate the effect of these morphological traits on the abiotic stress resistance of this or other hybrids (after the methodology generalization).

Moreover, the studied interspecific hybrid keeps some characteristics that can influence the acclimatization process during abiotic stresses (Sánchez-Reinoso et al., 2019). This argues strongly in favor of conserving and characterizing accessions with intermediate phenomic proportions and could allow better understanding and quantifying (based on their GxE base) of the inherited traits and their proportions. It also would support accelerating genetic advances during more effective selection processes based on more newly available data types (semi-automatic remote sensing collection of data of highest interest).

Additionally, in hybrids, phenomic descriptors with the highest distinction powers (discrimination) could allow conserving desired physiological traits of P. acutifolius or P. parvifolius accessions, without losing key seed characteristics (e.g. size, color or taste) from their P. vulgaris parental line. Targeted accession evaluations can be performed by continuous monitoring even during the selection process (starting in already in the F1 generation). This would be based on the suggested machine learning techniques and selected traits of special interest for validating the functional introgressions of desired traits from crop wild relatives.

Our results demonstrate that the use of phenomic descriptors and machine learning analyses offer a very useful alternative for classifying hybrids, by using useful phenotypic and morphometric traits (with some degree of generalization and verification). In reality, breeders focusing on interspecific crossings should consider physiological and morphological traits identified in this study as part of an effective screening strategy. This would be especially true where some of these traits were to prove functional in certain environments (willow leaves, leaf angle, growth habit, PHI) or be connected to farmers preferences (seed color and size, pod shape etc.). Breeders would then be able to use other selection criteria apart from the laborious final yield components and seed type characteristics, and thus quickly estimate the introgression efficiency of functional traits in the progenies.

Currently, the CIAT genebank conserves 18 interspecific hybrid lines of P. vulgaris x P. acutifolius x P. parvifolius and 6 interspecific hybrid lines of P. vulgaris x P. acutifolius, which were selected based on the phenotypic traits conserving characteristics associated with its crop relatives. In addition, the CIAT genebank stores 326 accessions of P. acutifolius, including cultivated lines, landraces and wild accessions. However, only a fraction of the whole collection has been studied and characterized for key agronomic and physiological traits, heavily limiting their utilization in pre-breeding or breeding programs (Mwale et al., 2020). This suggests the urgent need to conduct experiments to explore phenomic traits of the P. acutifolius collection, including the genetically diverse wild tepary bean accessions as these offer a unique opportunity to find desirable genes with potential for introducing them into the genetic background of the domesticated tepary bean (Mhlaba et al., 2018; Mwale et al., 2020). Breeders may then be encouraged to start working within the acutifolius group. We believe that selected phenomic descriptors can also help identify suitable “bridge” genotypes for crossings between secondary and tertiary genepools and common beans. The development of phenomic markers (new phenomic proportions recognized as important descriptors) will contribute to germplasm management in genebanks as well (Nguyen et al., 2020). Selected and recognized phenomic descriptors will facilitate the detection of accessions with similar phenomic proportions, determining accessions with high phenomic redundancy, and likely helping germplasm curators even to effectively find duplicate accessions.

Our study demonstrates that selected phenomic descriptors’ data processed by a machine learning approach have the potential to discriminate between parental accessions or our studied hybrid. After some generalization (trait verification on different hybrid systems), this methodological approach may help breeders quantify any trait-of-interest introgression directly from different genepools or wild relatives increasing the chances of identifying important consumer target traits in elite common bean lines. After generalization, this methodology also will be able to identify hybrids with hybrid vigor due to the performance of unique phenomic traits. In addition, genome-associated phenomic markers could further contribute to the detection of genes of deep agronomic interest under abiotic and biotic stress conditions (Pasala and Pandey, 2020; Al-Tamimi et al., 2021; Dwivedi et al., 2020; Rassizadeh et al., 2021).

Detailed characterization of CIAT genebank conserved interspecific hybrids or new early breeding materials will likely show new traits with physiological or agronomic potential. In our study, the most contrasting characterization components with the highest precision and stability of the selected Phaseolus taxonomy classification are the seed and pod morphometry data.

This study was never intended as the end of classic crop descriptors used by genebanks curators. In reality, classic descriptors will always offer their unique potential. However, some of them can still be rather subjective, are often only qualitative, and require laborious effort to apply them. We have tried to build on the understanding and precision of such classic mostly qualitative descriptors by digitization of some of the crop responses, so as to use a quantitative approach to make some descriptors available to modern breeders and with potential selection power (QTL, GWAS, genomic selection etc.).

In our study we were able to evaluate selected phenomic traits and their ability to become “phenomic markers” and then establish digital descriptors. We also identified machine learning techniques, which allow us to differentiate between studied Phaseolus accessions and determine the similarities or differences of an interspecific hybrid with respect to its parental lines. In our experiment we performed the analysis with random forests, however the strategy can use various machine learning algorithms (Parmley et al., 2019), since the purpose is to determine the most important descriptors that discriminate generally between the parents and its hybrid. There are several algorithms that can have greater accuracy in the classification according to the needs of the researcher and the dimensionality of the phenomic data.



Conclusions

In our work we demonstrate the use of phenomics and machine learning approach as analytical tools in understanding the phenotypic variability of selected Phaseolus accessions and quantifying the crossing effectivity in its related hybrid.

In our study, we quantified the physiological, morphological and yield proportional relatedness of parental lines with its hybrid, finding differences between all groups. Results indicate that the interspecific hybrid preserve intermediate yield characteristics from P. vulgaris and P. acutifolius parents; although, it has closer phenotypic proportions with P. vulgaris (6%). The phenomic proportions method can be a useful tool for the analysis of the closeness of lines/hybrids to their parents even by using traits with clear agronomic potential. However, also physiological data (MultispeQ) showed high potential for lines discrimination, especially towards the studied line of P. parvifolius. This complex of traits needs to be further studied and amplified in a wide range of genotypes to verify its value across species, genepools and environments. Our finding provides conclusive evidence that the integration of machine learning, classification algorithms and phenotyping tools promise to automate the precise quantification of phenomics proportion of parents in their hybrids.
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The growing global demand for wheat for food is rising due to the influence of population growth and climate change. The dissection of complex traits by employing a genome-wide association study (GWAS) allows the identification of DNA markers associated with complex traits to improve the productivity of crops. We used GWAS with 10,045 single nucleotide polymorphism (SNP) markers to search for genomic regions associated with grain yield and related traits based on diverse panels of Ethiopian durum wheat. In Ethiopia, multi-environment trials of the genotypes were carried out at five locations. The genotyping was conducted using the 25k Illumina Wheat SNP array to explore population structure, linkage disequilibrium (LD), and marker-trait associations (MTAs). For GWAS, the multi-locus Fixed and Random Model Circulating Probability Unification (FarmCPU) model was applied. Broad-sense heritability estimates were high, ranging from 0.63 (for grain yield) to 0.97 (for thousand-kernel weight). The population structure based on principal component analysis, and model-based cluster analysis revealed two genetically distinct clusters with limited admixtures. The LD among SNPs declined within the range of 2.02–10.04 Mbp with an average of 4.28 Mbp. The GWAS scan based on the mean performance of the genotypes across the environments identified 44 significant MTAs across the chromosomes. Twenty-six of these MTAs are novel, whereas the remaining 18 were previously reported and confirmed in this study. We also identified candidate genes for the novel loci potentially regulating the traits. Hence, this study highlights the significance of the Ethiopian durum wheat gene pool for improving durum wheat globally. Furthermore, a breeding strategy focusing on accumulating favorable alleles at these loci could improve durum wheat production in the East African highlands and elsewhere.
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1 Introduction

Durum wheat (Triticum turgidum, L. var. durum Desf.) is a staple cereal crop produced to make pasta, bread, and other traditional food items (Sall et al., 2019; Ceglar et al., 2021). Durum wheat accounts for approximately 8% of global wheat production (Sall et al., 2019), and most of it (75%) is produced in the Mediterranean region (Xynias et al., 2020). The world’s largest producers are Turkey and Canada, while Ethiopia is the largest producer in Sub-Saharan Africa (SSA). Durum wheat was domesticated around 10,000 years ago in the Fertile Crescent (Özkan et al., 2002; Soriano et al., 2018; Ceglar et al., 2021) and has since then been a vital source of energy, minerals, and bioactive compounds in human nutrition (Johansson et al., 2020a). The durum wheat is an amphidiploid species containing an AABB genome, and its genome size is nearly 12 Gb (Maccaferri et al., 2019).

The current development of advanced DNA sequencing methods, functional genomic tools, and availability of different DNA chip technology has highly facilitated the genetic dissection of multi-genic traits of food crops (Collard and Mackill, 2008; Al-Khayri et al., 2016; Geleta and Ortiz, 2016). Association mapping (AM) has been widely used to dissect the genetic architecture behind traits like grain yield, host plant resistance to pathogens, drought and salinity tolerance, phenology, and quality traits (Maccaferri et al., 2010; Tuberosa, 2012; Canè et al., 2014; Turki et al., 2015; Giraldo et al., 2016; Mengistu et al., 2016; Kidane et al., 2019; Mérida-García et al., 2019; Mérida-García et al., 2020). Moreover, genome-wide association studies (GWAS) have been successfully used to map genetic loci and dissect the genomic regions underlying several vital traits in important food crops, such as barley (Bellucci et al., 2017; Borrego-Benjumea et al., 2021), and bread wheat (Li et al., 2019; Gao et al., 2021; Mekonnen et al., 2021).

In wheat, GWAS has been successfully applied to identify and dissect QTL associated with grain yield (Li et al., 2019; Gao et al., 2021), host plant resistance to pathogens (Alemu et al., 2021a; Alemui et al., 2021; Mekonnen et al., 2021), drought tolerance (Bhatta et al., 2018; Mathew et al., 2019), root architecture (Alemu et al., 2021b), phenology (Mekonnen et al., 2021), adaptation to salinity (Quamruzzaman et al., 2021), and end-use quality traits (Chen et al., 2019; Talini et al., 2020). However, in durum wheat, limited GWAS results have been reported across traits of interest, although some results are present for grain yield (Wang et al., 2019; Anuarbek et al., 2020), host plant resistance to pathogens (Liu et al., 2017b; Aoun et al., 2021), drought tolerance (Wang et al., 2019), root system architecture (Maccaferri et al., 2016; Alemu et al., 2021b), osmotic adjustment (Condorell et al., 2022), and phenology and quality traits (Fiedler et al., 2017). Furthermore, GWAS results reported on Ethiopian durum wheat cultivars and landraces are insufficient. Increased genomic research is needed to improve durum wheat production in Ethiopia by utilizing genomic-assisted breeding approaches.

Wheat landraces can be seen as an essential germplasm resource, with the potential to be utilized as a reservoir of crop diversity that harbors significant novel loci associated with agronomic, phenological, and end-use quality traits (Johansson et al., 2021). Landraces and their wild relatives have served as sources of valuable genes to improve modern cultivars for adaptation to diverse environments, grain yield, end-use quality, host plant resistance to the pathogen, and abiotic stress tolerance (Maccaferri et al., 2019; Johansson et al., 2020b; Sansaloni et al., 2020). Several reports revealed that Ethiopian durum wheat has high genetic diversity to be explored in the search for essential novel and valuable genes for improvements of traits such as grain yield, nutritional quality, host plant resistance to pathogens, and drought tolerance (Mengistu et al., 2016; Kabbaj et al., 2017; Kidane et al., 2019; Alemu et al., 2020a). Hence, understanding the genetic basis of these important traits using recent genomic-based research will facilitate the use of Ethiopian germplasm in an improvement program to maintain a food-secure future in the region.

This study aimed to use GWAS to define genomic regions in Ethiopian durum wheat associated with grain yield and related traits. Furthermore, population structure and linkage disequilibrium were evaluated for precise identification of the genetic basis of valuable genomic regions associated with grain yield and important agronomic traits.



2 Materials and methods


2.1 Germplasm

The present study used 420 Ethiopian durum wheat landraces and cultivars. To accommodate the extensive diversity of the Ethiopian durum wheat gene pool, 385 landraces were selected from different geographical regions of Ethiopia, while 35 were crossbred cultivars. 
Supplementary Table 1
 provides information on these landraces and cultivars. For simplicity, the landraces and cultivars will be designated as genotypes hereafter.



2.2 Description of test environment

The performance of the genotypes was evaluated across five locations in Ethiopia, namely, Akaki (AK; 09˚53’ 48” N/39˚49’ 16” E), Chefe Donsa (CD; 08˚58’ 57” N/39˚09’ 13” E), Holeta (HO; 09°01’ 15” N/38°28´ 26” E), Kulumsa (KU; 08°01’ 11” N/39°09’ 37” E) and Sinana (SN; 07°06´ 58” N/40°13´ 38” E) during the 2019 ˗ 2020 main crop-growing season. The testing locations represent the country’s major and most suitable durum wheat growing environments. The soil texture of each site is characterized as heavy clay for Akaki and Chefe Donsa and clay for Holeta, Kulumsa, and Sinana. The test sites are classified into ME (Mega environment)2:SW(Spring Wheat) high rainfall areas that receive more than 500 mm of rainfall during the crop growing cycle as defined by CIMMYT’s Wheat Breeding Program (Rajaram et al., 1994). Among the five test sites, Sinana, Kulumsa, and Holeta have been used by CIMMYT’s wheat breeding program targeting high potential environments in the highlands of East Africa. The Agro-ecology at the Akaki and Chefe Donsa sites are also similar to those at the other three test sites and are considered high-potential sites. During the crop-growing season, the mean monthly maximum and minimum temperature of the Sinana site ranged from 20.8°C to 23.9°C and 8.4°C to 9.2°C, respectively, with total rainfall of 810 mm (
Supplementary Table 2
). The Holeta site received a total rainfall of 852 mm, with the mean annual minimum and maximum temperature of 10°C and 24°C, respectively (
Supplementary Table 2
). The Chefe Donsa site received mean monthly minimum and maximum temperatures ranging from 9.4–11.8°C and 20.3–24.2°C, with a total rainfall of 870.5 mm. Whereas, the Akaki site received mean monthly minimum and maximum temperatures ranging from 9.89–13.82°C and 24.85–26.91°C, respectively, with a total rainfall amount of 711.5 mm. Kulumsa site received a total rainfall of 700 mm, with a mean monthly minimum temperature of 11°C and a mean monthly maximum temperature of 23°C.



2.3 Field experimental design

The experiment was laid out using an alpha lattice design with two replications containing 21 incomplete blocks with a block size of 20, according to Patterson and Williams (1976). The landraces and cultivars were randomly assigned and planted on a plot size of 1 m2 with 2.5 m x 0.4 m (two rows with 20 cm spacing). The space between the plots was 20 cm. A seed rate of 150 kg ha−1 and fertilizer rate of 50 kg N ha-1 and 100 kg of P2O5 ha-1 was applied to each plot. In order to maintain genotype uniformity (since the genotypes were mostly landraces with possible seed admixture), the genotypes were grown on different plots for two consecutive crop growing seasons (2017-2018) at Sinana agricultural research center, and individual plants that appeared to differ in any of the clearly visible phenotypic traits were removed.



2.4 Evaluation of phenotypic traits

In this study, phenotyping was conducted by applying the previously described methodology for evaluating wheat genetic resources (IBPGR, 1985). The traits measured were phenology (days to heading, days to physiological maturity, and grain filling period), plant architecture (plant height, spike length, and number of effective tillers per plant), grain yield, and grain yield-related traits (number of spikelets per spike, and thousand kernel weight).



