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Editorial on the Research Topic 


Applications of fast breeding technologies in crop improvement and functional genomics study


New crop varieties are increasingly crucial to agriculture production, and their development depends on the exploration and application of key germplasm resources, often referred to as seed chips. Conventional breeding strategies are time-consuming, but recent advances in fast breeding technologies have significantly accelerated the process of crop trait modification, gene mapping, and functional genomics studies. These technologies include molecular selection, molecular mapping of genes, haploid induction, and genome editing mediated by CRISPR/Cas9 (Figure 1) (Gao, 2021). CRISPR/Cas9 has been applied to rapidly modify important crop traits such as disease resistance, quality, maturity, grain weight, sterility, and pre-harvest sprouting tolerance (Li et al., 2024). Particularly, new haploid inducer lines have been created in maize, rice, Arabidopsis, wheat, alfalfa, foxtail millet, tomato, Brassica oleracea, and soybean by editing MTL (PLA1/NLD), DMP, and PLD3 genes via CRISPR/Cas9 to produce haploid grains directly (Qi et al., 2023; Tang et al., 2023; Qu et al., 2024). Additionally, new types of molecular markers have been developed and used to trace agronomically important traits in breeding programs and locate target genes on chromosomes for gene cloning alongside generally employed makers such as simple sequence repeat (SSR), single-nucleotide polymorphism (SNP), and expressed sequence tags (EST) (Rasheed et al., 2017; Hao et al., 2020).




Figure 1 | Fast breeding techniques and their application in genetic improvement and functional dissection of target genes in crops.



Using these techniques, the period for breeding new crop varieties and germplasms can be greatly shortened. Therefore, we organized this Research Topic to collectively report the achievements in the applications of fast breeding technologies in genetic improvement and functional genomic studies in various plants. Since the initiation of this Research Topic in June 2023, we have received 39 manuscripts on the development, application, and summarization of fast breeding technologies in plants. Finally, 15 papers have been published in this Research Topic after careful evaluation.

Melon and potato are important fruit and vegetable crops worldwide, and their genetic improvement and resource expansion can be efficiently promoted by the exploration of quantitative trait loci (QTL) and molecular markers. In the melon paper, the resistance gene to downy mildew (DM) was mapped using linkage map and QTL-seq analysis, conducted with two F2 populations that included a DM-resistant accession. A high-density genetic map was generated, and a major QTL, DM9.1, was consistently identified. This QTL was further validated through QTL-seq analyses and then precisely mapped to the chromosome using Kompetitive allele-specific PCR (KASP) assays. A KASP marker for DM9.1 was also developed. In the two potato papers for the identification of disease resistance and yield traits associated with QTL, some significant or common QTL for all five traits (late blight, Verticillium wilt, early blight resistances, vine size, and maturity) or isolated instances of the traits were detected on chromosomes 1, 2, 3, 5, and 10. Additionally, a few major or significant QTL were detected on chromosomes 4 and 10 for tuber shape, on chromosome 2 for width–depth ratio, on chromosome 5 for tuber weight, and on chromosome 3 for specific gravity.

Wheat is a globally important food crop. It is necessary to improve wheat using the marker-assisted selection strategy (Hao et al., 2020). In the four wheat papers, firstly, authors found a major QTL for grain hardness, QGh.cib-7D, which is widely present in wheat, by identifying a recombinant inbred line (RIL) population for quality-related traits by QTL. The most potential candidate genes at QGh.cib-7D locus were initially deduced. Secondly, authors identified the interval of QPh-1B including an EST-SSR marker, swes1079, for plant height. According to the sequence of swes1079, they cloned the TaOSCA1.4 gene and found that the gene was significantly different between the two haplotypes of TaOSCA1.4-1B by detecting a natural population using a developed a CAPS (cleaved amplification polymorphism sequence-tagged sites) marker. Thirdly, based on the fact that an RIL population exhibited segregation in resistance to powdery mildew and stripe rust, a 16K genotyping by target sequencing (GBTS) SNP array-based genetic linkage map was used to dissect the QTL for disease resistance. Eleven QTL were identified for adult-plant resistance against powdery mildew and stripe rust. A KASP marker, KASP_1B_668028290, was developed to trace the major QTL, QPm/Yr.caas.1B, for resistance to both powdery mildew and stripe rust. New lines pyramiding six loci of PmQ, Yr041133, QPm/Yr.caas-1B, QPm.caas-2B.1, QYr.caas-3B, and QPm.caas-6B were developed, displaying effective resistance against powdery mildew and stripe rust. Fourthly, a platform was established for the systematic evaluation of Aegilops tauschii traits in the background of wheat. This platform was designed to identify and mine useful QTL and genes by widening genetic diversity. A multiple synthetic derivative population, which included 43 Ae. tauschii accessions, was utilized. Among these accessions, nine were found to exhibit the seed dormancy trait, with KU-2039 displaying the highest level of seed dormancy. QTL mapping using backcross inbred lines derived from KU-2039 revealed a major QTL, Qsd.alrc.5D, associated with dormancy.

Crop mutants can be produced by irradiation and gene editing (Gao, 2021). In the rice paper, a total of 129 rice mutants with distinct phenotypic variations, including changes in agronomic traits, were screened from more than 10,000 M2 plants by irradiating the mature dry seeds with an optimized dosage of carbon ion beams. Whole-genome sequencing on M2 individuals revealed that the mutation rate peaked at this dosage. Nearly half of the mutants possessed stable inheritance in M3 generation, and three lines in the M4 generation showed an increase in yield. In the tomato paper, authors edited the tomato SlHyPRP1 and SlDEA1 genes, which were recently identified as being responsive to different abiotic (drought and salinity) and biotic stress (bacterial leaf spot and bacterial wilt) conditions. The mutants showed higher levels of chlorophyll and proline contents under abiotic stress conditions and less reactive oxygen species accumulation and cell death of leaves and roots under biotic stress compared to the wild type. The combined loss-of-function of SlHyPRP1 and SlDEA1 was essential for imparting significant multi-stress tolerance in tomato.

Doubled haploid (DH) production through in vivo maternal haploid induction provides an effective way to generate homozygous genetic and breeding materials over a short period, which is widely applied in maize breeding programs (Ishii et al., 2016; Qu et al., 2024). In the maize mini review on haploid identification, authors reviewed various methods for haploid identification by different approaches in maize including innate differences in haploids and diploids, biomarkers integrated in haploid inducers, and automated seed sorting. The phenotypic differentiation, genetic basis, advantages, and limitations in each biomarker system were highlighted. Automated high-throughput haploid sorting with high accuracy and less workforce or budget in a time-saving manner would be promising in the near future.

In the durum wheat paper on the development of a haploid inducer, authors produced three types of homozygous TtMTL gene-edited mutants (mtl-a, mtl-b, and mtl-ab) by CRISPR/Cas9. Among these, the mutants mtl-a and mtl-ab showed a decreased seed-setting rate and some embryo-abortion grains and triggered haploids with an available rate in the cross- and self-pollinated progenies. Furthermore, authors pyramided Ttmtl-edited mutations and embryo-specific expressed anthocyanin markers and developed a homozygous durum haploid inducer with purple embryo (DHIPE) by co-transformation of the two vectors pCRISPR/Cas9-MTL and pBD68-(ZmR+ZmC1). Using DHIPE as the male parent to be crossed with other wheat materials, the grains with white embryos were identified as haploid, and the grains with purple embryos were diploid.

In the rapeseed paper on the possible mechanism of maternal doubled haploid formation, a rapeseed inducer containing an exogenous gene cp4-EPSPS as a marker, which can induce maternal doubled haploids when used as a pollen donor, was employed as paternal material to cross with maternal materials. At the early stage after pollination, cp4-EPSPS was detected in the embryos; at the middle stage, cp4-EPSPS was present in the majority of embryos, but it was lost at the late stage. The expression of cp4-EPSPS could be detected in the early development period of the embryos, but it could not be detected in the surviving embryos in the late development stage. Meanwhile, double haploids in the induced offspring were confirmed through SNP detection. The results indicated that the chromosomes of the inducer were eliminated during embryonic development, and the maternal haploid chromosomes were synchronously doubled in the embryo.

Virus-induced gene silencing (VIGS), genome-wide association study (GWAS), and machine learning methods also contribute to the exploration and dissection of gene resources in plants. In the paper on the establishment of a simple and efficient VIGS method, a root wounding–immersion method was developed, in which plant roots were partly cut and immersed in a Tobacco rattle virus (TRV)1:TRV2 mixed solution. The authors further optimized the procedure in tobacco and silenced phytoene desaturase gene PDS in tobacco, tomato, pepper, eggplant, and Arabidopsis and observed the movement of green fluorescent protein (GFP) from roots to stems and leaves. In addition, two disease-resistance genes, SITL5 and SITL6, in tomato were silenced by this method, and the generated plants showed a decreased disease resistance. In the chickpea paper, a genome-wide association studies (GWAS) strategy was conducted to unravel genetics on heat tolerance. The authors extensively evaluated chickpea genotypes for the traits associated with yield and heat stress tolerance, finding significant variations. Furthermore, they identified linked marker–trait associations (MTAs) to yield-related traits by performing SNP genotyping using genotyping-by-sequencing for GWAS analysis. A few MTAs displayed pleiotropic effects, and the majority of the SNPs were located at or in proximity to gene-coding regions, with the candidate genes situated near these MTAs. The harvest index trait was associated with marker Ca 3:37444451, encoding aspartic proteinase, which contributes to heat stress tolerance. In the machine learning paper, authors evaluated four types of algorithms for genomic predictions of clonal performance for disease resistance in sugarcane. The results indicated that hybrid Bayesian-machine learning methods with attention networks provided the lowest variation in accuracy of genomic prediction of clonal performance across validation folds, which may be an additional criteria worth considering in practical breeding programs.

In summary, the papers published in this Research Topic described interesting cases on new gene exploration and function dissection, breeding material and mutant creation by radiation and gene editing, and molecular marker development and their applications in assisted selection and gene mapping for important traits in various crops or plants. The resulting information will accelerate the development of new germplasms and varieties, as well as the cloning of new genes in different crops, which will be of critical importance for humanity in the coming years.
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Downy mildew (DM) is a major foliar disease globally causing great economic loss in melon production. Utilizing disease-resistant cultivars is the most efficient approach for disease control, while discovery of disease-resistant genes is crucial for the success of DM-resistant breeding. To address this problem, two F2 populations were constructed using the DM-resistant accession PI 442177 in this study, and QTLs conferring DM resistance were mapped using linkage map and QTL-seq analysis, respectively. A high-density genetic map with the length of 1096.7 cM and density of 0.7 cM was generated by using the genotyping-by-sequencing data of a F2 population. A major QTL DM9.1 with the phenotypic variance explained proportion of 24.3-37.7% was consistently detected at the early, middle, and late growth stages using the genetic map. QTL-seq analyses on the two F2 populations also validated the presence of DM9.1. Kompetitive Allele-Specific PCR (KASP) assay was further carried out to fine map DM9.1 into 1.0 Mb interval. A KASP marker co-segregating with DM9.1 was successfully developed. These results not only provided valuable information for DM-resistant gene cloning, but also offered useful markers for melon DM-resistant breeding programs.
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Introduction

Melon (Cucumis melo L.) is an economically important horticultural crop and extensively cultivated for its fleshy fruits. According to the statistics of FAOSTAT, the global harvested area of melon was 1,068,238 ha in 2020, and the top five producing nations were China, Türkiye, India, Afghanistan, and Iran (FAOSTAT, 2022). However, in many planting areas, diseases are the major threats for melon production.

Downy mildew (DM), incited by the obligate oomycete pathogen Pseudoperonospora cubensis, is the most devastating foliar disease not only for melon but also for most of the other species in Cucurbitaceae family (Rahman et al., 2021). Foliar chlorosis and necrosis are the typical symptoms of DM, which can occur at all developmental stages and decrease the yield and fruit quality of melon dramatically. This disease has a wide geographic distribution. DM epidemics have caused great economic losses in melon production around the world, especially in humid production areas. Currently, chemical control of DM is widely practiced in melon production. However, the chemical control probably loses its efficacy due to the prevalence of resistant strains of pathogens. The most efficient approach for DM control is to develop and use resistant cultivars. As a result, understanding the genetic basis of DM resistance and development of resistant cultivars have become a priority for the scientific community in recent years.

Several DM-resistant accessions have been identified for melon. It was reported that melon breeding line MR-1 derived from PI 124111 exhibited resistance not only to DM, but also to powdery mildew and Fusarium wilt (Cohen and Eyal, 1987). After that, 2 highly resistant, 31 resistant, and 49 moderately resistant accessions to DM were identified from 942 melon Plant Introductions (PI) by field evaluations (Thomas and Jourdain, 1992). Moreover, the other evaluation for resistance against DM identified 2 highly resistant and 68 resistant accessions from 1076 melon PIs (Thomas, 1999). These results provided valuable germplasm for melon DM-resistant breeding.

Inheritances of DM resistances were extensively investigated in melon. Genetic analysis showed that DM resistance in MR-1 was controlled by two partially dominant loci, namely Pc-1 and Pc-2 (Kenigsbuch and Cohen, 1989). Subsequently, Pc-3, Pc-4, and Pc-5 were also identified in different melon accessions (Kenigsbuch and Cohen, 1992). These results suggested that different melon germplasm probably harbored different DM-resistant genes.

Genetic basis of DM resistance was dissected in several studies. A unique 45 kDa cytoplasmic soluble protein (P45) was firstly found to co-segregate with the DM resistance in melon (Balass et al., 1992). Using an unsaturated map, a major QTL for DM resistance was identified in a RIL population derived from the DM-resistant PI 124112 (Perchepied et al., 2005). The resistance of PI 124111 to DM was found to be controlled by enhanced expression of the enzymatic resistance genes At1 and At2 (Taler et al., 2004). The low expression of At1 and At2 in the susceptible melons was modulated by transcriptional inhibition (Benjamin et al., 2009). Recently, using MR-1 as the resistant parental line, 9 QTLs for DM resistance were identified and 2 of them were major QTLs locating on chromosome 8 and 10, respectively (Toporek et al., 2021).

Knowledge on the inheritance of DM resistance substantially facilitated the utilization of resistant sources in melon breeding programs. However, most of the researches focused on the resistance harbored by PI 124111. The previous studies showed that several melon accessions exhibited resistances to DM (Thomas and Jourdain, 1992; Thomas, 1999). Thus, mining and utilizing more resistant genes are crucial for melon DM-resistance breeding programs. To address this problem, two genetic populations were constructed using the DM-resistant melon accession PI 442177 in this study, and a major QTL for whole-stage DM resistance was identified at the end of chromosome 9 using both QTL-seq and linkage map-based QTL mapping approaches. The results will provide valuable information not only for DM-resistant gene cloning, but also for genetic improvement of melon with DM resistance by pyramiding the multiple resistance genes in breeding programs.





Methods and materials




Plant materials

Melon accession PI 442177 was reported to confer DM resistance (Thomas, 1999). In our previous experiments, it also exhibited high resistance to DM. As a result, it was selected as the DM-resistant resource. Huangtu and Huangdanzi are the landraces with desirable fruit quality but susceptible to DM. Inbred lines of the two landraces were developed through multiple rounds of self-pollination and selection. The two inbred lines were crossed with PI 442177 to produce two F2 populations, respectively. The F2 population of PI 442177 and Huangtu had 157 individuals, while, the F2 population of PI 442177 and Huangdanzi had 600 individuals.





Spray inoculation and phenotyping of DM resistance

Seeds were sown into plastic trays filled with sterilized substrates and grown in a nursery greenhouse. Temperature in the nursery greenhouse ranged from 20 to 35°C. The seedling management followed the commercial production practices. The isolate of DM pathogen P. cubensis was recovered from the symptomatic leaf tissue of melon cultivated in Sanya, China (18°09′34″–18°37′27″ N, 108°56′30″–109°48′28″ E). The concentration of 5 × 103 sporangia/mL was used for inoculation. When the first true leaf fully expanded, the seedlings were inoculated with P. cubensis using the spraying method. After inoculation, the seedlings were covered with a plastic tunnel and kept at 100% relative humidity to induce infection for 24 h.

For the F2 population derived from the parental lines of PI 442177 and Huangtu, the DM reactions were investigated at early, middle, and late growth stages, respectively. At early growth stage, the reaction levels were measured at 10th day post inoculation (DPI). Then, the seedlings were transplanted into a plastic greenhouse with the spacing of 40 × 60 cm. The growth management followed the commercial production practices. At middle growth stage, DM infection levels were investigated at the 20th day after transplantation. At late growth stage, the incidences of DM were investigated at the 30th day after fruit setting. For the F2 population derived from the parental lines of PI 442177 and Huangdanzi, the incidences of DM were measured at 10th and 14th DPI, respectively. The DM infection levels were classified into six categories based on the ratio of symptomatic leaf area and entire leaf area: 0, absence of symptom; 1, less than 1/4; 2, 1/4-1/2; 3, 1/2-2/3; 4, 2/3-3/4; 5, larger than 3/4.





DNA isolation

Leaves from the parental plants and F2 individuals were sampled and immediately frozen in liquid nitrogen. Genomic DNA was isolated for each sample using a Plant DNA Extraction Kit (Tiangen, China) according to its instruction. Integrity and purity of each DNA sample were measured using the 1% agarose gel electrophoresis and a NanoDrop 1000 spectrophotometer. The high-quality DNA samples were used for the subsequent sequencing.





Genotyping-by-sequencing and variant calling

GBS was performed for Huangtu, PI 442177 and their F2 individuals, respectively. HaeIII and RsaI were used as the enzyme combination to construct the sequencing library according to the protocol (Elshire et al., 2011). The GBS libraries were sequenced on an Illumina HiSeq 2500 platform (Illumina, Inc.). FastQC was used to check the quality and quantity of the clean reads (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/). Then, the low-quality and adaptor sequences were removed from the reads using fastp (Chen et al., 2018). An improved assembly of melon genome (v3.6.1) was used as the reference (Ruggieri et al., 2018). The clean reads were mapped to the reference genome using the BWA-MEM algorithm (Li and Durbin, 2009). The variants, including SNPs and InDels, were called and genotyped using the HaplotypeCaller of GATK4 (https://github.com/broadinstitute/gatk). The variants exhibiting homologous genotype in each parental line and polymorphism between the parental lines were selected for the downstream analysis. The effects of variants were predicted using snpEff (https://pcingola.github.io/SnpEff/).





Genetic map construction and QTL mapping

Lep-MAP3 was used to construct the genetic map (Rastas, 2017). Briefly, the parental genotypes were firstly called using the ParentCall2 module. Then, the loci with segregation distortion (p < 0.01) and missing genotype ratio larger than 0.3 were removed using the ParentCall2 module. By setting the LOD scores varying from 20 to 40, the remaining SNPs were separated into linkage groups (LGs) using the SeparateChromosomes2 module. At last, the orders of SNPs and their genetic distances were determined using the OrderMarkers2 module. The Kosambi mapping function was used to calculate the genetic distance. The SNPs in a region without recombination were collapsed into a bin.

R/qtl2 was used for QTL analysis (Broman et al., 2019). The scan1 function was used to perform genome scan to detect the potential QTLs using the Haley-Knott regression. One thousand permutations were performed to determine the genome-wide significance threshold for LOD (p < 0.05). QTL with the LOD exceeding the threshold value was considered significant. QTL effect and the proportion of phenotypic variance explained (PVE) by the QTL were estimated at the highest QTL peak using fit1. For each detected QTL, the confidence interval was defined using a 95% Bayesian credible interval. Naming of QTL followed the nomenclature recommendations in cucumber (Wang et al., 2020).





Whole-genome re-sequencing and QTL-seq analysis

QTL-seq analysis was also used to map the DM resistance genes. In the F2 population derived from the parental lines of PI 442177 and Huangtu, 30 individuals showing consistent resistance to DM and 30 individuals exhibiting consistent susceptibility to DM at three growth stages were selected and their DNA samples were equally bulked to generate the resistant and susceptible pools, respectively. Similarly, in the F2 population of PI 442177 and Huangdanzi, 30 individuals showing consistent DM resistance and 30 individuals exhibiting consistent DM susceptibility at the two time points were selected to construct the resistant and susceptible pools, respectively. Whole-genome re-sequencing was carried out for the parents and pools on an Illumina HiSeq 2500 platform (Illumina, Inc.). Quality control and variant calling followed the pipeline of GBS data analysis. The PCR duplicates were removed before variant calling. SNP-index and delta SNP-index were calculated according to the formula described in QTL-seq analysis (Takagi et al., 2013). Distribution of delta SNP-index was plotted using the sliding window of 2 Mb and the step of 100 kb.





Kompetitive allele-specific PCR assay

The KASP assay and the F2 population derived from the parental lines of Huangdanzi and PI 442177 were used to narrow down the mapping interval. The polymorphic SNP loci in the mapping interval were selected for KASP assay. Two allele-specific forward primers and one common reverse primer for the KASP assay were designed using Primer3Plus (https://www.primer3plus.com/). The PCR product size was set in the range of 60-100 bp. The GeneMatrix™ system (HC Scientific, Chengdu, China) was used for genotyping. The 2 μL PCR reaction mixture included 1 μL of 2 × KASP reaction mix, 50 ng of DNA template, 0.15 μL Hex forward primer, 0.15 μL FAM forward primer, and 0.04 μM common reverse primer. The touchdown PCR reaction was performed on a Matrix Cycler with a 10 min host-start activation step at 94°C, followed by 10 touchdown cycles of 94°C for 20 s and 61°C for 45 s (decreasing 0.3°C per cycle), then 35 cycles of 94°C for 20 s and 55°C for 20 s (decreasing 0.3°C per cycle). Fluorescence levels were measured using a Matrix Scanner. Genotypes were viewed using a Matrix Master.






Results




DM resistance variations in the two F2 populations

The resistant level to DM infection for each plant in the two F2 populations was determined according to the six grades of disease infection. For the F2 population of PI 442177 and Huangtu, the DM-resistant level of each plant was measured at three growth stages. Considerable phenotypic variations in response to DM infection were observed for the F2 individuals. The results are shown in an alluvial diagram (Figure 1). The resistant levels exhibited a continuous distribution at each growth stage, demonstrating that the DM resistance is a quantitative trait. Meanwhile, dynamic changes of the resistant phenotypes were observed for the same plant at different stages. Dramatic changes of the resistant phenotypes were observed between the early and middle stages for several F2 individuals. However, the resistant phenotypes for the same plant exhibited more stable pattern between the middle and late stages. These results indicated that DM resistance was a stage-dependent phenotype in melon, and measurement of resistant response through whole growth stage was necessary for accurately determining DM resistance of melon germplasm. Similarly, DM-resistant levels in the F2 population of PI 442177PI 442177 and Huangdanzi also exhibited continuous variations.




Figure 1 | The alluvial diagram on the dynamic changes of downy mildew resistance at early, stage, and late growth stages for the F2 individuals derived from the cross of PI 442177 and Huangtu.







High-density genetic map construction

GBS was performed for PI 442177, Huangtu, and their F2 population to construct a genetic map. A total of 57.4 Gb sequencing data were generated. The number of reads for each sample varied from 1.98 M to 6.16 M, with a mean of 3.38 M. The genome coverage ranged from 0.54 to 1.65× with an average of 0.91×. The clean reads were mapped to melon reference genome. The mapping ratios were in the range of 85.36% and 98.88% with a mean of 97.78%. GATK4 was used to identify the polymorphic loci, resulting in a total of 1,254,775 SNPs and 200,702 InDels. Only the SNP loci exhibiting homozygous genotype in each parental line and polymorphism between the parents were kept. Moreover, the loci with missing ratio larger than 0.3 were removed, resulting in 69,770 high-quality SNPs with the Ti/Tv ratio of 2.08.

Lep-MAP3 was used to construct the genetic map. The SNPs were further filtered using the modules of ParentCall2 and Filtering2 in Lep-MAP3, resulting in 347,703 SNPs. Then, the LOD scores ranging from 20 to 40 were used to separate the SNPs into LGs. At the LOD score of 28, the SNPs were grouped into the desired 12 LGs and the number of singleton was the smallest. As a result, LOD score of 28 was used to classify the SNPs into LGs. The markers were further ordered and their genetic distances were calculated in each LG. According to the physical locations of SNPs, the LGs were assigned to the corresponding chromosomes. The makers in a region without recombination event were collapsed into a bin. The first SNP in each bin was kept to represent the bin. Finally, a chromosome-level bin-map with 1,603 bins and in length of 1,096.7 cM was constructed (Figure S1). Summary statistics on the genetic map are listed in Table 1. The number of bins in each LG ranged from 96 (LG10) to 198 (LG4). The LG lengths varied from 65.6 cM (LG10) to 121.4 cM (LG4). The maximum spacing between bins varied from 3.2 cM (LG2 and LG12) to 6.4 cM (LG7). The average spacing between bins varied from 0.6 cM to 0.8 cM, with a mean of 0.7 cM. Relationships between the marker locations on the LGs and reference genome were plotted and compared. A good synteny between the genetic map and the reference genome was observed except a significant transversion event was observed at end of chromosome 6 (Figure 2). These results demonstrated that a high-density and chromosome-level genetic map was constructed for the F2 population derived from the parental lines of PI 442177 and Huangtu.


Table 1 | Summary statistics on the genetic map.






Figure 2 | Synteny between the genetic map and reference genome.







QTL mapping of DM resistance based on the genetic map

The single QTL method provided by R/qtl2 was used to map the QTLs for DM resistance at each growth stage. The significant LOD threshold at p < 0.05 for the inferred QTLs was estimated by 1000 permutation tests. The significant LOD thresholds for the early, middle and late growth stages were 3.86, 3.96 and 3.93, respectively. The significant QTLs were identified for each growth stage (Table 2), and their locations are shown in Figure 3. At the early growth stage, two QTLs locating on chromosomes of 9 and 11 were detected, which were named as eDM9.1 and eDM11.1, respectively (Figure 3A). PVEs of eDM9.1 and eDM11.1 were 28.0% and 4.2%, respectively. At the middle growth stage, two QTLs locating on chromosomes of 9 and 12 were identified for DM resistance, which were named as mDM9.1 and mDM12.1 (Figure 3B). Of which, mDM9.1 with the PVE of 37.7% exhibited a major effect, while mDM12.1 with the PVE of 5.2% exhibited a minor effect. Four QTLs, locating at chromosomes of 9, 10, and 12, were detected for DM resistance at the late growth stage and named as lDM9.1, lDM10.1, lDM12.1, and lDM12.2, respectively (Figure 3C). Of which, lDM9.1 with the PVE of 24.3% had a major effect, while the other three QTLs with small PVEs exhibited minor effects on DM resistance. No co-locations were observed for the minor-effect QTLs with the PVE less than 10% at different growth stages. However, the major-effect QTLs overlapped at the end of chromosome 9 for all the three growth stages, indicating that it is a QTL conferring whole-stage resistance to DM.


Table 2 | Summary statistics on the detected QTLs.






Figure 3 | QTL mapping for downy mildew resistance in melon and fine mapping of DM9.1. (A) QTL mapping of downy mildew resistance at the early growth stage based on the genetic map. (B) QTL mapping of downy mildew resistance at the middle growth stage based on the genetic map. (C) QTL mapping of downy mildew resistance at the late growth stage based on the genetic map. The dash line represents the cutoff value of LOD at P < 0.05 significant level after 1000 permutation tests. (D) QTL mapping of downy mildew resistance in the F2 population of PI 442177 and Huangtu based on QTL-seq analysis. (E) QTL mapping of downy mildew resistance in the F2 population of PI 442177 and Huangdanzi based on QTL-seq analysis. (F) Fine mapping of DM9.1 in the F2 population of PI 442177 and Huangdanzi using KASP markers.







Genetic mapping of DM resistance based on QTL-seq approach

QTL-seq approach was also used to map the QTLs conferring DM resistance. Whole-genome re-sequencing approach was performed for PI 442177, Huangtu, and the two bulks, generating a total of 30.28 G sequencing data. The sequencing depths for the parents and bulks were about 10× and 25×, respectively. A total of 3,112,726 SNPs and 734,564 InDels were identified by GATK4. The variants were further filtered according to the parental genotypes. The filtered SNPs were used to calculate the SNP-index for each bulk and the delta SNP-index between the two bulks. The results are shown in Figure 3D. At the significant level of p < 0.05, one QTL was detected at the interval of 22.4-25.2 Mb on chromosome 9 and four QTLs were detected on chromosome 10 (Table S1). At the significant level of p < 0.01, only the QTL locating at the interval of 23.1-25.2 Mb on chromosome 9 was detected (Table S1).

Whole-genome re-sequencing produced a total of 45.29 G data for Huangdanzi, PI 442177, and the two pools. The sequencing depths were over 7 × and 25 × for the two parents and two pools, respectively. A total of 3,594,752 SNPs and 659,052 InDels were identified. QTL-seq analysis was performed using the filtered variants. At the significant level of p < 0.05, one QTL was detected at the interval of 23.0-25.2 Mb on chromosome 9 and two QTLs were detected on chromosome 12 (Figure 3E; Table S1). At the significant level of p < 0.01, only the QTL locating at the interval of 23.3-25.2 Mb was detected on chromosome 9 (Table S1).





Fine mapping of DM9.1 using KASP assay

The QTL locating at the end of chromosome 9 not only exhibited a major effect to DM resistance but also was consistently detected in the two F2 populations by both linkage map and QTL-seq analysis. As a result, it was selected for further analysis. To avoid missing the candidate genes, the significant intervals detected by both the linkage map and QTL-seq analysis were merged into one QTL. The merged QTL was named DM9.1 and delimited at 22.0-25.2 Mb on chromosome 9.

To fine map DM9.1 into a smaller interval, KASP assay was carried out on the F2 population derived from the parental lines of PI 442177 and Huangdanzi, which comprised of 600 individuals. A total of 66 high-quality SNPs in the mapping interval were selected and converted to KASP markers (Table S2). KASP assay showed that 33 markers were successfully amplified and exhibited polymorphism between the parental lines of PI 442177 and Huangdanzi. A total of 34 DM-resistant individuals and 51 DM-susceptible individuals in the F2 population were selected for fine mapping. The recombinants were identified based on the phenotypes and genotyping results. Finally, DM9.1 was narrowed down to a 1.0 Mb region flanking by KASP_23798623 and KASP_24832572 (Figure 3F).

According to the annotation of reference genome, there were 133 genes in the fine mapping interval. Effects of the variants on the annotated genes were assessed using snpEff. A total of 115 genes were affected by the variants. The IDs and functions of these genes are listed in Table S3. Four genes were highly impacted by the variants, including UDP-glucose 4-epimerase family protein, WD repeat-containing protein 44 and two unknown proteins (MELO3C005854.2, MELO3C034011.2). While, moderate and low impacts were observed on more than 30 genes (Table S3). The large number of genes in the mapping interval made it difficult to determine the candidate genes for DM9.1.

To provide high-quality markers for marker-assisted selection of DM resistance, KASP markers were further developed in the fine mapping interval. Genotyping results of KASP_24060858 showed that all the 34 DM-resistant individuals exhibited homologous genotypes, while, the 51 DM-susceptible individuals exhibited homologous or heterozygous genotypes at this locus (Figure 4). This result demonstrated that KASP_24060858 was a marker co-segregating with the recessive DM resistance.




Figure 4 | Genotyping pattern of the selected F2 individuals derived from the cross of PI 442177 and Huangdanzi using the KASP_24060858 marker. The red cycles represent the homologous resistant genotypes. The yellow cycles represent the homologous susceptible genotypes. The green cycles represent the heterozygous susceptible genotypes. The triangles represent the positive controls of resistant and susceptible genotypes. The gray rectangle represents the negative control (without DNA templates).








Discussion

DM is a major disease frequently causing great economic loss in melon production. Breeding DM-resistant cultivars is the most efficient approach for disease control. Although several DM-resistant melon accessions had been identified, only a small number of QTLs or genes had been mapped or cloned, which lag far behind the requirements of DM-resistant breeding. To address this problem, the DM-resistant accession PI 442177 was used in this study to map the DM-resistant genes with the aims of providing useful molecular markers and gene resources for melon DM-resistant breeding.