2.5 Statistical analysis of the phenotypic data

Before further analysis, data were evaluated by the Shapiro–Wilk test to assess if they fit into the normal distribution. Furthermore, based on the results from the normality test, the homogeneity test was performed for the scored data in the experiment as described in Levene (1960). The R statistical software (R Development Core team, 2021) was used for computing descriptive statistics (mean, range, standard deviation), coefficient of variation, analysis of variance (ANOVA), correlation among traits, and broad-sense heritability. The linear mixed model (LMM) fitted by the Restricted/Estimated Maximum Likelihood method [REML, Corbeil and Searle (1976)] in R package “lme4” (Bates et al., 2015) was used to estimate the variance components of scored traits. To perform ANOVA for each test environment, the genotypes and blocks were considered fixed and random effects, respectively. The response of the ith genotype in the jth incomplete block with the lth replication of each environment for a particular trait was described as:



where Yijl is the phenotypic response of the ith genotype in lth incomplete block within jth replication, µ is the overall mean, τi is the fixed effect of genotype i, βj is the random effect of the jth replicate, γl is the random effect of the jth incomplete block nested in the lth replication, and ξijl is the residual error.

The combined ANOVA across environments inference was computed for all the response variables as follows:

	

where Yijlk is the observed phenotypic trait for ith genotype in lth incomplete block within jth replication at the kth environment, µ is the overall mean, τi is the fixed effect of genotype i, βl is the random effect of jth replication, γj is the random effect of the lth incomplete block within jth replication, Ek is the random effect of environment k, βγlj is random effect of incomplete block l nested in replication j, γEjk is random effect of replication j in test environment k, τEik is random effect of interaction between genotype i and environment k, and ξijlk is a random residual effect. For the sake of simplicity, we assumed that all the underlying random effects residuals are normally distributed with zero mean and are independent homoscedastic.

The best linear unbiased estimates (BLUEs) of measured traits for each genotype from each environment were obtained using META R software (Alvarado et al., 2020). The estimated means of BLUEs was used to compute the Pearson correlation coefficient (r) by the “cor. test” function in the R (R Development Core team, 2021) and GWAS analysis. The estimates of broad-sense heritability (H2) were computed from pooled ANOVA across environments (Gonçalves-Vidigal et al., 2008) as:

	

where   is genotypic variance,   is genotype by environment interaction variance,   is environmental variance, l is the number of environments, and r is the number of replications.



2.6 DNA extraction, genotyping, and filtering of SNP markers

A single spike representing each genotype was collected during field phenotyping for genotyping. Five healthy seeds from each spike were taken to represent each genotype and were planted in 3 L pots in a greenhouse at the Swedish University of Agricultural Science (SLU), Alnarp, Sweden. A total of ten 6 mm leaf discs sampled from five two-week-old seedlings of each genotype were collected in each well of a 96-deep well plate and freeze-dried using the CoolSafe ScanVAC Freeze Dryer according to the instructions provided by Trait Genetics. The freeze-dried samples in 96-well deep well plates were sent to TraitGenetics (GmbH, Gatersleben, Germany) for DNA extraction and subsequent genotyping. A standard cetyltrimethylammonium bromide (CTAB) protocol was used to extract DNA from the leaf samples in TraitGenetics’ lab. The 420 genotypes were genotyped using an Illumina Infinium 25k wheat single nucleotide polymorphism (SNP) array following the manufacturer´s protocol. The details of the SNP array can be found at https://www.traitgenetics.com/index.php/service-products. Based on a specific durum wheat cluster file developed by TraitGenetics that differentiates durum wheat from bread wheat, markers accurately scored for the A and B genomes were recorded.

Several criteria were used to filter the genotypic data obtained before further analysis. TASSEL 5.2.80 software (Bradbury et al., 2007) was used to remove SNP loci with missing data above 5% or with minor allele frequency (MAF) below 5% (including monomorphic loci). Further filtering of the remaining SNP loci was conducted based on the level of observed heterozygosity (Ho), and loci with Ho greater than 0.01 were excluded. These filtering steps resulted in 10,045 SNPs that were used for data analyses. The evaluation of these SNP loci showed that each of the 420 samples had less than 1% missing data, and hence no genotype was excluded from the data analyses.



2.7 Population structure and linkage disequilibrium (LD) analysis

The number of subgroups among the 420 genotypes was inferred by principal component analysis (PCA) and model-based clustering methods, which were computed by Genome Association and Integrated Prediction Tool (GAPIT) 3.0 (Wang and Zhang, 2021) and STRUCTURE 2.3.4. software (Pritchard et al., 2000; Falush et al., 2007), respectively. A Bayesian approach (MCMC: Markov Chain Monte Carlo) that assumes an ancestry model of ADMIXTURE and correlated allele frequencies among the subgroups was used for model-based cluster analysis. The length of the burn-in period was adjusted to 50,000, followed by 100,000 MCMC iterations for subgroups (K) ranging from one to ten. Ten independent runs were carried out for each K. The STRUCTURE results were visualized using STRUCTURE Harvester (Earl and vonHoldt, 2012). The number of best K was inferred using the delta K method described in Evanno et al. (2005). The optimum K value bar plot was drawn based on CLUMPAK online software (Kopelman et al., 2015).

Information on the pattern of linkage disequilibrium (LD) within a genetic material of interest is necessary to determine the marker density required for a genome-wide scan (Siol et al., 2017). Accordingly, LD was computed using TASSEL version 5.2.8 (Bradbury et al., 2007). The pairwise LD (squared allele frequency, r2) for pairs of SNP markers was computed according to Weir (1997). The intersection of the fitted curve with the cut-off threshold was considered the mean r2 value for each chromosome (Breseghello and Sorrells, 2006b; Liu et al., 2017c). The mean r2 value of each chromosome was computed and plotted against the chromosome’s physical distance. The physical distance at which the r2 value dropped to half its average maximum value was considered the LD decay rate (Huang et al., 2010). The r2 = 0.3 (p<0.01) was considered as a cut-off point to represent a limit of QTL between pairs of markers as indicated in previous studies for Ethiopian durum wheat panels (Liu et al., 2017c; Alemu et al., 2021b).



2.8 Identification of marker trait association

GWAS was conducted using best linear unbiased estimates (BLUEs) for nine phenotypic traits and 10,045 SNP markers to identify marker-trait association (MTA). The BLUEs for grain yield, spike length, and grain-filling period were calculated by considering days to heading (DTH) as a covariate in order to control the effect of heading time, as suggested in previous studies (Sabadin et al., 2012; Tuberosa, 2012). The analysis was performed by employing a multi-locus-based method, fixed and random model Circulating Probability Unification [FarmCPU, Liu et al. (2016)] model selection algorithm implemented in GAPIT 3 R package (Lipka et al., 2012; Tang et al., 2016; Wang and Zhang, 2021). The FarmCPU model algorithm eliminates potential confounding factors by employing the fixed and random effect models iteratively. This was done to overcome the overfitting model influences of the stepwise regression and to control spurious MTA caused by population structure and family relatedness. GAPIT 3 was also used to visualize the Manhattan and Quantile-quantile (QQ)-plots. The QQ-plot fits the model to account for the population structure.

The stringent false-positive discovery rate [FDR, p< 0.01 (Benjamini and Hochberg, 1995)] and Bonferroni-corrected threshold of (–log10 (0.05/n) = 5.30 was used, where n is the total numbers of SNPs) to declare a significant MTA between a marker and phenotypic trait. All MTAs above the threshold levels were rated as significant. The percentage of phenotypic variance explained (PVE) by individual MTA (Garcia et al., 2019) and a marker-based VanRaden kinship (K) matrix (VanRaden, 2008) for the genotypes of interest was also generated in R/GAPIT 3. It was assumed that an identified QTL is stable in the genomic region when significant MTA has appeared in two or more test locations, and the additive effects were concordant.



2.9 Identification of putative novel MTAs and associated candidate genes

The novelty of significant MTAs and their potential associated genes were determined by comparative analyses with previously published reports using different Triticum databases such as GrainGene, T3/wheat, and Wheat URGI (Alaux et al., 2018). The lists of different genes and functions were downloaded from the NCBI database (https://ftp.ncbi.nlm.nih.gov/genomes/all/GCA/900/231/445/GCA_900231445.1_Svevo.v1/) to identify genes related to significant MTAs. The nucleotide position extending from 1-5 cM up and downstream from the SNP position was used for searching the potential candidate genes, as previously reported for wheat (Breseghello and Sorrells, 2006a). The genes associated with the significant MTAs were obtained from the durum wheat (Triticum turgidum (Svevo.v1) reference genome) (Maccaferri et al., 2019).




3 Results


3.1 Phenotypic mean performance of genotypes

Descriptive statistics, frequency distribution, and boxplots clearly showed a wide range of variation for all the traits evaluated (
Table 1
 and 
Figure 1
). The mean number of days for days to heading, days to physiological maturity, and grain filling period over the combined environments were 72.6, 136, and 63.4, respectively (
Table 1
). The mean grain yield was 6.7 t ha-1, while the mean thousand kernel weight was 40.9 g. On average, 17.5 spikelets per spike were recorded across the environments (
Table 1
). The highest mean grain yield (8.4 t ha-1) was observed at Chefe Donsa, followed by Sinana (8.2 t ha-1), whereas the lowest mean grain yield was recorded at Holeta (4.4 t ha-1) (
Table 1
). The highest mean performance of the genotypes for the thousand kernel weight (42.7 g) was attained at Chefe Donsa, whereas the lowest was found at Akaki (35.2 g). The pooled ANOVA over test environments indicated a significant (p<0.01) impact of genotype, environment, and genotype by environment interactions on all traits evaluated (
Supplementary Table 3
). Furthermore, significant effects of replications and blocks were noted for traits, most likely due to variation within the field.



Table 1 | 
Descriptive statistics for days to heading (DTH, in days), days to physiological maturity (DTM, in days), grain filling period (GFP, in days), plant height (PHT, in cm), spike length (SPL, in cm), grain yield (GYD, in t ha-1), thousand kernel weight (TKW, in g), and the number of spikelets per spike (SPP, in counts) of 420 durum wheat genotypes grown in five test sites (ENV) in Ethiopia.









Figure 1 | 
Frequency distribution and boxplots of DTH (A, D), DTM (B, E), SPL (C, F), SPP (G, J), TKW (H, K), and GYD (I, L).







3.2 Variance components estimation, broad-sense heritability, and relationship between traits

The estimates of genotypic variance ( ) and genotypic coefficient of variation (GCV) for the thousand kernel weight (TKW) and grain-filling period (GFP) were high. The lowest   and GCV were obtained for grain yield (GYD) and the number of effective tillers (NET; 
Supplementary Table 4
). The highest values of variance due to genotype by environment interaction ( ) and variance due to environments ( ) were recorded for plant height (PHT). In contrast, the number of effective tillers per plant (NET) showed the lowest values of both variances. The phenotypic coefficient of variation (PCV) ranged from 24.1 for days to maturity (DTM) to 137.5 for TKW. Most of the phenotypic traits evaluated in the present study showed high heritability (
Supplementary Table 4
). The highest broad sense heritability values were recorded for TKW (H2 = 0.97) and GFP (H2 = 0.98), indicating that these traits are highly heritable.

The Pearson correlation coefficients computed based on the BLUE mean values were positively significant (p< 0.01) for DTH with DTM, SPP, SPL, PHT and NET, for SPP with SPL, NET and GYD, and for SPL with PHT and NET (
Figure 2
). GYD was positively correlated with SPP (r = 0.20), and TKW (r = 0.24). Nevertheless, GYD had a negative correlation with DTH (r = -0.22) and PHT (r = -0.38) (
Figure 2
). DTH had a negative correlation with GFP and a positive correlation with DTM and SPP.




Figure 2 | 
Computed correlation plots between pairs of phenotypic traits based on the best linear unbiased estimators of the nine traits measured in 420 durum wheat genotypes. N.B. *refers to significant at p< 0.01, and ns refers to non-significant at p< 0.01.






3.3 SNP markers distribution and density

In total, the 420 genotypes were genotyped with 24,145 SNP markers. Filtering of the genotypic data based on the number of missing values, observed heterozygosity, and minor allele frequency resulted in 10,045 high quality polymorphic SNPs used for data analyses. Of these 10,045 SNPs, 4,807 (48%) and 5,238 (52%) were distributed on the A and B genomes, respectively (
Table 2
). The number of these SNPs per chromosome with regard to the two genomes ranged from 415 on chromosome 4B to 917 on chromosome 5B (
Table 2
).



Table 2 | 
The distribution of the 10,045 SNP markers across the entire durum wheat genome.






The marker density was 1.01, 0.96, and 0.98 Mbp per marker for the A, B, and whole genomes, respectively. The SNP markers used in this study covered a total size of 9.86 Gbps, with chromosomes 1A and 2B having the smallest (584.2 Mbp) and largest (789.4 Mbp) regions (
Table 2
 and 
Figure 3
).





Figure 3 | 
Distribution of the SNPs used in the present study on each durum wheat chromosome.







3.4 Linkage disequilibrium

Among all possible pairs of SNPs on each chromosome, 490,775 pairs were found in LD (
Table 3
). Of these, 97,386 (19.8%) were found to be significant marker pairs with r2 ≥ 0.3 (p< 0.01; 
Table 3
), which were therefore used to assess the MTAs. The significant marker pairs on each chromosome accounted for 12.1% (r2 = 0.12 for chromosome 7A) to 26.2% (r2 = 0.211 for chromosome 3B) of all marker pairs on the corresponding chromosomes (
Table 3
). The sudden LD decay among SNP pairs occurred within the range of 2.02–10.04 Mbp with an average of 4.26 Mbp (
Supplementary Table 5

; 
Supplementary Figure 1
). The fastest decrease of LD at cut-off (r2 = 0.3) was observed on chromosome 7A. The r2 values of marker pairs progressively declined as the physical distance between them increased on each chromosome (
Supplementary Figure 1
).



Table 3 | 
A summary of linkage disequilibrium analysis for SNP marker pairs and the distribution of significant SNP pairs across each chromosome of each genome.







3.5 Principal component analysis, population structure, and kinship

The PCA scatter plot explained 92% (PC1 = 78.8% and PC2 = 13.2%) of the entire variation in the data set and grouped the genotypes into two subpopulations (
Figure 4A
). Subpopulation 1 contained almost all modern cultivars, and subpopulation two included all landraces by showing clear grouping based on genetic background (
Figures 4A, B
).





Figure 4 | 
Principal component analysis (A, B), kinship (C), and population structure analysis (D).






A model-based Bayesian cluster analysis using STRUCTURE revealed that the optimal uppermost clear true ΔK value was obtained at best when K = 2, suggesting the 420 genotypes form two subpopulations (
Figure 4D
). Based on this clustering, cluster-1 comprised 348 landraces and one cultivar (85.5% of the genotype), and cluster-2 comprised 33 cultivars and 28 landraces (14.5% of the genotype). Analysis of admixture and purity using the STRUCTURE based on the Q value score (Q< 0.80 = admixture, and Q > 0.80 = pure genotypes) revealed that only 17 individuals (16 landraces and 1 cultivar) were classified as admixtures.