Only one segregating population was used to map the targeted genes in most studies. However, it was reported that the effects of QTLs were prone to be affected by the genetic backgrounds, which means that some QTLs only can be detected under specific background (Paccapelo et al., 2022). In this study, to eliminate the influence of genetic background on QTL mapping, two F2 populations were constructed using a DM-resistant parental line and two different DM-susceptible parental lines. This experimental design can significantly improve the accuracy of QTL mapping for DM resistance.

For bi-parental genetic populations, linkage map and QTL-seq are the most frequently used methods to map the targeted genes. Linkage map-based QTL analysis can locate even the minor-effect QTLs and estimate their PVEs, but it is time-consuming (Han et al., 2022). QTL-seq is currently a more popular method to locate the targeted genes because of its high efficiency (Takagi et al., 2013). However, it only can map the major-effect QTLs in most cases. In the previous studies, either linkage map or QTL-seq was used to map targeted genes in melon (Toporek et al., 2021). To get a more comprehensive understanding on the locations of DM-resistant QTLs, both the two methods were used in this study. Overlap of the intervals delimiting by the two methods also validated the accuracy of the mapping results.

At different growth stages, responses of plant to stresses may be determined by different mechanisms and genes, which is called stage-specific tolerance (Dinglasan et al., 2021). For example, different QTLs for salt tolerance in rice were detected at seedling and reproductive stages, respectively (Singh et al., 2021). DM can infect melon at whole growth stage. In this study, to test whether different DM-resistant genes play roles in melon different growth stages, the DM infection levels were measured at early, middle, and late growth stages, respectively. Different minor effect QTLs were detected at different stages. However, the major-effect QTL DM9.1 was consistently detected at the three stages, demonstrating that DM9.1 is not only a major-effect QTL but also has function at melon whole growth stage. The major-effect and whole-stage QTL has great value in melon DM-resistant breeding.

Recently, using DM-resistant accession MR-1 and a genetically characterized isolate of P. cubensis (clade1, mating type A2), two major-effect QTLs for DM resistance were identified in melon, which located on chromosome 8 and 10, respectively, and Mildew resistance locus o (mlo) was speculated as the candidate gene for the QTL on chromosome 10 (Toporek et al., 2021). However, in our study, using PI 442177 as the DM-resistant parent line, only a major QTL locating on chromosome 9 was detected. Although a minor QTL was also detected on chromosome 9 (0.9-19.5 Mb for Greenhouse 2, 0.7-1.7 Mb for across all) in MR-1 (Toporek et al., 2021), which was not overlapped with the DM9.1. Moreover, the previously reported DM-resistant genes At1 and At2 were found to locate on chromosome 2 and 5, respectively (Taler et al., 2004; Toporek et al., 2021). As a result, DM9.1 is a novel QTL totally different from the previous reports. These results demonstrated that MR-1 and PI 442177 harbored different DM-resistant genes, which can be pyramided in breeding program to further improve DM resistance.

KASP is a high-throughput genotyping assay, which was used to narrow DM9.1 down into a 1.0 Mb interval on chromosome 9 in this study. The fine mapping interval of DM9.1 still comprised of 133 genes, which made it difficult to determine the candidate genes using the current genetic populations. However, the mapping interval provided valuable information for further fine map and clone the causal gene of DM9.1 using genetic populations with larger size in the future. Moreover, the marker KASP_24060858 co-segregating with the recessive DM resistance was developed in this study, which is a powerful genetic tool for maker-assisted selection. To the best of our knowledge, it is the first molecular marker that successfully developed for selection of DM resistance in melon.

Taken together, a stable and major-effect QTL conferring DM resistance was identified in this study by using two F2 populations based on linkage map and QTL-seq approaches, and a co-segregating KASP marker was successfully developed. These results will not only provide valuable information for DM-resistant gene cloning, but also offer powerful markers for melon breeding programs with the aim of improving DM resistance.
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Heavy ion beam (HIB) is an effective physical mutagen that has been widely used in plant mutational breeding. Systemic knowledge of the effects caused by different HIB doses at developmental and genomic levels will facilitate efficient breeding for crops. Here we examined the effects of HIB systematically. Kitaake rice seeds were irradiated by ten doses of carbon ion beams (CIB, 25 – 300 Gy), which is the most widely used HIB. We initially examined the growth, development and photosynthetic parameters of the M1 population and found that doses exceeding 125 Gy caused significant physiological damages to rice. Subsequently, we analyzed the genomic variations in 179 M2 individuals from six treatments (25 – 150 Gy) via whole-genome sequencing (WGS). The mutation rate peaks at 100 Gy (2.66×10-7/bp). Importantly, we found that mutations shared among different panicles of the same M1 individual are at low ratios, validating the hypothesis that different panicles may be derived from different progenitor cells. Furthermore, we isolated 129 mutants with distinct phenotypic variations, including changes in agronomic traits, from 11,720 M2 plants, accounting for a 1.1% mutation rate. Among them, about 50% possess stable inheritance in M3. WGS data of 11 stable M4 mutants, including three lines with higher yields, reveal their genomic mutational profiles and candidate genes. Our results demonstrate that HIB is an effective tool that facilitates breeding, that the optimal dose range for rice is 67 – 90% median lethal dose (LD50), and that the mutants isolated here can be further used for functional genomic research, genetic analysis, and breeding.
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1 Introduction

Food security has increasingly become a prominent issue with the rapid increase in the population and climate change. Rice is one of the most important crops in the world feeding over half of the world’s population (Gross and Zhao, 2014). Thus, there is a great need in rice breeding to meet the demand. Mutations not only directly provide rich resources for breeding, but also genetic resources for functional genomics study, molecular design, and other technologies. Physical mutagenesis has played an important role in the construction of mutant populations for a long time. Currently, commonly used physical mutagens include X-rays, γ-rays, fast neutron (FN), and heavy-ion beams (HIB). HIB is a unique physical mutagen, whose role in mutant creation is also gradually favored by breeders.

HIB is a kind of ionizing radiation generated from the acceleration of heavy ions by a large-scale particle accelerator. Compared with traditional physical mutagens like X-rays and γ- rays, HIB has higher linear energy transfer (LET), meaning the energy of ionized particles deposited on its unit track is higher, leading to dense ionization in the sample (Kazama et al., 2017). Therefore, HIB can produce higher relative biological effects (RBE) and induce higher mutation frequency at lower radiation doses (Hirano et al., 2015). HIB has been widely used in plant mutation-mediated breeding and construction of mutant libraries. Researchers have used HIB to construct a large number of mutants and rich varieties in model plants(Tanaka et al., 2002; Kitamura et al., 2004; Magori et al., 2009; Du et al., 2018; Du et al., 2021), crops (Abe et al., 2002; Tanaka et al., 2002; Ishikawa et al., 2012; Liu et al., 2013; Zhang et al., 2022) and ornamental plants (Yamaguchi et al., 2009b; Hase et al., 2010; Matsumura et al., 2010). Various types of rice mutants have been generated by HIB irradiation, including plant height variants, leaf variants (Peng et al., 2019), low cadmium absorption(Ishikawa et al., 2012), grain variants (Li et al., 2017; Jiang et al., 2019), UV-B insensitive mutants (Takano et al., 2013), and salt-alkali tolerance (Zhang et al., 2022).

In general, the first process of mutational breeding is to irradiate plant seeds with suitable radiation doses. The irradiated seeds are planted for seed collection (M1 generation). Then, large-scale screening for mutants was usually carried out in the M2 generation, and the selected mutants were verified in higher generations. Since the irradiation treatment is the original step of the physical mutational breeding, the selection of suitable irradiation parameters is undoubtedly the groundwork for the mutant library construction. The input dose is an important factor in controlling the amount of genetic mutations (Ichida et al., 2019). Therefore, analyzing the relationship between the irradiation dose and its biological effects on the M1 generation, the genome variation spectrum in M2, and generated phenotypic variations will greatly facilitate the formulation of the irradiation design and the whole breeding work. Currently, most of studies focus on one of the above aspects, lacking an integrated evaluation through multi-generational study to investigate multi-dimensional biological effects. For example, some studies have only given the irradiation dose range based on the survival rate and fertility of the M1 generation after irradiation and the phenotypic mutation rate in the M2 generation, lacking the whole genome-level knowledge (Yamaguchi et al., 2009a), or only based on the survival rate of the M1 generation after irradiation and the mutation frequency of different doses of carbon ion beams (CIB) in the exon region in the M2 generation. They often recommend an optimal radiation dose range but lack more comprehensive whole genome data in M1 to support it(Ichida et al., 2019).

Previous studies on HIB-induced mutation characteristics mainly focused on certain doses with supporting data only from high-generation (M3-M6) phenotypic mutants(Li et al., 2019; Yang et al., 2019; Zheng et al., 2020). There were few studies on the mutation characteristics induced by different doses of HIB using low-generation (M1 - M2) mutants without phenotypic bias. Therefore, the characteristics of mutations induced by different HIB doses in the whole genome of unbiased rice mutants remain unknown.

Kitaake, as a model rice variety, is small and easy to reproduce and has a short life cycle (about nine weeks) and high transformation efficiency. Multiple Kitaake mutation populations have been constructed, including RNAi populations (Wang et al., 2013), T-DNA insertional populations (Kim et al., 2013), and FN-mutagenized populations (Li et al., 2016; Li et al., 2017). Kitaake has also been used to study some aspects of rice biology, such as disease resistance (Liu et al., 2015; Zhou et al., 2018), microRNAs (Rodrigues et al., 2013), and the CRISPR-Cas9 technology (Xie et al., 2015). The reference genome data of Kitaake was released in 2019. Therefore, it is suitable for the study of radiobiological effects and mutation mechanisms (Li et al., 2016; Li et al., 2017; Jain et al., 2019). In this study, we first systematically studied the biological effects induced by ten CIB doses in the M1 generation. Next, we looked at the mutation characteristics induced by six CIB doses (25 – 150 Gy) in the M2 generation and at different panicles of a single M1 plant. We constructed mutant populations from eight CIB doses (25 – 200 Gy), selected mutants with agronomic traits in their M2 - M4 generations, and identified three mutants with higher grain yields. We also selected 11 stable mutants with various phenotypes at the M4 generation for re-sequencing and revealed their genomic mutational profiles of single base substitutions (SBSs) and small insertions and deletions (InDels). The candidate genes responsible for these mutant phenotypes were predicted.




2 Materials and methods



2.1 Materials and carbon ion beams radiation

Dry seeds of rice (Oryza sativa ssp Japonica, Kitaake), whose water content was adjusted to 12%, were used for mutagenic treatment. The samples were irradiated by CIB (12C6+, 967 MeV) generated by the Heavy Ion Research Facility in Lanzhou (HIRFL) at the Institute of Modern Physics, Chinese Academy of Sciences (IMP-CAS). The average LET value of CIB was 34 keV/μm. During CIB radiation, the seeds were placed in a 35 mm Petri dish, about 100 seeds were placed in each Petri dish, and the thickness of the seed sample was about 0.8 cm. The irradiation doses were set as 25, 50, 75, 100, 125, 150, 175, 200, 250 and 300 Gy, and the dose rate was approximately 60 Gy/min. Treatments for each dose had three replicates.




2.2 Determination of M1 seedling growth indexes

After CIB irradiation, 40 seeds were randomly selected from each petri dishes with three replicates at each dose. The selected seeds placed in a 10 ml centrifuge tube, added about 8 ml H2O2(1%) surface disinfection for 30 min, and then washed the seeds with distilled water 3 times. Then the seeds germinated in 90 mm Petri dishes covered by three layers of wet filter paper with deionized water. The petri dishes were placed in electro-heating standing-temperature cultivator at 28°C for germination. Seeds that developed both primary leaves and radicles were regarded as germinated. Germinated seeds were counted every day until the number did not increase, then the seed germination rates were calculated (Number of germinated seeds/total number of seeds × 100%).

Rice seedlings were transferred into 1-liter hydroponic boxes with 1× Kimura B Nutrient Solution and placed in a growth chamber. For the setting of temperature, light and humidity conditions, refer to the rice growing protocol of the Ronald lab (https://kitbase.ucdavis.edu/). Specifically, the fluorescent light was set to 14 hours with a light intensity of ~250 μmolm-2s-2, and the temperature was maintained at 26-28°C. During the 10 hours of darkness, the temperature was maintained at 24°C, and the relative humidity was set to 60%. Root length and shoot length were determined at the 9th day after culture. Seedling survival rates were measured on the 14th and 21st day, and no significant difference in survival rates was found, and statistical data from the 21st day were plotted.

When rice seedlings have grown for 30 days (at tillering stage), their chlorophyll contents and chlorophyll fluorescence parameters were measured. Chlorophyll content was determined as described by Porra et al. (Porra et al., 1989). First, 0.2 g of leaf samples, with the main vein removed and taken from the same position on the leaf, were placed in a mortar. A small amount of quartz sand and calcium carbonate powder were added, followed by 3 ml of 95% ethanol. The sample was homogenized and then an additional 5 ml of 95% ethanol was added. Grinding was continued until the leaf tissue residue was white. After resting for 5 minutes, the sample was transferred to a 15 ml centrifuge tube and rinsed with 95% ethanol 2-3 times until the residue was completely white. The resulting solution was transferred to a centrifuge tube and centrifuged at 4000 r/min for 10 minutes. The final volume was fixed at 15 ml, and 200 μL supernatant was used to determine the absorbance at 665 nm, 649 nm, and 470 nm using a TECAN infinite 200 microplate reader. All of the above processes were carried out in darkness. Three replicates with three technical replicates were carried out for each radiation dose group. For chlorophyll fluorescence parameters, the new leaves at the top of the main stem during the tillering stage were selected for measurement, including ETR (II) (absolute electron transfer rate of photosystems II), Y(II) (actual photosynthetic efficiency of photosystems II), Fv/Fm (maximal photochemical efficiency of photosystems II), and Y(NO) (quantum yield of unregulated energy dissipation in photosystems II), which were determined using a Pulse-Amplitude-Modulated Chlorophyll Fluorometer (Dual-PAM-100). Three replicates were carried out for each radiation dose group.

After seed germination and raising seedlings in the growth chamber for 14 days, the seedlings were transplanted outdoors in barrels (size: 23 × 21 × 18 cm), with three rice plants in each planting barrel, in Lanzhou (36°03′ N, 103°40′ E). At the mature stage, 12 plants were selected for each CIB dose for the measurement of their plant height, panicle number per plant, tiller number per plant, and seed setting rate. Each panicle of an individual M1 plant was separately harvested to construct the seed bank.




2.3 Whole genome re-sequencing and mapping of reads to reference genome

For re-sequencing, the M2 lines from irradiation with six CIB doses (25 – 150 Gy) were selected to study the induced mutation types. Ten M1 plants were selected for each irradiation dose; from each M1 plant, three panicles were generally selected (two panicles for a few individuals); one seed from each panicle was selected to grow an M2 plant. In M4 generation, 11 stable mutants with different phenotypes were selected for re-sequencing. Total genomic DNA was extracted from young leaves of M2 and M4 plants by the cetyltrimethylammonium bromide (CTAB) method. The integrity of DNA samples was assessed by 1% gel electrophoresis, and the OD260/OD280 ratio of DNA samples was measured with a TECAN infinite 200 microplate reader. High-quality DNA samples were used for genome resequencing. A total of 179 M2 samples (176 mutants and three controls) and 12 M4 samples (11 mutants and one control) were re-sequenced with an Illumina NovaSeq 6000 at Novogene Biotechnology Co., Ltd. Raw data were quality-controlled and filtered, and the obtained clean data were then mapped to the KitaakeX reference genome (Jain et al., 2019), using the Burrows-Wheeler-Alignment tool (Li and Durbin, 2009) and SAMtools (Li et al., 2009). The samples and sequence information of M2 and M4 generations are listed in Supplementary Table 1.




2.4 Genomic variant detection and mutation function annotation

In M2 generation, 13 samples, including ten M2 plants and three controls, were collected for each group. Individual sample from each panicle of the same M1 plant was kept separately to prevent shared mutations from being filtered. In M4 generation, 11 mutants and one control were used as a group for mutation detection. Detection of genomic variations was as described by Du et al. (2017) with minor modifications. SBSs and small InDels were screened using SAMtools (Li et al., 2009) and VarScan2 (v.3.9, http://varscan.sourceforge.net). Applying the “samtools mpileup -f ref.fa -q 10 samples_sorted.bam| java -jar VarScan.v2.3.9.jar mpileup2snp > samples.snp” command to detect SBSs. For InDels, using the “samtools mpileup -f ref.fa -q 10 samples_sorted.bam | java -jar VarScan.v2.3.9.jar mpileup2indel > samples.indel” command. Screening criteria were as follows: (1) the number of samples with an uncertain base at this site was zero (Samples NC = 0, the number of samples not covered or not called during sequencing). (2) The number of samples with genomic reference bases at this site was ≤ 1 (Samples Ref ≤ 1). (3) The allele frequency of reads supporting variations ≥ 30%, while < 10% in other samples (the variant allele frequency by read count). When the variant allele frequency of reading count was ≥ 75%, it was considered homozygous, refer to https://varscan.sourceforge.net/usinvarscan.html#v2.3_mpileup2snp for more details. Variants detected in non-irradiated parental lines and shared variants detected in different individual plants were removed. False positives in the detected mutations were counted and removed by Integrative Genomics Viewer (IGV) and Sanger sequencing (Supplementary Table 2) (Robinson et al., 2011). Then, the mutation sites were annotated. Based on the O. sativa Kitaake_499_V3.0 reference genome (Jain et al., 2019), SnpEff 5.0e (Cingolani et al., 2012) was used to annotate the detected variants and further analyze the effects of various mutation types on genes. The database was built from the Kitaake genome annotations. Further, we performed Gene Ontology (GO) analysis on the affected genes using eggNOG-mapper (eggNOG-mapper.embl.de) and TBtools (Chen et al., 2020). The biological process category was used in the GO analysis. We used eggNOG-mapper for functional annotation of Kitaake genes and to obtain background files for GO analysis. Then, TBtools (Chen et al., 2020) was used for enrichment analysis and plotting of the affected genes.




2.5 Mutant population construction, mutant screening, and yield traits measurement

In the M2 generation, 1172 M2 lines (ten plants per line) from eight CIB doses (25 – 200 Gy) were planted with a row spacing of 15 × 20 cm in Wenjiang, Sichuan (30°70′N, 103°83′E) for mutant screening. In the M3 generation, 129 mutant lines were planted with the same planting setting as M2 generation in Lingshui, Hainan (18°50′N, 110°04′E). In the M4 generation, the candidate high-yield mutants (A25, A28 and A96) were planted in Wenjiang, Sichuan, and the remaining mutants were planted in Lanzhou, Gansu (36°03′ N, 103°40′ E).

At full maturity, five plants were randomly selected from the middle of the row for measurement of plant height, panicles per plant, grains per panicle, and 1,000-grain weight. Plant height was measured in paddy fields. After the plump grains were dried in an oven at 42 °C for one week, the 1,000-grain weight was measured using the SC-A grain analysis system (Wanshen Ltd., Hangzhou, China). The yields of A25, A28 and A96 were measured and calculated per square meter (m2), with each mutant containing three independent replications.




2.6 Statistical analysis

Three replications were used for each treatment, and the data were presented as mean ± standard deviation (mean ± SD). The ANOVA analysis followed by post-hoc Tukey HSD was performed for significant differences (P < 0.05) using SPSS 29. Graphics were created using GraphPad Prism 9 and TBtools (Chen et al., 2020).





3 Results



3.1 Different CIB irradiation doses have different biological effects on the life cycle of M1 plants

We first systematically studied the biological effects induced by ten CIB doses (25, 50, 75, 100, 125, 150, 175, 200, 250 and 300 Gy). We found that seed germination (the emergence of both primary leaves and radicles) rate was over 98% at each CIB dose (Figure 1A). However, root lengths and shoot lengths of 9-day seedlings were significantly lower than control, even those in the 25 Gy group (Figures 1B, C). Using the single-hit multi-target (SHMT) model (Yoshitaka et al., 2019), we observed that the dose for reducing the shoot length to half of the control was 108.49 Gy, while the dose for reducing seedling root length to half of the control was 73.52 Gy. Thus, roots were more sensitive to CIB irradiation than shoots. Similarly, according to the SHMT model, the shoulder dose (Dq) of Kitaake was 98.82 Gy and the LD50 was 112.30 Gy. When the CIB dose was over 75 Gy, the survival rate dropped dramatically; almost all seedlings died at high irradiation doses (> 175 Gy) (Figure 1D).




Figure 1 | Biological response of M1 plants to different doses of CIB irradiation. (A–D) Relative values of developmental index at seedling stage. (E–H) Relative values of photosynthetic pigment contents at tillering stage. (I–L) Relative values of chlorophyll fluorescence parameters at tillering stage. (M–P) Relative values of indicators at maturity period. Data represent the mean ± SD of three replicates. Different lowercase letters represent significant differences among treatments (P<0.05) by ANOVA analysis. The single-hit multi-target (SHMT) model equation is S = 1 − (1 − EXP(−D/D0))N. (A–K), (M, P) were fitted by nonlinear curves based on a SHMT model. (L, N, O) were fitted by nonlinear curves based on a dose-response-stimulation model.



We further investigated the effects of different CIB doses on chlorophyll contents and chlorophyll fluorescence parameters at tillering stage (30-day old). The contents of chlorophyll a, chlorophyll b, total chlorophyll, and carotenoid in leaves were significantly reduced when the irradiation dose was over 125 Gy (Figures 1E–H). These results indicate that high dose irradiation damages the chlorophyll biosynthesis pathway in rice. Chlorophyll fluorescence parameters showed that when the dose was lower than 100 Gy, the ETR (II), Y(II), Fv/Fm, and Y(NO) were almost unaffected. CIB greater than 100 Gy reduced ETR(II), Y(II) and Fv/Fm values (Figures 1I–K), but increased the Y (NO) value (Figure 1L). These results suggest that CIB irradiation above 100 Gy, due to irradiation damage, has a significant effect on photosynthesis at tillering stage in M1 plants.

We then measured agronomic traits at maturity, including plant height, tiller number, panicle number, and seed setting rate. We found no significant differences between treated groups and the control in plant height, tiller number, or panicle number, when CIB was lower than 125 Gy. However, when CIB was higher than 125 Gy, plant height decreased significantly (Figure 1M), and the numbers of tillers and panicles of survived plants of high-dose groups were significantly higher than those of control and low-dose groups (Figures 1N, O). Seed setting rate gradually decreased with increasing irradiation dose; at doses greater than 125 Gy, the seed setting rate dropped to less than 25% (Figure 1P). Therefore, we conclude that doses over 125 Gy cause serious damage on rice and have significant effects on normal development in the M1 generation.




3.2 CIB-induced genomic mutation frequency has obvious dose distribution intervals in M2 plants

According to the biological effects in M1 plants after different doses of irradiation, we selected M2 samples from six CIB dose groups to further study the molecular characteristics of induced mutations. A total of 176 M2 lines and three control samples were re-sequenced (Supplementary Table 1). A total of 14,336 mutations, including 10,368 SBSs, 3,368 deletions and 600 insertions, were detected in the 176 samples of the six CIB-dose groups. We found that the mutations induced by CIB were unevenly distributed throughout the genome, and the number of mutations appeared not related to the sequencing depth or gene density (Figure 2A; Supplementary Table 3). We found that most mutations occurred in intergenic regions (30%) and upstream and downstream regions (25%), followed by introns (10%), exons (5%), and the 3’- and 5’-untranslated regions (UTR, 3%) (Supplementary Figure 1).




Figure 2 | Genomic mutations induced by CIB at each dose in M2 population. (A) Genome-wide distribution of mutations induced by six CIB doses in M2 population. The circular tracks (from inner to outer) represent the 12 rice chromosomes on a megabase scale; GC ratio and gene density are on 100-kb windows of the reference genome KitaakeX; Tracks iv to X represent the mutations induced by doses of 25, 50, 75, 100, 125, and 150 Gy, as well as the number of all mutations induced by six doses of CIB within a non-overlapping 100-kb range of chromosomes. The highest signal heights in these tracks represent nine mutations/100-kb, seven mutations/100-kb, seven mutations/100-kb, nine mutations/100-kb, eight mutations/100-kb, nine mutations/100-kb, and nine mutations/100-kb. The color bar represents gene density within a 100-kb chromosome region, with red indicating an increase in gene density and the highest point representing 27 genes/100-kb. Blue represents a decrease in gene density, with the lowest point representing zero genes/100-kb. (B) Percentages of SBSs, deletions and insertions in each dose group. (C) Average number of induced mutations. (D) Mutation frequency at each dose. (E) Zygosity of induced mutations. (F) Average number of affected genes. (C, D, F) data represent the mean ± SD of three replicates. Different lowercase letters represent significant differences among treatments (P<0.05) by ANOVA analysis.



Single base substitutions (SBSs) were the most abundant mutations in each group, accounting for more than 70%, followed by deletions (21 – 26%) and insertions (about 5%) (Figure 2B; Supplementary Table 4). The ratios of SBSs/InDels had no significant differences among the six groups, ranging from 2.41 to 2.78 (Figure 2B; Supplementary Table 4). The number of induced mutations gradually increased from 25 to 100 Gy, but remained steady from 100 to 150 Gy, then even slightly decreased at 125 Gy, indicating that a saturated mutation level was reached at approximately 100 Gy. At 100 Gy, the average mutation number was 105.23 (± 4.00)/line and average mutation frequency was 2.66 (± 0.10) × 10-7/bp (Average number of mutations/Kitaake reference genome size), showing no significant differences from those (98.17 (± 4.40)/line and 2.48 (± 0.11) × 10-7/bp) at 150 Gy (Figures 2C, D). When zygosity of mutations was investigated, the ratio of heterozygous to homozygous sites at each dose was 2.02 – 2.30 (Figure 2E).

In the 176 individual M2 lines, 9,961 genes were affected, among them 253 genes were highly affected (including nonsense and frameshift mutations), 630 genes were moderately affected (missense mutations), 288 genes were only lightly affected (synonymous mutations), and 8,790 genes were in introns or intergenic regions (See http://snpeff.sourceforge.net for details) (Supplementary Tables 5, 6). Among these affected genes, 2,899 were caused by InDels (29.1%) and 7062 caused by SBSs (70.9%) (Supplementary Table 5). Similarly, 100 Gy yielded the largest number of affected genes with an average of 74 (± 2.06)/line, including three highly-affected genes per line (Figure 2F; Supplementary Table 6). The highly affected genes were mostly caused by InDels (> 80%), only few (< 20%) by SBSs (Figure 3C).




Figure 3 | Characteristic of SBSs and InDels induced by each dose of CIB. (A) Type and proportion of SBSs, the color bar values represent the normalized using data row scale. (B) Size distribution of InDels, the color bar values represent the normalized using data row scale. NA represents no such mutation found. (C) Genes highly impacted by SBSs and InDels. (D) Heatmap of all amino acid variations induced by CIB. The color bar represents the frequency of the amino acid variation, with darker shades of blue indicating a higher frequency of the amino acid variation. The highest mutation frequency is 5%.



For specific biological processes (Ashburner et al., 2000), we found from GO analysis that the most enrichment of all the genes affected by the six doses of CIB irradiation group was observed in polyacetaldehyde metabolism, polysaccharide decomposition metabolism, and cellulose decomposition metabolism(Supplementary Figure 2). Further GO analysis of different CIB irradiation group showed that they were enriched in different biological processes. The regulation of photoperiodism, flowering, cell tip expansion, and pollen tube growth had more hits at 25 Gy group, whereas the oligosaccharide catabolic process, the disaccharide catabolic process, and the carbohydrate catabolic process had more hits at 100 Gy group (Supplementary Figure 2). However, there were also some shared biological processes between different radiation dose groups. For example, there were 12 shared GO terms between the 75 Gy and 100 Gy radiation dose groups, including carbohydrate transport, plant epidermis morphogenesis, and positive regulation of cell differentiation, etc (Supplementary Figure 3; Supplementary Table 7). However, these biological processes were not among the top ten GO terms with the highest enrichment levels (the ten GO terms with the lowest P-values), and no consistent pattern was observed for the specific shared GO terms and genes for different doses group. Therefore, just like the uneven distribution of induced SBSs and InDels, the genes affected by CIB are also random.




3.3 CIB induces high rates of base-transitions and small InDels (<10 bp) in M2 generation

Transitions (Ts) and Transversions (Tv) are two forms of SBS. In this study, we found that the ratios of Ts/Tv induced by the six CIB doses were between 1.17 and 1.50. Therefore, CIB induced more Ts than Tv in M2 rice. Among the SBSs, G:C to A:T was the most abundant one (31.1 – 37.6%), followed by A:T to G:C (16 – 24.8%) and A:T to T:A (15.1 – 18.5%); A:T to C:G, G:C to T:A and C:G to G:C were the least (Figure 3A).

For each CIB dose, most of the induced InDels were deletions (more than 80%) (Supplementary Table 4). The induced deletions ranged from 1 to 38 bp and insertions ranged from 1 to 17 bp. The induced deletions were mainly 1 bp (45.16% on average) and 2-10 bp (48.03% on average), with few >10 bp deletions (6.81% on average). The induced insertions were mainly 1 bp (75.75% on average), with some 2-10 bp (23.43% on average) and very few >10 bp (0.82% on average) (Figure 3B).




3.4 Different CIB doses induce different amino acid variations in M2 plants

In the six CIB irradiation groups, 131 amino acid variants were induced, accounting for 34.5% of all possible amino acid variations (Figure 3D). In the 25 Gy group, only 36 amino acid variations were induced, accounting for only about 9.5% of possible variations. More than 60 amino acid variants were induced at 75 Gy, 100 Gy, and 150 Gy, accounting for roughly 16% of possible variations (Supplementary Figure 4). The wide distribution and large number of amino acid changes induced by CIB suggests that mutations induced by CIB are relatively random. The most abundant amino acid changes are as follows: proline to serine (12%, in 25 Gy group), aspartate to tyrosine (7%, 50 Gy group), lysine to glutamate (7%, 75 Gy group), arginine to leucine (6%, 100 Gy group), leucine to serine (8%, 125 Gy group), and phenylalanine to leucine (9%, 150 Gy group) (Supplementary Figure 4).




3.5 Few mutations induced by CIB are shared by different panicles of the same M1 plant

Zheng et al. (2020) reported that after seeds were irradiated by HIB, different mutations were observed in different panicles of the same M1 plant. Hence, they speculated that different panicles might be derived from different progenitor cells, but it has not been verified at the molecular level (Zheng et al., 2020). Furthermore, the shared and unique mutation rates among different panicles from the same M1 plant were not reported in previous studies. Therefore, in this study, we counted the number of genomic mutations (SBSs and InDels) shared by different panicle from the same M1 rice plant. The results showed that the rate of mutations shared by the three re-sequenced panicles of a single M1 plant are very low, only about 7.5% on average, and the rate shared by two panicles was 20%. Consequently, the rate of unique mutations in a single panicle was very high averaging at 66.9%. Therefore, different panicles of a single M1 plant share few mutations and each panicle contains a large number of unique mutations (Figure 4A). Similar conclusions held true when all 176 lines were examined (Figure 4B).




Figure 4 | Rates of mutation unique to each panicle or shared by different panicles of the same M1 plant. (A) Rates of shared and unique mutations at each CIB dose. (B) Numbers of shared mutations and unique mutations in three panicles of a single M1 plant from all CIB groups.






3.6 CIB irradiation effectively generates many phenotypic mutants with a wide spectrum of mutations

Because our goal for CIB-induced mutagenesis is to facilitate breeding, we next turned to agronomic traits. We found 129 mutants with diverse phenotypes from a population of 1,172 M2 lines (ten plants per line), accounting for a 1.1% rate. Among them, decreased seed setting was the most abundant one accounting for 49.6% of the phenotypic mutants, followed by plant height variations accounting for 23.3%. Among plant height variations, dwarf mutations accounted for 20.2% and increased plant height constituted 3.1%. We also obtained phenotypic mutants in grains (3.9%), tiller number (2.4%), plant architecture (4.7%), leaf (3.1%), panicle (4.7%) and growth period (6.2%) (Figure 5; Supplementary Figures 5, 6; Supplementary Table 8). We also counted the numbers and mutation rates of phenotypic mutants in the M2 generation of all eight CIB doses (25 – 200 Gy) in the field. We found high phenotypic mutation rates (1.36 – 1.82%) at 75-150 Gy. Although a high dose (125 – 150 Gy) can also induce a high phenotypic mutation rate, it causes great damages including a low survival rate and low seed setting in M1 plants, rendering it difficult to obtain many seeds for further screening (Supplementary Table 9).




Figure 5 | Three mutants showing higher yields. Morphologies of whole plant, panicle, and grain, and yields of mutants A25 (A), A28 (B), and A96 (C) and Kitaake control. Scale bars of plants = 20 cm, scale bars of panicles = 5 cm, and scale bars of grains = 1 cm. Yields were calculated per square meter (m2) containing 50 plants in rice paddy fields with three replications. The asterisk represents a significant difference (P<0.05) by Student’s T Test.



Among the 129 mutants, about 50% of the mutant phenotypes became no longer separable in the M3 generation, indicating that they are inherited as a qualitative trait. Ten mutants with more relevant agronomic traits were selected for further examination (Figure 5; Supplementary Figure 6; Supplementary Table 10). Among them, A36 displayed larger panicles but fewer tillers compared to control, and A45 showed larger seeds but lower seed setting, fewer tillers, and shorter plants (Supplementary Figure 6A; Supplementary Table 10). A50, A60, and A110 were dwarf plants, with smaller panicles and shorter grains (Supplementary Figure 6B; Supplementary Table 10). A66 showed longer panicles and beak-shaped grains (triangular hulls). A8 showed longer panicles with smaller grains (Supplementary Figure 6C; Supplementary Table 10). Most interestingly, we also found three mutants (A25, A28, and A96) showing enhanced yields that have potentials to serve as breeding resources. These three mutants yielded significantly more grains (by 8.5 – 11.5%) than the control, calculated per m2 containing 50 plants in rice paddy fields. A25 showed a taller plant stature, more tillers, and larger panicles resulting in higher grain yield (Figure 5A; Supplementary Tables 10, 11). A28 carried a taller stature, longer panicles, and larger grains, also resulting in higher yields (Figure 5B; Supplementary Tables 10, 11). A96 exhibited a taller stature, larger panicles and larger grains, leading to higher grain yields (Figure 5C; Supplementary Tables 10, 11).




3.7 Mutation characteristics and candidate gene prediction of 11 phenotypically stable M4 mutants

In the M4 generation, we selected 11 mutants with stable mutant phenotypes, including A18, A90, and the above-described nine mutants with agronomic traits, and re-sequenced them to identify induced SBSs and small InDels. A total of 796 mutations were detected, including 602 SBSs (75.6%), 150 deletions (18.8%), and 44 insertions (5.5%) (Figure 6A). The average number of mutations in each mutant was 72.3 (54.7 SBSs + 17.6 InDels), with the minimal number in A18 at 42 (35 SBSs + 7 InDels) and the maximal number in A96 and A110 at 102 (75 SBSs + 27 InDels) (Figure 6B; Supplementary Table 12). The Ts/Tv ratio of SBSs was 1.1 – 4.1, with an average of 1.88 (Figures 6C, D). Among the SBSs, G:C to A:T was also the most abundant one (45.7%), followed by A:T to G:C (17.1%), A:T to T:A (13.3%) and G:C to T:A(12.1%); A:T to C:G and C:G to G:C were the least (about 5%). Deletions accounted for 77.7% of InDels, and the ratio of 1 bp: 2-10 bp: >10 bp deletions was 5: 5.54: 1; the ratio of 1 bp: 2-10 bp insertions was 3: 1 (Figure 6E; Supplementary Tables 12, 13). The ratios of homozygous/heterozygous mutations were 1 – 5, with an average of 2.51 (Figures 6F, G; Supplementary Tables 12, 13).




Figure 6 | Genomic variations and candidate genes of phenotypically stable M4 mutants. (A) Percentage of SBSs, deletions, and insertions. (B) Number of mutations in each mutant line. (C) Ts/Tv value in each mutant. (D) Proportion of various types of SBSs. (E) Size distribution of InDels. (F) Proportion of homozygous and heterozygous mutations in M4 generation. (G) Zygosity of each mutant. (H) Total number of affected genes in each mutant. (I) Highly and moderately impacted genes in each mutant. (J) Circos diagrams of mutations in M4. From the outer track to the inner track: the 12 chromosomes of rice represented on a megabase scale with the candidate genes on them, gene density on 100-kb windows of reference genome KitaakeX, and distribution of mutations on each chromosome in 11 mutants. The color bar represents gene density within a 100-kb chromosome region, with red indicating an increase in gene density and the highest point representing 27 genes/100-kb. Blue represents a decrease in gene density, with the lowest point representing zero genes/100-kb. The colors of the candidate genes, A25, A28, A96 and A66 for the mutants were highlighted with the colors being purple, green, red, and blue respectively. The candidate genes for the other mutants were displayed in black.



Like the M2 generation, M4 mutants did not show a special pattern in the distribution of mutations (Figure 6J). The locations of mutations showed that ~70% of mutations (554) were in genic regions and 30% in intergenic regions (Supplementary Figure 1). In total, 796 mutations affected 554 genes, including 14 highly affected, 29 moderately affected, 12 lightly affected and 499 unaffected genes. Each mutant contains 41 – 67 affected genes (Figures 6H, I; Supplementary Table 14). As these 11 M4 lines were phenotypically stable, we only regarded homozygous mutations that highly or moderately impacted genes as candidate genes. Therefore, we selected 27 candidate genes for the 11 mutants, with an average of 2.46 candidates per line (Figures 6I, J; Supplementary Table 14). Their gene functions were revealed by searching the Kitaake eggNOG-mapper library and Rice Genome Annotation Project (http://rice.uga.edu/analyses_search_locus.shtml). For example, we selected two candidate genes, OsKitaake02g378200 (LOC_Os02g56610) and OsKitaake08g144100 (LOC_Os08g30810) (Figure 6J; Supplementary Table 14), for A66 which is a mutant showing beak-shaped grains or triangular glumes (Supplementary Figure 6C). Previous studies have shown that OsKitaake02g378200 (LOC_Os02g56610) encodes a DUF640 domain protein, which controls the development of rice lemma and palea. Mutations in this gene caused beak-shaped grains or triangular glumes (Li et al., 2012; Ma et al., 2012; Wei et al., 2013; Yan et al., 2013; Ren et al., 2016), which is very similar to A66 phenotypes. The other candidate gene OsKitaake08g144100 (LOC_Os08g30810) encoding a puromycin-sensitive aminopeptidase had no available phenotypes. Therefore, we attribute the phenotype of A66 to OsKitaake02g378200 (LOC_Os02g56610) on chromosome 2 with a G deletion at position 35911065, causing a frameshift. The candidate genes and description of functions for other mutants are listed in Figure 6J and Supplementary Table 14.





4 Discussion



4.1 Systematical analysis of the effects of different CIB doses on growth phenotypes in M1 rice to identify an optimal dosage

Previous studies on the biological effects in M1 generation induced by HIB irradiation were mostly partial. For example, the irradiation dose used and the measured indicators mostly only included survival rate and seed setting rate (Hase et al., 2018; Zheng et al., 2020), which may lead to inaccurate selection of optimal irradiation doses. Here, we systematically investigated the biological effects induced by a wide range of dosage (10-CIB-dose) for the whole life cycle of M1 generation, including growth, development, and photosynthetic indicators. Therefore, we greatly supplemented and improved the approach to more completely examine the biological effects induced by different CIB doses in rice. Based on the growth, development and photosynthetic observations on M1 generation, we conclude that the upper limit of CIB doses to induce mutations for breeding Kitaake rice is ~125 Gy (Figures 1A–P).




4.2 Quantity and types of mutations induced by different doses of CIB in M2 generation

The M2 individuals treated with six CIB doses (25 – 150 Gy) were further used to study the types of genomic mutations. Here, we randomly selected a large number of M2 samples (176 in total, about 30 for each dose group) rather than a small number of samples with observable phenotypes in higher generations (M3 - M6) as used in most previous studies (Du et al., 2017; Li et al., 2019; Yang et al., 2019; Zheng et al., 2020), which were obviously biased. Therefore, our research on the mutagenic characteristics of CIB should obtain more accurate numbers. Only SBSs and InDels induced by CIB with different doses were investigated here because of two reasons. First, previous studies have shown that HIB with low LET mainly induces SBSs and small InDels (Kazama et al., 2013; Kazama et al., 2017). Second, due to the limitation in the short read length (2×150 bp) of the next generation sequencing (NGS), the false positive rate of structural variation (SV) detection is quite high. We found that, in the M2 generation, SBSs were the most abundant type of genomic variations for each dose of CIB, accounting for more than 70%, and InDels accounted for less than 30% (Figure 2B). The number of mutations increased gradually from 25 to 100 Gy CIB, but remained steady from 100 to 150 Gy, showing a peak value at 100 Gy (Figure 2C; Supplementary Tables 4, 5). Meanwhile, 100 Gy CIB treatment affected the highest number of genes at 74 genes per plant (with 6.4 highly or moderately affected), but still far less genes than other mutagenic methods, such as EMS (Thompson et al., 2013).




4.3 The optimal CIB dose range for construction of mutant populations and breeding of rice

Consequently, based on the biological effects of different CIB doses on M1 plants, the WGS results of M2 lines, and the field results of M2 generation from eight CIB doses, we conclude that the optimal dosage for rice mutagenesis by CIB is 75 – 100 Gy, which causes 75 – 100% Dq or 67 – 90% LD50. At this dose range, the M1 population has relatively low damages, retaining normal growth, development, and photosynthetic physiology, with a moderate survival rate and fertility (Figures 1A–P). With this dosage, more genomic mutations were generated in the M2 generation (Figures 2A–C), and more mutant lines can be screened in the field, leading to a higher rate of phenotypic variations. As the response to CIB may vary with genetic backgrounds (varieties), the CIB dose-setting can be to be adjusted within a range for different rice varieties or even different crops in practical application.




4.4 Differences of mutation characteristics in different genetic generations of rice

We selected 11 M4 stable mutants to explore their mutation characteristics. We found that there were some differences in mutation characteristics between M2 and M4 samples. For example, the proportions of SBSs (75.6%) and insertions (5.5%) in M4 (Figures 2B, 6A) was lower than in M2 (23.16%) (Figures 2B, 6A). Deletions accounted for about 77.7% of InDels in M4 generation (84.88% M2); the ratio of 1 bp to 2-10 bp to >10 bp at 5: 5.54: 1 in M4 was significantly different from the 15: 9: 1 ratio in M2, but the 1 bp to 2-10 bp insertion ratio of 3:1 in M4 was not significantly different from the 2.73: 1 ratio in M2 (Figures 3B, 6E).

The Ts/Tv in each M4 line fluctuated widely, ranging from 1.1 to 4.1 with an average of 1.88, while the M2 Ts/Tv rates were between 1.17 and 1.50, with an average of 1.28 (Figures 3A, 6C, D). Therefore, deviations may occur using higher-generation populations and a small number of mutants to evaluate Ts and Tv. Another obvious difference is that the proportion of homozygous mutations of the 11 M4 mutants was significantly higher, with the homozygous/heterozygous ratio falling between 1 and 5 and averaging at 2.51. However, this proportion in the M2 generation only showed an average of 0.429 (Figures 2E, 6F). The average mutation frequency of the M4 mutants (1.83 × 10-7/bp) was similar to that of the M2 mutants, indicating that most of the induced SBSs and small InDels were heritable (Figure 2D). The locations of mutations in the genome in M4 and M2 generations were not significantly different (Figures 2A,  6J). Therefore, the spectrum of genomic variations is related to the selected generations.




4.5 Comparison of genomic variations induced by CIB and other mutagens

Various physical and chemical mutagens have been applied to mutational breeding. Mutation characteristics induced by different mutagens are distinct. For instance, EMS, the most widely used chemical mutagen, mainly induces point mutations evenly distributed in the genome. The mutation frequency induced by EMS is profoundly high (~1.18×10-6/bp), with G:C to A:T change being the most abundant mutation accounting for ~88% (Thompson et al., 2013; Henry et al., 2014; Li et al., 2017). Although SBSs were also the most abundant mutation type induced by CIB, it was not evenly distributed in the genome in our case (Figure 2A). CIB can also induce multiple-base mutations, such as small InDels (Figures 2B, 3B). InDels are more likely to induce nonsense and frameshift mutations. In this study, about 87% of highly affected genes in M2 are caused by small InDels (Figure 3C; Supplementary Table 6). Although G:C to A:T changes were the most abundant SBSs induced by CIB, its  proportion was less than 40% (Figure 3A). Hence, the SBS variations induced by CIB were less biased, and more types of amino acid changes were induced (Figure 3D; Supplementary Figure 4).

The fact that the number of affected genes in each line was less (Figures 2F, 6H, I) can be another advantage for CIB because this means only a small segregating population is needed to determine the causative mutation derived from CIB irradiation. γ-rays, the most widely used physical mutagen, mainly induces SBSs and small InDels, with SBSs accounting for ~70% in M3 - M6 generation (Li et al., 2019; Yang et al., 2019; Du et al., 2021). Like CIB, the mutations induced by γ-rays are unevenly distributed in the genome and mainly occur in the intergenic, upstream, and downstream regions of the genome (Yang et al., 2019). The difference is that CIB can induce more InDels than γ-rays, especially InDels >5 bp and larger fragments. Larger InDels may cause more highly affected genes leading to more phenotypic variations (Figure 3B) (Yang et al., 2019). Moreover, for heavy ions, different ion types have different LET, and the ion beam irradiation with higher LET, such as argon ion, is more likely to induce larger InDels and SVs. Therefore, the ion type can be selected according to the purpose of mutagenesis (Kazama et al., 2017). SBSs and small InDels induced by FN, which is another high-LET physical mutagen, are significantly different from those induced by CIB. For example, although SBSs were also the main type induced by FN in the M2-M3 generations of rice, its proportion (48%) was significantly lower than by CIB (> 70%), and the proportion of InDels induced by FN (40%) was significantly higher than that by CIB (average 27.5%, in this study). Therefore, researchers can select appropriate mutagens according to their purposes.




4.6 CIB enriches genetic resources for rice functional genomics research

In this study, we studied the phenotypes of 11 M4 stable mutants in detail and predicted their causal genes based on WGS (Figure 5, Supplementary Figures 5, 6; Supplementary Table 14). Since these mutant traits are stable in M2 - M3 generations, we reason that their mutant phenotypes might be controlled by homozygous mutations in single genes. OsKitaake02g378200 (LOC_Os02g56610) and OsKitaake08g144100 (LOC_Os08g30810) are predicted as the candidate genes for A66 which displays beak-shaped grains/triangular hulls (Supplementary Figure 6C; Supplementary Table 14). Previous studies have reported that OsKitaake02g378200 (LOC_Os02g56610) mutation caused a similar phenotype (Li et al., 2012; Ma et al., 2012; Wei et al., 2013; Yan et al., 2013; Ren et al., 2016). Therefore, we attribute the phenotypic change of A66 to the G deletion at position 35911065 on chromosome 2 resulting in a frameshift in OsKitaake02g378200 (LOC_Os02g56610). This also demonstrates that our prediction method is feasible. Of particular interest is A28, a mutant with good yield traits including taller plants, longer panicles, larger grains, that has two predicted candidates, OsKitaake06g252400 (LOC_Os06g46400) and OsKitaake11g149500(LOC_Os11g32270) (Figure 5B; Supplementary Table 14). We found that OsKitaake06g252400 is highly expressed in shoots, pistil, anther, embryo of 25-DAP (days after pollination), and panicles (with Fragments Per Kilobase of exon model per Million mapped fragments (FPKM) > 5.5), while OsKitaake11g149500 is not expressed in shoots (See http://rice.uga.edu/cgi-bin/ORF_infopage.cgi for detail). Therefore, we reason that OsKitaake06g252400 is the more likely gene that causes the A28 mutant phenotype. A25 and A96 also carry improved yields, and their causal genes can be further studied focusing on the predicted candidate genes (Figures 5A, C; Supplementary Table 14).

In this study, we identified 27 candidate genes in 11 mutants (Supplementary Table 14). We searched the functions of these genes in the Kitaake eggNOG-mapper library and Rice Genome Annotation Project (http://rice.uga.edu/analyses_search_locus.shtml), but the functions of six remain unknown: OsKitaake03g360700 (LOC_Os03g56724) of A8 (a mutant of longer panicles with less panicles and smaller grains, Supplementary Figure 6C), OsKitaake01g001400(LOC_Os01g01170), sKitaake01g343150 and OsKitaake05g245200 (LOC_Os05g46440) of A18 (a dwarf mutant with low seed setting rate, Supplementary Figure 5V), OsKitaake01g343150 and OsKitaake05g245200 (LOC_Os05g46440) of A96 (a mutant of taller plants, larger panicles, and larger grains, Figure 5C), and OsKitaake12g170400(LOC_Os12g36270)of A50 (a dwarf mutant with smaller panicles and shorter grains, Supplementary Figure 6B). These genes are good candidates for further functional analysis. In conclusion, our research provides valuable new genetic resources for rice breeding.




4.7 CIB has a great mutagenic potential

In this study, we screened various rice materials with visible phenotypes in M2 generation, including variations in plant height, grains, panicles, fertility, stem and leaf, which showed a broad spectrum of phenotypic mutations induced by CIB. In M3 generation, many (49.6%) lines show stable inheritance, which further demonstrates that a relative short period is needed to stabilize these mutations for breeding. There were about 70% heterozygous mutations in the M2 generation (Figure 2E). These heterozygous sites may be further separated to produce new phenotypic mutants in the offspring. The mutants obtained in this study enrich germplasm resources for Kitaake and for rice breeding, especially, the mutants with enhanced yield traits can be directly used in breeding practice. These phenotypic mutants can also be used to explore specific genes or alleles controlling special phenotypes by forward genetics or reverse genetics (Li et al., 2017; Sun et al., 2022).

Previous research proposed a hypothesis that different panicles may originate from different progenitor cells (Zheng et al., 2020). However, it has not been verified at the molecular level. In this study, we re-sequenced plants from three different panicles derived from a single M1 plant and validated this hypothesis. Moreover, our WGS results showed that the proportion of mutations shared by different panicles from the same plant was relatively low (Figure 4). Therefore, different panicles of M1 may be separately collected and treated as lines of independent mutational origins, which would greatly increase the number of mutants in the population. In addition, we only screened for visually observable mutants in this study, but there are many other mutants, such as low cadmium absorption, disease resistance, salt and alkaline tolerance, higher grain quality, that would be very useful to researchers and breeders.





5 Conclusion

This study comprehensively studied the mutagenic effects of different CIB doses in continuous multi-generations (M1 - M4) of Kitaake. We assessed the biological effects induced by different doses of CIB in M1 generation and the types of genomic variations induced by different doses of CIB in M2 generation. An M2 population induced by different CIB doses was constructed that contains a large number of valuable mutants. We estimated the optimal CIB dose range to be 75 – 100 Gy (75 – 100% Dq or 67 – 90% LD50) for Kitaake (Figure 7). In the M4 generation, the mutation types of stable phenotypic mutants were studied, and candidate genes for many mutants were predicted. The comparison between unselected M2 and M4 mutants revealed differences of mutations carried in different generations. Meanwhile, great mutagenic potential of HIB was also revealed: mutants from different panicles of a single M1 plant can be screened separately, and the induced heterozygous mutations can be screened in higher generations. We also obtained three high-yield mutant lines which can be used for rice breeding and genetic analysis of these agronomic traits.




Figure 7 | Overview of the mutagenic effects of different CIB doses on successive multi-generations of rice. First, after the Kitaake M0 seeds were irradiated by ten CIB doses (25 – 300 Gy), the biological effects of different doses in the whole life cycle of M1 generation were systematically studied. Second, each single panicle (M2 seeds) of the same plant was separately harvested at the mature stage. Furthermore, the genomic variations in M2 plants and mutations unique to a single panicle or shared by different panicles of the same M1 plant induced by six CIB doses (25 – 150 Gy) were studied. Third, we also constructed M2 mutant populations from eight CIB doses (25 – 200 Gy). By examining the biological effects in M1 generation induced by ten CIB doses, the mutation characteristics in M2 generation induced by six CIB doses, and the M2 phenotypic mutation rates induced by eight CIB doses, we conclude that the optimal dosage should cause 75 – 100% Dq or 67 – 90% LD50. In addition, we selected a variety of phenotypic mutants in the M2 mutant population and verified the isolated mutants in M3 - M4 generations. Finally, we selected 11 M4 phenotypic mutants to study their mutation characteristics and candidate genes.
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Potato late blight (causal agent Phytophthora infestans) is a disease of potatoes with economic importance worldwide. Control is primarily through field monitoring and the application of fungicides. Control of late blight with fungicides and host plant resistance is difficult, with documented cases of such control measures failing with the advent of new pathotypes of P. infestans. To better understand host plant resistance and to develop more durable late blight resistance, Quantitative Trait Locus/Loci (QTL) analysis was conducted on a tetraploid mapping population derived from late blight-resistant potato cultivar Palisade Russet. Additionally, QTL analyses for other traits such as Verticillium wilt and early blight resistance, vine size and maturity were performed to identify a potential relationship between multiple traits and prepare genetic resources for molecular markers useful in breeding programs. For this, one hundred ninety progenies from intercrossing Palisade Russet with a late blight susceptible breeding clone (ND028673B-2Russ) were assessed. Two parents and progenies were evaluated over a two-year period for response to infection by the US-8 genotype of P. infestans in inoculated field screenings in Corvallis, Oregon. In Aberdeen, Idaho, the same mapping population was also evaluated for phenotypic response to early blight and Verticillium wilt, and vine size and maturity in a field over a two-year period. After conducting QTL analyses with those collected phenotype data, it was observed that chromosome 5 has a significant QTL for all five traits. Verticillium wilt and vine maturity QTL were also observed on chromosome 1, and vine size QTL was also found on chromosomes 3 and 10. An early blight QTL was also detected on chromosome 2. The QTL identified in this study have the potential for converting into breeder-friendly molecular markers for marker-assisted selection.




Keywords: potato late blight (causal agent Phytophthora infestans) resistance, early blight resistance, Verticillium wilt resistance, potato vine size, potato vine maturity, tetraploid potato QTL analysis





Introduction

Phytophthora infestans (Mont) de Bary, causal agent for potato late blight, has detrimentally impacted potato production worldwide (Kassa and Hiskias, 1996; Fry and Goodwin, 1997). During 1840s, P. infestans was a major contributing factor to the Irish potato famine (Ristaino, 2002). Today, late blight results in annual global losses of billions of dollars, making it a significant threat to global food security (Latijnhouwers et al., 2004; Haas et al., 2009). Cultural controls such as removing cull piles and volunteer potatoes can reduce pathogen loading (Garrett and Dendy, 2001). Chemical controls such as chlorothalonil, copper oxychloride, dimethomorph, fenamidone + mancozeb, mancozeb, and metalaxyl have been primarily used (Milgroom and Fry, 1998; Khadka et al., 2020). However, the high cost of repeated fungicide application over the growing season to control late blight can significantly impact grower economic returns. This approach is further problematic in areas of the world where fungicides are not readily available or affordable. Guenthner et al. (2001) reported that that the estimated fungicide cost and lost revenue for US growers were $77.1 million and $210.7 million, respectively. Guenther’s average $507 per hectare fungicide cost has increased as the cost of fungicides has increased since 2001. Chemical residue in the crop and the potential of new fungicide-resistant P. infestans strains development are additional negative consequences (Milgroom and Fry, 1998; Khadka et al., 2020).

Planting late blight resistant cultivars is an effective and sustainable solution. Multiple potato genetic studies have identified late blight resistance sources, which can be introduced into cultivars of commercial importance. Early potato researchers identified multiple late blight resistance genes (e.g., R1-R11) from Solanum demissum, a wild hexaploid species indigenous to Mexico. Breeders incorporated these resistance genes into cultivated potato (Black et al., 1953; Malcolmson and Black, 1966; Umaerus and Umaerus, 1994; Chakrabarti et al., 2014; Lindqvist-Kreuze et al., 2021). Resistance derived from S. demissum appeared as dominant R genes inducing a hypersensitive response. Each R gene was effective against only a specific race(s) of P. infestans indicating vertical resistance (Chakrabarti et al., 2014). P. infestans had rapidly evolved to overcome those race-specific R genes through coevolution of matching avirulence. Breeding programs with only one R gene could not successfully generate sustainably resistant clones against P. infestans (Chakrabarti et al., 2014). The second concept, quantitative resistance (horizontal or general resistance), compensates for the disadvantage of reliance on a single race-specific resistance gene (van der Plank, 1968). Quantitative resistance typically encompasses several components exerting smaller effects each. These are controlled by the interaction of several genes, providing a more stable host tolerance against various races of P. infestans (Graham, 1963; Toxopeus, 1964; Black, 1970; Collins et al., 1999; Costanzo et al., 2004). Finally, pyramiding multiple race-specific R genes is another option to develop clones with more durable resistance. (Tan et al., 2010; Dalton et al., 2013).

Various genetics studies and quantitative trait locus/loci (QTL) analyses have been conducted with wild potato species to achieve pyramiding genes or stable quantitative resistance performance regardless of P. infestans races and environmental effects. Since both major and minor late blight resistance sources (e.g., genes or QTL) were observed from diverse wild potato species, such as Solanum demissum, S. bulbocastanum, S. polyadenium, S. stoloniferum, S. vernei, and S. verrucosum, (Graham, 1963; Toxopeus, 1964; Black, 1970; Khiutti et al., 2015; Karki et al., 2021), various mapping populations were first developed with them, and then analyzed by researchers to localize new resistance genes or QTL. Major and minor late blight resistance QTL were detected across all the 12 fundamental potato chromosomes after inspecting ten different genetic studies conducted with multiple diploid (or di-haploid) bi-parental mapping populations having various wild potato species’ genetic backgrounds (Leonards-Schippers et al., 1992; Leonards-Schippers et al., 1994; van Eck and Jacobsen, 1996; Collins et al., 1999; Visker et al., 2003; Simko et al., 2006; Śliwka et al., 2007; Wickramasinghe et al., 2009; Li et al., 2012; Chakrabarti et al., 2014). Chromosome 5 was most frequently identified as a hotspot for significant QTL relating to P. infestans (Leonards-Schippers et al., 1992; Leonards-Schippers et al., 1994; Collins et al., 1999; Visker et al., 2003; Śliwka et al., 2007). Similar QTL analyses were also performed with tetraploid mapping populations, localizing multiple QTL on chromosomes 8 and 9 (Meyer et al., 1998; Massa et al., 2015). The genomic selection study conducted by Enciso-Rodriguez et al. (2018) found that chromosomes 3, 5, 9, 10, and 11 contained several SNPs closely linked to late blight resistance.

In this study, a tetraploid mapping population derived from the hybridization of russet market class parents, was phenotyped for response to pathotype US-8 in Oregon over a two-year period. Additional traits for response to early blight (Alternaria solani), Verticillium wilt (Verticillium dahliae), and vine size and maturity were characterized during those same years in Idaho. QTL analyses have shown close association of late blight resistance with these four traits (Collins et al., 1999; Hackett et al., 2014; Massa et al., 2018; Odilbekov et al., 2020). Analyses were conducted to determine whether such an association among traits could be found in our tetraploid russet population, and to identify QTL candidates useful for marker-assisted selection (MAS) in potato breeding programs.





Materials and methods




Plant material

Palisade Russet is a tetraploid cultivar noted for its resistance to late blight genotype US-8 of Phytophthora infestans (Novy et al., 2012), while field assessments indicate the susceptibility of ND028673B-2Russ (Susie Thompson, North Dakota State University, personal communication). Palisade Russet (female parent) was intercrossed with breeding clone ND028673B-2Russ (male parent) in 2008 at Aberdeen, Idaho. The resultant 190 progeny were used as a mapping population with family designation A08241. The primary use of this population was to identify QTL associated with late blight resistance derived from Palisade Russet. Additional traits added to QTL analyses were vine size and maturity, and phenotypic response to early blight and Verticillium wilt.

The late blight-resistant cultivar, Palisade Russet was obtained from the cross between the breeding clone, AWN86514-2 (female) and susceptible breeding clone, A86102-6 (male) with the 4-generation pedigree of Palisade Russet reported by Novy et al. (2012). AWN86514-2 has a complex genetic background, comprised of the potato species Solanum acaule, S. demissum, S. simplicifolium, S. stoloniferum, S. tuberosum gp Phureja, and S. tuberosum gp Andigena (Corsini et al., 1999). The authors postulated that the observed late blight resistance of AWN86514-2 likely was derived from the diversity of species in its pedigree, and this is thought to also be the source of the late blight resistance observed in its progeny, Palisade Russet.





Late blight resistance field tests in Oregon

US-8, which was one of the strains of late blight, was obtained by Dr. Kenneth Johnson, Department of Botany and Plant Pathology, Oregon State University, and maintained in the potato breeding and genetics program laboratory. The late blight inoculum was increased on modified Rye A media (Supplementary Material 1). The Sporangia were harvested by washing the plates with double distilled water. Spore concentration was adjusted to (104 sporangia per mL) by measuring the spore concentration with a hemocytometer. The adjusted sporangia were stored for two hours between 4 and 12 degree Celsius to promote the release of zoospores before field inoculation. Individuals of family A08241 were evaluated for their response to US-8 in inoculated field trials conducted over a two-year period (2019-2020) at Corvallis, Oregon. The experiment was designed as a randomized complete block with two replications of ten-hill plots. The mapping population was planted on 6/20/19 and spreader rows of Ranger Russet and Russet Burbank were sprayed with US-8 spores on 8/30/19 and 9/6/19. The field was irrigated each morning to maintain humidity favorable to late blight spread. Late blight foliage damage was evaluated on September 13th, 20th, and 27th in 2019. The same procedures were repeated in 2020: planting on 6/24; inoculation on 9/1 and 9/4; foliage damage evaluations on 9/15, 22, and 29; and harvest on 10/22 and 23 of 2020. Late blight field reading scores (1-9 scale) indicated severity of late blight symptoms of each plot (Supplementary Table 1). In brief, the higher the number, the more susceptible the individual. After collecting all late blight field scores, an area under disease progress curve (AUDPC) was calculated with the midpoint rule method (Campbell and Madden, 1990).

The AUDPC values were obtained through the following formula:

 

Where t is time in days of each reading, y is percentage of affected foliage at each reading, and n is number of readings. Later in this study, two independent QTL analyses were performed for late blight foliage damage reading scores and AUDPC data.





Idaho field tests for early blight, Verticillium wilt resistance, vine maturity and size evaluations

The A08241 mapping population was also planted in a field at the USDA-ARS Small Grains and Potato Germplasm Research Unit, Aberdeen ID, to allow assessment of foliar early blight and Verticillium wilt responses to infection, as well as vine maturity and size. Naturally occurring A. solani and V. dahliae in the experiment field were used as inoculums for early blight and Verticillium wilt foliar response tests, respectively. This Idaho field test was executed in 2019-20, as were the late blight evaluations. The Idaho experiment was designed as randomized complete block design with two replications of eight-hill plots. The mapping population was planted on 5/3/19, and four traits were evaluated for a three-day period, 118 days after the planting date. In 2020, the same clones were planted on 5/1, and the four traits were assessed for a three-day period, 117 days after the planting date. A rating scale from 0 (no symptoms) to 9 (>90% of the foliage necrotic) measured mapping population response to infection by early blight and Verticillium wilt (Supplementary Table 2). Plant maturity was quantified based on a scale of 1-9 (Supplementary Table 3) from 1 (very early: 100% necrosis of vine due to senescence) to 9 (very late: plants are green, in full bloom, and new buds are evident). Vine size was estimated on a scale of 1-9 (Supplementary Table 4) with 1 (less than one-foot-tall) to 9 (five-feet-tall or more) when vine is pulled vertically off the ground. All scales used in Idaho field tests had been developed and used over a thirty-year period by potato researchers at the USDA-ARS Small Grains and Potato Germplasm Research Unit. Trained workers cross-checked all phenotype data collected in Idaho to enhance evaluation accuracy. Detailed descriptions of the assessment of the four traits are summarized in Supplementary Tables 2–4, respectively.