The STRUCTURE analysis revealed that 27 landraces were grouped with cultivars, and of these, three landraces (G242, G243, and G368) had a Q value of 1, which indicates 100% fitting the grouping with modern cultivars. Furthermore, one modern cultivar (G405), which was derived from related to landraces (according to their pedigree information), was grouped with landraces. The allelic divergence between the two subpopulations inferred by STRUCTURE was 0.27. On average, the expected heterozygosity of subpopulation-1 (Cl - I) and subpopulation-2 (Cl - II) was 0.22 and 0.32, respectively. Subpopulation-1 had a mean FST value of 0.62, while subpopulation-2 had a mean FST value of 0.35, indicating high differentiation among the individuals of each population. Although a slight difference was observed, model-based Bayesian clustering and distance-based PCA similarly grouped the individuals into two subpopulations. The kinship matrix heatmap revealed familial relationships between the genotypes, which can be regarded as intermediate on average (
Figure 4C
).



3.6 GWAS scan of phenotypic traits

Considering all test locations and combined data over locations, GWAS was able to identify 179 significant MTAs for the nine traits (
Supplementary Table 6
). Of these, 23 MTAs were detected for DTH, 32 MTAs for DTM, 15 MTAs for GFP, 8 MTAs for GYD, 5 MTAs for NET, 19 MTAs for PHT, 26 MTAs for spike length (SPL), 12 MTAs for SPP and 39 MTAs for TKW. Using BLUEs of combined data across the five environments revealed 44 significant MTAs for the nine traits evaluated in this study. Further results and discussions (below) focus on these significant MTAs identified using the combined data across the five environments. The Manhattan and quantile-quantile (Q-Q) plots for each trait and environment are presented in 
Supplementary Figures 2A-E
, respectively.



3.6.1 Marker trait association for phenological traits

For phenological traits (DTH, DTM, and GFP), 12 significant MTAs were identified from the GWAS of combined data from the five locations (
Table 4
). The GWAS scan for DTH detected six significant MTAs on chromosomes 1B, 2A, 5B, 6B, 7A, and 7B (
Figure 5
 and 
Table 4
). The Q-Q plot showed that the data fitted the model well, and false positive MTAs were controlled. Among these MTAs, three were previously reported (Golabadi et al., 2011; Giraldo et al., 2016; Mangini et al., 2018), while three MTAs on the B genome (AX-109859693, wsnp_BE496986B_Ta_2_2, Ku_c24482_1132) were novel. The significant MTAs explained 1.1 to 22.2% of the total phenotypic variation in DTH. Among the significant MTAs for DTH, wsnp_BE496986B_Ta_2_2, AX-109859693, Ku_c24482_1132, and IACX11338 appeared significant in two or more test environments and hence can be regarded as stable MTAs.



Table 4 | 
Summary of significant marker-trait associations for the nine traits revealed based on the combined data of the five locations on each durum wheat chromosome (CHR).









Figure 5 | 
Manhattan and Q-Q plots of GWAS scan for phenological traits generated based on combined data from five locations. DTH (A, B), DTM (C, D), and GFP (E, F). For the Manhattan plots, the y-axis represents -log10 (p) of the traits, while the x-axis represents the relative positions of the SNP markers on each chromosome. DTH, Days to heading; DTM, Days to maturity; GFP, Grain-filling period.






The GWAS scan detected four significant MTAs across test environments for DTM. Of these MTAs, Kukri_rep_c73477_888 on chromosome 6A was previously reported (Mangini et al., 2018) and was detected in two environments. Three MTAs (Tdurum_contig49186_437 and Tdurum_contig12722_779 on chromosome 7A; and AX-109869840 on chromosome 6A) were likely to be potential new loci (
Table 4
 and 
Figure 5
). The proportion of phenotypic variance explained by these four significant SNPs ranged from 2 to 33%.

GWAS revealed two significant MTAs for GFP on chromosomes 3B and 7B (
Table 4
 and 
Figure 5
). The RAC875_c62223_86 MTA on 3B was previously reported (Giraldo et al., 2016). However, Kukri_c60966_261 on chromosome 7B was novel and detected repeatedly in two locations. RAC875_c62223_86 and Kukri_c60966_261 explained 4% and 31% of the variation in GFP obtained in the present study, respectively.



3.6.2 Marker trait association for plant architecture

The GWAS analysis revealed 14 MTAs significantly associated with plant architecture traits (
Table 4
 and 
Figure 6
). For PHT, six significant MTAs were detected (
Figure 6
). Among these, four (AX-158602974, and AX-95259256 on chromosome 1B, wsnp_BE443745A_Ta_2 on chromosome 5A, and BS00091519_51 on chromosome 5B) were previously reported (Zhang et al., 2012; Mengistu et al., 2016; Roncallo et al., 2017). The other two MTAs (AX-95154560 and Tdurum_contig75127_589 on chromosomes 1B and 7B, respectively) were novel. The six significant MTAs explained 1.2 to 23% of the variation in PHT recorded in this study.




Figure 6 | 
Manhattan and Q-Q plots of GWAS scan for plant architecture traits generated based on the combined data from five locations. PHT (A, B), SPL (C, D), NET (E, F). For the Manhattan plots, the y-axis represents -log10 (p) of the traits, while the x-axis represents the relative positions of the SNP markers on each chromosome. PHT, Plant height; SPL, Spike length; NET, Number of effective tillers per plant.




The MTA analysis for spike length (SPL) revealed five significant MTAs. Among the significant MTAs, Tdurum_contig45715_1246 on chromosome 1B was previously identified (Giraldo et al., 2016). The remaining four MTAs (Kukri_c17062_618 and Tdurum_contig76960_213 on chromosome 2A, Kukri_c3096_1411 on chromosome 2B, and AX-94615777 on chromosome 5A) are novel (
Figure 6
). The proportion of the variation in SPL elucidated by the significant MTAs varied from 2.75% to 12.3%. For NET, GWAS revealed two (GENE-0410_71 and AX-94782013) significant MTAs on chromosome 1B and 7B, respectively (
Table 4
 and 
Figure 6
), which have not been previously reported. These MTAs explained 2.8% and 5.6% of the variation in NET, respectively.



3.6.3 Marker trait association for grain yield and related traits

GWAS for grain yield and yield-related traits evidenced 18 significant MTAs (
Table 6
 and 
Figure 7
). The association scan for SPP resulted in seven significant MTAs on chromosomes 1B, 2B, 3A, 4A, and 7A. The proportion of phenotypic variance explained by the associated MTAs ranged from 1.1% to 17%. Of the seven significant MTAs for SPP, four (AX-89760660, Tdurum_contig25602_212, BS00110281_51, and AX-158591111) were previously reported (Golabadi et al., 2011; Mengistu et al., 2016; Soriano et al., 2016; Kidane et al., 2017a; Roncallo et al., 2017; Abu-Zaitoun et al., 2018; Mangini et al., 2018), whereas the remaining three (RAC875_c400_193, AX-158597411, and AX-94631122) SNPs are novel.




Figure 7 | 
Manhattan and Q-Q plots of GWAS scan for SPP (A, B), TKW (C, D), and GYD (E, F) generated based on the combined data from five locations. For the Manhattan plots, the y-axis represents -log10 (p) of the traits, while the x-axis represents the relative positions of the SNP markers on each chromosome. SPP, Number of spikelets per spike; TKW, Thousand kernel weight; GYD, Grain yield.




For GYD, GWAS revealed four significant MTAs on chromosomes 1B, 5A, 5B, and 7A. The proportion of phenotypic variance explained by the significant MTAs ranged from 1.74% (RAC875_c57656_170 on chromosome 7A) to 44.95% (IAAV3365 on chromosome 5A). Alleles of the high signal MTAs (locus IAAV3365, A/G alleles) had a highly significant effect on grain yield (
Figure 8A
). The genotypes carrying allele A had higher average grain yield across the five environments as compared to genotypes carrying allele G. RAC875_c57656_170 was previously reported for GYD (Maccaferri et al., 2014), whereas the remaining three MTAs (IAAV3365, RFL_Contig3481_1669 on chromosome 1B, and Excalibur_c51720_84 on chromosome 5B) were newly detected in the present study.




Figure 8 | 
Boxplot depicting the effect of alleles located on locus IAAV3365 on grain yield (A) and locus AX-158564275 on thousand kernel weight (B). The estimated mean BLUEs value was used to generate the boxplot to reveal the effects of respective alleles on grain yield and thousand kernel weight. Tukey´s HSD (Honestly Significant Difference) test was applied to see the differences of alleles in 420 durum wheat genotypes. The letters above the boxplot indicate the significant differences among the mean performance of genotypes carrying each allele at a probability level of p< 0.05.




The genome-wide association analysis identified seven significant MTAs for TKW on chromosomes 1B, 3B, 5A, 6A, and 7A. The phenotypic variance explained by the associated SNPs ranged from 1.05% to 10.6%. Among the MTAs significantly associated with TKW, two (AX-158606713 and wsnp_Ex_rep_c66939_65371026 on chromosomes 1B and 7A, respectively) were previously reported. However, the other five MTAs (BS00071597_51, AX-158541767, RAC875_c41315_157, AX-158564275, and AX-94640059 on chromosomes 3B, 5A, 6A, and 7A, respectively) were novel. The effect of alleles on locus AX-158564275 (A/G alleles) revealed a highly significant difference in TKW (
Figure 8B
). The genotypes with the allele A had high TKW compared to genotypes carrying allele G.



3.6.4 Identification of putative novel MTAs and their underlying candidate genes

According to the LD decay information for each chromosome, a genomic region of ten Mbp around each significant SNP (five Mbp downstream and five Mbp upstream of the significant SNP) is considered to be a QTL. Significant SNPs within the ranges of 10 Mbp apart are considered to refer to the same QTL. Based on this approach, 37 QTLs were identified for the 44 significant MTAs (
Table 5
). The names of these QTLs (q.gwas.01 to q.gwas.37) are provided in the first column of 
Table 5
. Among the 37 QTLs, 16 were located in or near genomic regions previously reported for the corresponding traits (Golabadi et al., 2011; Maccaferri et al., 2014; Giraldo et al., 2016; Mengistu et al., 2016; Soriano et al., 2016; Kidane et al., 2017a; Abu-Zaitoun et al., 2018; Mangini et al., 2018; Roncallo et al., 2018), while 21 were novel (
Table 5
). Two QTLs for SPP (q.gwas.15 and q.gwas.20) and one QTL (q.gwas.08) for TKW were previously described based on Ethiopian durum wheat germplasm (Mengistu et al., 2016; Kidane et al., 2017a). Genomic regions for five putative QTLs (q.gwas.01, q.gwas.02, q.gwas.22, q.gwas.24, and q.gwas.30) overlap with more than one trait evaluated in this study (
Table 5
). For example, four significant MTAs for DTH, DTM, SPP, and TKW were co-localized and hence were considered to be referring to the same QTL (q.gwas.30) (
Table 5
). The analysis of the sequences of these putative QTLs genomic regions based on durum wheat, the reference genome at the Ensemble Plants database, led to the identification of 774 potential candidate genes (
Supplementary Table 7
).


Table 5 | 
Summary of putative quantitative trait loci (QTLs) identified for the nine phenotypic traits analyzed in the present study using Ethiopian durum wheat germplasm.




The significance of the candidate genes was evaluated by reviewing previously published genomic regions associated with the traits targeted in the present study (Zhang et al., 2012; Maccaferri et al., 2016; Maccaferri et al., 2019; Kidane et al., 2019; Mazzucotelli et al., 2020; Zhao et al., 2020). This resulted in 32 genes related to eight of the nine target traits in durum wheat (
Table 6
). The putative candidate genes TRITD7Av1G01175, TRITD7Av1G017240, and TRITD7Av1G017550 (all located on chromosome 7A), which encode Growth-regulating factor, Zinc-finger CCCH domain protein TE, and NAC domain-containing protein, respectively, were associated with DTH and DTM. The genes TRITD1Bv1G168480 and TRITD7Bv1G057630 encode WRKY transcription factor and Flowering Locus T/Terminal Flower 1-like protein, respectively, were reported to regulate DTH. The TRITD1Bv1G000110 gene, on chromosome 1B, which encodes Tryptophan aminotransferase-related protein 2, was shown to be associated with SPP and GYD (
Table 6
).


Table 6 | 
Summary of selected genes associated with some of the putative QTLs identified in the present study.








4 Discussion

This study used GWAS to define durum wheat genomic regions associated with phenological, plant architecture, grain yield, and yield-related traits. Furthermore, analyses of population structure and linkage disequilibrium were carried out to increase the efficiency of detecting reliable marker-trait associations as well as identifying the genetic basis of those associations. The present study utilized a large number of diverse durum wheat landraces and cultivars, which were grown across diverse environments in Ethiopia. This facilitated the identification of novel SNP loci associated with nine durum wheat phenotypic traits, including grain yield and grain yield-related traits. The present study findings have significant implications for both the development of molecular markers for genomics-led breeding and for providing new insights into the architecture of genomic regions regulating various traits of interest in durum wheat. These could facilitate the improvement of grain yield and other desirable characteristics to support global food security.

To meet the growing demand for durum wheat grains as well as the challenges to its production brought about by the expanding environmental changes, it is imperative that the genetic resources of durum wheat, including landraces, modern cultivars, and breeding lines, be effectively utilized for breeding new cultivars (Kankwatsa et al., 2017; Maccaferri et al., 2019b; Kumar et al., 2020; Mazzucotelli et al., 2020). As such, identifying loci that regulate desirable traits in breeding programs helps to develop markers for marker-assisted breeding, thus contributing to food security (Garcia et al., 2019; Wang et al., 2019; Mérida-García et al., 2020).

The present study revealed highly significant contributions of genotypes, environments, and genotype by environment interactions to the phenotypic variations of the target traits (p< 0.001), which is consistent with the results of previous research on durum wheat (Mengistu et al., 2015; Mohammadi et al., 2018; Mekonnen et al., 2021). The observed high genotypic variance, genotypic coefficient of variation, and broad-sense heritability for TKW and GFP, strongly suggest that their variation is mainly due to heritable genetic differences among the landraces and cultivars. There was a low genotypic variance and genotypic coefficient of variation for GYD, indicating the challenges associated with improving this trait. Nevertheless, moderate to a high level of broad-sense heritability were recorded for all traits, meaning that a significant part of the observed variation is heritable and that the results agree with previous findings in durum wheat (Sukumaran et al., 2018; Alemu et al., 2020a).

The present study found that GYD had a moderate but significant (p< 0.01) positive correlation with SPP, and TKW, indicating that the simultaneous selection of desirable characteristics of these traits could lead to the improvement of grain yield in this crop. However, GYD negatively correlated with DTH and PHT, indicating that late-heading genotypes generally have lower grain yield than early-heading types. However, the early-heading types appear to have a more extended grain-filling period, as a very low but significant positive correlation was obtained for GYD versus DTM. TKW exhibited a moderate positive correlation with GYD, and GFP, implying that direct improvement of these traits may improve the former, which contributes to enhancing GYD. Conversely, TKW had a negative relation with DTH and DTM. Thus late-maturing cultivars will have a relatively low TKW.

The LD among the SNP marker pairs showed a sharp decline within the physical distance ranging from 2.02 to 10.4 Mbp, with an average of 4.26 Mbp. This decline in LD is far below the results of previous research using Ethiopian durum wheat landraces (Alemu et al., 2021b), which reported an average physical distance of 69.1 Mbp. Similarly, Mekonnen et al. (2021) found a higher mean LD decay (31.44 Mbp, r2 = 0.2) in their study on diverse Ethiopian bread wheat germplasm. This disparity could arise due to the type and density of markers, genomic regions the markers cover, and differences in the sample used in these studies. However, Fayaz et al., 2019 found a low LD decay (2–3 cM) of the A and B sub-genomes using Iranian durum wheat landraces at a critical r2 = 0.11. Likewise, Rufo et al. (2019) noted an LD decay ranging from 1 to 9 cM on A and B genomes from landraces and released cultivars of Mediterranean wheat. The fastest LD decay rate of an average physical distance of 2.02 Mbp was recorded for chromosome 7A.In contrast, the slowest was recorded for chromosome 4A (10.04 Mbp), which indicates the differences in recombination rates among different genomic regions of different chromosomes. On average, the A genome showed a more rapid LD decay than the B genome (
Supplementary Table 4
), and more substantial selection pressure could be partly caused in the A genome than in the B genome (Liu et al., 2019; Kumar et al., 2020). This result most likely confirms the impact of genetic drift, mutation, gene flow, recombination, the pressure of population selection, and historical events on both A and B genomes (Fayaz et al., 2019).

The population clustering inferred by STRUCTURE and PCA divided the genotypes into two sub-populations, similar to the results of earlier research (Wang et al., 2019; Alemu et al., 2020b; Kumar et al., 2020; Mekonnen et al., 2021). Based on Q-score values of STRUCTURE analysis (Q > 0.80), 96% of the landraces were pure, and 4% of the genotype were admixtures. The kinship matrix was used to estimate the family relatedness and to confirm the relation within the genotypes. Hence, the cumulative results from STRUCTURE, PCA, and kinship suggest adjusting the GWAS model to avoid bias arising from spurious associations, thereby reducing false-positive associations arising from co-ancestry. Moreover, FarmCPU, a robust statistical model for GWAS, adequately accounted for the spurious associations that arose from population structure, cryptic relatedness, and marker effects, as shown by Q-Q plots. Based on the five-test sites´ mean data, the GWAS revealed 44 MTAs. The SNPs associated with the target traits were distributed across the whole chromosome except chromosome 1A, which did not bear any significant MTAs.

Using GWAS, different genomic regions associated with grain yield were identified in the present study. The putative QTLs identified for this trait are q.gwas.02 (0.3 – 5.8 Mbp) on chromosome 1B, q.gwas.21 (544.7 – 554.9 Mbp) on chromosome 5A, q.gwas.32 (609.2 – 619.2 Mbp) on chromosome 7A, and q.gwas.33 (703.3 – 714.2 Mbp) on chromosome 7A. Among them, q.gwas.02, q.gwas.21, and q.gwas.32 are novel QTLs, as these genomic regions have not previously been reported for their association with grain yield. The putative QTL q.gwas.33 on chromosome 5B is co-localized within the same genomic region of a QTL reported by Maccaferri et al. (2014); Maccaferri et al. (2016) for grain yield and total root numbers, respectively using durum wheat recombinant inbred lines. The QTL regions of q.gwas.33 is also identified for spikes per plant (Mengistu et al., 2016), kernel Fe content (Velu et al., 2017), kernels per spikelets (Peng et al., 2003), fusarium head blight resistance (Ghavami et al., 2011), yellow rust resistance (Liu et al., 2017a), and stem rust resistance (Letta et al., 2014). This QTL q.gwas.33 is also associated with genes TRITD5BvG245710 (myb-like protein X), TRITD5Bv1G246830 (KH domain containing protein), TRITD5Bv1G247760 (NBS-LRR disease resistance protein –like protein) and TRITD5Bv1G246270 (Glycosyltransferase).

The QTL region of q.gwas.02 (RFL_Contig3481_1669) for GYD, identified in this study, overlaps with QTLs for several traits such as total root number and length (Maccaferri et al., 2016), grain protein content and concentration (Suprayogi et al., 2009), spikes per plant (Mengistu et al., 2016), heading date (Maccaferri et al., 2008), grain filling period (Soriano et al., 2016), semolina yellowness (Colasuonno et al., 2017), grain yield per spike and grain yield (Roncallo et al., 2018), grain protein content (Giraldo et al., 2016) and fusarium head blight resistance (Ghavami et al., 2011). The overlapping of QTLs for several important traits in this genomic region indicates its significance in future durum wheat breeding for grain yield and end-use quality traits. The genomic region corresponding to QTL q.gwas.21 on chromosome 5A (MTA for IAAV3365 SNP and GYD) is a novel major QTL for grain yield, explaining the largest proportion of phenotypic variance (r2 = 44.95%) as compared to all other putative QTLs reported here. This is a highly significant result of this study, which needs to be validated through further research, including fine mapping to pinpoint the gene(s) responsible for this QTL. Interestingly, the genomic region of this QTL overlaps with previously identified QTL for number of kernels per spike (Kidane et al., 2017a), yellow rust resistance (Liu et al., 2017b), threshing time (Tzarfati et al., 2014), leaf rust resistances (Aoun et al., 2016), and total root number (Maccaferri et al., 2016). Therefore, this genomic region is a key target region for the improving of durum wheat, for grain yield and threats of wheat arising due to the impacts of climate change. The TRITD5Av1G205000 (an ABC transporter) gene is one of the potential candidate genes behind this QTL (q.gwas.21). This is because previous research indicated that ABC transporter genes affect grain formation in wheat during heading and also modulate the ripening of the heads (Wanke and Üner Kolukisaoglu, 2010; Walter et al., 2015).

The present study identified several novel QTLs for grain yield-related traits, SPP and TKW. Additional MTAs that confirmed previously identified genomic regions were also detected for these traits. The three novel putative QTLs for SPP are q.gwas.07 (721.4–725.8 Mbp) on chromosome 1B, q.gwas.15 (541.4–551.4 Mbp) on chromosome 2B and q.gwas.16 (721.4–725.8 Mbp) on chromosome 3A. For TKW, five novel putative QTLs, i.e., q.gwas.18 (58.8–68.0 Mbp) on chromosome 3B, q.gwas.19 (803.2 – 812.9 Mbp) on chromosome 3B, q.gwas.22 (431.8–442.1 Mbp) on chromosome 5A, q.gwas.26 (524–534 Mbp) on chromosome 6A, and q.gwas.34 (681.9–692 Mbp) on chromosome 7A were identified. Fine mapping of these genomic regions is required to identify the genes responsible for these QTLs for SPP and TKW. However, for four of the five novel QTLs for SPP, we were able to identify potential candidate genes, i.e., TRITD1Bv1G000110 (Tryptophan aminotransferase-related protein 2), TRITD1Bv1G167110 (UDP-Glucose Pyrophosphorylase 1), TRITD2Bv1G184650 (ethylene-responsive transcription factor), and TRITD3Av1G275580 (E3 ubiquitin-protein ligase). TRITD2Bv1G184650 has been reported to regulate the initiation and development of spikelets in wheat, particularly when the temperature is low (Yu et al., 2021).

Several putative QTLs for SPP are identified here, i.e., q.gwas.02 (0.3–5.8 Mbp), q.gwas.14 (94–104.6 Mbp), q.gwas.20 (721.4–725.8 Mbp), and q.gwas.30 (2–35 Mbp) were found co-localized with previously reported QTLs for these traits on chromosomes 1B, 2B, 4A, and 7A, respectively (Golabadi et al., 2011; Mengistu et al., 2016; Kidane et al., 2017a; Roncallo et al., 2017; Mangini et al., 2018; Soriano et al., 2018; Li et al., 2019; Rahimi et al., 2019; Alipour et al., 2021). Similarly, putative QTLs for TKW were co-localized with QTLs previously identified, i.e., q.gwas.08 (MTA for AX-158606713) with a QTL identified based on Ethiopian durum wheat germplasm (Mengistu et al., 2016), and q.gwas.30 with a QTL identified by Golabadi et al. (2011) based on F3 and F4 populations of durum wheat in Iran, and by Mangini et al. (2018) from a collection of tetraploid wheat grown in Southern Italy. The genomic region regarded as QTL q.gwas.30 in this study was associated with four traits (DTH, DTM, SPP, TKW) (
Table 5
). This suggests that either the same gene with pleiotropic effects is involved in regulating these traits, or different genes in this genomic region regulate their corresponding traits or a combination of both. Thus, further research is required to identify common SNP markers representing the four traits in this genomic region and subsequent use in marker-assisted selection for improving the crop. Several genes encoding growth-regulating factor, seed maturation protein, phosphate transporter, phototropic-responsive NPH3 protein G, disease resistance protein RPM1, phosphate-responsive 1 family protein, E3-ubiquitin-protein ligase SINA-like 10, potassium transporter, and chloroplast envelope membrane protein, are among the likely candidates for the QTL q.gwas.30 (
Supplementary Table 7
).

The marker-trait association analysis conducted via GWAS discovered novel and previously identified genomic regions (putative QTLs) associated with DTH. Of these, q.gwas.01 (522.7–528.6 Mbp of chromosome 1B), q.gwas.09 (753.4–757.6 Mbp of chromosome 2A), and q.gwas.30 (2–35 Mbp Mbp of chromosome 3B) were previously reported for this trait (Golabadi et al., 2011; Roncallo et al., 2017; Mangini et al., 2018). These QTLs are significant at two or more test locations and hence can be considered stable MTAs across environments. The present findings also confirmed the results reported in previous studies for DTH on chromosomes 1B, 2A, and 3B (Kidane et al., 2017b; Ogbonnaya et al., 2017; Li et al., 2019; Rahimi et al., 2019; Wang et al., 2019). Hence, there is solid evidence of genes regulating DTH in these genomic regions. One of the novel putative QTLs for DTH is q.gwas.35, covering a 151.9–165.3 Mbp region on chromosome 7B. This genomic region contains the TRITD7Bv1G057630 gene that encodes Flowering Locus T/Terminal Flower 1-like protein. Previous research on wheat, soybean, and Arabidopsis indicates that this gene is located in the region flanking FT-D1, a major gene regulating flowering in wheat, soybean, and Arabidopsis (Sun et al., 2019; Isham et al., 2021). Hence, if breeders aim to improve durum wheat for DTH, it is advisable to consider the QTL regions of q.gwas.35 to get information related to DTH. Furthermore, as previously shown (Wu et al., 2008; Zhao et al., 2020), the q.gwas.01 QTL region contains a potential candidate gene TRITD1Bv1G168480 (WRKY). This gene involved in regulating leaf senescence. It is also known to have major roles at various stages of wheat development affecting productivity and product quality and was predicted to interact with DTH. Similarly, the TRITD7Av1G017240 (zinc finger CCCH-type transcription factor) gene, which promotes wheat flowering, was also identified in this study. Hence, it would be worthwhile to conduct further research on this genomic region to identify the gene involved in q.gwas.01 and to understand the relationship between leaf senescence and DTH in durum wheat.

A previously known genomic region and three novel genomic regions (putative QTLs) associated with DTM were found on chromosomes 2A, 6A, and 7A. These QTLs explained 2–33% of the variation in DTM. The QTL designated as q.gwas.25 (601.5–615.3 Mbp of chromosome 6A) was reported in a previous study on wheat (Mangini et al., 2018). The novel putative QTLs are located on chromosomes 2A (67.5–70.6 Mbp; q.gwas.10) and 7A (2.1–35.1 Mbp; q.gwas.30, and 35.5–68.8 Mbp; q.gwas.31). The TRITD6Av1G220960 (Ethylene receptor) gene, which is located within the genomic region of q.gwas.25, is a potential candidate gene for q.gwas.25. Previous research has suggested that ethylene receptors are most likely related to the duration of seed development and maturation; i.e., the duration embryo development (Hays et al., 2007). However, in previous findings in maize, grain yield increments were observed through ethylene signal reduction (Shi et al., 2015). Similar to the previous study (Han et al., 2021), TRITD7Av1G011750 (growth-regulating factor), TRITD6Av1G017240 (Zinc finger CCCH domain protein TE), and TRITD7Av1G017550 (NAC domain-containing protein) genes have been found in the genomic regions of QTLs for DTH identified in this study, and are potential candidate genes for the corresponding QTLs. Studies have shown that these genes are mainly involved in regulating growth, development, biotic and abiotic stress adaptation in wheat, rice, and other crop plants and may also determine the variation in phenological traits in wheat and rice.

MTA analysis for PHT identified four putative QTLs, q.gwas.03 (580.6–585.4 Mbp of chromosomes 1B), q.gwas.04 (669.5–674.7 Mbp of chromosomes 1B) and q.gwas24 (628.2–630.9 Mbp of chromosomes 5B), similar to the previous reports (Zhang et al., 2012; Roncallo et al., 2017). This study also found novel MTAs and putative QTLs on chromosome 1B (q.gwas.05; 628.2 – 630.9 Mbp), 5A (q.gwas.22; 431.8–442 Mbp), 6B (q.gwas.29; 119.6–121.5 Mbp), and 7B (q.gwas.37; 686.4–697.9 Mbp). These results show that all significant MTAs for PHT were on the B genome except one MTA on 5A. This may serve as an indicator of potential hotspot regions for genes associated with PHT. The TRITD1Bv1G191400 (Zink finger protein) could be a candidate gene underlying the q.gwas.03 QTL for PHT. Previous research revealed that this gene is significantly associated with improved salt tolerance and regulates stress resistance in wheat, Arabidopsis, and other plants (Ciftci-Yilmaz and Mittler, 2008; Ma et al., 2016). Other potential candidate genes for the PHT QTLs include TRITD1Bv1G189370 (encoding Calcineurin B-like protein), TRITD1Bv1G189570 (encoding Receptor-like protein kinase), and TRITD5Bv1G0001780 (Cytochrome P450-like protein).

The present study confirmed previously reported QTL for SPL on chromosome 1B (q.gwas.06; 314.3–318.8 Mbp), which was previously reported by Giraldo et al. (2016). Likewise, putative QTL q.gwas.11 on chromosome 2A (489.5–492.5 Mbp), QTL q.gwas.12 on chromosome 2A (522.4–534.5 Mbp), QTL q.gwas.13 on chromosome 2B (185.5–195.6 Mbp), and QTL q.gwas.23 on chromosome 5A (526.3–534.1Mbp) were found for this trait. These are likely to be novel QTLs since the corresponding genomic regions are not associated with SPL in previous studies. The potential candidate genes for the SPL QTLs include TRITD2Av1G189490 (encoding Acyl-CoA N-acyltransferase), TRITD2Av1G190600 (encoding Ring finger protein), and TRITD2Bv1G109560 (encoding E3 ubiquitin-protein ligase). A report from a previous study revealed that E3 ubiquitin proteins have a potential role in modulating crop productivity by influencing growth, development, and important agronomic traits (Varshney and Majee, 2022).



5 Conclusions

In the present study, we evaluated the diverse germplasm of Ethiopian durum wheat using multi-environment trials (MET) data that are genotyped with the Illumina Infinium 25k wheat SNP array to unravel genomic regions associated with its phenological and plant architecture traits as well as grain yield and yield related traits using GWAS. The GWAS identified 44 significant MTAs, including 26 novel genomic regions. The combined analysis of variance revealed significant effects of genotype, environment, and genotype-by-environment interaction on the target traits. The study also confirmed several previously reported QTLs. The identification of a large number of novel QTLs in this study indicates the presence of novel alleles of the genes underlying these QTLs, which probably confirms the distinctness of the Ethiopian durum wheat gene pool from other durum wheat gene pools. The major significant QTLs, such as q.gwas.21 (for SNP IAAV3365, stable across location) that explained 44.95% of the variation in grain yield, q.gwas.10 (for SNP Kukri_rep_c73477_888) that explained 32.9% of the variation in days to maturity and q.gwas.28 (for SNP Kukri_c60966_261) that explained 30.7% of the variation in the grain-filling period are the key findings of this study. Additional research is needed to validate these key findings, including fine mapping to determine the underlying genes and their subsequent functional analysis. The addition of SNP markers associated with the target traits of this study is highly beneficial for genomic-led breeding of durum wheat.