Best Linear Unbiased Predictors analyses for late blight field reading scores and late blight AUDPC

Before running QTL analyses, all phenotype data were scrutinized through the following mixed-effects model, to calculate estimates of variance components and prediction of genetic values for genotypes (Fernando and Grossman, 1989; Barr et al., 2013; Peixouto et al., 2016):



Where   is the phenotype of genotype i in replication j of year k, μ is population mean,   is random effect of genotype i,   is random effect of replication j within an environment,   is fixed effect of year k,   is genotype i by year k interaction, and   is residual error. Each random effect is assumed to be independent from all other random effects, and is normally distributed with a zero mean. Newly obtained prediction for random genotype effects (BLUPs) were used in ensuing QTL analyses (Park et al., 2021). Distribution of all BLUP datasets, non-normality, and data transformation are discussed in the Result and Discussion section below. Exceptionally, the BLUP of the early blight damage phenotype data were not used for the following analyses (e.g., QTL analysis, allele effect analysis, etc.) because almost no segregation was observed in the 2020 phenotype data. Instead, the 2019 raw phenotype data were directly used in those following investigations.





Statistics for heritability

Broad-sense heritability of each phenotype was computed using following equations (Schmidt et al., 2019).





In equation 3 (eq. 3),   and   stand for variances of genotypic effect and mean phenotypic measurements across replicates, respectively. In equation 4 (eq. 4), variances of genotypic effect:  , genotype i by year k interaction effect:  , and residual error:   are indicated by  ,  , and   correspondingly. The terms y and β used in equation 4 (eq. 4) represent the number of years and replications, respectively. JMP Pro® Statistics, Version 12 (SAS Institute Inc., Cary, NC, USA) was used for all statistical analyses and visualization of resulting data (e.g., histograms) discussed in this study.





Correlation tests between years for each trait and between different traits

Multivariate correlation tests were executed to elucidate similarity across the three BLUP datasets for each trait as well as to look into either positive or negative relationships between two different traits (Supplementary Tables 5, 6). A multivariate function in JMP Pro® Statistics, Version 12 (SAS Institute Inc., Cary, NC, USA) was used to conduct all correlation tests. To discriminate the significance of the p-values of correlation coefficients, a p-value< 0.0001 was selected as the standard. Because only one-year data for the early blight damage was available, the correlation test for the three BLUP datasets within the trait was not performed. Instead, the 2019 raw phenotype data were directly used in the correlation test comparing different traits.





Genotyping, SNP calling and dosage evaluation

The DNA samples of the mapping population were genotyped with Illumina Infinium SolCAP SNP array version 3 (21,027 SNPs) and Illumina iScan system. Initial DNA sample quality check and acquirement of SNP theta scores were executed by GenomeStudio software (Illumina, Inc., San Diego, CA) as described in Park et al. (2019) and Staaf et al. (2008). Translation from the SNP theta values to autotetraploid marker genotypes (AAAA, AAAB, AABB, ABBB, and BBBB) were carried out with R-package, ClusterCall (version 1.5) (Schmitz-Carley et al., 2017).





Construction of genetic linkage groups and QTL maps

MAPpoly software (v. 0.2.3; R-package) constructed overall linkage groups. One strength of MAPpoly is its use in probing polyploids up to octoploid with hidden Markov models (HMM) (Mollinari and Garcia, 2019; Mollinari et al., 2020; R Development Core Team, 2020). Primary uninformative marker filtration processes were conducted through filter_missing, filter_segregation, make_seq_mappoly, and elim.redundant functions after the translated SNP marker dataset was loaded onto MAPpoly. MAPpoly assembled and refined 12 linkage groups (Figure 1; Supplementary Figures 1, 2) based on a mapping pipeline described in Park et al. (2021), using two-point analysis, unweighted pair group method with arithmetic mean (UPGMA) hierarchical clustering, multidimensional scaling (MDS), and potato reference genome PGSC Version 4.03 (Hackett and Luo, 2003; Potato Genome Sequencing Consortium, 2011; Sharma et al., 2013; Hirsch et al., 2014; Preedy and Hackett, 2016; da Silva Pereira et al., 2020; Mollinari et al., 2020; Spud Database, 2020).




Figure 1 | Distribution of the selected 4040 markers across the 12 linkage groups.



QTL mapping was also automated by QTLpoly (R-package), which can run QTL mapping processes of polyploid organisms. The 12 linkage groups and all phenotypic data, converted to BLUP (Supplementary Figure 3), were loaded on QTLpoly to construct 12 QTL maps, based on the instruction of da Silva Pereira et al. (2020). Exceptionally, only the 2019 raw early blight damage phenotype dataset was employed to localize early blight resistance QTL. Concisely, among the diverse genetic analysis arguments embedded in QTLpoly, the remim function, which carried out a random-effect multiple interval mapping (REMIM) model, was chosen for fitting various random-effect QTL by evaluating a single parameter per QTL. The QTLpoly software then ran linear score statistics tests (Qu et al., 2013) at every position and compared its p-value to a prescribed critical value. The p-values appeared as a continuous pattern over the whole range of the unit interval as a result of weighted sums of the scores from the profiled likelihood (Qu et al., 2013; da Silva Pereira et al., 2020). QTLpoly conducted conversion of the p-values to LOP scores (LOP = – log10 (p-value)) to visualize and compare newly detected QTL in this study intuitively as well as to estimate support intervals of those QTL. Based on the QTLpoly software developer’s recommendation, the QTL with four or higher LOP scores were adopted as significant QTL peaks (da Silva Pereira et al., 2020). Besides, this software also presented support intervals defined as the QTL peak adjacent to zone with LOP higher than or equal to LOP – d, where d is a constant, which subtracts the highest LOP in that region (Lander and Green, 1987; da Silva Pereira et al., 2020). Approximately 95% support intervals were selected for this study and calculated by using LOP – 1.5 (da Silva Pereira et al., 2020). Moreover, QTLpoly can compute the heritability of the significant QTL using the fit_model argument (da Silva Pereira et al., 2020). Those QTL heritability values were reported with the symbol “h2QTL.” This QTL heritability (h2QTL) should be distinguished from the general heritability (e.g., Broad-sense heritability), which represents how well a trait was inheritable from two parents to their progeny. The h2QTL with over 10% was considered a major QTL, while another h2QTL ≤ 10% was considered a minor QTL as the software inventor did before (da Silva Pereira et al., 2020). In addition, other information, such as the closest SNPs linked to significant QTL, allele effects, etc., were intensely inspected after localizing significant QTL.





Allelic effect analyses

The qtl_effects function of QTLpoly developed bar graphs of the allelic effects at each QTL position (Supplementary Figure 4; Supplementary Table 7). The four homologs of both parents were indicated on the X-axis of an allele effect graph. For instance, “a-d” stand for four Palisade Russet homologs, and “e-h” represent another four homologs of the ND028673B-2Russ. The quantity of an allele effect of each homolog was depicted on Y-axis (Supplementary Figure 4). The bar graphs efficiently present parental contributions to the average of the whole mapping population. These indicate how much each homolog of each parent adds to or subtracts from the mean of the 190 progenies (da Silva Pereira et al., 2020), revealing which allele(s) among the eight parental homologs most significantly impact a trait. The vector, the quantity of either positive (= increase in) or negative (= decrease in), of each allele was converted to absolute value to compare allele effects. For example, the sum of all the eight absolute values at each mapped locus was used to quantify the influence of the mapped QTL. The sum of the four absolute values of each parent was also utilized to compare the contribution of each parent to a trait. (G. da Silva Pereira, unpublished).





Haplotype comparison between late blight resistant and susceptible clones

The haplotypes of each individual were visualized by the calc_homoprob function of MAPpoly, which were then used for the linkage mapping process (Mollinari et al., 2020). The haplotype images revealed regions of cross-over, where inversion of probability magnitudes between homologs from same parent took place. The haplotype comparison analysis could display haplotype differences between late blight resistant and susceptible groups. Since the major interest of this study was localization of late blight resistance, that haplotype comparison analysis was conducted to reinforce reliability of late blight QTL detected in this study.

For haplotype comparison, resistant clones consistently ranked in the lowest 20% across two late blight AUDPC (LB-AUDPC) year datasets, were selected as a late blight resistant panel. Likewise the highest 20% of the most susceptible clones were chosen as a susceptible panel. After collecting all the haplotype images of those selected clones, the place where the significant QTL for the late blight resistance was identified was intensively investigated to confirm the presence of a resistant allele on an appropriate homolog and position in the resistant clones or vice versa (In other words, the absence of the resistant allele in the susceptible clones). The feature of the resistant haplotype comparison provided helpful information for future MAS.






Results




Marker selection and linkage group construction

A total of 8222 tetraploid markers were selected and translated by ClusterCall into readable tetraploid genotypes. Forty-three SNPs having no-call in either of two parents were omitted, as they could not contribute to linkage groups. Since the accurate chromosome numbers for 61 SNPs were not available in the potato reference genome PGSC Version 4.03, those SNPs were omitted to avoid potential errors. Nine SNPs tagged as having incorrect physical map location information were removed to avoid extending the length of a linkage group (Supplementary Material 2). Additional marker filtration was run on the remaining 8,109 markers using MAPpoly software. When markers were loaded on the read_geno_csv function, 3315 non-conforming and redundant markers further were eliminated. One hundred fifteen SNPs with 5% or more no-calls were filtered by the filter_missing argument. The filter_segregation function conducted the chi-squared (χ2) test, which matches expected genotype frequencies against observed frequencies, resulting in the associated p-value. Informative SNPs were distinguished by the Bonferroni correction (p-value< 0.05). The make_seq_mappoly argument excluded an additional 162 SNP markers, which did not meet expected segregation ratios based on Mendelian inheritance. Finally, 477 markers, which were uninformative, co-segregating, or not belonging to one of 12 linkage groups were removed during two-point and MDS processes in MAPpoly.

A total of 4040 informative SNP markers were selected to develop 12 linkage groups identical to the underlying potato chromosome number (Table 1). Selected markers were uniformly allocated on each chromosome without wide gaps between contiguous SNPs (Figure 1). The number of SNP markers used to develop each linkage group ranged from 404 for chromosome 1 to 201 for each of chromosomes 10 and 12 (Table 1). In Palisade Russet and ND028673B-2Russ, 3217 and 3153 markers segregated, respectively. Among the 12 linkage groups, chromosome 1 was longest [138.02 centiMorgan (cM)], while chromosome 11 was shortest (78.53 cM). The majority of linkage groups showed almost 100% coverage of the potato physical map, excepting chromosome 7, which has a 94% map coverage rate (Table 1). Average distance between contiguous SNPs for the two parents was 0.35 cM. Comparison of SNP marker positions of the linkage groups to PGSC version 4.03 physical maps confirmed a high concordance (Supplementary Figure 1). Supplementary Figure 2 includes all visualized 12 complete autotetraploid linkage groups for each parent.


Table 1 | Linkage group summary for Palisade Russet and ND028673B-2Russ.







Summary of segregation pattern, heritability, and BLUP datasets of collected phenotype data




Late blight foliage damage and LB-AUDPC

No late blight scores of “1” (no symptom of infection) or “2” (more than 0% but less than 10%) were observed in late blight foliage damage records across three reading points, two years, and two replications. This indicates that no individuals in the population displayed an immune or highly resistant response to late blight (Supplementary Material 3). Late blight foliage damage scores taken at final field reading reflected scores of “3” (up to 10% of foliage expressing late blight symptoms) to “9” (completely destroyed foliage). The only exception was clone A08241-12 (scored as a “2” in 2020) (Supplementary Material 3). The third field ratings for resistant parent Palisade Russet were “4” in 2019 and “3” in 2020, respectively. Those of ND028673B-2Russ were consistently “9” across two years, reflecting its susceptibility to infection by late blight. Ratings of late blight infection in the population taken at the third evaluation in each year (September 27th, 2019 & September 27th, 2020) were used for the QTL analysis. LB-AUDPC values for each clone were calculated by LB-AUDPC equation 1 (eq. 1), based on raw late blight foliage damage data (Supplementary Material 3). LB-AUDPC values were distributed from 97 to 2188 in 2019 and 66.5 to 1400 in 2020. LB-AUDPC values of Palisade Russet averaged 191 in 2019 and 115.5 in 2020, respectively. Those of ND028673B-2Russ were 2081.5 in 2019 and 1366.8 in 2020, respectively. Third reading points of late blight foliage damage and LB-AUDPC data were then run through the mixed-effects model (eq. 2), resulting in variance component estimates and BLUP values of the two traits. Table 2 summarizes variance component estimates of late blight foliage damage and LB-AUDPC. When variance components of three random effects and the residual of late blight foliage damage were compared, clone and clone × year effects accounted for approximately 93% of the variance components of late blight foliage damage. Likewise, clone and clone × year effects accounted for about 92% of the variance components of LB-AUDPC (Table 2). Broad-sense heritability of late blight foliage damage and LB-AUDPC were 0.71 and 0.66, respectively. Based on these results, genetic and G × E effects were the primary contributors to variance in foliar late blight response to US-8 observed in the mapping population.


Table 2 | Variance component estimates of late blight foliage damage, LB-AUDPC, Verticillium wilt foliage damage, vine maturity, and size.



Late blight foliage damage (the third reading point) produced three BLUP datasets and LB-AUDPC data, depending on the combination of BLUP effects of each clone. The first BLUP dataset, “LB_clo” is BLUPs of pooled phenotypic data across both years, with “LB” being an abbreviation for late blight foliage damage. The second set, “LB_clo_2019,” had BLUPs of the interaction between the clone and the 2019-year effect. Likewise, the third set, “LB_clo_2020,” included BLUPs of the interaction between the clone and the 2020-year effect. Another three BLUP datasets (LB-AUDPC_clo, LB-AUDPC _clo_2019, and LB-AUDPC _clo_20202) were obtained in the same manner. Each BLUP dataset mentioned above was composed of 190 BLUPs equal to the progenies number used for the linkage mapping process. A detailed description of BLUP datasets is summarized in Supplementary Table 5. All six BLUP datasets skewed to one side (Supplementary Figure 3), but the skew did not affect QTL results. Additional data transformation tests and supporting evidence will be briefly discussed in the Discussion section below to show that observed non-normality of BLUPs did not impact QTL analysis reported in this study.





Vine maturity, vine size, Verticillium wilt damage and early blight foliage damage

Vine maturity evaluation scores of the A08241 population were distributed from “1” to “8” in 2019 and from “2” to “9” in 2020, respectively (Supplementary Material 3). Maturity was predominantly affected by each clone’s genetic background; the variance component of clone effect accounted for over 73% of total variance components of vine maturity (Table 2). Broad-sense heritability of maturity was 0.91. Vine size scores ranged from “2” to “8” in 2019 and from “3” to “8” in 2020 (Supplementary Material 3). Similarly, vine size was mainly affected by clone effect, accounting for over 63% of the total variance components. Broad-sense heritability of vine size was 0.84.

In the Verticillium wilt resistance evaluation, progenies of the A08241 population scored from “0” to “9” in 2019, although no progeny scored “9” in 2020 (Supplementary Material 3). Clone effect (62%) was significantly greater than the other components of Verticillium wilt resistance, indicating a strong association of trait with genetic impact for each clone (Table 2). The resistance trait’s broad-sense heritability was 0.86.

The mixed-effects model (eq. 2) generated three BLUP datasets for each trait except early blight data, which was omitted from the 2020-year data. The same naming system as introduced in late blight foliage damage (LB) and LB-AUDPC (LB-AUDPC) BLUPs above was used, with “VM,” “VS,” and “VW” abbreviating vine maturity, vine size, and Verticillium wilt damage, respectively. See Supplementary Table 5 for a detailed description with total BLUP numbers for each dataset. Although 190 progeny were used for genetic mapping, some BLUP datasets had fewer than 190 BLUPs because several clones in the population had poor field emergence or did not grow well during the growing seasons (Supplementary Material 3; Supplementary Table 5).

Unlike the other five characterized traits above, minimal segregation was observed for early blight in 2020 in the mapping population, with individuals displaying no or very few early blight symptoms of the foliage during the growing season (Supplementary Material 3). Our early blight resistance test relied on a naturally occurring Alternaria solani in the research field; thus, the amount of inoculum may have been insufficient in 2020 to induce effective segregation for QTL analysis, resulting in no meaningful segregation and no significant QTL from 2020 early blight data. Therefore, the calculation of broad-sense heritability for early blight resistance, conversion from raw phenotype data to BLUP, correlation test between the two year phenotype datasets, and QTL analysis with BLUP datasets were not discussed for early blight resistance data. Instead, the average of two replicates of 2019 raw data for early blight resistance phenotype (EB_2019_raw_pheno) were used for a multivariate correlation test with other five traits and QTL analysis. Subsequent interpretation associated with accuracy of QTL analysis relying on raw 2019 early blight damage phenotype data will be further discussed in the Discussion section.

The distribution patterns of three Verticillium wilt damage BLUP datasets were almost normal when visually evaluated (Supplementary Figure 3). Two BLUPs of vine size (VS_clo and VS_clo_2019) were adjacent to a normal distribution, but VS_clo_2020 were flat across the whole X-axis except one section from -0.5 to -0.75 cM, which had a significantly higher peak. Three BLUPS of vine maturity were also close to a normal distribution but departed slightly from the normal. Dataset EB_2019_raw_pheno was relatively skewed toward resistance (Supplementary Figure 3).






Multivariate correlation tests for 16 BLUP datasets

Correlation tests were carried out for various combinations of BLUP data. Correlation coefficients can be found in Supplementary Table 6. Correlation coefficients for LB_clo, pooled late blight foliage damage phenotypic data across each year were approximately 0.9, but when correlation coefficients for LB_clo_2019 and LB_clo_2020 were compared, the result was a much lower correlation (0.6). LB-AUDPC BLUP datasets showed similar patterns (Supplementary Table 6). High correlation coefficients, near 1, were observed across the three BLUP datasets for VW, VM, and VS. These results exhibited consistency within each trait across the two years.

Interesting associations were observed from the correlation tests between different traits. Since high correlation coefficients were observed between BLUPs of pooled phenotypic data (e.g., XX_clo) and different year BLUP data (e.g., XX_clo_2019 or 2020) within the same trait, we compared pooled phenotypic data across two years (e.g., LB_clo, LB-AUDPC_clo, VW_clo, VM_clo, and VS_clo) to find potential links between those traits. Because of almost negligible segregation in 2020 early blight data, the EB_2019_raw_pheno dataset was used for the correlation test. As expected, the correlation between LB_clo and LB-AUDPC_clo was 0.96 because the LB-AUDPC_clo BLUP was based on LB raw phenotype data. When LB and LB-AUDPC (late blight resistance associated BLUP data) were compared with resistances against EB and VW, their correlation coefficients ranged from 42% to 59% (Supplementary Table 6), suggesting potential connections between those resistances or genes. Interestingly, the relationship was negative when VM and VS BLUPs were compared to those pathogen resistance BLUP data (LB, LB-AUDPC, EB, and VW) (Supplementary Table 6). This result insinuated that those clones with late maturity tended to display younger and more healthy vine status, making them more resistant to Verticillium wilt and early and late blight during the period of those pest infestations.





QTL for LB, LB-AUDPC, EB, VW, VM, and VS

The BLUP datasets (or raw phenotype data) of the six traits (Supplementary Table 5) and the 12 linkage groups (Supplementary Figure 2) were loaded on QTLpoly software to initiate QTL analyses. Overall, QTL mapping procedures were automatically conducted by the remim function equipped in QTLpoly, producing 12 complete QTL maps with LOP score, location including both chromosome number and exact position in centimorgan, support intervals, the heritability of the significant QTL (h2QTL), and proximate SNP markers to the mapped QTL (Figures 2, 3; Table 3). Thanks to the qtl_effects argument of QTLpoly, meticulous investigation for each allele effect of the significant QTL positions was feasible (Supplementary Figure 4). A total of three, three, six, six, nine, and two QTL were detected for LB, LB-AUDPC, VW, VM, VS, and EB, respectively (Table 3).




Figure 2 | QTL maps for the six traits. BLUP data abbreviations: LB, Late Blight Foliage Damage; LBAUDPC, Late Blight Area Under the Disease Progress Curve;  EB, Early Blight resistance; VW, Verticillium Wilt resistance; VM, Vine Maturity; VS, Vine Size; clo, a genetic effect of clones; 2019, 2019; 2020, 2020 year effects; Triangles indicate the locations of significant QTL peaks. Y axis represents LOP score, which equals – log10 (p-value). *Panel size limit of the QTLpoly prevented QTL having LOP scores over 11 from being completely visualized on chromosome 5 in this figure.






Figure 3 | Location of significant QTL peaks and their support intervals. The X axis in Figure 3 represents 12 different potato chromosomes. Black bars indicate length of each chromosome. Color bars indicate length of each support interval. Support intervals are labeled as described in Figure 2. Black thin horizontal lines on each support interval indicate the locations of the mapped significant QTL peaks.




Table 3 | Summary table of QTL for LB, LB-AUDPC, EB, VW, VM, and VS.






QTL associated with late blight resistance

Six significant QTL for LB plus LB-AUDPC were found at the same position, 17.09 cM on chromosome 5, across two years (Figure 2; Table 3). SNP marker PotVar0077880 was closest to all six QTL. Support intervals of QTL associated with both LB and LB-AUDPC were from 13.90 to 19.07 cM, except that range for LB_clo_2019_ch5 was wider - from 0 to 24.79 cM (Figure 2; Table 3). Very high LOP scores were found for QTL for LB and LB-AUDPC, with LB_clo_ch5, LB_clo_2019_ch5, LB-AUDPC_clo_ch5, and LB-AUDPC_clo_2019_ch5 QTL exhibiting the maximum LOP value of 15.65 that QTLpoly software can provide (Figure 2; Table 3). LB_clo_2020_ch5 and LB-AUDPC_clo_2020_ch5 QTL also had 6.01 and 6.81 LOP scores, respectively, being selected as significant QTL. Their h2QTL of LB_clo_ch5, LB_clo_2019_ch5, LB-AUDPC_clo_ch5, and LB-AUDPC_clo_2019_ch5 QTL were also remarkably larger, ranging from 56% up to 71%. The h2QTL of LB_clo_2020_ch5 and LB-AUDPC_clo_2020_ch5 QTL were 30% or similar (Figure 2; Table 3).





QTL associated with VW, VM, VS, and EB

A major QTL for VW, VM, VS, and EB was observed at 16.54 cM on chromosome 5 with extremely high LOP and QTL heritabilities (h2QTL) (e.g., VW_clo_ch5, VW_clo_2019_ch5, VW_clo_2020_ch5, VM_clo_ch5, VM_clo_2019_ch5, VM_clo_2020_ch5, and VS_clo_2019_ch5). Other QTL on chromosome 5 were observed near 16.54 cM on chromosome 5 (e.g., EB_2019_pheno_ch5 at 14.33 cM; VS_clo_ch5 and VS_clo_2020_ch5 at 17.09 cM) (Table 3). Markers adjacent to those QTL were PotVar0026113, solcap_snp_c2_11961, solcap_snp_c2_11923, PotVar0025440, PotVar0025527, PotVar0025554, solcap_snp_c2_11896, PotVar0025817, PotVar0077880, PotVar0078045, PotVar0078222, PotVar0078411, and PotVar0078439. The h2QTL of all the QTL near the 16.54 cM were high ranging from 38% to 68%, verifying all those QTL are major (Table 3). On chromosome 1, minor QTL for VW and VM were observed at 54.07 and 73.16 cM, respectively, across the two years (Figure 2; Table 3). On chromosomes 3 and 10, the minor QTL (or close to minor) for VS were also consistently detected, across the two years. On chromosomes 2 EB_2019_pheno_ch2 QTL was observed at 19.30 cM. All the details of each QTL were organized in Table 3.






Allelic effects of mapped QTL for Late Blight

This allelic effect analysis could indicate which parent (or allele) predominantly contributes each of the six traits studied in this research. Investigation of allelic effects indicated that all QTL on chromosome 5 exerted the strongest impacts on significant QTL regardless of trait. Details of allelic effects are further discussed below.




Allelic effect analyses of LB and LB-AUDPC

When the allele effects of the QTL for LB and LB-AUDPC were inspected together, a total of 24 allele effects (four homologs × two parents × three QTL) were commonly detected for each trait, respectively, consisting of 10 positive (an allele effect worsening late blight damage) and 14 negative alleles (another allele effect alleviating late blight damage) (Supplementary Figure 4; Supplementary Table 7). The comparison of the absolute values of the two parents’ allele effect showed that Palisade Russet and ND028673B-2Russ provided 3.56 (42.22%) and 4.87 (57.78%) contributions to LB respectively. Similarly, Palisade Russet and ND028673B-2Russ had 1047.06 (45.13%) and 1273.29 (54.87%) contributions to LB-AUDPC, respectively, which was surprising in that a greater contribution to late blight resistance was anticipated from Palisade Russet, which is late blight resistant. Therefore, unlike the normal pathogen resistance gene (e.g., potato virus Y resistance genes), the presence (or absence) of the susceptible allele(s) of the LB resistance-associated gene also seems to be a key factor in contributing to the phenotypic response to late blight infection observed in the segregating population. More details associated with the allele effect values of the two parents’ contribution were provided in Supplementary Figure 4; Supplementary Table 7.





Allelic effect analyses of VW, VM, VS, and EB

The total absolute values of the VW allele effects of Palisade Russet and ND028673B-2Russ were 3.40 (43.02%) and 4.51 (56.98%). ND028673B-2Russ showed a higher impact than Palisade Russet across the six significant QTL associated with VW resistance (Supplementary Table 7). Significant QTL for VW were detected on chromosomes 1 and 5, and interestingly, the QTL on chromosome 5 (VW_clo_ch5, VW_clo_2019_ch5, and VW_clo_2020_ch5) persistently showed higher impact than those on chromosome 1 (Supplementary Table 7).

The total absolute values of VM allelic effects of Palisade Russet and ND028673B-2Russ were 4.56 (43.39%) and 5.95 (56.61%). Palisade Russet showed higher effects at VM_clo_ch1 QTL (59.73%), VM_clo_2019_ch1 QTL (58.91%), and VM_clo_2020_ch1 QTL (60.61%). ND028673B-2Russ revealed stronger efficacy at VM_clo_ch5 QTL (61.13%), VM_clo_2019_ch5 QTL (60.94%), and VM_clo_2020_ch5 QTL (61.33%). As observed in VW allelic effects above, allelic effects of QTL on chromosome 5 (VM_clo_ch5, VM_clo_2019_ch5, and VM_clo_2020_ch5) were consistently higher than those on chromosome 1 (Supplementary Table 7).

The total absolute values of the VS allele effects of Palisade Russet and ND028673B-2Russ were 4.40 (51.89%) and 4.08 (48.11%). At the QTL: VS_clo_ch5, VS_clo_2019_ch5, and VS_clo_2020_ch5, ND028673B-2Russ showed higher effects than Palisade Russet. The rest of the significant QTL showed a higher allele effect in Palisade Russet than ND028673B-2Russ. Like the allele effect analysis results of the previous traits, the allele effects of the QTL on chromosome 5 (VS_clo_ch5, VS_clo_2019_ch5, and VS_clo_2020_ch5) were consistently higher than those on chromosomes 3 and 10 (Supplementary Table 7).

Finally, the total absolute values of EB allelic effects of Palisade Russet and ND028673B-2Russ were 1.21 (45.82%) and 1.43 (54.18%). At EB_2019_pheno_ch2 QTL, the allelic effect of Palisade Russet was slightly higher than ND028673B-2Russ. At EB_2019_pheno_ch5 QTL, ND028673B-2Russ showed a higher impact than Palisade Russet. As before, allelic effects of QTL on chromosome 5 exerted greater impact than those on chromosome 2 (Supplementary Table 7).






Haplotype dissimilarities between late blight resistant and susceptible panels

Seventeen resistant and sixteen susceptible clones were selected, consistently earning their top 20% ranking for late blight resistance and susceptibility, respectively across years. Examples of their haplotype images were visualized, and a summary of the haplotype comparison tests was included in Supplementary Figure 5. Since all the QTL for late blight resistance (LB & LB-AUDPC) were consistently located at 17.09 cM on chromosome 5 (Figure 2; Table 3), we mainly focused on the distinction at this target position (17.09 cM) on chromosome 5 while scrutinizing the haplotypes between resistant and susceptible groups. Before discussing the haplotype comparison results, it was confirmed that the homologs b, e, and h at all the six LB & LB-AUDPC QTL (located at 17.09 cM on chromosome 5) had positive (susceptible) effects, but homologs a, c, d, f, and g had negative (resistant) effects (Supplementary Figure 5). Interestingly, while observing the resistant panel, we found that the majority of the individuals did not have the positive effect alleles on homologs b, e, and h but had the negative effect alleles on homologs a, c, d, f, and g. On the other hand, the susceptible clones did not tend to have the negative allele effects on homolog d but tended to have the positive effect alleles on homologs b and h (Supplementary Figure 5).






Discussion




Investigation for correspondence between years within a trait and between traits

When the BLUPs of each trait with different years were compared, it turned out that most of the analyzed traits showed high consistency across the two years with a few outliers, indirectly proving the reliabilities of phenotype measurement activities and low variation between the two years. Exceptionally, the comparison between LB_clo_2019 and LB_clo_2020, as well as another comparison between LB-AUDPC_clo_2019 and LB-AUDPC_clo_2020, showed a relatively lower correlation coefficient (about 0.60) compared to other correlation test results. However, it should be noted that the late blight damage evaluations were conducted in an outdoor potato field, with many variation factors. Besides, the infection rate and propagation of P. infestans were known to be remarkably affected by environmental conditions such as humidity and temperature (Skelsey et al., 2010). Despite the potential presence of multiple variation factors, those correlation tests maintained at least reasonable or extremely high coefficients (from 0.57 to 0.93; Supplementary Table 6), reinforcing low variation between two years.

The correlation tests between LB_clo, LB-AUDPC_clo, EB_clo, and VW_clo disclosed all the correlation coefficients were positive, ranging from 43% to 59% (Supplementary Table 6). It is postulated that some of those pathogen resistances against LB, LB-AUDPC, EB, and VW might result from a shared resistance mechanism with the reported QTL analysis results also supporting this hypothesis.

All correlation testing between vine size and pooled pathogen resistance BLUP datasets resulted in negative coefficients, varying from -0.49 to -0.64. These negative coefficients may indicate that the three diseases impact vine growth of susceptible potato plants, reflected in the negative coefficients observed. Negative correlations were also detected between VM_clo and pooled pathogen resistance BLUP datasets, which ranged from -0.49 to -0.64; maturity was impacted by plant response to infection. Previous research identified similar relationships. Visker et al. (2003) and Bradshaw et al. (2004) studied late blight resistance and foliage maturity, based on diploid and tetraploid mapping populations, respectively. Interestingly, they localized a significant QTL for late blight and maturity on chromosome 5, as observed in this study. Visker et al. (2003) found that early maturing clones tend not to be resistant to late blight. Multiple Verticillium wilt-associated research reported that the photosynthetic decline caused by V. dahliae infection might occur through activation of the StCDF1 maturity (Tai et al., 2018) and tuberization pathway. Verticillium-induced early vine maturity leads to smaller vines, reduced resources transferred to tubers and significantly reduced yields (Rowe and Powelson, 2002; Simko et al., 2004; Jansky and Miller, 2010; Simko and Haynes, 2016; Tai et al., 2018). Early blight resistance of potatoes was also known to be associated with potato maturity type and late-maturing cultivars were somewhat advantageous to control EB damage compared to early maturing cultivars (Boiteux et al., 1995; Rodriguez et al., 2006; Duarte et al., 2014). Our findings support these observations as well.





Automated linkage and QTL mapping

Even though direct QTL analysis for tetraploid potatoes is possible using TetraploidSNPMap (TPMSNP), QTL analyses of tetraploid mapping populations has not been as commonplace as with the use of diploid potatoes. This is due to the marker phasing process being fully automated in most diploid linkage mapping software, but not being entirely automated in TPMSNP using tetraploid mapping populations, where manual input is commonly required.

Newly released R-package MAPpoly (Mollinari and Garcia, 2019; R Development Core Team, 2020) has improved manual marker phasing, resulting in fully automated linkage mapping in tetraploid potato (Park et al., 2021). This has considerably shortened elapsed time for linkage mapping and minimized complexities previously encountered in manual marker phasing. Combining MAPpoly and QTLpoly automates tetraploid QTL analysis and is used in potato breeding programs (Park et al., 2021). Higher precision in development of 12 linkage groups can be achieved with MAPpoly using potato reference genome PGSC Version 4.03 (Sharma et al., 2013; Hirsch et al., 2014; Spud Database, 2020) while assembling groups. Therefore, the 4040 selected markers in this study were evenly assigned across the 12 linkage groups without a wide gap between two SNPs (Figure 1). Almost perfect genome coverage rates were also obtained from all the genetic maps (Table 1). These successful outcomes reflect the reliability and benefits of the fully automated QTL analysis pipeline with the shorter elapsed time and higher accuracy than previously encountered with autotetraploid QTL analyses using TPMSNP, thereby expediting the development and use of MAS development in potato breeding programs.

Meanwhile, the LB, LB-AUDPC, and EB BLUP datasets deviated from a normal distribution; thus, ancillary QTL analyses with transformed data relatively closer to normal were performed to appraise whether the non-normal distributions significantly impacted QTL results or not. For the data transformation, the Ordered Quantile (ORQ) normalization transformation method was utilized (Peterson and Cavanaugh, 2020). The comparison of transformed and non-transformed BLUP datasets showed no significant difference in the major QTL chromosomal positions (data not shown). Therefore, the non-transformed BLUP datasets and their results were used in this study.





QTL associated with late blight infection of foliage

One important QTL for LB and LB-AUDPC was observed on chromosome 5 at 17.09 cM, with high LOP and h2QTL scores across two years. Mapped LB and LB-AUDPC QTL had the same support interval area, from 13.90 to 19.07 cM, except for LB_clo_2019_ch5 QTL, with a wider support interval (Figure 3; Table 3). These results suggested the presence of a single major locus impacting late blight resistance on this chromosome. Five SNPs (PotVar0077880, PotVar0078045, PotVar0078222, PotVar0078411, and PotVar0078439) were observed at 17.09 cM (Table 3; Supplementary Figure 2). Allelic effect analyses for LB_clo_ch5 QTL showed positive (susceptible) effects on homologs b, e, and h and negative (resistance) allelic effects on homologs a, c, d, f, and g (Supplementary Figure 4). Haplotype comparison testing indicated that individuals belonging to the resistant panel tended toward greater negative effect alleles (on homologs a, c, d, f, and g) than positive effect alleles (on homologs b, e, and h), as expected (Supplementary Figure 5). On the other hand, the susceptible clones were inclined to have both negative and positive allele effects evenly represented (Supplementary Figure 5). Interestingly, 14 of 16 susceptible clones had a positive effect homolog b, reinforcing the importance of homolog b in increasing susceptibility to late blight (Supplementary Figure 5). However, given late blight damage phenotype data and allelic effect analysis results, mutual interaction (i.e., dominant or recessive) between positive and negative alleles could not be clearly explained. After developing a molecular marker to distinguish opposite effect alleles at the QTL position, PCR tests and accompanied bioassays, including late blight-resistant and -susceptible panels, are needed to elucidate their interactions.

Chromosome 5 has frequently come up as a hotspot when it comes to late blight resistance QTL. For instance, van Eck and Jacobsen (1996), Leonards-Schippers et al. (1992; 1994); Collins et al. (1999), and Visker et al. (2003) used bi-parental diploid mapping populations and identified foliage and tuber blight resistance QTL, or QTL associated with the R1 gene, on chromosome 5, at the zones between GP179 and GP21 RFLP markers or in close proximity to each marker. Śliwka et al. (2007) also localized QTL for resistance to P. infestans at CP113 (allele-specific amplification: ASA) and BA47f2t7 (cleaved amplified polymorphic sequence: CAPS) markers on chromosome 5, based on tuber observation data of a bi-parental diploid mapping population (Niewöhner et al., 1995). Lindqvist-Kreuze et al. (2021) found an environment-specific QTL effective to late blight on chromosome 5 while performing a genome-wide association study with genotyping by sequencing (GBS) markers and a trait observation network (TON) population composed of 380 genotypes, which represented seven International Potato Center (CIP) breeding populations and cultivars that came from various origins. Similar to observations in diploid potato populations, Enciso-Rodriguez et al. (2018) conducted a genomic selection study with a bi-parental tetraploid population, and they reported several SNPs on chromosome 5 were associated with late blight resistance. Our findings confirm previous reports of the importance of chromosome 5 with respect to late blight resistance, but in a tetraploid russet mapping population.





QTL associated with response to Verticillium wilt infection

The genetic effect was much larger than the other effects in the variance component estimate (Table 2) for VW. Two QTL had been consistently observed on chromosomes 1 and 5 across the two years (Table 3). The VW_clo_ch5, VW_clo_2019_ch5, and VW_clo_2020_ch5 QTL were detected on chromosome 5 at 54.07 cM, having >15.65 LOP score and 57% h2QTL. The support intervals of the three QTL identified on chromosome 5 were 13.90 to 17.09 cM (Figure 3; Table 3). The closest SNP marker was PotVar0026113. Interestingly, the PotVar0026113 SNP was placed at the middle of the PGSC0003DMG400030495 genome sequence coordinate, including the auxin efflux carrier gene (Potato Genome Sequencing Consortium, 2011; Sharma et al., 2013; Hirsch et al., 2014; Spud Database, 2020: http://solanaceae.plantbiology.msu.edu). Traditionally, auxin has been commonly known as a classical phytohormone, affecting leaf aging, plant and potato tuber development, etc., by interacting with cytokinins and other phytohormones (Obata-Sasamoto and Suzuki, 1979; Koda and Okazawa, 1983; Kolachevskaya et al., 2019). Auxin can either enhance or weaken plant resistance against biotrophic pathogens such as Streptomyces scabies and Phytophthora infestans (Tegg et al., 2008; Kazan and Lyons, 2014; Naseem et al., 2015; Kunkel and Harper, 2018; Natarajan et al., 2018). To the best of our knowledge following a review of the literature, no previous studies have associated auxin with Verticillium wilt control, however, the close proximity of the auxin efflux carrier gene to a SNP closely associated with VW resistance supports the possible influence of this hormone in a plant’s response to infection by VW. Multiple references have also reported VW resistance QTL on chromosome 5. Massa et al. (2018) tested 162 F1 progeny derived from a cross between Rio Grande Russet and Premier Russet in Idaho. They found VW resistant QTL at solcap_snp_c2_11605 on chromosome 5 with this SNP being 2.29 cM away from SNP PotVar0026113 identified in this study as being the most closely associated with a QTL for VW on chromosome 5 in this study (Hirsch et al., 2014; Spud Database, 2020: http://solanaceae.plantbiology.msu.edu). Tai et al. (2018) localized QTL for Verticillium wilt resistance on chromosomes 5 (VW_ch5_Tai QTL) and 9 (VW_ch9_Tai QTL) and described the epistatic relationship between the two QTL, using a diploid mapping population having S. phureja and S. stenotomum background. They explained the VW_ch5_Tai QTL had a major effect and the VW_ch5_Tai QTL’s support interval included the StCDF1 gene, which controls maturity and tuberization earliness. Another QTL, VW_ch9_Tai QTL, co-localized with the known Verticillium wilt resistance gene, Ve2 (Tai et al., 2018). The epistasis analysis and gene ontology analyses conducted by Tai et al. (2018) elucidated that StCDF1 functioned downstream of Ve2. Furthermore, Ve2 influenced fungal defense and reduced early dying in Verticillium wilt invasion by involving a genetic pathway controlling tuber organogenesis timing. Cycling DOF factors (CDFs) are components of the transcriptional regulatory networks involved in controlling abiotic stress responses (Renau-Morata et al., 2020). The DOF represents DNA-binding with one finger (Salaria et al., 2020). In potatoes, Solanum tuberosum CDFs (StCDFs) are a cluster of transcriptional repressors affecting earliness in potatoes (Salaria et al., 2020). Interestingly, previous studies provided evidence that some DOF factors might play important roles in responses to plant hormones, including auxins (De Paolis et al., 1996; Kisu et al., 1998). Since the distance between the StCDF1 and auxin efflux carrier genes was less than 0.3 cM, it is not conclusive at to which of the two may be associated with the VW QTL identified in this study (Hirsch et al., 2014; Spud Database, 2020: http://solanaceae.plantbiology.msu.edu). Further analyses of SNPs near the StCDF1 and the auxin efflux carrier genes on the chromosome linkage map 5 developed in this study are warranted for future MAS for Verticillium wilt resistance.

On chromosome 1, another VW resistance QTL was consistently observed at 54.07 cM across the three BLUP datasets: VW_clo, VW_clo_2019, and VW_clo_2020. The support intervals of the three QTL occupied a relatively wider range from 19.69 to 73.16 cM (Figure 3; Table 3). These QTL seems to be relatively minor compared to the three VW_resistancce QTL on chromosome 5 because their approximate average LOP score was 4.20 as well as their h2QTL were commonly 7% (Table 3). QTLpoly reported the two SNPs, solcap_snp_c2_37574 and solcap_snp_ c2_37571, as the linked markers to the QTL position. Both SNPs were located in the middle of PGSC0003DMG402006333 related to a protein kinase family protein (Hirsch et al., 2014; Spud Database, 2020: http://solanaceae.plantbiology.msu.edu). Li et al. (2018) discussed the cloned cotton cyclin-dependent kinase E (GhCDKE) gene, which was a subunit of the cotton (Gossypium hirsutum) Mediator complex and regulates disease resistance. Using Agrobacterium tumefaciens, they developed the transgenic Arabidopsis plants having overexpressed GhCDKE, and then inoculated the transgenic plants with V. dahliae. Interestingly, overexpression of GhCDKE enhanced resistance to V. dahliae (Li et al., 2018). Zhang et al. (2013) also observed that the Arabidopsis, which had overexpressed a serine/threonine protein kinase obtained from cotton (GbSTK), showed improved resistance to V. dahliae. Returning to the potato genetic study, Kumar et al. (2017) found a significant QTL on chromosome 1 while performing a QTL analysis for VW resistance with a diploid potato mapping population. Overall, all the experiment results of both current and previous studies commonly pointed out the interconnection between VW resistance mechanism and protein kinase family protein and reported the identification of the VW resistance QTL on chromosome 1, thereby warranting further examination of this region in the development of MAS for VW.





QTL for vine maturity

QTL analyses for the VM_clo, VM_clo_2019, and VM_clo_2020 BLUP datasets consistently resulted in two significant QTL on chromosomes 1 and 5, respectively. Interestingly, the three QTL, VM_clo_ch5, VM_clo_2019_ch5, and VM_clo_2020_ch5 had similarities with the previously discussed VW QTL. For instance, they were commonly observed at 16.54 cM on chromosome 5 where the three VW resistance QTL were also found, with PotVar0026113 identified as the closest maker. Their LOP scores also reached the software’s maximum LOP limit (>15.65) (Figure 2; Table 3). The zone between 10.61 and 19.07 cM was commonly shared by the support intervals of all the three VM QTL (Figure 3; Table 3). Śliwka et al. (2007) mapped a QTL for vegetation period at BA47f2t7 CAPS marker on chromosome 5 after analyzing a diploid potato mapping population. Collins et al. (1999) found a major QTL for maturity on chromosome 5 between GP21 and GP179 RFLP markers with another diploid mapping population. This QTL included the most considerable effect showing between 56.4 and 70.6% of the phenotypic variance explained across the three-year data. Bradshaw et al. (2004) performed a QTL analysis with AFPL and SSR markers based on 277 clones derived from the cross between two tetraploid clones: 12601ab1 and the cultivar Stirling. They successfully mapped a QTL for early maturity at the STM3179 SSR marker on chromosome 5, which explained 41.5% of the variance for the trait. More recently, Hackett et al. (2014) prepared 190 F1 offspring developed from the same parents (Stirling & 12601ab1) and genotyped them with a high-throughput genotyping tool, Infinium 8303 potato SNP array (Felcher et al., 2012). The ability to further saturate chromosome regions with additional SNP makers, allowed the development of twelve high-density linkage groups, with a major QTL (about 55% contribution) for plant maturity localized in closest proximity to solcap_snp_c2_47609 on chromosome 5. Massa et al. (2018) also found a QTL for maturity at solcap_snp_c2_11605 on chromosome 5 across Idaho and North Carolina for two years.

The StCDF1 gene on chromosome 5, which was mentioned earlier in the VW resistance QTL section, has been frequently identified and studied by previous researchers as an important gene in the potato life cycle (e.g., earliness, maturity, flowering, tuberization, etc.) (Navarro et al., 2011; González-Schain et al., 2012; Kloosterman et al., 2013; Salaria et al., 2020). In a genome-wide association study (GWAS) with a panel composed of 277 tetraploid clones, Klaassen et al. (2019) confirmed that one of the QTL they found was on chromosome 5 and was associated with alleles of StCDF1. Since the physical map distance between the SNP, PotVar0079081, linked to the StCDF1 gene (Willemsen, 2018; Klaassen et al., 2019) and the SNP, PotVar0026113, linked to the three VM QTL identified on chromosome 5 in this study (Table 3) was only 0.24 cM, we hypothesized that those QTL seemed to reflect the effect of the StCDF1, with further investigation warranted.

On chromosome 1, another QTL for VM was consistently observed at 73.16 cM across the three VM BLUP datasets (Figure 3; Table 3). Compared to the significant VM QTL on chromosome 5, these QTL were more minor with LOP scores of 5.60 or lower, and their h2QTL were 7 to 8% (Table 3). The adjacent SNP to this QTL position was solcap_snp_c1_6288, and the genotypes of the two parents at this marker were commonly AABB. When the allele effect at 73.16 cM on chromosome 1 was scrutinized, the B alleles of the SNP on homolog d and h seemed to be linked to the most powerful negative impact (Supplementary Figure 4). Collins et al. (1999) found minor QTL for early maturity on chromosome 1 near an SSR marker, STM1029. Since the STM1029 marker (chr01: 45754400.45761800) was 27.5 cM away from solcap_snp_c1_6288 (chr01: 73262904), the maturity QTL on chromosome 1 found by Collins et al. (1999) appeared to differ from QTLs associated with VM_clo_ch1, VM_clo_2019_ch1, and VM_clo_2020_ch1. Even though those QTL were relatively minor and could not be cross-checked with references, it is still worthwhile to consider the information on the QTL for a breeding program. This is because the VM QTL on chromosome 5 could not be easily distinguished from another pathogen resistance QTL discussed above; thus, it is not easy to directly use them to control vine maturity exclusively. On the other hand, VM_clo_ch1, VM_clo_2019_ch1, and VM_clo_2020_ch1 exclusively existed without overlapping with other QTL.





QTL for vine size

QTL controlling vine size were observed on chromosome 3, 5, and 10 across the three BLUP datasets. The three most consequential QTL (VS_clo_ch5, VS_clo_2019_ch5, and VS_clo_2020_ch5) were commonly observed on chromosome 5, with >15.65 (maximum) LOP score and 62% h2QTL. Even though the location of VS_clo_2019_ch5 differed from those of the other two QTL, they were only 0.55 cM, and their support intervals commonly shared the zone between 13.90 and 24.79 cM; thus, the three QTL were inferred to represent one gene (Figures 2, 3; Table 3). The most proximate SNP of VS_clo_2019_ch5 QTL was PotVar0026113. Those of VS_clo_ch5 and VS_clo_2020_ch5 were PotVar0077880, PotVar0078045, PotVar0078222, PotVar0078411, and PotVar0078439. It should be noted that VS_clo_ch5 and VS_clo_2020_ch5 were located at the same positions where the LB and LB-AUDPC QTL were previously located (Figures 2, 3; Table 3). When Hackett et al. (2014) performed a QTL analysis with 190 progenies from the cross between Stirling and 12601ab1, they found significant QTL for canopy height at solcap_snp_c2_47609 with 30.1% of the variance in the height. This SNP is only 1.57 cM away from VS_clo_ch5 and VS_clo_2020_ch5 (PotVar0077880) and 1.72 cM away from VS_clo_2019_ch5 (PotVar0026113), respectively. Our results and those of Hackett et al. (2014) appear to corroborate one another and indicate the presence of a gene in this region of chromosome 5 associated with vine size using differing tetraploid mapping populations.

The three QTL on chromosome 3 (VS_clo_ch3, VS_clo_2019_ch3, and VS_clo_2020_ch3) showed minor effects with a 4.4 LOP score and 5% h2QTL. The effects of the three QTL on chromosome 10 were also relatively minor, showing between 4.46 and 6.11 LOP scores and an average of 10% h2QTL. The one SNP, PotVar0120301 and another two SNPs, solcap_snp_c2_22594 and solcap_snp_c2_48127 were the most adjacent markers to the QTL on chromosome 3 and 10, respectively.

Most potato breeding-related research projects have focused on either potato disease resistance or other traits directly influencing economic gains (e.g., tuber quality, size, shape, processed food quality, etc.). Consequently, potato vine size has not been emphasized compared to other more economically attractive agronomic traits. However, the lengths and canopy patterns of the upper parts of the potato can increase the light absorption rate for photosynthesis, affecting yield, plant health, etc. For example, Khayatnezhad et al. (2011) confirmed a strong positive correlation between tuber yield and plant height. Furthermore, vine size can also impact potato management methods during the growing season and at vine kill prior to harvest. Therefore, it is worthwhile to delve into those VS QTL and PotVar0078045 SNP to select clones having appropriate canopy sizes and patterns adapted to local environmental conditions and farming techniques.





QTL associated with foliar response to infection by early blight

Two different QTL for EB resistance were found on chromosomes 2 and 5 while analyzing EB_2019_raw_pheno dataset (Table 3). Among them, the QTL on chromosome 5 boasted its greatest influences with higher LOP scores and h2QTL. The seven SNPs, solcap_snp_c2_11961, solcap_snp_c2_11923, PotVar0025440, PotVar0025527, PotVar0025554, solcap_snp_c2_11896, and PotVar0025817 were linked to EB_2019_pheno_ch5. Odilbekov et al. (2020) performed a QTL analysis for early blight resistance with an F1 tetraploid potato population derived from a cross between the cultivars “Matilda” (susceptible) and “Magnum Bonum” (resistant). Interestingly, they not only found EB foliar resistant QTL on chromosome 5 but also reported the SNP, PotVar0026113, as the proximate marker to the EB resistant QTL (Odilbekov et al., 2020). The PotVar0026113 SNP was only 0.71 cM away from solcap_snp_c2_11961. Massa et al. (2018) localized EB resistance QTL at solcap_snp_c2_11605, which is approximately 1.58 cM away from solcap_snp_c2_11961 (Potato Genome Sequencing Consortium, 2011; Sharma et al., 2013). Therefore, the results of this study in combination with the findings of Odilbekov et al. (2020) and Massa et al. (2018) do provide evidence of the importance of this region of chromosome 5 with respect to the development of MAS for EB resistance. Additional investigation with advanced materials and technologies (e.g., chromosome walking or fine mapping with an increased size of the mapping population) for the area near those SNP markers is warranted for the development of MAS for EB.

Another EB QTL having relatively lower LOP and h2QTL were detected on chromosomes 2. The EB_2019_pheno_ch2 QTL was located at 19.30 cM. Compared to other QTL, the EB_2019_pheno_ch2 QTL has extremely wider support interval (over 71 cM length), suggesting the potential existence of at least more than one minor EB resistance-associated QTL or more on this chromosome (Figure 3; Table 3). Odilbekov et al. (2020) reported QTL for tuber resistance against the A. solani (the causal agent of potato EB) on chromosome 2, but their results could not be compared with this current study because EB resistances of tubers were not evaluated.

Since the one-year raw phenotype dataset was only usable and was used for this EB QTL analysis, unlike the other QTL analyses, an additional verification process was executed to evaluate the reliability of the QTL results from the raw phenotype data. Both 2019- and 2020-year raw data (which did not segregate) were first converted to EB BLUP datasets, based on the mixed model (eq. 2), and then the BLUP datasets were loaded on the QTLpoly to run a new QTL analysis. As expected, the 2020 EB BLUP data produced no significant QTL, but the 2019 EB BLUP dataset showed two significant QTL which were located at the exact same positions and chromosomes of the EB_2019_pheno_ch2 and EB_2019_pheno_ch5 QTL, respectively (data not shown). Furthermore, the two QTL derived from the EB BLUP data had the same (or almost identical) LOP scores, QTL heritabilities (h2QTL), and support intervals compared to those of the EB_2019_pheno_ch2 and EB_2019_pheno_ch5 QTL (data not shown). Those same (or almost the same) results between the two different QTL analyses with raw EB damage phenotype and EB BLUP data, respectively, reflect that the direct use of the raw phenotype data did not significantly affect the QTL results. However, further QTL analysis with multiple-year data is necessary to scrutinize the consistency of the EB_2019_pheno_ch2 and EB_2019_pheno_ch5 QTL as well as an interaction between an environmental effect and the two QTL.





QTL hotspot on chromosome 5

Interestingly, the region between 14.33 and 17.09 cM (A08241_14-17_hotspot, an abbreviation representing the zone between 14.33 and 17.09 cM) on chromosome 5 was repeatedly identified as having significant QTL for the three-potato pathogen resistances and two agronomic traits assessed in this study, even though their relationships were not obviously explained (Table 3). A literature search was conducted with references being found relating to the examined traits with QTL physical map locations being reported and previously discussed. The physical map location information (PGSC version 4.03) reported allowed us to objectively compare each reference’s QTL positions to those of ours, in that they do not change regardless of mapping populations. Supplementary Table 8 has organized physical map locations of all the SNP linked to significant QTL detected in the literature and the current study, allowing an overall summarization of the previous discussion, with the term “A08241_QTL analyses” used to distinguish our QTL analyses from those of the other references. The comparative analyses in Supplementary Table 8 show considerable similarities in physical map location were consistently observed across multiple studies and our own for the traits examined, even though different mapping populations and varied environmental conditions were used. When we focus on, for instance, the locations of all the QTL for late blight, which were localized by the A08241_QTL analysis and references, all of them considered in Supplementary Table 8 were near one to one another with less than a 1.82 cM gap. Similar patterns were also observed in the results of the VW, VM, VS, and EB QTL analyses while comparing the references with our study (Supplementary Table 8), reinforcing the presence of the genes controlling LB, EB, VW, VM, and VS near the identified QTL in this study, and corroborating the importance of chromosome 5 for further development of MAS in cultivated potato. The A08241_14-17_hotspot identified on chromosome 5 (~2.76 cM length) is thought to represent either a gene having a pleiotropic effect on several apparently unrelated traits (Collins et al., 1999; Visker et al., 2003), or the existence of a family of genes each impacting singly a trait, but in close proximity to one another. Additional study is warranted to better delineate which scenario (or combination of the two) is most plausible.






Conclusion

The QTL analyses for LB, LB-AUDPC, EB, VW, VM, and VS provided useful genetic information, which can be used for future MAS or potato breeding programs of the russet market class. On chromosome 5, the A08241_14-17_hotspot emerged as an essential genetic location for all the five traits evaluated in this study; thus, detailed research on this hotspot is expected to create greater added value in the future russet potato breeding. It was also revealed that chromosome 1 included Verticillium wilt and vine maturity QTL, chromosomes 3 and 10 possessed vine size QTL, and chromosome 2 had an early blight QTL, suggesting additional options for better MAS.
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A synthetic octoploid rapeseed, Y3380, induces maternal doubled haploids when used as a pollen donor to pollinate plant. However, the mechanism underlying doubled haploid formation remains elusive. We speculated that double haploid induction occurs as the inducer line’s chromosomes pass to the maternal egg cell, and the zygote is formed through fertilization. In the process of zygotic mitosis, the paternal chromosome is specifically eliminated. Part of the paternal gene might have infiltrated the maternal genome through homologous exchange during the elimination process. Then, the zygote haploid genome doubles (early haploid doubling, EH phenomenon), and the doubled zygote continues to develop into a complete embryo, finally forming doubled haploid offspring. To test our hypothesis, in the current study, the octoploid Y3380 line was back bred with the 4122-cp4-EPSPS exogenous gene used as a marker into hexaploid Y3380-cp4-EPSPS as paternal material to pollinate three different maternal materials. The fertilization process of crossing between the inducer line and the maternal parent was observed 48 h after pollination, and the fertilization rate reached 97.92% and 98.72%. After 12 d of pollination, the presence of cp4-EPSPS in the embryo was detected by in situ PCR, and at 13–23 d after pollination, the probability of F1 embryos containing cp4-EPSPS gene was up to 97.27%, but then declined gradually to 0% at 23–33 d. At the same time, the expression of cp4-EPSPS was observed by immunofluorescence in the 3rd to 29th day embryo. As the embryos developed, cp4-EPSPS marker genes were constantly lost, accompanied by embryonic death. After 30 d, the presence of cp4-EPSPS was not detected in surviving embryos. Meanwhile, SNP detection of induced offspring confirmed the existence of double haploids, further indicating that the induction process was caused by the loss of specificity of the paternal chromosome. The tetraploid-induced offspring showed infiltration of the induced line gene loci, with heterozygosity and homozygosity. Results indicated that the induced line chromosomes were eliminated during embryonic development, and the maternal haploid chromosomes were synchronously doubled in the embryo. These findings support our hypothesis and lay a theoretical foundation for further localization or cloning of functional genes involved in double haploid induction in rapeseed.




Keywords: inducer line, chromosome elimination, embryo, paternal chromosome, Brassica napus L.




1 Introduction

In maize (Zea mays L.), Coe (1959) discovered that Stock-6, when used as a pollen donor for F1 hybrid, produced 2.29% parthenogenetic haploids in its offspring, thus paving the way for induced in-planta haploids to be used in rapid crop breeding. Similarly, the crossing of Hordeum bulbosum with wheat (Triticum aestivum L.) can also induce haploid generation and has become an important method in wheat breeding (Kasha and Kao, 1970). Li et al. (2017),studied the whole-genome sequencing of pollen donor grains and sequencing of induced embryos and endosperm revealing that continuous chromosomal fragmentation during gametophyte meiosis causes embryonic haploidogenesis. Moreover, the specific elimination of paternal chromosomes during embryonic development is the primary reason for haploid induction reported in maize and wheat (Gernand et al., 2005; Zhao et al., 2013). Indeed, haploid induction in maize has been confirmed to be related to two genes, PHOSPHOLIPASE A1 (ZmPLA1) and DOMAIN OF UNKNOWN FUNCTION 679 MEMBRANE PROTEIN (ZmDMP). A 4-bp (CGAG) insertion in ZmPLA1 may cause frameshift mutations that leads to the early termination of protein translation and triggers maize haploid induction (Liu et al., 2017). ZmPLA1 is localized in the cytoplasm of sperm cells. Mutant pollen showed differentially expressed genes, including mediated pollen tube guidance genes, sperm capacitation genes, genes associated with calcium ion signaling during fertilization and other processes, and genes that control protein synthesis such as inner membrane transport and signal recognition (Kelliher et al., 2017). The ZmDMP gene encodes the DUF679 domain protein, expressed in mature pollen and located in the cell membrane. The substitution of thymine (T) at the 131 bp from ATG start codon with cytosine (C) leads to a missense mutation (Zhong et al., 2019), although the precise mechanism remains unclear. Overall, the use of inducer line hybridization to trigger haploid induction is straightforward and is applied on a large scale. For example, since the discovery of the Stock-6 haploid induction line, induction line breeding has become a key technology in commercial maize breeding (Cai et al., 2012).

Fu et al. (2018) used interspecific hybridization and genome doubling techniques to breed two synthetic octoploid rapeseed (Brassica napus L.) lines, Y3560 and Y3380 (AAAACCCC, 2n = 8x ≈ 76), and discovered their high efficiency in haploid induction. When used as pollen donors, the offspring are maternal di-haploid rapeseed, with almost all genetic information originating from the female parent, and the induction rate ranges from 34.09% to 98.66%, accompanied by a small amount of paternal fragment infiltration. These octaploid rapeseed lines were named as the rapeseed double haploid inducer line. However, the inducer line is genetically unstable, and its self-inbred rapeseed isolates have different ploidies (Yin et al., 2020). The CHG methylation pattern is altered in the pollen (Yin et al., 2021). The induction ability of an induction line does not entirely depend on ploidy, and both ploidy and genotype determine the high induction efficiency (Luo et al., 2021). There is an interaction between the induction line and the maternal karyotype and cytoplasmic genotype (Zhang et al., 2021), and the induction can simultaneously breed the pol-sterile and the maintainer lines (Zhang et al., 2022). These induction lines have the potential to induce rapeseed and cruciferous vegetables to produce di-haploids (Li et al., 2021; Yang et al., 2022), providing new ideas for the expansion genetic resources of rapeseed and cruciferous vegetable.

Similar to maize haploid induction and Arabidopsis EXPRESSED CENTROMERE SPECIFIC HISTONE 3 (CENH3)-mediated haploid induction, the gene editing vector is introduced into the inducer line. By the induction, the maternal gene editing and loss of editing vector are quickly furnished in one step, and the editing efficiency can reach more than 20% (Li et al., 2021). Although this inducer line has been widely used in rapeseed and cruciferous vegetables (Yang et al., 2022), its induction mechanism is unclear, and it is not yet known whether its mechanism is the same as that of the maize and wheat-specific elimination of paternal chromosomes during embryonic development.

This study aimed to backcross the exogenous gene cp4-EPSPS into Y3380 as a marker gene and analyze the presence or absence of marker genes in the embryonic development of hybrid offspring to elucidate the mechanism of rapeseed doubled haploid induction and to lay a theoretical foundation for the application of rapeseed inducer lines in breeding.




2 Materials and methods



2.1 Plants materials and cultivation conditions

The primary test materials and hybrid combinations are shown in Table 1, and the number of chromosomes and genotypes are shown in Supplementary Table S1. The conventional variety, ZS11 (B. napus L.), was provided by the Oil Crop Research Institute of the Chinese Academy of Agricultural Sciences, whereas the remaining materials were provided by the Chengdu Academy of Agriculture and Forestry Sciences. Y3380 was synthesized and bred by Shaohong Fu of the Chengdu Academy of Agriculture and Forestry Sciences (Supplementary Figure S1). Y3380-cp4 is a hexaploid rapeseed double haploid inducer containing the exogenous anti-glyphosate gene cp4-EPSPS, which was derived through multi-generation backcrossing (BC3F6) of Y3380 and tetraploid rapeseed 4122-cp4 (B. napus L., containing FMV 35S+cp4-EPSPS). The cp4-EPSPS was detected using cp4 test strips purchased from the Transgenic Testing Center of the Ministry of Agriculture, Oil Crop Research Institute of the Chinese Academy of Agricultural Sciences. Because Y3380-cp4 is the only doubled haploid induction inducer used in this study, Y3380-cp4 is abbreviated as Y3380. In addition, 4122 (B. napus L.), a transgenetic tetraploid variety generated by microspore culture techniques containing FMV 35S + cp4-EPSPS, was imported from University of Guelph in Canada.


Table 1 | Hybrid combinations.