The results could empower the sustainability of durum breeding by unlocking genomic regions governing complex plant characteristics. Most importantly, the results obtained in the present study could contribute a major role in understanding the durum wheat genome and improving genetic resources for breeding this crop, which in turn, supports global food security. The newly identified genes will also advance the understanding of genomic regions associated with essential characteristics used in durum wheat breeding. The identified novel variants suggest a potential use of Ethiopian durum wheat in durum wheat marker-assisted breeding. The study also provided new insight into the genetic architecture of grain yield and related traits. It indicated the potential of the diverse Ethiopian durum wheat gene pool for future improvement programs. Hence, the identified MTAs and candidate genes could be used to understand the genetic basis of genomic regions of important traits and to accelerate the development of new cultivars with high grain yield and agronomically essential traits via precision breeding. In addition, the identified MTAs could be used in marker-assisted breeding, fine mapping, and cloning of the underlying genomic regions and putative QTLs in durum wheat germplasm.
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Description of mean monthly weather information of test sites during crop growing season.


Supplementary Table 5 | 
Computed physical distance at which mean linkage disequilibrium decay drops below at cut off (r2 = 0.2) value on pairwise comparison of SNP markers.


Supplementary Table 6 | 
GWAS complete output for phenological, plant architecture, grain yield, and yield-related traits across five test sites and combined data. “Trait” indicate measured phenotypic data including; DTH, Days to heading; DTM, Days to physiological maturity; NET, Number of effective tillers per plant; GFP, Grain filling period; PHT, Plant height; SPL, Spike length; SPP, Number of spikelets per spike; TKW, Thousand kernel weight; and GYD, Grain yield. Loc, test sites, AK, CD, HO, KU, and SN are Akaki, Chefe Donsa, Holeta, Kulumsa, and Sinana test sites, respectively. CO; reports combined environments data; CHR, chromosome; SNP, Single nucleotide polymorphisms; POS, Physical position; MAF, minor allele frequency; P.value, reports the significance of the nominal tests and PVE, reports phenotypic variance explained. This 
Supplementary Table
 is also presented in Excel format.


Supplementary Table 7 | 
High-confidence candidate genes were identified through marker-trait association analysis to associate with phenological, plant architecture, grain yield, and yield-related traits collected at five test sites. “Trait” indicates measured phenotypic data including; DTH, Days to heading; DTM, Days to physiological maturity; NET, Number of effective tillers per plant; GFP, Grain filling period; PHT, Plant height; SPL, Spike length; SPP, Number of spikelets per spike; TKW, Thousand kernel weight; and GYD, Grain yield. MTAs, Marker trait associations; SNPs, Single nucleotide polymorphisms. This 
Supplementary Table
 is also presented in Excel format.


Supplementary Figure 1 | 
Genome-wide LD decay plot over total physical distance based on 10,045 SNP markers. The yellow curve represents the model that fits LD decay. The solid red line represents the arbitrary threshold for no LD used (r2
 = 0.3). The light green line indicates the intersection between the critical and the map distance to determine QTL confidence intervals.



Supplementary Figure 2 | 
The circular Manhattan and Q-Q plots of GWAS results for DTH on panels (A, B), and DTM on panels (C, D) were produced using each test site and combined data across test sites. The circular Manhattan plots represent the relative positions of the SNP markers on each chromosome in a circular manner. To view the significant MTAs results, move from outside to the center of each circle, rotating (rounding) through each circle starting from FarmCPU.CO.DTH, followed by FarmCPU.SN.DTH, FarmCPU.KU.DTH, FarmCPU.HO.DTH, FarmCPU.CD.DTH, and FarmCPU.AK.DTH to the center of the circle in sequential order and follow a similar approach for DTM. The name of test sites as stated here is presented in the center of circle. For the QQ–plots, Y-axis represents observed–log10 (p-value), and the X-axis represents expected–log10 (p-value) under the assumption that the p-values follow a normal distribution. The dotted lines indicate the 95% confidence interval assuming the null hypothesis of no association between the SNP and trait. DTH refers to days to heading, and DTM refers to days to physiological maturity. CO; Combined data across five environments, SN: Sinana site, KU: Kulumsa site, HO; Holeta site, CD: Chefe Donsa site, and AK: Akaki sites. The Circular Manhattan and Q-Q plots of GWAS results for GYD on panel (E, F), TKW on panel (G, H), and SPP on panel (I, J) were plotted using data from each test site and combined data from all test sites, respectively. For the circular manhattan plot, follow a similar approach for these traits as in 
Figure S2A
 for all test sites and traits. The assumption of QQ–plots in also applies here. GYD, Grain yield, TKW, Thousand-kernel weight, and SPP, number of spikelets per spike. CO; Combined data across five environments, SN: Sinana site, KU: Kulumsa site, HO; Holeta site, CD: Chefe Donsa site, and AK: Akaki sites. The Circular Manhattan and Q-Q plots of GWAS results for PHT on panel (K, L), NET on panel (M, N), and SPL on panel (O, P) were plotted using data from each test site and combined data from all test sites, respectively. For the circular manhattan plot, follow a similar approach for these traits as in 
Figure S 2A
 for all test sites and traits. For the QQ–plots, apply the assumption in a. SPL, Spike length; NET, Number of effective tillers per plant; and PHT, Plant height, and SPP. CO; Combined data across five environments, SN, Sinana site; KU, Kulumsa site; HO, Holeta site; CD, Chefe Donsa site; and AK, Akaki sites.
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3. MDA: Most important descriptors
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1. Weighting of descriptors of the
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the parents in the selected PCs.

2. Transform the weighted descriptors
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proportions
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proportions are the predicted values of
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1) Mine phenotypic and genetic variation hidden within CWR and landraces

* Extended sampling targeting isolated pockets of cryptic diversity
* Robust ecological data and modeling algorithms for conservation and niche priorities

e High-throughput ‘omics’ (e.g., genomic and multi-locality phenomic data)

2) Bridge crop—wild incompatibilities and unlock novel diversity

* Hybrid and introgression breeding via bridge genotypes and congruity backcrossing
* Embryo rescue, genomics-assisted backcrossing, speed breeding
* Gene editing for exotic alleles, de novo domestication, precocity, and compatibility factors

* Grafting onto wild rootstocks for stress tolerance, adaptation, growth traits, and yield

3) Tackle complex polygenic traits and adaptation from CWR and landraces

* De novo domestication, introgression breeding, and speed breeding
e Unsupervised clustering, modern GWAS, genomic selection, and machine learning

* Genomic landscapes of trait variation, and signatures of past and modern adaptation

4) Deliver CWR- and landrace-derived crop varieties and ecosystem services

* Food security with resilient and sustainable crop systems

* Novel phenotypes and alleles transferred into customized cultivars

e Underutilized plants, CWR, and landraces as novel sustainable food sources

* Novel markets for CWR- and landrace-derived crop varieties and ecosystem services
* Holistic multilateral trans-disciplinary agendas with open-access networks

* Engagement to conserve and mobilize crop agrobiodiversity

* Equalized multidimensional access of communities, minorities and vulnerable systems
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75 13 boll color, bract color, petal color, pollen color, petal spot, boll pitting, stem hair, locule number, boll
glanding, seed fuzz, leaf glands, leaf color, stem glands
20 14 boll color, bract color, petal color, pollen color, petal spot, boll pitting, stem hair, locule number, boll
glanding, seed fuzz, leaf glands, leaf color, stem glands, leaf hair
25 16 boll color, bract color, petal color, pollen color, petal spot, boll pitting, stem hair, locule number, boll
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90 17 boll color, bract color, petal color, pollen color, petal spot, boll pitting, stem hair, locule number, boll
glanding, seed fuzz, leaf glands, leaf color, stem glands, leaf hair, boll shape, lint color, stem color
boll color, bract color, petal color, pollen color, petal spot, boll pitting, stem hair, locule number, boll
95 20 glanding, seed fuzz, leaf glands, leaf color, stem glands, leaf hair, boll shape, lint color, stem color, boll
point, leaf size, seed fuzz color
boll color, bract color, petal color, pollen color, petal spot, boll pitting, stem hair, locule number, boll
98 24 glanding, seed fuzz, leaf glands, leaf color, stem glands, leaf hair, boll shape, lint color, stem color, boll

- point, leaf size, seed fuzz color, boll nectaries, leaf nectaries, stigma, bract teeth size
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Plant structure
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Supporting document including the descriptor definitions (Supplementary Data 1).
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Unsupervised clustering sets

Original group labels Cluster 2.1 (Gh) Cluster 2.2 (Gb)
SA plus TEX 724 21
Gb 6 546

Two-cluster analysis was designed to group accessions by species. Clusters were
arbitrarily numbered based on k-value and unique ID, i.e., ‘Cluster 2.1°, and the
species identifier was assigned afterward based on the majority of pre-labeled
accessions in NCGC that it contained.

Silhouette score: 0.33. Accessions analyzed were: SA plus TEX, 745
accessions;, and Gb, 552 accessions. The Accessions IDs are reported in
Supplementary Table 8.
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Unsupervised clustering sets

Original group labels Cluster 3.1 (TEX) Cluster 3.2 (SA) Cluster 3.3 (Gb)

TEX 308 156 7
SA 21 251 2
Gb 9 0 543

Three-cluster analysis was designed to test for separation between all three groups
of accessions. Clusters were arbitrarily numbered based on k-value and unique ID,
i.e., ‘Cluster 3.1 and the group identifier was assigned afterward based on the
majority of pre-labeled accessions in NCGC that it contained.

Silhouette score: 0.22. The Accessions IDs and clusters are reported in
Supplementary Table 9.
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boll glanding: petal color, boll size \
TEX boll nectaries: growth habit, petal color
boll pitting: stigma, bract color
boll point: stem hair, petal color, stigma, seed fuzz, boll shape
boll shape: boll size
boll size: growth habit, canopy type, leaf hair, stem hair, leaf nectaries, petal color, pollen color, petal spot,
lint color, locule number, seed fuzz, seed fuzz color, fruiting type
bract color: stigma
canopy type: growth habit, stem hair, petal color, pollen color, petal spot, seed fuzz color
fruiting type: petal color, pollen color, locule number

54 associations

S A S A & TEX growth habit: leaf hair, stem hair, petal color, petal spot, lint color, locule number, seed fuzz color
leaf nectaries: lint color
boll color: stem color . lint color: petal color, pollen color
boll shape: boll nectaries boll nectaries: seed fuzz color locule number: petal color, stigma, seed fuzz color
seed fuzz color: bract nectaries, boll pitting | 1eaf hair: petal color petal color: stem hair, seed fuzz, seed fuzz color
4 associations | 2 associations B o, Uk i et (e Sl
stem hair: stigma

S A & Gb S A & TE X & Gb boll color: pollen color, locule number, boll pitting
boll glanding: locule number
boll color- lint color. bract color| Pract nectaries: boll nectaries boll pitting: pollen f:olor, petal spot, locule number, boll shape
boll pitting: petal cc;lor leaf hair: stem hair boll shape: stem halr-, petal spot, stigma, locule numl?er, seed fuzz color
SnEtoilie: StE, salne Tint color: seed Fuzz color canopy type: leaf hair, leaf nectaries, lint color, fruiting type
sy fpe: fiingiype leaf hair: p.ollen color, petal spot, lint color, locule number, seed fuzz color
leaf nectaries: stem hair
lint color: stem hair, petal spot
locule number: stem hair, pollen color, petal spot
petal color: pollen color, petal spot

5 associations| 3 associations

TEX & Gb petal spot: stem hair, pollen color, stigma, seed fuzz, seed fuzz color
pollen color: stem hair
38 associations seed fuzz color: stem hair, seed fuzz

boll color: leaf hair, stem hair, petal spot, seed fuzz, boll shape, boll size, boll glanding
boll glanding: leaf hair, stem hair, pollen color, petal spot, seed fuzz, boll pitting
boll pitting: leaf hair, stem hair
boll shape: canopy type, leaf hair, pollen color, seed fuzz, bract color
Gb bract color: leaf hair, pollen color, petal spot, seed fuzz color, fruiting type
canopy type: stigma, seed fuzz
fruiting type: growth habit, leaf hair, leaf nectaries, petal spot, stigma, lint color, seed fuzz
leaf hair: leaf nectaries, stigma, seed fuzz
leaf nectaries: seed fuzz, seed fuzz color
lint color: stigma, seed fuzz
locule number: seed fuzz
petal spot: stem color
seed fuzz: stem hair

44 associations

leaf glands: boll point, boll shape, bract nectaries, fruiting type, leaf hair, stem hair, leaf nectaries, pollen color, petal —
spot, locule number, seed fuzz color boll glanding: leaf glands 6 associations
TEX leaf shape: boll size, leaf hair, leaf nectaries, growth habit, petal color, petal spot, lint color, seed fuzz color, stem hair canopy type: leaf shape S A
stem glands: boll point, boll shape, boll glanding, bract nectaries, fruiting type, leaf hair, leaf nectaries, locule number,| leaf glands: petal color
pollen color, seed fuzz color, seed fuzz, stem hair 32 associations stem glands: leaf glands, petal spot*, petal color ) 0 associations
e

bract teeth size: stem hair,
TEX petal color, locule number

.. spot
3 associations P

N

N D
bract teeth size: bract color, boll shape, boll
color, boll pitting, leaf hair, pollen color, petal Gb
7 associations 0 associations

SA

0 associations 0 associations

Gb

0 associations

\ )
L.