This study used three types of maternal materials with specific effects. 4120 is a hybrid F1 generation of the homozygous yellow leaf-dominant variety 6170 (B. napus L.) and homozygous variety ZS11 (B. napus L.). This was used as a homozygous female (B. napus L.) with dominant yellow leaf traits and was used to observe morphological characteristics; 3737 (B. napus L.) is cp4-EPSPS negative. 3496 was used as female (Brassica juncea, AABB) and was used for fluorescence in situ hybridization (FISH). 0068A is a pol CMS(cytoplasmic male sterile line) variety (B. napus L.) and was used to exclude induced F1 as a condition in which the maternal materials were not emasculated completely. All three females are cp4-EPSPS negative. The rapeseed materials were planted in the rapeseed planting base of Chengdu Academy of Agriculture and Forestry Sciences, Yangma, Chongzhou in September 2018 and managed according to the conventional way of rapeseed cultivation. We completed the hybridization in March 2019. In preparation for pollination, we removed the young buds of 4120 and 3496 that were about to flower, selected the buds that had bloomed after 2–3 d, emasculated them manually, and bagged them. We bagged the inflorescences of 0068A before blooming, and 2–3 d after emasculation of females, the flowers of females were artificially pollinated with the paternal rapeseed pollen and bagged. The pollinations were performed in the field plants in Yangma, Chongzhou.




2.2 Rapeseed embryo fertilization observation

We took the siliques from all combinations from 4120 and 0068A in Table 1 for observation at 48 h after pollination and fixed them with Carnoy’s solution (ethanol:glacial acetic acid = 3:1) for more than 24 h. Then, we transferred them to 70% ethanol for 30 min, rinsed them with distilled water for 30 min, and transferred them to 1 M NaOH solution for softening treatment for 12 h. Then, we took them out and rinsed them with distilled water three times, 10 min each time. We used 2% modified aniline blue dye solution to stain the siliques in complete darkness for 3–5 h (Takeuchi and Higashiyama, 2016). We placed the stained siliques on a glass slide, removed the silique wall with tweezers and a dissecting needle, covered them with a cover glass and gently pressed the slide, then took pictures under the ultraviolet light of a fluorescence microscope to observe the intensity of fluorescence on the Brassica stigma. We counted the fertilization rate 48 h after pollination. Fertilization rate percentage was calculated by the following formula: fertilization rate % = the number of ovules with fluorescent dots in the silique/total number of ovules in the silique × 100 (Zhou et al., 2022).




2.3 Observation dynamic change of embryonic development

We picked one to two siliques from all combinations in Table 1 for observation every few days after pollination, except the siliques from combination 3464 × 3737, and dissected the rapeseed seeds under the stereomicroscope (S8AP0, LEICA). After photographing the siliques and seed development by SLR camera (E0S 200D, Cannon) and asana microscope, we conducted statistical analysis of the seed mortality and survival rates. We recorded the daily temperature changes in the field every day after pollination. We then used Microsoft Office Excel 2007 and IBM SASS Statistics 21 to count and analyze the correlation between seed mortality and temperature in different time periods.

After the siliques were ripened, we counted the effective silique rate and the average effective fruiting number of siliques: effective silique rate = number of available siliques/number of pollinated siliques × 100%; average effective fruiting number = total number of induced F1 seeds/number of effective siliques.




2.4 Marker gene tracking

According to the observation of seed development during the dissection of induced F1 seeds, the period for detecting the F1 seed marker gene using the cp4 rapid test strip and the amplification time point for direct PCR of induced F1 seeds were proposed. A marker gene-tracking test was performed to determine whether the marker gene was integrated into the induced F1, whether it was lost after integration, and whether the probability of containing the marker gene in the seed development process changed according to the proposed period and time point. We used the cp4-EPSPS gene rapid test strip to determine whether the parents and induced F1 contained the cp4-EPSPS gene. The cp4 rapid test strips were purchased from the Transgenic Testing Center of the Ministry of Agriculture, Institute of Oilseeds of the Chinese Academy of Agricultural Sciences. We collected a small amount of clean and fresh rape leaves, siliques, and other tissues; placed them in a 1.5-mL centrifuge tube; and avoided cross-contamination. Then, we added 500–1,000 μL deionized water to the centrifuge tube, mashed the leaves with a toothpick until the liquid turned green, and picked out solid impurities. We removed the cp4 rapid test strip from the package as soon as possible and placed it in the sample supernatant of the centrifuge tube in the direction of the arrow. After the background color of the test strip faded within 5–10 min, a positive signal was observed to determine whether the strip contained transgenic ingredients.

Anatomical observations of the developmental process of the induced F1 seeds showed that the developmental process was accompanied by seed death. Therefore, when tracking the cp4-EPSPS gene, it was necessary to investigate its presence or absence of cp4-EPSPS in both live and dead seeds. We used the 24th day as the dividing line between early and late stage, and took one to five siliques at a certain number of days after pollination, one to two siliques in the early stage, and three to five siliques in the later stage, then put them in the refrigerator at −80°C after liquid nitrogen flash freezing. We took a single seed, placed it in a 200-μL centrifuge tube, added 20–50 μL Extraction Solution, poked the embryo or small seed with a tip to soak all the samples into the solution, then treated them with a water bath at 95°C for 10 min, added an equal amount of ddH2O, and mixed well. Samples could be left at 4°C or −20°C for standby or immediately for PCR amplification. cp4-EPSPS gene is derived from bacteria. In order to exclude the interference of bacteria containing cp4-EPSPS gene in the environment, we used the FMV 35S (Figwort mosaic virus) promoter closely linked to cp4-EPSPS gene instead to detect the presence of inducer line marker genes in the process of induced F1 seed growth by direct PCR. The positive control seeds and induced F1 seeds were subjected to PCR amplification of FMV 35S promoters. In this experiment, primers including primers of the FMV 35S promoter of the foreign gene cp4-EPSPS (Tian et al., 2009) and primers of the rapeseed internal reference gene β-actin (Pan et al., 2001) were used, and the length of the proposed amplification fragments was 365 bp and 322 bp, respectively (Supplementary Table S2). PCR amplification procedure was as follows: 94°C, 4 min; 94°C, 30 s; 56°C, 30 s; 72°C, 2 min (Goto Step2, 35 cycles); 72°C, 10 min; and 4°C to keep warm. We sent the PCR amplification products to Qingke Biotechnology Co., Ltd. for sequencing and compared the results with the known FMV 35S promoter sequences from NCBI. The results showed that the sequenced DNA sequence length was 365 bp, which was the same length as the known sequence, and the similarity rate was 99% (Supplementary Figure S2), indicating that the FMV 35S promoter primer could be used for this experiment and PCR amplification detection. The remaining PCR products were analyzed using 1% agarose gel electrophoresis. The gel imaging analysis was imaged using a gel imager (SYDR2/1635 Genegenius). We used Microsoft Office Excel 2007 and IBM SASS Statistics 21 to analyze the correlation between the rate of induced F1 containing marker gene and seed mortality and the relationship between marker gene elimination rate and temperature in the same time period.




2.5 Embryonic cp4 immunofluorescence

We took the siliques of F1 from 0068A every few days after 3 days of pollination, put them into 4% sodium hypochlorite solution for disinfection for 10 min, washed them three times with sterile water, then removed the ovules with a dissection needle and forceps on the sterile operation table, fixed them with paraformaldehyde for 24 h, and stored them in the refrigerator at −4°C for later use. After dehydration, the ovules were embedded in Surgipath (Leica) Fsc22 cryo-embedding agent and placed below −30°C for freeze coagulation. We cut the ovules into sections of approximately 5–10 nm with cryomicrotome (Leica_CM1900), then dried them naturally with a glass slide stick. We circled the samples on the slide with a waterproof pen and sealed the frozen section in 3% skim milk (0.1M phosphate-buffered saline (PBS), pH = 7.4) at room temperature for 1 h. We added primary antibody anti-cp4 (1:1,000, produced by Beijing Protein Innovation Co., Ltd.), incubated at room temperature for 2 h, added 0.1 M PBS (pH = 7.4), washed three times, 5 min each, then added secondary antibody fluorescein isothiocyanate-conjugated goat anti-mouse IgG (1:100, produced by Beijing Protein Innovation Co., Ltd.), and incubated at room temperature protected from light for 1 h, washed with 0.1 M PBS (pH = 7.4) three times, 5 min each, and then placed the sections under the confocal microscope to observe the fluorescence signal.




2.6 FISH

Yin (Yin et al., 2021) used FISH to demonstrate that only the A and C subgenome chromosomes were contained in the doubled haploid inducer line. Therefore, we performed FISH of induced F1 obtained by hybridization of doubled haploid inducer line Y3380 (AAAACC) with 3496 (B. juncea, AABB). A combination of 3496 × 4122 was used as the positive control, and 3496 inbred were used as the negative control to determine whether there were large fragments of paternal chromosomes in induced F1. We germinated black mustard (Brassica nigra, BB) seeds containing the B genome in sterilized earthen pots, grew them in an incubator at 25°C, and took young leaves for DNA extraction. We extracted black mustard seeds’ DNA using the FastPure Plant DNA Isolation Mini Kit’s according to the manufacturer’s instructions. The special DNA probe BNIH123L05 (Xiong and Pires, 2011) in the BAC library containing the specific Brassica C genome was provided by Huazhong Agricultural University and was introduced into the Escherichia coli plasmid vector. The bacterial solution of E. coli was thawed and activated in LB medium (25 µg/mL chloramphenicol) and cultured at 37°C. We shook the bacteria overnight and scribed them to an LB medium plate (25 µg/mL chloramphenicol) and cultured them overnight at 37°C. A single colony of E. coli was selected in liquid LB medium (25 µg/mL chloramphenicol) and cultured overnight at 37°C. The DNA probe of the overnight culture broth was extracted according to the instructions of the Gold HiEndofree Plasmid Maxi Kit’s instruction method to extract the probe DNA of the specific Brassica C genome sequence BNIH123L05 from the BAC library. The probe was labeled using the Nick Translation method (Knytl et al., 2013). The fluorescein-12-d UTP marks the B genome probe in green, and the Tamra-CTP marks the C genome probe in red. Fluorescently labeled probes were used as hybrid probes. Rapeseed was disinfected in 75% alcohol for 30 s at 9 a.m., sterilized them with 0.1% mercury for 5 min, and rinsed them with sterilized water more than three times. Then, the seeds were placed in sterilized flasks and incubated darkly at 25°C for 24 h in the dark. The flasks were placed in the incubator at 9 a.m. the next day for 12 h at 15°C. At 9 p.m., the temperature was set to 25°C in the incubator, and the flasks were incubated for 12 h. At 9 a.m., on the third day, we took the root tips in the clean bench, placed them in 0.002 M 8-hydroxyquinoline for 2–2.5 h, fixed them with Carnoy’s solution (ethanol:glacial acetic acid = 3:1) for 4 h, transferred them to 70% alcohol, and stored them in the refrigerator at −20°C. We took the fixed root tips, washed them three times with distilled water, cut the root tip meristem zones, absorbed the water, and put them in 30 μL enzymatic hydrolysate (1% pectinase, pectolyase Y-23; 2% cellulase, cellulase Onozuka R-10) enzymatically hydrolyzed at 37°C for 40 min. They were rinsed twice with distilled water, then transferred in 0.075 M KCl for 30 min, and rinsed twice with 70% ethanol. A small amount of liquid was left in the centrifuge tube for the last rinse, and the root tips was mashed with a grinding rod and centrifuged at 5,000 r/min for 3 min. Then, we discarded the supernatant, added 20 μL glacial acetic acid to suspend the pellet, and dripped slide glasses in a slide box with a humidity >50%. After the slide glass was dry, 15 μL Carnoy’s solution (ethanol:glacial acetic acid = 3:1) was added for fixation. We allowed the slide glass to dry and put them in the slide box. We placed the slide glass in a UV cross-linker for cross-linking (125 mJ/cm2) twice and then dropped 10 µL hybridization solution (Fu et al., 2018) (labeled probe 1 µL + 4.5 µL 2SSC + 4.5 µL × TE) on each slide and covered with an over glass. We put it in a metal humid box with moist paper towels, heated and denatured in boiling water for 5 min, then hybridized in a thermostat at 42°C for 14–16 h. After the hybridization was completed, we put the slide glass in a 2 × SSC preheated overnight at 42°C to wash off the cover glass, then dried the slide glass, dropped 15 µL DAPI (containing antifading agent), and placed it on the fluorescence microscopeg. Then, image acquisition was carried out. If the offspring contain the same fluorescence signal from the C genome chromosome as Y3380, the seeds contain the paternal chromosomes.




2.7 Plant morphological characteristics observation

We planted the F1 generation in the open field in the rape-planting base of Chengdu Academy of Agriculture and Forestry Sciences, Yangma, Chongzhou in September 2019 and used an SLR camera to photograph phenotypes of females, doubled haploid inducer line, and hybrid offspring, and observed the morphological characteristics including leaf colors, leaf types, and leaf lobes of parents and induced F1.




2.8 Flow cytometry to identify ploidy

Flow cytometry has been widely used in the determination of DNA content (Crowley et al., 2016; Ureta et al., 2017). In this experiment, flow cytometry was used to determine the DNA content of the parents, F1, and induced F1 to determine the ploidy according to the reference. We took fresh young leaves of the tested plants from 8 to 11 a.m., washed them with distilled water, and dried them with filter paper. Then, we avoided the main leaf veins, took the leaves with a hole punch with a diameter of 8 mm, placed them in a pre-cooled Petri dish, and added 0.5 mL of pre-cooled cell lysis buffer (15 mM Tris, 2 mM disodium oxalate, 0.5 mM spermine tetrachloride, 80 mM potassium chloride, 20 mM sodium chloride, 0.1% Triton-100, and 15 mM β-mercapto ethanol, pH = 7.5, filtered with 0.22 mM filter membrane). We used a sharp razor to chop the leaves quickly to tiny particles and filtered with a 300-mesh filter into a 2-mL EP tube. After that, 1.5 mL PI staining solution (5% propidium iodide and 5% RNase) was added in the dark for 30 min. Then, we measured the progressed materials on the flow cytometer (Accuri C6 Plus, BD Biosciences, Franklin Lakes, NJ, USA) till the flow cytometer collected 20,000 cell particles. The PI-stained cell nucleus suspension entered the flow chamber and emitted fluorescence through laser irradiation. Then, BD AccuriC6 Plus was used to determine the fluorescence value (peak value) at the position of cell division G1. The G1 peak of the tetraploidy parent was used as a reference to determine the ploidy of the offspring. Sample ploidy = reference material ploidy × (fluorescence value (peak value) at the position of sample G1 peak/fluorescence value (peak value) at the position of G1 peak of reference material). The parental materials were used as controls.




2.9 SNP loci chip analysis

SNP chip detection was completed by Wuhan Shuanglvyuan Innovation Technology Research Institute Co., Ltd., using Brassica 50K SNP (single nucleotide polymorphism) chip (developed jointly by Wuhan Shuanglvyuan Innovation Technology Research Institute Co., Ltd. and Huazhong Agricultural University, professionally customized by Illumina Infinium) to identify rapeseed materials. Illumina Genome Studio software was used to analyze and screen the SNP raw data, and the SNP loci, which have markers with AA or BB genotype frequency of 0, minimum genotype frequency <0.05, SNP yield <0.80, and deletion rate >5%, were removed. SNP loci deletion rate, heterozygosity rate, and minimum allele frequency were calculated using perl programming, and all SNP markers were statistically performed. SNP probe sequences were compared to the latest reference genome (B. napus, v2) of B. napus L. using BowTie software (Langmead et al., 2009) to obtain SNP loci that uniquely matched the genome. Joining cluster method of Tassel5 software was used to calculate the Nei genetic distance and construct genetic cluster map. The PI_Hat coefficient was calculated using Plink software 24 (Purcell et al., 2007). The polymorphism markers between parents were used as analytical objects to detect the penetration of the paternal genome in the corresponding offspring, and the rate of paternal loci penetration in offspring was calculated: penetration rate of paternal SNP loci in induced F1 = number of SNP loci consistent with males in induced F1/(number of SNP loci consistent with male in induced F1 + number of SNP loci consistent with female in induced F1) × 100%.





3 Results



3.1 Observation of fertilization rate, F1 seeds formation process, and morphological characteristic

To study the development of F1 seeds, we observed the fertilization and the developmental status of F1 siliques and seeds at different developmental stages following pollination. Pollen adhesion of the 4120 × Y3380 and 0068A × Y3380 combinations was observed at 24 h after pollination. The pollen of Y3380 had strong fluorescence intensity on the stigma of 4120 and 0068A (Figures 1A, C) and adhered well to the stigma. After 48 h of pollination, many pollen tubes entered the ovule, and conspicuous fluorescence signals appeared at the center of the ovule, indicating that the ovule had been fertilized (Figures 1B, D). The fertilization rates for the two combinations reached 97.92% and 98.72%. During the ripening period, we observed the appearance of the siliques. We noted that the lengths of the siliques of F1 of combinations 4120 × Y3380, 0068A × Y3380, and 3496 × Y3380 were slightly shorter than those of the control combinations 4120 × ZS11, 0068A × ZS11, and 3496 × 4122. The transverse diameter of the siliques was also different and included dead seeds within them (Figures 2A–C). We counted all the siliques of the combinations 4120×Y3380, 0068A × Y3380, and 3496 × Y338 together. Approximately 20%–40% of the ovules in the siliques did not expand or grow, eventually dried up and died 15 d after pollination (Figures 2D–F). At 23–27 d after pollination, 40%–80% of the seeds developed abnormally. They initially grew and swelled, then collapsed, wrinkled, and died, while the remaining seeds grew and swelled normally with tender green seed coats and were full and shiny in appearances (Figures 2A–C). At 29 d after pollination until seed maturity, 80%–90% of the seed coats changed from milky white to brown and tarnished, and the seeds became dry and flat (Figures 2G–I), and only one to five mature seeds developed normally.




Figure 1 | The adhesion of pollen by the stigmas of each hybrid combination after 24 h of pollination and the extension of pollen tubes in the siliques after 48 h of pollination, and immunofluorescence localization of cp4-EPSPS in embryos. (A) The pollen of Y3380 played a role on the stigma of 4120. (B) The extension of the pollen tube in the silique after the pollen of Y3380 played a role on the stigma of 4120 for 48 h; the arrow indicates that the pollen tube entered through micropyle and complete fertilization. (C) The pollen of Y3380 played a role on the stigma of 0068A. (D) The extension of the pollen tube in the silique after the pollen of Y3380 played a role on the stigma of 0068A for 48 h; the arrow indicates that the pollen tube entered through micropyle and complete fertilization. (A–D) Bar = 1 mm. (E) Combination 0068A × Y3380 on the third day after pollination, containing green fluorescence (big green highlights). (F) Negative control combination 0068A × ZS11, without green fluorescence. (G) Positive control combination 0068A × 4122, containing green fluorescence. (H) Combination 0068A × Y3380 on the 22th day after pollination, without green fluorescence (big green highlights). (E–H) Bar = 100 μm.






Figure 2 | Development of siliques and seeds of induced F1 and FISH diagrams of induced F1 of 3496 and F1 of control combinations. (A) Mature siliques and seeds of combinations 0068A × Y3380 and 0068A × ZS11. (B) Mature siliques and seeds of combinations 3496 × Y3380 and 3496 × 4122. (C) Mature siliques and seeds of combinations 4120 × Y3380 and 4120 × ZS11. (A–C) Bar = 1 cm. (D) Siliques of combination 0068A × Y3380 on the 14th, 16th, and 18th day after pollination. (E) Siliques of combination 3496 × Y3380 on the 12th, 15th, 24th, and 38th day after pollination. (F) Siliques of combination 4120 × Y3380 on the 15th, 25th, and 29th day after pollination. (G) Seeds of combination 0068A × Y3380 on the 34th day after pollination. (H) Seeds of combination 3496 × Y3380 on the 42th day after pollination. (I) Seeds of combination 4120 × Y3380 on the 33th day after pollination. (D–I) Bar = 1 mm. (J) FISH diagram of negative control 3496 self-pollination. (K) FISH diagram of F1 positive control combination 3496 × 4122. (L–O) FISH diagram of induced F1 of combination 3496 × Y3380. (J–O) Bar = 20 μm. The B genome chromosomes appear as green, the A genome chromosomes appear as blue, and the C genome chromosomes appear as red.



The results showed that after pollinating the females with the pollen of the inducer line, there was an abnormality in the induced F1 fertilization or embryonic development. While observing the developmental morphology of the induced F1 seeds, the mortality and survival rates of seeds at different periods were calculated (Supplementary Table S3). The day temperature after pollination was recorded in Supplementary Table S4. We found that the survival rates of the seeds decreased significantly after pollination for 23 d until maturity (Figures 3A–C), whereas the temperature increased faster in the late stage of seed growth, and there was a time difference between the three maternal pollinations. To verify whether the mortality rate of induced F1 seed correlated with temperature changes, we performed a correlation analysis (Table 2). The results showed a low correlation between the average temperature changes and the changes in the mortality rate of induced F1 seeds during development. Thus, seed death during development appears independent of the ambient temperature after pollination. The effective silique rate and effective fruiting number were also investigated in the induced F1 seeds. The effective silique rates of F1 of combinations 4120 × Y3380, 0068A × Y3380, and 3496 × Y3380 were 13%, 56%, and 47%, respectively (Figure 3D). The average effective fruiting numbers were 2.09, 4.66, and 4.74, respectively (Figure 3E). For the control combinations, the effective silique rates of F1 of 4120 × ZS11, 0068A × ZS11, and 3496 × 4122 were all 100%. The average effective fruiting numbers were 24.12, 23.60, and 8.33, respectively. The effective silique rate and effective fruiting number of the induced F1 from the three females were lower than those of the control combination of the same females. The F1 of the combination 4120 × Y3380 had a three- to fourfold difference in the effective silique rate and a twofold difference in the average effective fruiting number compared with the other two combinations, indicating that the effective silique rate and effective fruiting number of the induced F1 may be related to the maternal genotype.




Figure 3 | Histogram of survival rate of induced F1 seeds, histogram of effective silique rate, and histogram of average number of induced F1 effective seeds, and the probability diagrams of induced F1 seeds containing cp4-EPSPS of three combinations. (A–C) Histogram of survival rate of induced F1 seeds. (D) Histogram of effective silique rate of induced F1. (E) Histogram of average number of induced F1 effective seeds. (A–E) Combo1 represented combination 4120 × Y3380, Combo2 represented combination 0068A × Y3380, Combo3 represented combination 3496 × Y3380, CK1 represented combination 4120×ZS11, CK2 represented combination 0068A × ZS11, and CK3 represented combination 3496 × 4122. (F) Probability diagrams of induced F1 seeds containing cp4-EPSPS of combination 0068A×Y3380. (G) Probability diagrams of induced F1 seeds containing cp4-EPSPS of combination 3469×Y3380. (H) Probability diagrams of induced F1 seeds containing cp4-EPSPS of combination 4120×Y3380.




Table 2 | cp4-EPSPS gene strip detection of induced F1, correlation between the average temperature change of induced F1 seeds and the changes of seed mortality in different time periods, correlation between the average temperature change and seed mortality in F1 seeds, and the probability of seed containing cp4-EPSPS genes in different time periods.






3.2 Induced F1 marker gene tracking and embryonic cp4 immunofluorescence

After pollination, the young siliques were tested daily for cp4-EPSPS gene. Approximately 8 d post-pollination, positive results of cp4-EPSPS were detected in the F1 embryos of combinations 4120 × Y3380, 0068A × Y3380, and 3496 × Y3380 (Supplementary Figure S2). This indicated the successful integration of paternal pollen with maternal eggs and embryo development. However, the embryos were too small at 8 d post-pollination, and it was not until the 12th day that single embryos were suitable for the direct PCR detection of the marker gene. Statistical results are presented in Supplementary Table S4. The probability of F1 for combinations 4120 × Y3380, 0068A × Y3380, and 3496 × Y3380 containing cp4-EPSPS decreased during growth (Figures 3F–H; Figures 4A–I). At 13–23 d after pollination, the probability of F1 embryos containing cp4-EPSPS gene in combination with 4120 × Y3380 reached 97.27%, but then declined gradually to 0% at 23–33 d. The probability of the 0068A × Y3380 combination decreased the fastest at 12–24 d after pollination, from 87.31% to 6.31%, and gradually stabilized at 1%–4% at 24–30 d. The probability of combination 3496 × Y3380 at 14–24 d after pollination decreased slowly, from 88.89% to 71.43%, and the probability finally decreased to 0% at 24–34 d. Owing to higher seed death rates on the 38th day, 12 embryos were detected using PCR, and only two seeds contained the cp4-EPSPS gene, with a probability of 16.67%. At the maturity stage, the probability of seeds containing the cp4-EPSPS gene in all seeds that were detected from the three combinations was 0%–16.67%, the probability in live seeds decreased to 0%, and it was mainly detected in dying seeds. This suggests that paternal genes are eliminated during embryonic development We analyzed the correlation between the change in the probability of seeds containing the cp4-EPSPS gene in the induced F1 and the average temperature change during seed development at different periods (Table 2). The results showed that there were no significant correlations among these variables. Induced F1 embryos kept dying during growth, during which the embryo survival rate (Figures 3F–H) and the probability of embryos containing the cp4-EPSPS gene both decreased; therefore, the correlation analysis between embryo mortality and the probability of embryos containing the cp4-EPSPS gene was analyzed (Table 2). The results showed a positive correlation between the probability of embryos containing CP4-EPSPS gene and embryo mortality, indicating that embryo death was related to eliminating paternal genes or chromosomes during embryonic development. Based on the above results, the probability of embryos containing cp4-EPSPS gene and embryo survival or mortality rates also differed depending on the maternal genotype, Eliminating the inducer line’s gene might have obvious interaction effects with the maternal genotype (Zhang et al., 2021). To further verify that all marker genes in the embryos were eliminated in the induced F1, we germinated mature seeds of induced F1 to detect the presence of marker genes in a single seedling. Five seedlings were obtained from a combination 4120 × Y3380, of which two seedlings were detected to be positive (Table 2), proving that the induced F1 of 4120 had paternal gene penetration or parental hybridization. We randomly selected 25 and 13 seedlings from combinations 0068A × Y3380 and 3496 × Y3380, respectively, and the results were negative. This suggests that in induced F1, the fragments containing cp4-EPSPS gene of the inducer line differed from the maternal line and that only a small number of plants contained the cp4-EPSPS gene fragments, while most lost them did not.




Figure 4 | Internal reference genes and cp4 gene FMV35S promoter PCR amplification electrophoresis of induced F1 of three combinations, and the probability of seeds of 0068A with and without fluorescent signals. (A) cp4 gene FMV35S promoter PCR amplification electrophoresis of induced F1 of combination 0068A × Y3380. (B, C) PCR amplification of the FMV35S promoter on the 21st day and 29th day after pollination of induced F1 of combination 0068A × Y3380. (D) cp4 gene FMV35S promoter PCR amplification electrophoresis of induced F1 of combination 4120 × Y3380. (E, F) PCR amplification of the FMV35S promoter on the 14th day and 24th day after pollination of induced F1 of combination 4120 × Y3380. (G) cp4 gene FMV35S promoter PCR amplification electrophoresis of induced F1 of combination 3469 × Y3380. (H, I) PCR amplification of the FMV35S promoter on the 18th and 26th day after pollination of induced F1 of combination 3469 × Y3380. (J) The probability of seeds of 0068A with and without fluorescent signals.



We also performed cp4-EPSPS immunofluorescence localization on the 0068A × Y3380 combination embryos to further explore whether the marker gene continued to be specifically expressed during the elimination. Results showed that fluorescence signals were observed in embryos of the positive control combination 0068A × 4122 on different days (Figure 1G), indicating that cp4-EPSPS genes were expressed therein, In contrast, the negative control combination 0068A × ZS11 had no fluorescence signal (Figure 1F). At 3–23 days after pollination, fluorescence signals were observed in embryos of combination 0068A × Y3380 (Figures 1E, H), but with the increase in the day number, the number of embryos showing fluorescence signal gradually decreased (Figure 4J), the proportion decreased from 77.14% to 7.69%, Among the eight almost mature embryos harvested at 29 d after pollination, the proportion of fluorescent embryos decreased to 0%. These results indicated that paternal genes were continuously expressed during the process of elimination during embryonic development, which was consistent with the results of direct PCR detection of the marker gene and that the disappearance of the expression signal preceded the gene elimination.




3.3 Induced F1 FISH

Detection of the cp4-EPSPS marker gene in induced F1 embryos demonstrated that the genome of the inducer line was continuously being eliminated during embryonic development. However, fragments of the cp4-EPSPS gene were preserved in a very small number of the induced F1 offspring. To determine whether large fragments of the inducer line genome were preserved, we performed FISH detection of the root apical chromosome of the induced F1. The results indicated that the negative control 3496 self-inbred material contained 36 chromosomes, 20 A genome chromosomes (blue), and 16 B genome chromosomes (green) (Figure 2J). In contrast, the positive control interspecific hybrid F1 of the combination 3496 × 4122 had 37 chromosomes, 20 A genome chromosomes (blue), eight B genome chromosomes (green), and nine C genome chromosomes (red) (Figure 2K). The induced F1 offspring of combination 3496 × Y3380 only had A genome chromosomes (blue) and B genome chromosomes (green); no C genome chromosomes from the paternal inducer line were found, including both the induced F1 that meets the normal number of B. juncea chromosomes, 20 A genome chromosomes (blue), 16 B genome chromosomes (green) (Figures 2L, M), and the induced F1 that had 20 A genome chromosomes (blue) and 17 B genome chromosomes (green). In addition to the normal chromosome number, there were some small segments of the B genome (Figure 2N, chromosome pointed by arrow). There were also normal chromosomes, but there were 18–19 A genome chromosomes (blue) and16 B chromosomes (green), and one to two chromosomes had both the blue signal of the A genome and the green signal of the B genome (Figure 2O, the chromosome pointed by the arrow). These results from the marker gene tracking and the FISH observations of chromosomes suggest that the maternal egg and the paternal sperm formed zygotes. During the zygotic development, the chromosomes of Y3380 were selectively eliminated. This elimination process would also affect the replication of the maternal chromosome set.




3.4 Morphological observation and flow cytometric identification of induced F1 plants

The traits of the induced F1 of 4120 were separated (Figures 5A, B), such as different leaf colors, which was green in induced F1 and yellow in heterozygous female 4120, different leaf types, and leaf lobes. Among the surviving offspring, single plants with increased leaf thickness might have been hybrid polyploid offspring. The phenotypes of the induced F1 of the 0068A × 3496 combination were highly similar to those of their maternal counterparts (Figures 5C–F). However, there were also obvious hybrid offspring in which two plants from the 0068A × Y3380 combination were similar to females, but the leaves were notably thickened and wrinkled, which might be hybrid polyploid offspring.




Figure 5 | Plant phenotype of maternal materials and induced F1, flow cytometry results of induced F1, genetic clustering analysis, and genotyping diagram of parents and induced F1. (A–F) Plant phenotype of maternal materials and induced F1. (G) Genetic clustering analysis of parents and induced F1. (H) Genotyping diagram of 0068A, Y3380, and induced F1. (I) Genotyping diagram of 3496, Y3380, and induced F1. (J–M) Genotyping diagram of 4120, Y3380, and induced F1. (G–M) Z20-1, Z20-2, Z20-3, Z21-1, Z21-2, and Z21-3 represent induced F1 of combination 0068A × Y3380. Z22-1 and Z22-2 represent hybrid F1 of combination 0068A × ZS11. Z23-1, Z23-2, Z23-3, Z23-4, and Z23-5 represent induced F1 of combination 3469 × Y3380. Z24-1, Z24-2, Z24-3, and Z24-4 represent hybrid F1 of combination 3496 × 4122. Z25, Z26, Z27, and Z28 represent induced F1 of combination 4120 × Y3380. Z29 represent hybrid F1 of combination 4120 × ZS11. The longitudinal value is the number of each sample, the horizontal number indicates the chromosome corresponding to the segment, the colored part indicates that the parent has a different homozygous SNP site there, red indicates that the locus genotype is the same as Y3380, and gray indicates that the locus genotype is the same as the maternal material, and blue indicates that the genotype at that loci is heterozygous.