“

G

canopy type: leaf size, seed type

leaf hair: leaf size, seed type
leaf size: boll color, growth habit, leaf nectaries, petal spot, stigma, lint color, seed fuzz, seed type
seed type: petal spot, seed fuzz color, seed fuzz, stigma

bract teeth number: boll shape, leaf glands,
petal color, petal spot, pollen color, seed fuzz,
stem glands, stem hair

leaf color: bract color, boll color
stem color: leaf color

W
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Chr  PQAG Gene ID Description of gene

1 TACX11338 1B q.gwas.01 TRITD1Bv1G168480 523422292 523424581 ‘WRKY transcription factor

2 TACX11338 1B q.gwas.01  TRITDIBviG169970 = 526873942 = 526876463 = WRKY transcription factor

3 TACX11338 1B q.gwas.01 ~ TRITDIBviG170060 | 527017659 = 527018012 =~ WRKY DNA-binding protein 39 G

4 AX-158591262 7A q.gwas.30 TRITD7Av1G011750 20905388 20908162 Growth-regulating factor

S AX-158591262 7A q.gwas.30  TRITD7Av1G017240 30780092 30782694 Zinc finger CCCH domain protein TE? DTH
6 AX-158591262 7A q.gwas.30  TRITD7AviG017550 | 31546753 31548244 = NAC domain-containing protein, putative

7 Ku_c24482_1132 7B q.gwas.35 TRITD7Bv1G056500 157854628 157855010 Seed maturation protein LEA 4

8 Ku_c24482_1132 7B q.gwas.35  TRITD7Bv1G056720 | 158562417 158562866 | Zinc finger family protein

9 Ku_c24482_1132 7B q.gwas.35  TRITD7BviG057630 | 162519251 162520668 iigxiilﬁﬁktirco‘fesi:lTERMlNAL

10 Ku_c24482_1132 7B q.gwas.35  TRITD7Bv1G058480 | 164897716 164902189 = Phosphate transporter PHO1-like protein

11 AX-109869840 6A q.gwas.25 TRITD6Av1G220960 = 603258174 603260717 Ethylene receptor

12 Tdurum_contig49186_437 7A q.gwas.30  TRITD7AviGO011750 | 20905388 20908162 = Growth-regulating factor DTM

13 Tdurum_contig49186_437 7A q.gwas.30  TRITD7AviG017240 | 30780092 30782694 | Zinc finger CCCH domain protein TE?

14 Tdurum_contigd9186_437 7A q.gwas.30 TRITD7Av1G017550 31546753 31548244 NAC domain-containing protein, putative

15 Kukri_c60966_261 6B q.gwas.28  TRITD6Bv1G226900 = 693249887 = 693252855 | Receptor protein kinase, Putative GFP
16 AX-158602974 1B qgwas03 TRITDIBvIGIS9370 = 580660944 = 580663298  Calcineurin B-like protein
17 AX-158602974 1B q.gwas.03 ~ TRITDIBv1G189570 | 580988293 580988886 = Receptor-like protein kinase PHT
18 AX-158602974 1B qgwas03 TRITDIBvIGI9I400 = 585136543 | 585142125  Zinc finger protein
19 BS00091519_51 SB qgwas24 TRITD5BvIGOOI780 5178666 | 5198798  Cytochrome P450-like protein
20 Kukri_c17062_618 2A qgwas.12  TRITD2AvIG189490 | 526757053 = 526762842 | Acyl-CoA N-acyltransferase
21 Kukri_c17062_618 2A | qgwas12  TRITD2AvIGI0600 529454657 | 529455487  Ring finger protein, Putative SPL
22 Kukri_c3096_1411 2B qgwas13 TRITD2BvIG109560 = 316041878 = 316042468 = E3 ubiquitin-protein ligase
23 RACS75_c400_193 1B qgwas02 TRITDIBYIGO00110 = 327500 sos11a | LyPtophan aminotransferase-related
protein 2
24 AX-89760660 1B | qgwas07 TRITDIBvIGI66820 | 518699664 = 518701642 ﬁ:ﬁ?ﬂ"i" COCH. domatncontatning
25 AX-89760660 1B | qgwas07 TRITDIBVIGIGZIIO | 519057378 | 519065351 | D¢ CLUCOSE PYROPHOSPHORYLASE | op

1
26 Tdurum_contig25602_212 2B q.gwas.15 TRITD2Bv1G184650 545766407 545768972 | ethylene-responsive transcription factor
27 AX-94631122 3A qgwas.16  TRITD3Av1G275580 | 723577014 723578195  E3 ubiquitin-protein ligase

Ethylene-responsive factor-like

28 AX-158606713 1B qgwas08 TRITDIBvIGIZ6830 = 544878459 = 544879181 e
transcription factor
29 AX-158606713 1B q.gwas.08 ~ TRITDIBviG177060 = 545904571 = 545908993 = E3 ubiquitin-protein ligase TKW
30 AX-158606713 1B qgwas08 TRITDIBvIGI77540 | 547614469 547614996 | Blue copper protein
Tryptophan ami ferase-rel
31 | RFL_Contig3481_1669 1B qgwas02 TRITDIBvIGO00110 = 327500 328114 ryptophan aminotransferase-related
protein 2 GYD
32 1AAV3365 SA | qgwas2l | TRITDSAVIG205000 = 550462923 | 550477847 = ABC transporter

Chr, chromosome; GSS, Gene Sequence starts; GSE, Gene sequence ends; APQ, Associated putative QTL; DTH, Days to heading; DTM, Days to physiological maturity; GEP, Grain filling
period; PHT, Plant height; SPL, Spike length; SPP, Number of spikelets per spike; TKW, Thousand kernel weight; GYD, Grain yield.
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Putative QTL Associated SNP SNP position (bp)

q.gwas.01° TACX11338 1B 522669860 DTH
q.gwas.02 * RFL_Contig3481_1669 1B 4043159 GYD
g.gwas.01 GENE-0410_71 1B 523053033 NET
q.gwas.03 “ AX-158602974 1B 580658793 PHT
q.gwas.04 ° AX-158521163 1B 669849432 PHT
q.gwas.05 AX-95259256 1B 629504430 PHT
q.gwas.06 ° Tdurum_contigd5715_1246 1B 314321199 SPL
q.gwas.02 RAC875_c400_193 1B 1547605 SPP
q.gwas.07 AX-89760660 1B 519060573 SPP
q.gwas.08 ° AX-158606713 1B 546979073 TKW
q.gwas.09 AX-94884567 24 756029643 DTH
q.gwas.10 Kukri_rep_c73477_888 2A 70572673 DTM
q.gwas.11 Tdurum_contig76960_213 2A 492195805 SPL
q.gwas.12 Kukri_c17062_618 2A 522595273 SPL
q.gwas.13 Kukri_c3096_1411 2B 314134332 SPL
Putative QTL Associated SNP hr SNP position (bp)

q.gwas.14 L AX-158597411 2B 99223728 SPP
q.gwas.15 Tdurum_contig25602_212 2B 546442999 SPP
q.gwas.16 AX-94631122 3A 723577013 SPP
q.gwas.17 * RAC875_c62223_86 3B 763192473 GFP
q.gwas.18 AX-158541767 3B 61267921 TKW
q.gwas.19 BS00071597_51 3B 803879943 TKW
q.gwas.20 ° BS00110281_51 4A 724872914 SPP
qgwas.21 1AAV3365 5A 548344620 GYD
q.gwas.22 wsnp_BE443745A_Ta_2_1 5A 439542987 PHT
q.gwas.23 AX-94615777 5A 529858969 SPL
q.gwas.22 RAC875_c41315_157 5A 431829169 TKW
q.gwas.24 * AX-109859693 5B 5172617 DTH
qgwas.24 * BS00091519_51 5B 5174649 PHT
q.gwas.25 * AX-109869840 6A 603461435 DTM
q.gwas.26 AX-158564275 6A 528989018 TKW
q.gwas.27 wsnp_BE496986B_Ta_2_2 6B 568039035 DTH
q.gwas.28 Kukri_c60966_261 6B 693337622 GFP
q.gwas.29 AX-95154560 6B 120830636 PHT
q.gwas.30 AX-158591262 7A 30075367 DTH
q.gwas.30 ° Tdurum_contigd9186_437 7A 32558067 DTM
q.gwas.31 Tdurum_contigl2722_779 7A 44540113 DTM
q.gwas.32 RAC875_c57656_170 7A 614197852 GYD
q.gwas.33 ¢ wsnp_Ex_c16045_24471413 5B 685974689 GYD
q.gwas.30 AX-158591111 7A 33518205 SPP
q.gwas.30 ° wsnp_Ex_rep_c66939_65371026 7A 6480158 TKW
q.gwas.34 AX-94640059 7A 686968079 TKW
q.gwas.35 Ku_c24482_1132 7B 155935903 DTH
q.gwas.36 AX-94782013 7B 604310198 NET
q.gwas.37 Tdurum_contig75127_589 7B 697951769 PHT

*Previously identified QTLs, Chr, chromosome; DTH, Days to heading; DTM, Days to physiological maturity; GEP, Grain filling: NET, Number of effective tillers per plant; GEP, Grain filling
period; PHT, Plant height; SPL, Spike length; SPP, Number of spikelets per spike; TKW, Thousand kernel weight; GYD, Grain yield; TAPQIL, Traits associated with Putative QTL.
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SNP (MTASs) POS (bp) alue MAF Effect PVE?
AX-158591262 7A 30075367 5.13281E-07 0.31 -0.51 1.62
AX-94884567 2A 756029643 5.54677E-08 0.16 0.77 35
TACX11338 1B 522669860 1.43456E-06 0.09 -2.04 2218
AX-109859693 5B 5172617 3.78017E-09 0.05 1.16 5.13
wsnp_BE496986B_Ta_2_2 6B 568039035 1.80668E-08 0.17 -0.68 5.28
Ku_c24482_1132 7B 155935903 3.69626E-07 0.29 -0.66 1.67
AX-109869840 6A 603461435 2.75361E-06 0.05 -0.74 21.07
Kukri_rep_c73477_888 2A 70572673 1.55589E-23 0.09 -2.54 32.88
Tdurum_contigd9186_437 7A 32558067 5.98292E-09 0.49 0.29 1.88
Tdurum_contigl2722_779 7A 44540113 4.95657E-07 0.07 0.41 4.45
RAC875_¢62223_86 3B 763192473 1.31126E-07 032 -0.53 3.58
Kukri_c60966_261 6B 693337622 5.50108E-07 0.08 -1.41 30.67
RFL_Contig3481_1669 1B 4043159 5.87000E-06 0.10 0.02 5.45
Excalibur_c51720_84 7A 709197555 6.71000E-06 0.05 0.02 15.75
RAC875_c57656_170 7A 614197852 1.75039E-06 0.46 0.17 1.74
TAAV3365 5A 548344620 1.87701E-10 0.06 -0.79 44.95
GENE-0410_71 1B i 523053033 1.78840E-07 0.44 0.22 5.61
AX-94782013 7B 604310198 3.10157E-06 0.09 -0.25 279
AX-158602974 1B 580658793 5.16606E-11 0.06 -4.33 2.68
BS00091519_51 5B 5174649 2.79112E-06 0.05 -2.03 9.64
AX-158521163 1B 669849432 3.25148E-06 0.06 -2.10 12
AX-95259256 1B 629504430 2.07679E-07 0.12 -1.52 4.51
wsnp_BE443745A_Ta_2_1 5A 439542987 7.51027E-08 0.37 112 2.59
AX-95154560 6B 120830636 5.51278E-08 0.05 273 23.76
Tdurum_contig75127_589 7B 697951769 5.0922E-08 0.06 -3.88 8.34
Tdurum_contigd5715_1246 1B 314321199 6.74631E-07 0.48 -0.26 3.62
Kukri_c17062_618 2A 522595273 4.96382E-07 0.28 0.17 275
Tdurum_contig76960_213 2A 492195805 3.17135E-07 0.13 -0.63 12.3
Kukri_c3096_1411 2B 314134332 3.40111E-07 022 0.28 3.02
AX-94615777 5A 529858969 2.51717E-07 0.45 0.15 1.01
Tdurum_contig25602_212 2B 546442999 3.25386E-07 0.24 0.22 1.76
AX-158591111 7A 33518205 7.03418E-08 0.24 -0.24 1.85
BS00110281_51 4A 724872914 1.51333E-06 0.06 0.41 4.5
AX-89760660 1B 519060573 8.65163E-09 0.07 -0.49 16.82
RAC875_c400_193 1B 1547605 8.21951E-07 0.10 -0.25 1.53
AX-158597411 2B 99223728 2.38152E-06 0.49 0.24 22F
AX-94631122 3A 723577013 1.23025E-09 0.23 0.31 112
SNP (MTAs) CHR POS (bp) alue MAF Effect PVE*
AX-158606713 1B 546979073 1.26545E-06 0.26 -0.67 1.05
wsnp_Ex_rep_c66939_65371026 7A 6480158 1.99623E-06 0.18 -0.81 1.72
BS00071597_51 3B 803879943 7.43197E-09 0.20 1.44 7.93
AX-158541767 3B 61267921 2.83169E-07 0.07 -1.82 10.6
RAC875_c41315_157 5A 431829169 3.78422E-06 0.10 -1.28 5.65
AX-158564275 6A 528989018 3.23204E-10 0.09 -1.57 5.45
AX-94640059 7A 686968079 4.86263E-06 0.44 0.65 123

DTH

DTM

GFP

GYD

NET

PHT

SPL

SPP

TKW

Chr, Chromosome; POS, Physical position of SNP; bp, Base pair; MAF, Minor allele frequency; PVE, Phenotypic variance explained; DTM, Days to heading; DTM, Days to maturity; GEP, Grain

filling period; NET, Number of effect tillers per plant; SPL, Spike length; PHT, Plant height; SPP, Number of spikelets per spike; TKW, Thousand kernel weight; GYD, Grain yield.
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Chromosome Total number of SNP pairs Significant SNP marker pairs at Average r? Average distance (Mbp ?)

r? > 03 (p< 0.01)

1A 35,875 7,811 (21.8%) 020 204

1B 41,700 7,666 (18.4%) 0.16 21.1
2A 35,700 7,218 (20.2%) 0.17 283
[ 2B 42,700 | 8,709 (20.4%) 0.17 [ 238
3A 29,800 5,297 (17.8%) 0.16 329
3B 39,550 10,362 (26.2%) 021 274
4A 25,250 3,580 (14.2%) 0.14 384
4B 20,000 3,805 (19.0%) 0.17 ' 44.9
5A 36,600 8,144 (22.3%) 0.19 23.7
5B 45,100 8,738 (19.4%) 0.17 20.1
6A 31,450 8,454 (26.9%) 0.22 25.6
[ 6B 36,900 7,586 (20.6%) 0.18 [ 24.6
I 7A 39,450 ‘ 4,781 (12.1%) » 0.12 » 239
7B 30,700 5,234 (17.0%) 0.15 » 30.8
A genome 234,125 45,284 (19.3%) 0.17 26.9
B genome 293,250 52,102 (17.8%) 0.17 258
Total 490,775 97,386 (19.8%) 0.17 26.8

* Mbp, Mega base pair.
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CHR* NSPChr GCR (bp) CHR NSPChr ROGC (bp) SGRC (Mbp)

1A 757 1104472-585259074 584.2 1B 849 313555-681099620 680.8
[ 2A 728 295475-774813964 I 7745 2B 869 406084-789416853 789.4
3A 610 304055-746380464 746.1 3B 806 304239-746380464 746.1
4A ‘ 520 698412-736473645 | 735.8 4B 415 42526-674744571 674.7
5A 746 27537-667286510 667.3 5B 917 2555603-701346725 698.8
6A 643 591650-615260837 614.7 6B 753 2052283-698554772 696.5
7A 803 171878-727023089 7269 7B 629 47368-721753586 721.7
A? ‘ 4807 na ' 4849.5 B 5238 ‘ na 5008

* CHR, chromosome; *A, A genome; °B, B genome; NSPChr, Number of SNPs per chromosome; GCR, Genome coverage ranges SGRC, Size of genomic region(s) covereds na, Not
applicable.
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Traits