At the same time, the parents and F1 seedling stage were identified by flow cytometry, with the three tetraploids 4120, 0068A, and 3496 used as controls. The results of flow cytometry analysis can be seen in Supplementary Table S5. The G1 peak of hexaploid Y3380 was 625.8-689.9 D thousand lines, and the G1 peaks of tetraploids 4120, 0068A, and 3469 were 402.4-412.1 D, 340.6-357.0 D, and 413.8-469.4 thousand lines. We measured six plants of combination 4120 × Y3380, of which the G1 peak of four plants was 416.9-429.9 D thousand line and was judged to be tetraploid. The G1 of the other two plants were 495.9 and 523.9 D thousand lines (25% higher than the G1 peak of 4120) and were judged to be hybrid polyploids. The G1 peak of 88 plants of combination 0068A × Y3380 was 354.0-623.8 D thousand line, of which two plants were judged to be hybrid polyploids (50% higher than the G1 peak of 0068A), and the rest of the plants were judged to be tetraploid. The G1 peak of 21 plants of combination 3469 × Y3380 was 305.5-378.7 D thousand line and was judged to be tetraploid. The above results showed that a small number of parental hybrids and polyploidy appeared in the induced F1 offspring of 4120 and 0068A, while the majority of the progeny remained tetraploid, accounting for 96.52% of induced F1 progeny. The results were in agreement with the morphological observations.




3.5 Homozygous rate and genetic distance cluster analysis of induced F1 generation SNP loci

Morphological observation and flow cytometry can preliminarily determine the homozygosity of induced F1 plants. However, these methods are not accurate enough to detect the presence of chromosome fragments from the inducer line. Therefore, we selected tetraploid F1 that resembled the maternal parent and judged to be hybrid F1 by morphology observation and flow cytometry. Subsequently, we conducted analysis using a 50k SNP chip (Supplementary Table S6), and the results are summarized in Supplementary Table S7.

The homozygous rates of 0068A and ZS11 were Approximately 96%. Because these two parents are homozygous for more than 10 generations of backcrossing and self-inbreeding, we used SNP homozygous rate of approximately 96% as the criterion to confirm homozygous. The SNP homozygous rate of the inducer line Y3380 was 85.33%–89.06%, and Y3380 was a hexaploid rapeseed that was heterozygous for part loci. A total of six plants of combination 0068A × Y3380 were detected, among which the homozygous site rates of three strains were 96.61%–96.71%, which were homozygous, and the homozygous sites rate of the other three strains were 84.37%–87.20%, which were partially heterozygous. We detected two plants of 3469, in which homozygous rates were 96.17%–97.18%. Five plants of combination 3469 × Y3380 were detected. The four plants’ homozygous rates were 95.64%–97.10% and were judged to be homozygous. One plant had a homozygous rate of 90.58%, lower than the homozygous rate of the homozygous parent 3496, higher than Y3380, and was judged to be heterozygous for part loci. Two plants of 4120 were detected, and the homozygous rates were 96.17%–97.18%. A total of five plants of combination 4120 × Y3380 were detected. One plant had a homozygous rate of 95.89% and was judged to be homozygous, while two plants had homozygous rates of 84.06%–86.23%, and the average value was improved by 9.93% compared with 4120. It was identified as partially heterozygous tetraploid offspring based on flow cytometry results. The homozygous rates of two strains were 61.10% and 63.98%, and flow cytometry results revealed hybrid polyploid heterozygous offspring. This result indicates that the genotyping statistics of SNP markers can accurately determine the nature of induced F1 plants as homozygous, partially heterozygous or hybrids. The correlation between the homozygous loci rate of females and the probability of induced F1 containing cp4, the effective siliques rate of induced F1 seeds, and the average effective fruiting number were analyzed. The results showed that there was a very significant negative correlation between the homozygous loci rate of females and the probability of induced F1 containing cp4 (p < 0.01, r = −0.9997**), and the homozygous loci rate of females was significantly positively correlated with the effective silique rate (p < 0.05, r = 0.9762*) and average effective fruiting number (p < 0.05, r = 0.9999*).

The genetic distance cluster of the samples was constructed by comparing the differences in SNP loci between the two materials (Figure 5G). Combined 0068A × Y3380, the homozygous offspring completely overlapped with the females, whereas the heterozygous offspring were slightly distantly distant from the females. In contrast, with the combination3496 × Y3380, the homozygous offspring were genetically close to the females, and heterozygous offspring were slightly further from females. However, in the case of the combination 4120 × Y3380, 4120 was a hybrid line with differences in egg cell genotypes, and the female 4120 and induced offspring were not well clustered together. The genetic distance between homozygous offspring and some heterozygous ones and 4120 was closer than that of Y3380, and the genetic distance between the heterozygous offspring and male Y3380 was closer than that of female 4120, which indicated that the maternally induced homozygous offspring and the hybrid offspring could be distinguished.

In the induced F1 of homozygous maternal 0068A and 3496, the paternal penetration rate of homozygous offspring was 0%–0.79%, and the maternal similarity rate was 96.13%–99.63%, and the paternal penetration rate of some heterozygous offspring was 2.86%–12.43%, and the maternal similarity rate was 71.91%–88.34%, respectively, indicating the presence of small fragments of paternal chromosome infiltration (Supplementary Table S8). In contrast, for heterozygous maternal 4120, the paternal penetration rate of homozygous offspring Z26-1 was 35.42% (Supplementary Table S8), indicating that in the process of zygote formation, the paternal chromosome elimination occurred before the genome doubling, and the genome of the Y3380 was not completely eliminated before doubling, becoming homozygous loci after doubling. Therefore, the SNP homozygous loci rate of Z26-1 was 95.89% (Supplementary Table S8), while the paternal penetration rates of some heterozygous offspring were 9.92% and 12.43%. Large paternal chromosome fragments penetration and hybridization occurred, and the paternal penetration rates of paternal hybrid polyploid heterozygous offspring were higher at 29.88% and 35.94%.

To understand the relationship between the offspring and parental genotype-specific loci more clearly, a genotype analysis of the offspring and parents was conducted, and the genotypes of the offspring at these loci were compared at homozygous loci where the parents were different. When the female was homozygous for 0068A, the homozygous offspring genotypes at the specific loci were almost identical to those of 0068A, which was consistent with the results of the gene penetration analysis (Figure 5H). When the female was homozygous for 3496, its homozygous offspring were prone to heterozygosity or exchanged with the Y3380 at some loci on chromosome A05. Some heterozygous offspring also contained the parental hybrid genotype loci on chromosomes other than A05 (Figure 5I). When the female was heterozygous at 4120, the homozygous offspring had different degrees of paternal homozygous genotype loci on each chromosome, and some heterozygous offspring contained homozygous paternal genotype loci and parental hybrid genotype loci (Figures 5J–M). The locus genotype loci of the parent hybrid polyploid heterozygous offspring were biased towards the parent hybrid genotype loci, which was consistent with the flow cytometry results and gene penetration rate analysis. The penetration of inducer line’s genes may have obvious interaction effects with maternal genotypes, and a specific genomic chromosome segment in the offspring was prone to penetration or hybridization.





4 Discussion



4.1 Interaction effect of the maternal materials and the doubled inducer line during the induction process

Through the correlation analysis of embryo mortality, cp4-EPSPS gene loss and SNP typing analysis after pollination with Y3380 for homozygous B. juncea 3496, homozygous B. napus L. sterile line 0068A, and heterozygous B. napus L. 4120, we found that there might be obvious interaction effects between the exogenous gene cp4-EPSPS elimination during embryonic development and the maternal genotype Additionally, penetration or hybridization of doubled haploid inducer line gene fragments might also have significant interaction effects with maternal genotypes (Zhang et al., 2021). The homozygous strains in the mother-induced F1 were homozygous B. juncea 3496 > B. napus L. sterile line 0068A > heterozygous B. napus L. 4120, which also confirmed that the gene fragment of the doubled haploid inducer line was very different from the corresponding loci gene fragment of the females. The gene fragment of the inducer line was easy to eliminate; when the difference between the gene fragment of the inducer line and that of the females was small or similar, the gene fragment of the inducer line was easy to penetrated or hybridized.

The exogenous gene cp4-EPSPS in the inducer line is derived from microorganisms, and there is no homologous gene in common rapeseed species; therefore cp4-EPSPS is easily eliminated as a marker gene during the induction process. FISH also showed that the induction process was mainly caused by eliminating paternal chromosomes. When the females were heterozygous, there was an increased possibility of genetic similarity between them and the inducer line or their interaction probability, which increased the likelihood of the paternal gene fragment penetrating or hybridizing. This was observed in the induced offspring of heterozygous 4120, which were hybrid. However, the genetic distance of B. juncea 3496 was far from that of Y3380, reaching 0.6, and 3496 was a homozygous material, resulting in a high induction efficiency, low penetration rate, and heterozygosity rate (0.32%–2.80%). In some cases, certain chromosomal segments (A05) were easy to penetrated during the induction process of 3496, indicating that the inducer line and the females had high homology in this segment and were difficult to eliminate. This was consistent with the induction results of paternal chromosome specific elimination during haploid induction in maize and barley (Ravi and Chan, 2010).




4.2 Analysis of the mechanism of doubled haploid induction

Studies on the induction mechanism of the inducer line have shown that the selective elimination of paternal chromosomes is the primary cause of induction. According to Li et al. (2017), continuous chromosomal breaks after gametophyte meiosis might may lead to the formation of haploid embryos, as evidenced by mononuclear sequencing. Zhao (Zhao et al., 2013) pollinated the maternal strains using two inducer lines containing the cytogenetic marker B chromosome and an abnormal yellow centromeres H3 fluorescent protein carrier, demonstrating selective chromosome elimination during maize haploid formation. These results provide insights for the studying of the induction mechanism of rapeseed DH induction.

This study used pollen from Y3380 containing the marker gene cp4-EPSPS to pollinate several different types of maternal rapeseed materials. Many embryonic deaths occurred in the dissected rapeseed siliques during embryonic development, and double fertilization was observed 48 h after pollination. We detected the presence and expression of the cp4-EPSPS gene in the offspring, and the cp4 gene was detected on the eighth day after pollination. At this point, the inducer line chromosomes had entered the maternal egg cells and integrate to develop into an embryo. However, with embryonic development, the paternal chromosome continued to be eliminated, leading to a decline in the probability of containing the cp4-EPSPS gene, which reached to 0% in the last surviving seeds. The immunofluorescence signal of cp4 was observed in the seeds on the 13–29th day after pollination, and the proportion of embryos containing fluorescent signals continued to decrease during development. This indicated that the paternal chromosomes were eliminated, and the specific expression of marker genes continued during elimination. The disappearance of gene expression signal (29 d after pollination) occurred earlier than the time of gene elimination (33 d after pollination), indicating that physiological effects during embryonic development caused the elimination of paternal chromosomes and that physiological effects might be caused by inducer line of gene expression (Luo et al., 2021).

The FISH results showed that the induced F1 of B. juncea (AABB) did not contain the C genome of the inducer line, indicating that the genome of the inducer line was selectively eliminated during the haploid induction process. This is similar to the haploid inducer line in maize, where the inducer line chromosomes are mostly eliminated from the primordium cells within the first week after pollination, leading to haploid formation (Zhao et al., 2013). However, in rapeseed-induced F1, 96.52% were identified as tetraploid, whereas the remaining were polyploidy hybridized by parents, and haploids were rarely produced (Fu et al., 2018). Using SNP chip analysis of the induced F1, we found that the tetraploid-induced offspring had a penetration of induced line genes, with heterozygosity and homozygosity at the penetration loci. This indicated that the induced line chromosomes were eliminated during embryonic development, and the maternal haploid chromosome or synchronous doubled in the embryo. Because the maternal genotypes were different, the penetration rates of the paternal genes in the offspring were also different.

Analysis of the correlation between the homozygous rate of different females and the probability of induced F1 containing cp4 gene, the effective silique rate, and the average effective fruiting number of induced F1 seeds showed that the homozygous loci rate of the females was significantly negatively correlated with the elimination of the induced F1 marker gene (r = −0.9997**), whereas the number of fruiting (fruiting rate) of induced F1 seeds was significantly positively correlated (r = 0.9999*). These findings indicated that the doubled haploid induction of genomyogenic selectivity was related to the interaction effect of maternal genotypes.

In summary, in the process of rapeseed doubled haploid induction, the maternal egg and the paternal sperm double fertilization formed a zygote, and selective elimination of the induction line genome occurs during zygotic development. The degree of elimination thoroughness was related to the maternal genotype interaction effect. After the paternal genome was eliminated, the zygotic haploid chromosome was doubled synchronously, forming a maternal diploid or parental partial hybrid diploid, such as doubling that occurred before incomplete elimination, and then some paternal gene hybrids would be formed. In the gene editing induced by Y3380 in Li’s study (Li et al., 2021), the edited female was a doubled haploid and did not contain transgenic components; however, the editing target gene loci were heterozygous, indicating that the editing process might occur after the induction of lineage chromosome elimination and maternal chromosome doubling. The results of this study directly demonstrated the possibility of a rapeseed doubled haploid inducer line for gene editing in the maternal genes, editing vector loss, and the acquisition of homozygous individuals of B. napus and other Brassicaceae Burnett vegetables.





5 Conclusion

In summary, we speculated that the induction process of rapeseed doubled haploids might be due to the inducer line’s chromosome entering the maternal egg cell and forming a zygote through fertilization. During zygotic mitosis, the paternal chromosomes are selectively eliminated, and during the elimination, there might be a phenomenon of partial paternal genes that may penetrate into the maternal genome through homologous exchange. The zygote haploid genome doubled (early haploid doubling, EH phenomenon), and the doubled zygote continued to develop into a complete embryo, finally forming a doubled haploid offspring. The induction rate of the doubled haploid was significantly affected by the maternal genotype and the paternal single plant inducer line, whereas the mortality rate, effective silique rate, and average effective fruiting number of F1 seeds were mainly influenced by the maternal genotype. The influencing factors of rapeseed doubled haploid induction and haploid induction in maize are relatively similar, with the difference being that the induced F1 in rapeseed is a doubled haploid, whereas it is a haploid in maize. However, this experiment did not exclude the possibility that a few single plants in the offspring of rapeseed doubled haploids were parthenogenetic. This requires further research and demonstration.
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Due to the low genetic diversity in the current wheat germplasm, gene mining from wild relatives is essential to develop new wheat cultivars that are more resilient to the changing climate. Aegilops tauschii, the D-genome donor of bread wheat, is a great gene source for wheat breeding; however, identifying suitable genes from Ae. tauschii is challenging due to the different morphology and the wide intra-specific variation within the species. In this study, we developed a platform for the systematic evaluation of Ae. tauschii traits in the background of the hexaploid wheat cultivar ‘Norin 61’ and thus for the identification of QTLs and genes. To validate our platform, we analyzed the seed dormancy trait that confers resistance to preharvest sprouting. We used a multiple synthetic derivative (MSD) population containing a genetic diversity of 43 Ae. tauschii accessions representing the full range of the species. Our results showed that only nine accessions in the population provided seed dormancy, and KU-2039 from Afghanistan had the highest level of seed dormancy. Therefore, 166 backcross inbred lines (BILs) were developed by crossing the synthetic wheat derived from KU-2039 with ‘Norin 61’ as the recurrent parent. The QTL mapping revealed one novel QTL, Qsd.alrc.5D, associated with dormancy explaining 41.7% of the phenotypic variation and other five unstable QTLs, two of which have already been reported. The Qsd.alrc.5D, identified for the first time within the natural variation of wheat, would be a valuable contribution to breeding after appropriate validation. The proposed platform that used the MSD population derived from the diverse Ae. tauschii gene pool and recombinant inbred lines proved to be a valuable platform for mining new and important QTLs or alleles, such as the novel seed dormancy QTL identified here. Likewise, such a platform harboring genetic diversity from wheat wild relatives could be a useful source for mining agronomically important traits, especially in the era of climate change and the narrow genetic diversity within the current wheat germplasm.




Keywords: bread wheat, Aegilops tauschii, gene mining, seed dormancy, QTL analysis, germplasm enhancement





Introduction

Agricultural production worldwide is expected to be adversely affected by climate change. Temperatures are expected to rise, and the frequency of heat waves has steadily increased in recent years. Moreover, rainfall is becoming unpredictable with many drought or heavy rainfall events and erratic distribution (Elahi et al., 2022). Under this complicated situation, it is imperative to develop new crop varieties that can withstand these erratic weather conditions. However, this is very challenging in wheat due to the narrow genetic diversity associated with decades of extensive breeding. Therefore, in order to develop new cultivars in the era of climate change, it is important to identify new sources of novel genes or alleles for wheat breeding.

Aegilops tauschii (2n = 14, DD) is considered a valuable source of novel alleles for improving bread (common) wheat (Triticum aestivum, 2n = 42, AABBDD) cultivars (Singh et al., 2019). Currently, the common wheat germplasm does not adequately represent the genetic diversity of Ae. tauschii because common wheat originated from interspecific hybridization events between tetraploid wheat and only a limited number of Ae. tauschii plants in a certain distribution area. Breeders have used several methods to enrich the genetic diversity of common wheat using Ae. tauschii. The most common route involves hybridization between tetraploid wheat and Ae. tauschii to create primary synthetic hexaploids (Li et al., 2018). Several superior genes from Ae. tauschii have been transferred into common wheat through synthetic wheat (Dale et al., 2017).

Nevertheless, evaluating yield potential traits at the synthetic wheat level is challenging because of the plant shape and spike morphology, and the expected traits may not always appear in progenies because of considerable genetic differences between synthetic wheat and elite wheat cultivars (Ogbonnaya et al., 2013). To overcome these challenges, diverse Ae. tauschii genes should be “diluted” and then evaluated in the genetic background of elite wheat cultivars (Ogbonnaya et al., 2013). Therefore, Tsujimoto et al. (2015) proposed a population of multiple synthetic derivatives (MSD) as a new tool to evaluate the Ae. tauschii genes in the background of hexaploid wheat. This mixed population was developed by crossing and backcrossing the wheat cultivar (Norin 61) and several primary synthetic hexaploid lines (Matsuoka and Nasuda, 2004). Gorafi et al. (2018) with selected 400 lines demonstrated the possibility of identifying the pedigree of the lines in this mixture population using DArTseq molecular markers and confirmed the suitability of the population for genetic studies. However, no systematic study used this highly diverse population to identify specific trait phenotypes and their underlying QTLs or genes from larger number of individuals.

Pre-harvest sprouting (PHS) it known to decrease grain yield and end-use quality due to the breakdown of starch and proteins, resulting in severe annual wheat yield losses of about one billion US dollars worldwide (Shorinola et al., 2016; Shao et al., 2018). Among many factors that linked to PHS resistance, seed dormancy characteristic is the most critical one (Dale et al., 2017). As a complex trait, seed dormancy is affected by genetic factors, environmental conditions and their interaction (Jaiswal et al., 2012; Kulwal et al., 2012). Because high selection pressures were imposed in wheat breeding programs against seed dormancy to achieve uniform and rapid seed germination, most of the modern commercial wheat cultivars are disposed to preharvest sprouting (Meyer and Purugganan, 2013; Gao and Ayele, 2014). Recently, due to unpredictable weather conditions associated with climate change, wheat breeding programs in many areas around the world have developed interest in breeding wheat cultivars with a higher level of seed dormancy. Revisiting the wheat wild relatives might be one of the best strategies to restore the seed dormancy in wheat. For instance, major QTLs for seed dormancy from Ae. tauschii were identified through advanced backcross population developed by means of synthetic octaploid wheat (Dale et al., 2017). However, so far, limited number of Ae. tauschii have been used. Therefore, using a wide range of Ae. tauschii may be a promising method to restore dormancy in the modern wheat cultivars.

In this study, we explain how we successfully identified a novel QTL for seed dormancy through systematic evaluation of the Ae. tauschii genes in the background of hexaploid wheat using the mixed population of the MSD lines and developed backcross inbred lines population. This study demonstrates a practical example of efficient mining of Ae. tauschii genetic diversity using the MSD platform, which can be used to uncover other novel QTLs and genes associated with abiotic stress tolerance for developing climate-resilient wheat cultivars.





Materials and methods




Population of MSD lines

To identify lines with dormant seeds, we used an MSD population that harbored the diversity of 43 Ae. tauschii accessions (Figure 1). The production of this population was described by Tsujimoto et al. (2015) and Gorafi et al. (2018). Briefly, it was derived from BC1F1 plants developed by backcrossing the Japanese wheat cultivar ‘Norin 61’ (N61) to the F1 plants from crosses between N61 and 43 different primary synthetic hexaploid wheat lines. The synthetics were produced by crosses between durum wheat (Triticum durum, 2n = 28, AABB) cv. ‘Langdon’ and various accessions of Ae. tauschii (2n = 14, DD) (Figure 1). By self-pollinating the BC1F1 plants, we obtained 43 sets of BC1F2 seeds. We took 10 seeds from every 10 BC1F2 plants and mixed them to obtain a population of 4300 seeds. We grew plants from these BC1F2 seeds, harvested their BC1F3 seeds in bulk, randomly selected 3000 seeds and used them to identify genotypes with long dormancy (Figure 1). We also used the following materials as check lines or cultivars: common wheat lines OS38, OS108, OS21-5, and OW104, and cultivar ‘Gifu-komugi’, which all have considerable dormancy (Osanai et al., 2005; Kashiwakura et al., 2016); N61, ‘Kitakei-1354’, and ‘Chinese Spring’ (CS), which all have low dormancy.




Figure 1 | Pedigrees of plant materials and steps to identify dormant genotypes in the population of multiple synthetic derivatives (MSD) and backcross inbred lines (BILs). LNG: Triticum durum cv. ‘Langdon’; N61: T. aestivum cv. ‘Norin 61’; SSD, single seed descent.







Backcross inbred lines

To identify QTLs and candidate genes underlying seed dormancy in the dormant lines derived from the MSD population, we developed a population of backcross inbred lines (BILs) consisting of 166 genotypes from a cross between N61 and synthetics derived from Ae. tauschii accession KU-2039 using single-seed descent (Figure 1).





Screening for seed dormancy and dormant genotype identification in MSD population

We harvested the BC1F3 seeds of the MSD population in bulk on June 3, 2014, and stored them at 25°C. On July 30 (57 days after harvest), August 6 (64 days after harvest), and August 20 (78 days after harvest), we sowed 1000 grains in a tray with wet filter paper (first screening). After 7 days, the ungerminated seeds at 57, 64, and 78 days after harvest were collected, dried, and stored for the second germination test. On November 4 (154 days after harvest), we sowed the ungerminated seeds from the first screening in a tray with wet filter paper (second screening). We selected the germinated seeds, grew plants, self-pollinated them, and harvested BC1F4 seeds. In summer 2015, we performed another germination test as described above and selected BC1F4 plants that showed apparent dormancy.

We isolated DNA from three representative plants of each of the 17 dormant BC1F4 lines and genotyped them using DArTseq markers to determine which Ae. tauschii accessions had contributed the dormancy genes. DNA of all genotypes was extracted following a modified CTAB method (Saghai-Maroof et al., 1984). DNA samples (20 μl; 50–100 ng μL−1) were sent to Diversity Array Technology (DArT) Pty., Ltd., Australia3 for whole-genome scanning with the DArTseq (DArT sequencing) platform.





Intensity of seed dormancy in selected MSD lines

To determine the difference of the dormancy intensity of the selected genotypes, we recorded the flowering date in 2016 spring and obtained BC1F5 seeds. We performed the germination test at 50-, 90-, and 150-days post anthesis (DPA) at 20°C as described above.

To test the possibility of dormancy breakage by external factors, using seeds at 50 DPA, we examined dormancy breaking by cold water imbibition at 10 and 15°C compared with the control (20°C).





Evaluation of seed dormancy in BILs

The BILs (consisted of 166 genotypes) together with three checks (the recurrent parent, the synthetic donor and a black-seeded wheat) were planted for two seasons, S1 (2019/2020) and S2 (2020/2021), in the field of the Arid Land Research Center (ALRC), Tottori University, Tottori, Japan (35°32′ N, 134°13′ E, 11 m a.s.l.). In each season, two plants from each genotype were grown in an augmented randomized complete block design with the three checks replicated in five blocks. At physiological maturity, 10 spikes per genotype were harvested, air-dried for 10 days in a greenhouse, and then stored at 25°C for 90 days after harvesting. Spikes were hand-threshed, and 20 seeds per genotype were used for the germination test in plastic trays (35 × 25 cm and 4.5 cm depth). Seeds were placed on three layers of moistened tissue paper (250 ml of water) and kept at 24–24.5°C for 7 days. Germinated seeds were counted and removed daily until the end of the test. In each season, the germination percentage was calculated as:

	

where ni is the number of seeds germinated at the ith time point and N is the total number of seeds.

The germination index was calculated by following the formula of Coolbear et al. (1984):

	

where ti is the time taken for seeds to germinate at the ith time point.





Phenotypic data analysis

We performed ANOVA on the data of G% and GI for each season. Then, the combined analysis was performed considering genotype, season and their interaction as random effects using Plant Breeding Tools V.1.4.2 software. The best linear unbiased prediction (BLUP) means for G% and GI were used for the QTL analysis.





Genotyping of the BILs population, map construction, and QTL analysis

Total genomic DNA was extracted from 2-week-old leaves of the BILs using the CTAB method (Saghai-Maroof et al., 1984). We sent the DNA samples (20 µL; 50–100 ng µL−1) to Eurofins Genomics Company, Japan (https://eurofinsgenomics.jp/jp/home/) for a whole-genome scan with Genotyping by Random Amplicon Sequencing-Direct (GRAS-Di) markers.

The 166 BILs were genotyped with 21,555 GRAS-Di markers. We removed markers amplified in all samples from all parents, markers of low quality (E), and markers with at least one mismatch. The remaining 6,815 markers were used to construct a linkage map. In the first step, we implemented the BIN tool algorithm in the IciMapping software version 4.2 (Meng et al., 2015). The 6,815 markers were binned according to their segregation pattern. After binning, we grouped the markers using a logarithm of odds (LOD) threshold value of 3.0. Linkage groups were assigned according to the genomic position of the SNP markers determined during SNP calling. Recombination frequencies between markers were converted into centiMorgans (cM) using the Kosambi mapping function. We used the R/qtl (Arends et al., 2010) packages available in the R Statistical Computing Environment to inspect the initial linkage map for duplicate lines, segregation distortion, switched alleles, and single and double cross-overs (genotyping errors). Lastly, after removing low-quality markers and correcting the genotyping error, the genotypic data of 166 BIL lines with 2,882 high-quality markers were used to construct the final genetic map in IciMapping 4.2.

The values of G% and GI of each season separately and combined for the 166 BILs were used for QTL mapping in QTL IciMapping 4.2 software. Inclusive composite interval mapping of QTL with additive and dominance effect (ICIM-ADD) analysis was conducted using G% and GI phenotypic data of the 166 BIL lines with 2882 molecular markers. The significant LOD threshold (3.0) for declaring a QTL (α = 0.05) was determined from 10,000 permutations. The R software package R/qtl was used to draw the LOD curves of the QTLs.





GWAS analysis

The germination percentage and index for the two seasons and their combined for the 166 BILs were used for the GWAS analysis using the 2,882 GRAS-Di markers. The GAPIT package (Lipka et al., 2012) in R software V.4.2.2 was used to perform genome-wide association analyses (GWAS) using a fixed and random model with circulating probability unification (FarmCPU) (Neves et al., 2012). FarmCPU provides more statistical power than the general linear model (GLM) and mixed linear model (MLM) and also decreases confounding effects. To prevent overfitting, a random-effect model is used to select associated markers using a maximum likelihood method, while a fixed-effect model is used to test the remaining markers using iteratively detected associated markers as cofactors. The results of GWAs were visualized using Manhattan plots (Turner, 2018).





Candidate gene analysis

To verify the physical positions of QTL flanking markers, we blasted the flanking markers against the CS reference genome sequence (RefSeq v2.1) published by the International Wheat Genome Sequencing Consortium (IWGSC; https://wheat-urgi.versailles.inra.fr/; accessed in March 2023) and extracted the genes located between the flanking markers with100% confidence for the genome region. We investigated the expression levels of the candidate genes and compared them to the expression of the known dormancy gene TaMFT as a reference (Nakamura et al., 2011) using the Expression Atlas Browser (https://www.ebi.ac.uk/gxa/home) (Papatheodorou et al., 2020).






Results




Identification of dormant lines in MSD population

We conducted the first screening using the BC1F3 seeds of the MSD population (Figure 1). Three germination tests were performed. The first test (test A) was performed at 57 days after harvest (DAH), whereas the second (test B) and the third (test C) tests were performed at 64 and 78 DAH, respectively. Out of 1,000 seeds sown at test A, test B, and test C, only 29, 67, and 18 seeds were not germinated, respectively, while all N61 seeds germinated. In the second screening, we sowed these 114 ungerminated seeds 154 DAH, and 80 seeds (70.2%) germinated. We randomly selected 17 dormant lines out of the 80 germinated seeds, advanced them to BC1F4 and established 17 dormant lines.

To determine which Ae. tauschii accessions contributed dormancy to these selected BC1F4 plants, we isolated DNA from three representative BC1F4 plants from each of the 17 lines and genotyped them using DArTseq markers. We found that dormant plants originated from 9 of the 43 Ae. tauschii accessions: KU-2039, PI476874, KU-20-9, KU-2092, KU-2093, KU-2124, KU-2156, AT55, and AT76 (Supplementary Table 1). KU-2039 and PI476874 from lineage 1 (TauL1) were collected in Afghanistan; both belong to the variety typica (Mahjoob et al., 2021) and are phylogenetically very similar. KU-20-9, KU-2092, KU-2093, KU-2124, and KU-2156 are all from Iran and belong to TauL2. AT55 and AT76 are from China, have a similar phylogenetic history and belong to TauL1.

The genetic analysis of the 17 dormant MSD lines revealed that eight lines were found to be originated from KU-2039 (Syn32), two lines from PI476874 (Syn49) and KU-2092 (Syn37). The other five Ae tauchii accessions contributed by only one MSD line each (Supplementary Table 1).

For further analysis of seed dormancy intensity, we selected a total of eight lines, five MSD (126, 130, 132, 142, and 143) derived from KU-2039 and three MSD (129-1, 129-2 and 129-4) from KU-2124 in addition to the eight checks.





Intensity of seed dormancy in selected MSD lines

At 50 days past anthesis (50 DPA), the germination % (G%) of the BC1F5 MSD lines derived from KU-2039 or KU-2124 ranged from 0-4%, whereas N61 recorded 6%. No germination was found for the four dormant checks; however, the range of G% was 6-72% for the non-dormant checks (Figure 2A). At 90 DPA, the MSD lines derived from KU-2039 showed the lowest germination range, followed by lines derived from KU-2124. The recurrent parent, N61, recorded 100% germination, whereas the G% of the dormant checks ranged 16-80%. At 150 DPA, most of the lines derived from both KU-2039 and KU-2124 showed germination higher than 80%, except MSD126-1, which recorded comparable G% with that of OS108 and OW104.




Figure 2 | Germination rates of ‘Norin 61’, lines selected from the MSD population, and some wheat lines. The MSD lines were derived from Aegilops tauschii accessions KU-2039 or KU-2124 as indicated. (A) Seed dormancy; (B) disruption of seed dormancy after 12 days of cold-water treatment (10°C, 15°C, or 20°C). Error bars indicate standard error.



After cold water imbibition, germination percentage increased with decreasing water temperature with varying degrees among the MSD lines and dormant checks. Most of the lines from KU-2039 and KU-2124 showed similar or lower G% at 10°C compared to the dormant checks (Figure 2B).





Evaluation of dormancy in KU-2039 BILs

We developed 166 BILs from crossing and backcrossing N61 with a synthetic wheat line (Syn32) originated from KU-2039. To identify the best timing for seed dormancy evaluation in the BILs population, we carried out germination test for the two parents and Syn44 at different times from harvest. After 90 days from harvest (90DAH), the G% of Syn32 was 28%, whereas N61 and Syn44 recorded 100 and 97% germination, respectively (Supplementary Figure 1). Therefore, 90DAH was selected to be used for the evaluation of G% and GI of the BILs.