Akaki 77.3 78 59-86 0.19 Akaki 6.24 6 4-12 0.04
Chefe Donsa 74.8 76 68-84 0.14 Chefe Donsa 7.69 8 5-14 0.05
Holeta 74.9 76 64-84 0.14 Holeta 8.16 8 5-13 0.06
DTH SPL
Kulumsa 68.0 68 59-77 0.13 Kulumsa 8.1 8 5-12 0.05
Sinana 64.1 68 59-76 0.13 Sinana 9.48 10 4-14 0.07
Pooled ENV 72.6 73 59-86 0.08 Pooled ENV 7.94 8 4-14 0.03
Akaki 138.5 137 133-153 0.12 Akaki 4.9 49 1.2-9.9 0.05
Chefe Donsa 137.3 138 131-150 0.09 Chefe Donsa 8.4 8.5 1.6-13 0.06
Holeta 132.6 133 127-147 0.09 Holeta 4.36 43 2.7-11 0.03
DTM GYD
Kulumsa 133.6 134 127-145 0.09 Kulumsa 7.78 7.8 1.8-13.5 0.06
Sinana 138.1 138 130-150 0.08 Sinana 82 8.1 2.9-14 0.07
Pooled ENV 136.0 136 127-153 0.06 Pooled ENV 6.74 6.7 1.2-14 0.03
Akaki 61.3 60 48-81 0.17 Akaki 35.25 35 20-51 0.16
Chefe Donsa 62.5 62 51-77 0.13 Chefe Donsa 42.69 42 27-60 0.18
Holeta 57.7 57 48-75 0.15 Holeta 4221 42 29-60 0.17
GFP TKW
Kulumsa 65.6 65 53-80 0.16 Kulumsa 4225 42 26-66 0.20
Sinana 70.0 70 58-85 0.14 Sinana 42.05 415 21-57 0.18
Pooled ENV 63.4 63 48-85 0.09 Pooled ENV 40.89 41 20-66 0.09
Akaki 69.5 69 43-111 0.31 Akaki 15.84 16 9-23 0.07
Chefe Donsa 100.0 100 70-133 0.33 Chefe Donsa 18.14 18 13-23 0.06
Holeta 93.4 94 57-129 0.40 Holeta 14.58 15 10-23 0.05
PHT SPP
Kulumsa 101.2 102 58-140 0.37 Kulumsa 18.14 18 13-24 0.06
Sinana 117.0 117 65-156 0.40 Sinana 20.88 21 14-26 0.06
Pooled ENV 96.3 98 43-156 0.28 Pooled ENV 17.52 18 9-26 0.04

“SE, Standard error.
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SSR Analysis No. of genes Percentage (%)

Total number of sequences examined (TNSE) 409,309 1002
Total size of examined sequences (bp) 204,196,448

Number of SSR containing sequences 35,639 8.72
Number of sequences containing more than 4,269 1.02
one SSRs

Total number of identified SSRs (TNIS) 40,776 1000
Number of mononucleotide repeat SSRs 22,582 55.40
Number of dinucleotide repeat SSRs 8,487 20.8°
Number of trinucleotide repeat SSRs 8,589 21.1b
Number of tetranucleotide repeat SSRs 938 2.3b
Number of pentanucleotide repeat SSRs 93 0.2b
Number of hexanucleotide repeat SSRs 87 0.2°
Total number of SSRs (TNS)* 38,011 100°
Number of SSRs present in compound 2,380 6.3°
formation

Number of repeats considered for mononucleotide SSRs: > 10.

Number of repeats considered for dinucleotide SSRs: > 6.

Number of repeats considered for tri, tetra, penta and hexanucleotide repeats: > 5.
Maximal number of bases interrupting two SSRs in a compound SSR: = 100.
*Compound SSRs were counted as single SSRs unlike the case of TNIS.

a%age of TNSE; , = %age of TNIS; © = %age of TNS.
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Genotype

28 genotypes and 5,531 Loci

30 genotypes and 1,687 loci

MeanNa+SE MeanHo +SE Mean NPA+SE  %PL GD MeanNa+SE MeanHo+SE Mean NPA+SE  %PL GD
Ga01.12 1.18+d 0.18 +d 0.001 £a 0.18  0.041 11241 012+ f 0.000 + a 0.12  0.035
Ga01.16 1.20 £d 0.20+d 0.001 £a 0.20  0.041 118+t 013+ f 0.000 £ a 0.13  0.036
Ga01.22 1.283+e 028+ 8 0.002 £ b 0.23  0.044 115+ g 0.156+g 0.001 £b 0.15  0.039
Ga01.06 123+e 0.23+e 0.005 £ b 0.23  0.048 Wil +g 017 +g 0.004 £ b 0.17  0.044
Ga01.08 1.20+d 0.20+d 0.001 £a 0.20  0.045 1183t f 013+ f 0.001 £b 0.13  0.039
Ga01.20 1.20+d 0.20+d 0.001 £a 0.20  0.040 142 £f 012+ f 0.001 £b 0.12  0.036
Ga02.01 123+te 0.283+e 0.0083 £ b 0.23  0.046 119+g9 019+g 0.008 £ b 0.19  0.042
Ga02.03 122 +e 0.22+e 0.004 £b 0.22  0.045 116+ g 0.156+g 0.001 £b 0.15  0.039
Ga02.07 124 +e 024 +e 0.004 £ b 0.24 0.048 117 xg 017 +g 0.008 £ b 0.17  0.043
Ga01.01 120t e 026+¢ 0.003 £ b 0.26  0.050 119+g 019+g 0.003+b 0.19  0.045
Ga01.02 124 +e 024 +e 0.004 £b 0.24  0.048 116+g 0.16+g 0.002 £ b 0.16  0.042
Ga04.11 123+te 0.23+e 0.001 £a 0.23  0.047 116+tg 0.16+g 0.001 £b 0.16  0.042
Ga02.02 na na na na na 119+h 0.19+h 0.002 £ b 0.19  0.045
Ga02.06 126te 0.26+e 0.005 £ b 0.26  0.051 118+g 0.18+g 0.002 £ b 0.18  0.046
Ga04.08 124 te 0.24+e 0.002 £ b 0.24  0.046 117 +g9 017 +g 0.002 £ b 0.17  0.040
Ga06.01 126+ ¢ 0.25+¢ 0.008 £ b 0.25  0.050 118+g 0.18+g 0.003 £ b 0.18  0.042
Ga06.02 127 +e 0.27 +e 0.012+b 0.27  0.053 1.21+h 0.21+h 0.004 £ b 0.21 0.048
Ga09.04 1.26+e 0.26+¢e 0.007 £ b 0.25  0.050 1189 0.18+g 0.004 £ b 0.18  0.045
Ga07.01 126+ e 0.26+e 0.005 £ b 0.26  0.051 119+g 019+g 0.002 £ b 0.19  0.047
Ga08.01 127 +e 02T +e 0.010tb 0.27  0.053 1.21+h 0.21+h 0.004 £ ¢ 0.21 0.049
Ga09.03 120t e 026+¢ 0.014tc 0.26  0.053 118+g¢g 0.18+g 0.008 £ ¢ 0.18  0.046
Ga08.03 127 £ e C27 +e 0.008 £ b 0.27  0.052 1.21th 0.21+h C.o008+¢ 0.21 0.050
Ga10.02 125+ ¢ 026+e 0.000 £ a 0.25  0.049 118+g¢g 0.18+g 0.004 £ b 0.18  0.042
Gal10.06 127 + e 027 +e 0.000 £ a 0.27  0.055 1.20£h 0.20+h 0.007 ¢ 0.20  0.051
Ga08.05 128+te 0.28+e 0.007 £ b 0.28  0.054 1.23+h 0.23+h 0.003 £ b 0.23  0.049
Ga09.02 126+ e 025+e 0.005 £ b 0.25  0.048 117 xg 017 +g 0.002 £ b 0.17  0.042
Ga10.08 124te 0.24+e 0.000 £ a 0.24  0.046 118+g¢g 0.18+g 0.001 £b 0.18  0.042
Gal01B.3 126+e 0.25+e¢ 0.000 £ a 0.25  0.050 118+g 0.18+g 0.002 £ b 0.18  0.045
Gal01B.5 1.26te 0.26+e 0.000 £ a 0.26  0.052 1.19+h 019 +h 0.001 £b 0.19  0.046
Gal01B.m na na na na na 118+g 0.18+g 0.002 £ b 0.18 0.044
Mean 122+b 0.22+b 0.004 £ b 0.24  0.048 1.19+c 0.18+c 0.008 £ b 0.17  0.043

+ SE = standard error with a, b, ¢, d, e, f, g, and h equal to 0, 0.001, 0.002, 0.005, 0.006, 0.008, 0.009, and 0.01; respectively.
na = Not applicable.
The Pearson correlation coefficient between the two groups for NA, Ho and %PL was 0.94 (P < 0.001); for NPA was 0.59 (P = 0.001), and for GD was 0.95 (P < 0.001).
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109767.6

316181.8
15762.6

190661.5

109767.6
316181.8

Variance components

292.1Va
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84.8Vc
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95.5Va
235.6 Vb

168.2 Ve
489.2
8.3 Va

289.3Vb

168.7 Ve
455.8
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158.17 Ve
462.4

Percentage of variation

64.5
16.8
18.7

19.52
48.16

32.33

1.83
63.47

34.70

4.30
61.50

34.20

Fixation indices

Fer =0.65
Fig = 0.47
Fir =081

For =0.20
.60

Fso=

Fer =068

For =0.02
Foc =0.65

Fer =0.65

Probability (P) value

Vaand Fgr < 0.001
Vb and Fig <0.001
Ve and Fir < 0.001

Vaand Fer < 0.001
Vb and Fgg < 0.001

Ve and Fgr < 0.001

Vaand Fer =047
Vb and Fsc < 0.001

Ve and Fgr < 0.001

Vaand Fer <0.05
Vb and Fg < 0.001

Ve and Fgr < 0.001

The 24 accessions were groupedinto four geographic regions, three agro-ecological groups based on world classifications (Amede et al,, 2015), and two peduncle shape
groups (Supplementary Table 1). PS, peduncle shape; DF, degrees of freedom; SS, sum of square; Va, Vb, and Ve, variance explained by the source of variation; Fr,

Fis, Fir, Fer and Fsc, fixation indices.
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No annotated domain for this
protein
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K10683 - BRCA1-associated RING
domain protein 1

Chr, chromosome; SNP Pos., SNP position in the corresponding sorghum chromosome; Ref/Al, reference and alternative alleles; MAF, minor allelic frequency; Het,
heterozygosity; Fsr, population differentiation; Map Pos., map positions of the candidate genes in the corresponding sorghum chromosome.
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Mean
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Mean
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Mean

Na
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1.663
1.317
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1.484
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1.741
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1.433
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1.008
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1.504
1.668
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1.410
1.232
1.754
1.994
1.909
1.995
1.966
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Ne

1.248
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1.394
1.018
1.221
1.110
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1.161
1.200
1.061
1.285
1.006
1.006
1.007
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0.005
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0.250
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0276
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0518
0.323
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Ho

0.064
0.080
0.023
0.167
0.013
0.059
0.043
0.090
0.019
0.072
0.039
0.031
0.056
0.006
0.006
0.007
0.074
0.065
0.031
0.046
0.253
0.071
0.032
0.023
0.067
0.043
0.051
0.089
0.061
0.053
0.023
0.045
0.158
0.080
0.030
0.050

He

0.169
0.144
0.065
0.210
0.013
0.165
0.081
0.131
0.058
0.122
0.123
0.043
0.162
0.003
0.003
0.004
0.141
0.147
0.106
0.063
0.271
0.179
0.029
0.019
0.147
0.268
0.243
0.316
0.276
0.243
0.176
0.170
0.364
0.341
0.206
0.274

uHe

0.174
0.149
0.067
0.217
0.013
0.171
0.083
0.135
0.060
0.126
0.128
0.044
0.167
0.003
0.003
0.004
0.146
0.152
0.109
0.065
0.280
0.185
0.030
0.019
0.152
0.269
0.244
0.318
0.277
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0.177
0.171
0.369
0.342
0.206
0.274

F

0.494
0.344
0.837
0.255
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0.607
0.380
0.262
0.503
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0.242
0.531
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—0.589
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0.536
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0715
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PPL

80.6
66.3
317
45.9
10.4
83.2
48.4
74.0
29.2
741
2.7
433
69.2
08
10
1.0
791
50.4
56.8
335
91.4
68.0
41.0
232
a71.7
9.4
90.9
99.5
96.6
9.7
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97.4
95.6
99.9
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97.6

NPA

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
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0.0
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33
40
1.0
20
23
139.0
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NLCA

0.008
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0.005
0.001
0.002
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0.007
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0.008
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0.004
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0.006
0.000
0.000
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0.000
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Na = Number of different alleles; Ne = effective number of alleles; | = Shannon's information index; Ho = observed heterozygosity; He = expected heterozygosity;

UHe = unbiased expected heterozygosit

found in 25% or fewer accessions or group of accessions.

F = fixation index; PPL = percent polymorphic loci; NPA = number of private alleles; NLCA = number of locally common alleles
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National Cotton Germplasm Collection
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included in the final analysis
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SSR Loci N, Ne I Ho He uH, PIC F

Evgl 300 227 089 039 054 056 048 0.30
Evg2 300 243 097 042 059 060 052 0.29
Evg4 300 229 092 063 056 057 049 -0.12
Evgs 200 182 064 054 045 046 036 -0.20
Evg6 200 1.41 043 000 027 028 026 1.00
Evg8 3.00 221 0.89  0.51 054 056 050 0.07
Evg9 300 227 093 044 055 056 049 0.20
Evg10 200 182 063 000 044 045 0.36 1.00
Evg11 300 187 074 041 046 047 043 0.08
Evg13 300 216 085 056 054 055 044 -0.06
Evg14 200 192 067 064 048 049 037 -0.34
EnO28 300 270 104 058 063 064 059 0.08
EnB85 200 123 0.31 0.21 0.18 018 016 —-0.12
EnM71 200 1.91 0.67  0.51 048 049 036 —0.06
EnM65 200 160 056 041 038 039 031 -0.09
Mean 253 199 074 042 047 048 041 0.14

Na, number of different alleles; Ne, number of effective alleles; |, Shannon’s
information index; Ho, observed heterozygosity, He, expected heterozygosity;
uHe, unbiased expected heterozygosity; PIC, polymorphic information content;
F, fixation Index; EnO28, EnOnjSSR049028; EnB85, EnBedSSR020585; EnM71,
EnMO00011571; EnM65, EnM00025665.
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Source of variation Degree of freedom Sum of square Variance components Percent variation Fixation index P value

Among groups 1 8.28 0.09 2.4 Fsr: 0.024 0.008
Within groups 182 669.83 3.68 97.6
Total 183 678.11 3.77 100
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Marker name

Evg-01
Evg-02
Evg-04
Evg-05
Evg-06
Evg-08
Evg-09
Evg-10
Evg-11
Evg-13
Evg-14
EnP°
En°
EnMO00011571
End

Forward primer sequence (5'-3')

AGTCATTGTGCGCAGTTTCC

GGAGAAGCATTTGAAGGTTCTTG

GCCATCGAGAGCTAAGGGG
AGTTGTCACCAATTGCACCG
CCGAAGTGCAACACCAGAG
CCATCGACGCCTTAACAGAG
GCCTTTCGTATGCTTGGTGG
CAGCCTGTGCAGCTAATCAC
GGCCTAGTGACATGATGGTG
TTGAAAGCATTGCATGTGGC
AACCAATCTGCCTGCATGTG
ATCTGCATGCACCCTAGCTT
ATCAAGGTCATGTGCTGTGC
GATCTGATCCACCTCCTCGT
TTCTCTTGCTGCACACACC

Reverse primer sequence (5'-3')

CGGAGGACTCCATGTGGATGAG
TTCGCATTTATCCCTGGCAC
GGCAAGGCCGTAAGATCAAC
CCATCCTCCACACATGCC
TCGCTTTGCTCAACATCACC
TGAACCTCGGGAGTGACATAAG
ACGTTGTTGCCGACATTCTG
CAGCAGTTGCAGATCGTGTC
TGATGCTAGATTCAAAGTCAAGG
TCACCACTGTAGACCTCAGC
GCCAGTGATTGTTGAGGTGG
AAACCCTAACGTCCCTCCTC
ATCAAGGTCATGTGCTGTGC
CGACAAGGATCAAAATGGCT
TCATGATCCCTGTCCTCCTC

Repeat motif

€D
(ACGC)s
(GA)g

Size (bp)

100-120
118-153
113-147
103-141
202-211
164-190
141175
191-210
135-160
189-229
163-159
189
116
277
313

References

Olango et al., 2015
Olango et al., 2015
Olango et al., 2015
Olango et al., 2015
Olango et al., 2015
Olango et al., 2015
Olango et al., 2015
Olango et al., 2015
Olango et al., 2015
Olango et al., 2015
Olango et al., 2015
Biswas et al., 2020
Biswas et al., 2020
Biswas et al., 2020
Biswas et al., 2020

Ta? (°C)

60
62
60
62
62
60
60
60
62
62
62
62
62
64
64

Ta?, annealing temperature; En®, EnOnjSSR049028 marker; En®, EnBedSSR020585 marker; End, EnM00025665 marker.
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CWR

CWR of
Cinnamomunm, Piper,
Vigna and Oryza in
Sri Lanka

ICARDA genebank
barley accessions

Wild blueberry

Wild cacao

Large collection of
Vicia faba L.

Solanum
pimpinellifolium

Physalis pruinose

Oryza alta

Aegilops tauschii

Solanum americanum

Oryza rufipogon

Solanum peruvianum

Application

ML models to simulate the
potential distribution across nine
CWR species

FIGS via ML models

ML algorithms for yield prediction
by evaluating bee species
composition and weather factors

Using ML model for surveying
canopy and vegetation assessments

ML models used to evaluate FICS
approach for identification of traits
related to drought

Genome editing (de novo
domestication

Genome editing (de novo
domestication

Genome editing (de novo
domestication

Association genetics with resistance
gene enrichment sequencing
(AgRenSeq)

Resistance gene enrichment
sequencing and single-molecule
real-time sequencing (SMRT
RenSeq)

Genome editing

Genome editing

Outcome

The model was able to identify highly vulnerable species to climate change and predict the
potential decrease in their suitable habitat by 2050. The study also identifies potential CWR
rich areas for future in-situ conservation.

Providing predictive characterization for entire ICARDA barely collection

Prediction (with 93% accuracy) showed bee species composition and weather are significant
in yield variability while wet rainy springs will greatly reduce blueberry yield.

92% of classification accuracy for the structural attributes of the canopy

The model was successful to indicate leaflet, canopy temperature and relative water content
are important traits for drought-tolerance selection.

Produced a modified version of the wild S. pimpinellifolium which displayed a 10 times
increase in the number of fruit and a 3 times increase in fruit size. The fruit also contained
500% more lycopene compared to the commonly cultivated S. lucopersicum.

Edited orthologues of cultivated tomato in the distant relative P. pruinose to improve plant
architecture, flower production and fruit size.

Established the first ever polyploid rice by genome editing the allotetraploid relative O. alta.

Developed the AgRenSeq methodology and identified two novel wheat stem rust resistance
genes, Sr46 and SrTA1662, in a wild wheat progenitor.

Identified the genome-wide repertoire of nucleotide-binding leucine-rich repeat type R genes
in the wild S. americanum and cloned Rpi-amr3i, a novel R gene for potato late blight.

Optimised an efficient transformation system in wild rice, aiding future genome editing
efforts including de novo domestication.

Developed a genome editing approach using protoplast regeneration for the tetraploid wild
tomato relative.

Reference

(Ratnayake
etal, 2021)

(Azough
etal, 2019)
(Obsie et al.,
2020)

(Duarte-
Carvajalino
et al., 2021)
(Khazaei
etal, 2013)

(Ariani et al,
2018)

(Lemmon
etal, 2018)

(Yuetal,
2021)
(Arora et al.,
2019)

(Witek
et al,, 2016)

(Xiang et al,,
2022)

(Lin et al,,
2022)





OPS/images/fpls.2022.1008904/table2.jpg
Inventory name and details Location assessed Reference

Globally important CWR taxa Global (Vincent et al., 2013)
Important CWR taxa of Mexico Mexico (Contreras-Toledo et al, 2018)
National inventory of CWR in Spain Spain (Teso et al,, 2018)

National inventories of CWR Portugal (Brehm et al., 2008)

CWR in USA USA (Khoury et al., 2013)
Enhancing and stating the UK CWR inventory UK (Fielder et al., 2015)
Prioritised CWR inventory of Italy Ttaly (Landucci et al,, 2014)
Enhancing the CWR inventory of Scotland Scotland (Fielder et al., 2016)

Setting conservation priorities for CWR in the Fertile Crescent Fertile Crescent (Zair et al,, 2018)

Prioritised inventory for Tunisia Tunisia (El Mokni et al., 2022)

CWR inventory of South, West and North Africa South, West and North Africa (Lala et al,, 2018; Allen et al., 2019; Nduche et al., 2021)
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Type

Ex situ:
Genebanks

Ex situ:
Botanical
gardens

In situ

Software/
tools

Genomic
databases

Platform/
resource

KIT

APG

World Vegetable
Center

Genesys

&Eurisco

&NPGS

&CGIAR

&African Rice
Center

&Bioversity
International
&CIAT

&CIMMYT

&CIP

&ICARDA

&ICRAF

&ICRISAT

&ILRI

&IRRI

&IITA

BGCI

BGCI-US

ECPGR

National Parks
in India

RBGSYD

UNESCO
GRIN-Global

CWPs
plaBiPD

Mercator

Nordic

GBIF

ECP-GR Natura
2000

PLAZA -
Monocots

PLAZA - Dicots

Germinate

NCBI

CerealsDB

Brassica
Information
Portal (BIP)
Genome
Database for
Rosaceae (GDR)
GenRes Gateway

ECPGR Central
crop database

Details

4500 accessions of CWR across Germany

70,000 accessions of pasture and forage

Holding 64,948 accessions which represent 330 species from 155 countries. Species are globally
important vegetables such as tomato, onion, peppers, and cabbage as well as more than 10,000
accessions of traditional vegetables

Partnership with the 3 following genebanks

Includes hundreds of research centers, genebanks and institutions across Europe

Includes information of genebanks across U.S., managed by United States Department of
Agriculture (USDA). NPGS comprises 20 separate institutions involved in plant germplasm
collection, preservation, and distribution.

Parentship with the following 11 genebanks

Holding almost 22,000 rice accessions, 85% of which originated in Africa

Holding the world’s largest collection of banana diversity, including more than 1,500 accessions
of cultivated and wild species

Holding diverse collections of beans and tropical forages as seed and whole plants, and cassava
in vitro and as small plants

Holding large collections of maize (28,000 accessions), including wild teosinte and Tripsacum
wild relatives of maize and large collection of wheat (150,000 accessions) including landraces and
wild relatives.

The world’s largest collection of Potato and sweet potato and contains nearly all of the potato
wild relatives

Holding diverse collections of barley and wheat, grain legumes and forages, mostly traditional
landraces and wild species from the Fertile Crescent

Holding 190 species of wild, partially domesticated and domesticated trees

Holds more than 123,000 accessions of cultivated and wild relatives of pulses and cereals,
including chickpea, sorghum and pigeonpea

Collection of nearly 20,000 forage accessions, of which 97% are wild species

The largest collection of rice diversity in the world, with more than 130,000 accessions, including
genetic stocks, landraces and wild relatives

Holding a collection of important African crops, including Bambara groundnut, cowpea, maize,
soybean

Including various databases such as PlantSearch, GardenSearch, ThreatSearch and
GlobalTreeSearch

Botanic Gardens Conservation International and United States Botanic Garden collaboration
effort identifying 22 global and 108 priority CWRs not reported in crop gene banks.

Comprehensive concept for in situ conservation of CWR in Europe

Complete list of 103 national parks found in India currently under the protection of the
Government

Australian in situ conservation site containing several key CWRs such as Macadamia nut, finger
lime, etc

Biosphere reserves for the promotion of conserving biodiversity with sustainable use

Genebank information management system (open-sourced software)

CWR phylogenetic classification system

Phylogenetic relations among flowering plants with published genome sequences

plaBiPD associated protein annotation tool

Provides towards the planning and implementation of active in-situ and ex-situ conservation of
CWR at a national level

The Global Biodiversity Information Facility is a global database for the distribution of crop wild
relatives with over 5 million records (34% germplasm records, 66% herbarium records)

A tool for protected area managers of Europe to help identify which CWR genera are likely to
occur in the protected areas

Access to whole genome sequencing data

Access to whole genome sequencing data

A generic plant genetic database with several CWRs

General database for literature, genes, genomes and protein sequences of CWRs (Not-CWR

specific)
SNP database for wheat

Brassica specific

Rosaceae specific

Access point to the European genetic resources for plants, forests and animals (including CWR)

A database containing passport data, characteristics and primary evaluation data of the major
collections of the respective crops.

Reference/Access

https://www.botanik kit.edu/garten/
english/1056.ph

https://pir.sa.gov.au/research/
australian_pastures_genebank

https://avrdc.org/

https://www.genesys-pgr.org/
https://eurisco.ipk-gatersleben.de/
apex/ftp=103:1
https://www.ars-grin.gov/Pages/
Collections

https://www.genebanks.org/
genebanks/africarice/

https://www.genebanks.org/
genebanks/biodiversity-international/

https://www.genebanks.org/
genebanks/ciat/

https://www.genebanks.org/
genebanks/cimmyt/

https://www.genebanks.org/
genebanks/international -potato-
centre/

https://www.genebanks.org/
genebanks/icarda/

https://www.genebanks.org/
genebanks/icraf/

https://www.genebanks.org/
genebanks/icrisat/

https://www.genebanks.org/
genebanks/ilri/
https://www.genebanks.org/
genebanks/irri/
https://www.genebanks.org/
genebanks/iita/
https://tools.bgci.org/garden_search.
php

(Meyer and Barton., 2019)

https://www.ecpgr.cgiar.org/

https://www.careerpower.in/national-
parks-india.html

https://www.rbgsyd.nsw.gov.au/

https:/en.unesco.org/biosphere

(Postman et al., 2009)
https://www.grin-global.org/

(Viruel et al., 2021)

https://www.plabipd.de/plant_
genomes_pa.ep

https://www.plabipd.de/mercator_
about.html

http://www.cropwildrelatives.org/
conservation-toolkit/introduction/

https://www.gbif.org/dataset/
07044577-bd82-4089-9f3a-
f429d2170b2e

hitps://www.ecpgr.cgiar.org/crop-wild-
relatives-in-natura-2000
https://bioinformatics.psb.ugent.be/
plaza/versions/plaza_v5_monocots/

https://bioinformatics.psb.ugent.be/
plaza/versions/plaza_v5_dicots/

https://germinateplatform.github.io/
get-germinate/

https://www.ncbi.nlm.nih.gov /

https://www.cerealsdb.uk.net/
cerealgenomics/CerealsDB/
indexNEW.php

https://www.brassica.info/

htps://www.rosaceac.org/

https://www.genres.eu/

https://www.ecpgr.cgiar.org/resources/
germplasm- databases/ecpgr-central-
crop-databases

International Center for Tropical Agriculture (CIAT), International Maize and Wheat Improvement Center (CIMMYT), International Potato Center (CIP), International Center for
Agricultural Research in the Dry Areas (ICARDA), World Agroforestry (ICRAF), International Crops Research Institute for the Semi-Arid Tropics (ICRISAT), International Livestock
Research Institute (ILRI), International Rice Research Institute (IRRI) and International Institute of Tropical Agriculture (II'TA), European Search Catalogue for Plant Genetic Resources
(EURISCO) and the National Plant Germplasm System (NPGS), Botanic Gardens Conservation International (BGCI), Crop wild phylorelatives (CWPs), The International Center for
Agricultural Research in the Dry Areas (ICARDA), NCBI - National Center for Biotechnology information.
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Species classifi-
cation via SNP
analysis

M. sieversii

M. orientalis

M. sylvestris

M. sieversii x M.
orientalis

M. sieversii x M.
domestica

M. orientalis x
M. domestica

M. sylvestris x M.
domestica
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18
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5

Fruit
diameter
(cm)
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Fruit ground color

green yellow

(%)

86

100
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60

(%)

13
50

53

36
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20

red
(%)
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Fruit overcolor

% Accessions with
fruit exhibiting red
overcolor
66
61
27
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67

80

Average % of fruit
surface with red
overcolor

65
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27

100

100

Fruit shape

conical ellipsoid ellipsoid- flat ~ flat-  globose
(%) (%) conical (%) globose (%)
(%) (%)

1 1 1 2 25 56
11 67 7 3
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4 3 28 58
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80
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Cultivar or accession name Number of accessions (n)

Parent Grandparent
Anis Aliy 0 1
Charlamoft! 4 30
Cheal's Weeping 1 0
Duchess Favorite 0 1
Englische Spitalrenette 0 1
Form 35 3 0
Gold Reinette' 4 47
Grégylling 0 1
Alexander® 8 51
Kantil Sinap 2 0
King of the Pippins 7 10
Kostlicher 1 6
Kulon Kitaika 2 5
Landsberger Reinette’ 1 0
Suislepper 5 2
Passe-Pomme Rouge 0 1
Reinette de Hollande® 1 7
Reinette Simirenko 2 0
Rosmarina Bianca 7 11
Red Astrachan 1 3
Saint Germain 0 3
Sipolins 0 4
Spasovka Kvasna 1 7
Yellow Bellflower 0 5
Yellow Transparent 0 6
Zigeunerin 2 13

'Charlamoff is a parent of Gold Reinette.
*Reinette de Hollande is a parent of King of the Pippins.
3Alexander is a parent of Landsberger Reinette.
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Site/source (region)

Site 1 (Tajikistan)
Site 2 (Uzbekistan)

Site 3 (Zailisky-Almaty,
Kazakhstan)

Site 4 (Djungarsky-
Topelevka, Kazakhstan)

Site 5 (Djungarsky-Lepsinsk,
Kazakhstan)

Site 6 (Karatau, Kazakhstan)
Site 7 (Kyrgyzstan)

Site 8 (botanic garden,
Kazakhstan)

Site 9 (Tarbagatai,
Kazakhstan)

Site 11 (Karatau,
Kazakhstan)

Site 12 (Talasky, Kazakhstan)
Diane Miller donation
(Kyrgyzstan)

Donation (Turkmenistan)

Pure M.
sieversii

Number of accessions (n)

Hybrid/admixed
M. sieversii

28

Pure M.
domestica

Total

28

18

42

75

135

26

17
12

Proportion of accessions (%)

Pure M.
sieversii

100
100
50

39

29

99

27

100

100

Hybrid/admixed
M. sieversii

46
61

67

100
100

93
62

35

Pure M.
domestica

12

53
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Trait

Crown diameter
Basal stem branch number
Stem inciination

Plant height

Main stem height

Stem base diameter

Leaf number on stem

Leaf number per plant
Longest leaf length on stem
Longest leaf width on stem
Shortest leaf length on stem
Shortest leaf width on stem

Abbreviation

cD
BSBN
Sl

PH
MSH
SBD
LNS
NP
uLs
ws
SLs
sLws

Description

Measuring the diameter of the identifiable three-dimensional cylinder of each indiviciual tree
Counting the branch numbers derived from the basal stem
See Figure 1

See Figure 1

See Figure 1

Diameter of the stem base

Counting all the leaf numbers on the main stem

Counting al the leaf numbers per plant

Length of the longest leaf on the stem (Figure 1)

Width of the longest leaf on the stem (Figure 1)

Length of the shortest leaf on the stem (Figure 1)

Width of the shortest leaf on the stem (Figure 1)
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