Combined across the two seasons (S1 and S2), 25 BILs, out of the 166 BILs, showed lower G% than that of the Syn32 (75%), whereas the recurrent parent, N61, recorded 100% germination (Figure 3; Supplementary Table 2). Similarly, 26 BILs showed lower GI than that of the Syn32 (6.8), whereas N61 recorded GI of 11.5 (Figure 3; Supplementary Table 2). The G% over the two seasons in the BILs and their parents 90DAH revealed that 28 BILs showed G% < 50 at least in one of both seasons. Out of the 28 BILs, five lines, consistently showed G% < 50 at both seasons (Table 1; Supplementary Table 2). N61 recorded 100% germination in both seasons, whereas Syn32 showed 50% in SI and 100% in S2. The GI for N61 and Syn32 were 9.5 and 1.7 in S1, 13.5 and 12.0 in S2, respectively (Table 1; Supplementary Table 2).




Figure 3 | Frequency distributions of (A) germination percentage (G%) and (B) germination index (GI) in the population of 166 BILs. Arrows indicate the parental lines, Norin 61 (N61) and synthetics (Syn) derived from KU-2039. The mean, standard deviation, and the number of genotypes indicated in each panel.




Table 1 | Germination percentage (G%) and germination index (GI) of the dormant lines selected from the 166 BILs tested for two seasons (S1 and S2).







Genetic mapping of the dormancy trait

GRAS-Di genotyping used 21,555 markers, of which 6,815 were polymorphic between the synthetic wheat donor parent derived from KU-2039 and the backcross parent N61. Among the polymorphic markers, 2,882 (42.3%) were of high quality, with an average of 137 markers on each chromosome (Supplementary Figures 2–5). A linkage map constructed with the 2,882 markers distributed over 21 linkage groups covered a genetic distance of 5,528.90 cM (Table 2) with an average of 263.28 cM per chromosome. Markers were unevenly distributed across chromosomes and sub-genomes. Most markers (1,562; 54.2%) were mapped to the D sub-genome, with a total genetic length of 2,550.77 cM, while 741 (25.7%) markers were mapped to the B sub-genome with a total genetic length of 1,449.55 cM. The lowest number of markers (579; 20.1%) with a total genetic length of 1,528.59 cM were mapped to the A sub-genome (Figure 4A). In terms of genetic map length, the D sub-genome was the longest, followed by the A and B sub-genomes. The D sub-genome had the highest marker density (one marker per 1.63 cM), followed by the B (one marker per 1.96 cM) and A sub-genomes (one marker per 2.64 cM) (Table 3). The highest number of markers (276) was on chromosome 3D, with a genetic distance of 460.61 cM, and the lowest (23 markers) was on chromosome 6B, with a genetic distance of 96.94 cM. Seven gaps greater than 30 cM were found on chromosomes 1A, 3D, 4A, 5B, 6A, 6B, and 7D (Supplementary Table 3).


Table 2 | Description of basic characteristics of the 21 chromosomes with their genetic and physical distance.






Figure 4 | Maps constructed with 2,882 GRAS-Di markers mapped in the population of 166 BILs derived from a cross between N61 and a synthetic wheat line derived from Aegilops tauschii accession KU-2039. (A) Genetic map; (B) physical map.




Table 3 | Description of the basic characteristics of the three sub-genomes, A, B, and D.



We constructed a physical map that spans 13,876.69 Mb using the marker positions acquired from GRAS-Di (Eurofins Genomics) based on the N61 reference genome. The longest chromosomes were 3B (825.90 Mb) and 2B (792.60 Mb), and the shortest was 6D (472.41 Mb). The average physical distance between markers was 1.40 Mb. The length of the A sub-genome was 4,880.93 Mb, that of the B sub-genome was 5,099.01 Mb, and that of the D sub-genome was 3,896.75 Mb (Table 2). In general, markers were denser in the telomeric regions than in the centromeric regions (Figure 4B). To validate the suitability of this map for QTL analysis, we performed a QTL analysis for the trait with a well-known QTL position (i.e., days to heading). The QTL for days to heading was found on chromosome 2D at 173.21 cM, which perfectly matched the position of Ppd-D1 (photoperiod-responsive gene) (Supplementary Figure 6) (Hanocq et al., 2004).





QTL detection

In the first season, the ICIM-ADD detected one QTL on chromosome 5D at 72 cM (LOD of 10.34) associated with G% with flanking markers AMP0017090 (at 70.86 cM) and AMP0004316 (at 72.26 cM), explaining 26.47% of the phenotypic variance, while no QTL associated with GI was detected (Table 4; Supplementary Figures 7A, B; Supplementary Table 3).


Table 4 | QTLs detected by Inclusive composite interval mapping with additive and dominance effect (ICIM-ADD) analysis.



In the second season, 4 QTLs were detected, one on chromosome 1D at 134 cM (LOD of 4. 07) flanked by AMP0000577 (at 133.46 cM) and AMP0024860 (at 136.98 cM), explaining 3.23% of the phenotypic variance of G%, and three on chromosome 5D at 74 cM (LOD of 17.10) near to the QTL identified in the first season, 43 cM (LOD of 29.26) and 49 cM (LOD of 12.68), with flanking markers AMP0020940 (at 72.72 cM) and AMP0025926 (at 74.10 cM), AMP0013081 (at 42.69 cM) and AMP0024991 (at 43.17 cM), AMP0031012 (at 47.94 cM) and AMP0032707 (at 49.40), explaining 15.98, 33.78, and 11.40% of the phenotypic variance of G%, respectively (Table 4; Supplementary Figures 7C–E; Supplementary Table 3). Three QTLs were associated with GI, one on chromosome 5B at 257 cM (LOD of 3.58) flanked by AMP0005269 (at 256.29 cM) and AMP0036949 (at 257.11 cM), explaining 7.96% of the phenotypic variance, the other two were in chromosome 5D at 74 cM (LOD of 12.45) near to the QTLs identified for G% in the two seasons, and at 33 cM (LOD 6.87) with flanking markers AMP0020940 (at 72.72 cM) and AMP0025926 (at 74.10 cM), and AMP0027328 (at 32.70 cM) and AMP0032656 (at 33.65 cM), explaining 31.45 and 16.31% and of the phenotypic variance, respectively (Table 4; Supplementary Figures 8A–C; Supplementary Table 3).

The combined G% and GI for the two seasons revealed one major QTL underlying seed dormancy in the BILs at 72 cM on chromosome 5D associated with G% or GI, with the flanking markers AMP0017090 (at 70.89 cM) and AMP0004316 (at 72.26 cM), explained 41.94% (LOD of 19.06) and 27.84% (LOD of 11.63) of the phenotypic variance of G% and GI, respectively (Figure 5; Table 4). We named this major QTL Qsd.alrc.5D and the other QTLs identified on chromosome 5D in the second season Qsd.alrc.5D1, Qsd.alrc.5D2, and Qsd.alrc.5D3 (Table 4) following the guidelines for gene nomenclature in wheat (Boden et al., 2023).




Figure 5 | Mapping of QTLs for germination percentage and index with the ICIM-ADD method. (A) The identified QTL for germination percentage; (B) the specific position of the QTL on chromosome 5D with the flanking markers; (C) the identified QTL for germination index. The dash-dotted blue lines indicate the threshold of the LOD score at 3.0.



We conducted GWAS using the physical map positions to verify the results of QTL analysis and to confirm the physical position of the QTL. GWAS detected highly significant marker-trait association on chromosome 5D at 339.59 Mbp (correspond to 72.72 cM) associated with G% or GI in S1, S2 and their combined confirming the results of the QTL analysis and suggesting that the Qsd.alrc.5D identified in the first and second season in different but very close positions and in the combined analysis is the same QTL. On the other hand, GWAS further confirmed the results of the QTL analysis and detected the QTLs identified on chromosomes 5B, 1D and 5D identified in the second season (Supplementary Figures 9, 10).





Identification of candidate genes

In the CS reference genome, 76 genes are located between the flanking markers of Qsd.alrc-5D, and 10 have well-identified functions (Supplementary Table 4; Figure 6A). Of the 10 genes, 7 have functions related to seed dormancy or abscisic acid (ABA) (Table 5). An analysis of gene expression patterns of the seven genes revealed a possible association between TraesCS5D02G224200, which encodes alanine aminotransferase, and the reference dormancy gene TaMFT (Figure 6B).




Figure 6 | Candidate dormancy genes located between the Qsd.alrc-5D-flanking markers. (A) Candidate genes with known function; (B) heat map of the expression of the likely (associated with ABA regulation or dormancy) candidate genes and the well-known reference dormancy gene TaMFT. The arrow indicates the most likely candidate gene associated with dormancy. Qdor.hzau-5D, a minor QTL for seed dormancy; X6.DPA, grain development stage at 6-day post anthesis; X9.DPA, grain development stage at 9-day post anthesis; X14.DPA, grain development stage at 14-day post anthesisTables.




Table 5 | Identified candidate genes found between the franking markers of Qsd.alrc-5D.








Discussion




QTL and candidate gene for seed dormancy derived from Ae. tauschii

Seed dormancy is one of the most important traits that plays a critical role in the resistance of wheat grain to PHS, especially in wheat production areas where frequent rain and high humidity are combined with cool temperatures at harvest time (Singh et al., 2021). In this study, we screened 3,000 seeds from the MSD population, isolated genotypes with strong seed dormancy, and revealed that they originated from only 9 accessions of Ae. tauschii out of 43 accessions used to develop the MSD population (Supplementary Table 1). Of these nine accessions, those from Afghanistan tended to provide longer dormancy than those from Iran and China. Afghanistan is an arid region, and it is unlikely that Ae. tauschii in this region has acquired PHS tolerance as a result of environmental adaptation. This suggests that the gene was selected because it confers tolerance to other factors, such as hot and dry summers or cold winters, and that the mechanism of seed dormancy may be linked to such traits at the molecular level.

In this study we constructed a linkage map to detect the QTLs associated with seed dormancy. The linkage map, distributed over 21 linkage groups, covered a genetic distance of 5,528.90 cM with an average of 263.28 cM per chromosome. The length of our map is comparable to those for wheat, e.g. 5,257 cM reported by Cui et al. (2014) and 5,332 cM reported by Röder et al. (1998) (for a review, see Langridge et al. (2001). In this study, the D sub-genome was the longest (2,550.77 cM), with the highest number of markers (1,562) and the highest marker density (1.63 cM per marker), followed by the A and B sub-genomes (Table 3). The higher level of polymorphism in the D sub-genome can be explained by its origin from the wild D genome introduced from Ae. tauschii. Most of the previous genetic maps of wheat reported the D sub-genome as the shortest with the lowest number of markers (Hussain et al., 2017) because of the low level of polymorphism in the D sub-genome (Wang et al., 2014). Thus, this BILs population provides a unique opportunity to study the D sub-genome and could be a valuable breeding material for the development of elite wheat cultivars.

The Qsd.alrc-5D was identified as an important novel seed dormancy QTL in this study. Qsd.alrc-5D was detected in S1 and S2 in chromosome 5D with a slight shift in the position from 72 in S1 to 74 in S2, and it was also detected in the combined G% and GI at 72 cM. The GWAS revealed that Qsd.alrc-5D is the same QTL at 339.59 Mbp (correspond to 72.72 cM). The shift in position of Qsd.alrc-5D between S1 and S2 can be explained by considering the degree of gene penetrance: genetic differences in seed dormancy can only be detected at a certain time after harvest. During this period, some carriers of an important dormancy gene may germinate (Supplementary Figure 1). On the other hand, the temperature fluctuations during grain development can affect seed dormancy (Mares et al., 2021). The mean temperature in the S1 was 3.2°C lower than in S2 (Supplementary Figure 12). Four other QTLs were detected only in S2 on chromosome 1D, 5B, and 5D. These two unstable QTLs on chromosome 1D, 5B with minor LODs have been reported earlier (Liton et al., 2021; Guo et al., 2023). The QTLs Qsd.alrc-5D2 and Qsd.alrc-5D3, detected on chromosome 5D, were not reported, indicating that they might be novel QTLs for seed dormancy. However, further validation is needed. The combined frequency distribution of G% and GI revealed that, the BILs were generally skewed with the peak located over the lower dormancy portion of the distribution (Figures 3A, B), indicating the involvement of a major QTL (Qsd.alrc.5D) and multiple minor alleles or QTLs (Qsd.alrc.1D, Qsd.alrc.5B, Qsd.alrc.5D2 and Qsd.alrc.5D3) in controlling seed dormancy. Liton et al. (2021) and others reported a contribution of major and several minor genes or QTLs in controlling PHS or dormancy.

In wheat, QTLs associated with PHS, or seed dormancy have been mapped on multiple chromosomes. QTLs for PHS were identified on chromosomes 4A (Torada et al., 2016), 3A (Nakamura et al., 2011), 2A (Zhang et al., 2017), and 2B (Feng et al., 2019). While for seed dormancy were identified on chromosomes 4A (Kumar et al., 2015; Liton et al., 2021) 3A (Shao et al., 2018) 2B (Kumar et al., 2009), 3B (Mares et al., 2009), 4B (Kato et al., 2001), 3D (Imtiaz et al., 2008), and 4D (Kato et al., 2001). Guo et al. (2023) reported a minor QTL for seed dormancy on chromosome 5D (Qdor.hzau-5D) at 170 cM with a LOD value of 4.68. Here, we identified a significant major QTL for seed dormancy on chromosome 5D at 72 cM, corresponding to 339.59 Mbp, with an LOD value of 19 and explained 41.7% of the phenotypic variation (Figure 5). Considering that Qdor.hzau-5D is located at a different locus (97.7 cM away from our QTL; Figure 6A; Supplementary Figure 11) and that it is minor, our QSd.alrc-5D is obviously a novel and major QTL associated with seed dormancy.





Causal gene for seed dormancy

The publicly available genomic sequence of CS (IWGSC 2023) can be used to identify positional candidate genes underlying QTLs in the vicinity of markers. We attempted to identify positional and functional candidate genes underlying QSd.alrc-5D between the significant flanking markers AMP0017090 and AMP0004316 (332.706225–339.593142 Mbp). We searched for possible candidate genes associated with seed dormancy or ABA in this region. ABA is a plant stress response hormone that plays a critical role in regulating seed dormancy (Tuan et al., 2018). Grain ABA levels, ABA biosynthesis, catabolism, or both, and seed sensitivity to ABA are regulated by the expression of genes involved in ABA signaling (Barrero et al., 2012) and are important in regulating dormancy.

The QSd.alrc-5D region contained 76 putative genes (Supplementary Table 4). Among them, TraesCS5D02G231100, located between 338.386897 and 338.390472 Mb, encodes phospholipase D. The phospholipase family mediates responses to ABA (Hong et al., 2016) in Arabidopsis (Zheng et al., 2012), rice (Singh et al., 2013), and wheat (Khalil et al., 2011). TraesCS5D02G223800, located between 331.57226 and 331.575937 Mb, encodes the E3 ubiquitin-protein ligase AIP2, which functions as a negative regulator of ABA signaling by polyubiquitinating ABI3 and presumably targeting it to the 26S proteasomes for degradation (Gao et al., 2014). TraesCS5D02G226200, located between 334.320783 and 334.323090 Mb, encodes protein auxin response 4. Auxin regulates seed dormancy in Arabidopsis by stimulating ABA signaling through ARF-mediated ABI3 activation and delays seed germination in wheat (Liu et al., 2013). TraesCS5D02G226200, located between 331.841530 and 331.842234 Mb, encodes histone H4. Histone regulates ABA, and its modification are reportedly the major mechanisms of seed dormancy and germination (Zhao et al., 2019). TraesCS5D02G225619, located between 334.000352 and 334.021279 Mb, encodes a pentatricopeptide repeat (PPR)–containing protein. PPR proteins are involved in ABA signaling and ABA sensitivity under biotic and abiotic stresses (Li et al., 2021). TraesCS5D02G225900, located between 334.257035 and 334.291837 Mb, encodes a glutamate receptor (GLR). GLR3.5 stimulates seed germination by antagonizing the inhibition of ABA (Kong et al., 2015). Since ABA levels and ABA signaling play crucial roles in regulating seed dormancy and germination, these six genes might regulate seed dormancy associated with QSd.alrc-5D. In gene expression analysis, TraesCS5D02G224200, located between 332.040151 and 332.044580 Mb and encoding putative alanine aminotransferase (AlaAT), clustered with the reference seed dormancy gene TaMFT and was highly expressed at 14 days post anthesis of grain development (Figure 6B). AlaAT is reportedly the causal protein for the barley grain dormancy QTL, Qsd1 (Sato et al., 2016). AlaAT plays a critical role in gluconeogenesis, the metabolic process that generates glucose from non-carbohydrate carbon substrates. This process is linked to the revival of plastid functions in dormant rice seeds following imbibition (Gianinetti et al., 2018). Therefore, AlaAT is likely the major causal protein for the seed dormancy phenotype associated with QSd.alrc-5D. Because the segregation of seed dormancy in our population indicated the presence of a major gene and minor genes, some ABA-related genes may be the minor genes affecting seed dormancy in our population.





Genetic and physical maps constructed using GRAS-Di markers

The GRAS-Di platform generates a large number of genetic markers distributed across all chromosomes and enables the construction of high-resolution linkage maps (Miki et al., 2020). We constructed a genetic map using 2882 GRAS-Di markers polymorphic between the parent synthetics and N61. The map spanned 5528.9 cM which is relatively long; this could be explained by the high density of GRAS-Di markers, which generally increases the total length of the linkage map (Miki et al., 2020), and by the gaps (>30 cM) in seven chromosomes.

We constructed a physical map with a total length of 13,876.69 Mb. Semagn et al. (2021) constructed physical maps of four spring wheat populations and reported map lengths of up to 13,788 and 13,881 Mb. In the physical map, the B sub-genome was the longest (5099.01 Mb), followed by the A sub-genome (4880.93 Mb) and the D sub-genome (3896.75 Mb). Telomeric regions have reportedly more markers than the centromeric regions (Peleg et al., 2008). This phenomenon is related to the recombination rate in wheat, as >85% of wheat genes are in gene-rich regions, which are predominantly located in telomeres (Qi et al., 2004).





MSD as a platform for mining Ae. tauschii genes

Wheat is one of the most important cereal crops, providing food for millions of people. Breeders and researchers are constantly looking for innovative ways to improve wheat yield and quality. They focus on enriching the diversity of common wheat by introducing desirable traits from wild wheat relatives such as Ae. tauschii. The low diversity in wheat elite breeding material, particularly in the D sub-genome, has hampered linkage map construction, QTL detection, marker discovery, and marker-assisted breeding. Therefore, new genetic diversity for essential traits has been introduced into elite cultivars since the introduction of synthetic wheat in the 1980s (Dale et al., 2017). However, in breeding programs, breeders typically focus on synthetics derived from a limited number of Ae. tauschii accessions whose choice was based on trait screening in the wild species. This approach is sometimes futile because Ae. tauschii traits may not be expressed at the hexaploid level (Sohail et al., 2011). Thus, it is better to evaluate Ae. tauschii traits in the hexaploid level, which requires populations harboring high intraspecific diversity of Ae. tauschii. In this study, we used a unique MSD population with diversity from 43 different Ae. tauschii accessions in the background of N61 (Figure 1) (Tsujimoto et al., 2015; Gorafi et al., 2018). We used 3,000 randomly selected MSD seeds to identify dormant genotypes. We genotyped the plants showing seed dormancy to reveal their pedigree, used this pedigree information to generate a segregating population (BILs), and finally identified a major novel QTL underlying seed dormancy derived from Ae. tauschii. Of the 43 Ae. tauschii accessions used to generate the MSD population, only the offspring of 9 accessions (representing 21%) had seed dormancy. Thus, had we not used this diverse population, we would not have discovered this valuable gene, which is rare within the species. We believe that the approach used in this study is unique as it allowed us to systematically evaluate the seed dormancy of 43 Ae. tauschii accessions at the hexaploid level and enabled us to reveal the rare sources of seed dormancy and to identify a novel and important QTL that can be used in wheat breeding through marker-assisted selection after appropriate validation.

Previous studies have used a limited number of MSD lines to identify germplasm lines and marker trait associations for seed characteristics, drought tolerance and bread making quality (Elhadi et al., 2021a; Elhadi et al., 2021b; Itam et al., 2022; Mohamed et al., 2022a; Mohamed et al., 2022b). The platform proposed in this study would be more efficient as it would allow not only the identification of the desired phenotypes but also the identification of the best candidate among the selected lines. Moreover, the biparental QTL mapping using the population developed or advanced only from the selected line/lines would be more powerful than the identification of the marker trait association using a limited number of lines. Thus, the approach (platform) used in this study represents a unique way to mine Ae. tauschii genes or alleles necessary for wheat breeding and improvement to overcome challenges of low genetic diversity.






Conclusion

This study resulted in the discovery of a novel QTL for seed dormancy from Ae. tauschii. Using a wheat population harboring genetic diversity from many Ae. tauschii accessions, we first selected plants with the dormancy trait, then developed BILs, identified a QTL, and mapped it on chromosome 5D. This rare QTL, named QSd.alrc-5D, might have been missed in previous studies because of the use of a small number of Ae. tauschii accessions. Overall, this population has the potential to significantly contribute to the advancement of wheat breeding by allowing systematic mining of the Ae. tauschii gene pool in the genetic background of hexaploid wheat. After appropriate validation, the use of QSd.alrc-5D would contribute to wheat breeding through marker-assisted selection.
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Grain hardness (Gh) is important for wheat processing and end-product quality. Puroindolines polymorphism explains over 60% of Gh variation and the novel genetic factors remain to be exploited. In this study, a total of 153 quantitative trait loci (QTLs), clustered into 12 genomic intervals (C1-C12), for 13 quality-related traits were identified using a recombinant inbred line population derived from the cross of Zhongkemai138 (ZKM138) and Chuanmai44 (CM44). Among them, C7 (harboring eight QTLs for different quality-related traits) and C8 (mainly harboring QGh.cib-5D.1 for Gh) were attributed to the famous genes, Rht-D1 and Pina, respectively, indicating that the correlation of involved traits was supported by the pleotropic or linked genes. Notably, a novel major stable QTL for Gh was detected in the C12, QGh.cib-7D, with ZKM138-derived allele increasing grain hardness, which was simultaneously mapped by the BSE-Seq method. The geographic pattern and transmissibility of this locus revealed that the increasing-Gh allele is highly frequently present in 85.79% of 373 worldwide wheat varieties and presented 99.31% transmissibility in 144 ZKM138-derivatives, indicating the non-negative effect on yield performance and that its indirect passive selection has happened during the actual breeding process. Thus, the contribution of this new Gh-related locus was highlighted in consideration of improving the efficiency and accuracy of the soft/hard material selection in the molecular marker-assisted process. Further, TraesCS7D02G099400, TraesCS7D02G098000, and TraesCS7D02G099500 were initially deduced to be the most potential candidate genes of QGh.cib-7D. Collectively, this study provided valuable information of elucidating the genetic architecture of Gh for wheat quality improvement.
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Introduction

Wheat (Triticum aestivum L.), one of the most widely planted food crops, provides approximately 20% of the dietary calories in food products consumed worldwide. Grain hardness (Gh) is a key trait contributing to milling quality and the end-use qualities in wheat, decided by the degrees of interaction between starch granules and the protein matrix within the endosperm (Pasha et al., 2010; Miki et al., 2020). According to Gh, wheat can be classified into hard and soft types. Hard wheat exhibits high crushing resistance due to strong adhesion between starch granules and the protein matrix (Pasha et al., 2010). Its flour had more damaged starch and higher water absorption than soft wheat flour (Oury et al., 2015), thus usually suited for making bread and noodles whereas soft wheat is better for cookies, cakes, and pastries (Guttieri et al., 2001). Besides the common pasta quality characteristics are greatly determined by grain hardness, in China, the Gh is also a major determinant for Baijiu (the famous Chinese liquor) flavor and quality, considering that wheat is the major raw material for producing the Jiuqu (Baijiu starter) and thus severely affect the final flavor and commercial value of Baijiu. Especially the soft wheat has higher saccharigying efficiency for simultaneously facilitating asccharification and fermentation, thus it is usually thought to be more suited for starter production of Chinese Baijiu (Wang et al., 2018). Therefore, exploring the genetic basis of wheat Gh is of great significance for improving wheat quality and commodity properties of wheat.

The most famous loci determining Gh is the Hardness (Ha) on chromosome 5DS, including Pina-D1, Pinb-D1, and Gsp-1 genes (Bhave and Morris, 2008). These three genes encode PINA, PINB, and GSP-1, respectively, which are responsible for the texture of the endosperm and form a friabilin fraction present on the surface of water-washed starch granules (Gupta et al., 2008; Pasha et al., 2010; Martin et al., 2017). The homoeologous loci on chromosomes 5A and 5B lack both Puroindoline genes, which having been deleted during durum evolution. In contrast, Gsp-1 is retained in durum wheat and all three sub-genomes in common wheat (Turnbull et al., 2003; Chantret et al., 2005). The wild-type genotypes (Pina-D1a and Pinb-D1a) commonly represented the soft-textured grains, whereas mutations in either Pina-D1a or Pinb-D1a usually lead to hard-textured grains (Bhave and Morris, 2008). Previous studies have reported thirteen allelic variants at the Pina-D1 locus (Pina-D1b, f, k–n, and p -v) and sixteen allelic variants at the Pinb-D1 locus (Pinb-D1b-g, l, p-w, aa, and ab), including nucleotide mutations, point mutations, and frameshift mutations in common wheat (Bhave and Morris, 2008; Ikeda et al., 2010; Ramalingam et al., 2012; Chen et al., 2013).

In addition to the Ha locus, the novel genetic factors other than Pin genes remain to be exploited. Numerous grain hardness-associated quantitative trait loci (QTLs) have been identified on almost all chromosomes of wheat (Martin et al., 2001; Turner et al., 2004; Boehm et al., 2018; Kumar et al., 2019; Tu and Li, 2020). For instance, six QTLs were detected for grain hardness on 1B, 4B, 5B, 2D, 4D, and 5D chromosomes by a genome-wide association study (GWAS), with phenotypic variation explanation of 3.7%-50.31% (Wang et al., 2012). Ibba et al. (2019) used 8537 markers to identify two major significant regions related to Gh which were identified on chromosomes 3AL and 6AS each responsible for an additive effect of ~6 hardness index units. However, few QTLs were stably expressed with high phenotypic (>10%) variation in multiple environments, which mean most of them were moderate or environment-special Gh-related QTL and hindered their possible applications in wheat breeding programs.

Moreover, the traditional QTL mapping methods depending on the genotyping all individuals in biparental mapping population, which is time-consuming, laborious, and costly due to the enormous size and complexity of the wheat genome (~ 17 Gb) of which the exome constitutes less than 5% (International Wheat Genome Sequencing Consortium, 2014). To resolve these issues, targeted sequencing approaches, such as exome capture, were developed and used to facilitate mapping major QTLs. Among them, exome sequencing to major loci location restricts attention only to the genomic fraction that encodes for mRNA and eventually a phenotype (Kaur and Gaikwad, 2017). The technique has advantage of being extraordinarily quick, simple, inexpensive, and requires small amount of input DNA (<1–3 mg) (Mertes et al., 2011). For example, by the exome capture sequencing of bulked segregant analysis (BSE-Seq) method, Mo et al. (2018) quickly identified a clear peak region on chromosome arm 4BS associated with increased plant height. Yu et al. (2022) identified three major stable locus controlling spike length and spike compactness on chromosomes 2A and 2D. Martinez et al. (2020) fine-mapped the ABA-hypersensitive mutant ERA8 in a wheat backcross population to the TaMKK3-A locus of chromosome 4A. Therefore, BSE-Seq provides other efficient approach to identify favorable alleles of quantitative traits and accelerate the process of wheat breeding. However, BSE-Seq commonly only target one specific trait, the traditional QTL mapping can efficiently detect genome regions for multiple traits, especially the correlated traits.

In present study, we developed a recombinant inbred line (RIL) population derived from the cross of Zhongkemai138 (ZKM138) and Chuanmai44 (CM44) for both QTL mapping and BSE-Seq. The aims of this study were to (i) identify QTL controlling quality-related traits, especially the Gh related trait, and evaluate effect of major QTL; (ii) develop KASP markers linked to the detected major QTL and analyze its potential breeding value; (iii) predict candidate genes for the detected novel major QTL.





Materials and methods




Plant materials and field trials

A population of 170 recombinant inbred line (RIL) lines, generated by the single seed descent method from a cross of Zhongkemai138 (ZKM138) × Chuanmai44 (CM44) (indicated as BC-RIL), was used in this study. ZKM138 and CM44 are both widely adaptable varieties in Sichuan Province, released by Chinese Academy of Sciences Chengdu Institute of Biology (CIBCAS) and Sichuan Academy of Agricultural Sciences, respectively. The parents and BC-RILs were planted and evaluated in seven environments (year × locations × treatments) as follows: 2018-2019 in Shuangliu (SL, 103 ° 52’E 30°34’N) with high nitrogen (HN) (1E); 2018-2019 in Shifang (SF, 104 ° 11’E, 31°6’N) with HN (2E) and LN (3E); 2019-2020 in Shifang with HN (4E) and LN (5E); 2019-2020 in Shuangliu with HN (6E) and LN (7E). In the high nitrogen (HN) plots, the organic fertilizer (300 kg ha-1), nitrogen fertilizer (120 kg ha-1), phosphate fertilizer (50 kg ha-1), and potash fertilizer (50 kg ha-1) as a base fertilizer were applied only before sowing. In the low nitrogen (LN) plots, no nitrogen fertilizer was applied during the growing period. Each RIL was single-seed planted in two-row plot with a length of 1 m with 20 seeds per row, at a row spacing of 0.25 m. Additionally, 144 derivatives of ZKM138 also developed by CIBCAS were used to further validate the target QTL and assess its application potential in our actual breeding process. Three hundred and seventy-three worldwide varieties (Supplementary Table 6) were employed to evaluate the distribution of the target locus and its potential application value. Field management and disease control were performed according to the common practices for wheat production.





Phenotypic evaluation and statistical analysis

At maturity, at least six representative plants of each line as the repetitions were harvested randomly to measure the phenotype of grain hardness (Gh) and the other 12 quality-related traits, including grain water absorption (Abs), moisture content (Mc), grain protein content (Gpc), grain starch content (Gsc), grain wet gluten content (Wgc), sedimentation volume (Sv), test weight (Tw), dough development time (Ddt), dough stability time (Dst), tensile elongation (Te), tensile area (Ta), maximum tensile resistance (Mtr). These traits were measured by near-infrared reflectance spectroscopy (NIRS) on a Perten DA-7200 instrument (Perten Instruments, Huddinge, Sweden) and expressed on a 14% moisture basis. The correlation between NIRS and traditional methods was confirmed by previous studies (Li et al., 2012; Asif et al., 2015). Especially, the importance of NIRS on wheat grain hardness has been proved (Sun et al., 2009) as a powerful method for measuring grain hardness and other quality traits in wheat.

Basic statistical analyses, frequency distribution, and correlation coefficients among traits were conducted using SPSS version 25.0 for Windows (IBM SPSS, Armonk, NY, United States). The best linear unbiased estimator (BLUE) was calculated using QTL IciMapping software. The broad-sense heritability (H2) was estimated according to the method described by previous studies (Smith et al., 1998; Muqaddasi et al., 2019).





SEM observation of grains

A transverse section of grain was observed by an Apre S scanning electron microscope (ThermoFisher) after the grain was snapped in the middle according to previous report (Moeko et al., 2018). These conditions of SEM observation were similar to those described in previous report (Moeko et al., 2018).





Genetic map construction and quantitative trait loci detection

A genetic linkage map, using 993 bin markers from the Wheat 50K SNP array, previously constructed for the BC-RIL population was adopted for QTL analysis in this study. This genetic map was spanned 1936.59 cM across the 21 wheat chromosomes with an average interval of 0.47 cM per marker (Liu et al., 2022). JoinMap 4.1 and IciMapping 4.2 (Meng et al., 2015) were used for genetic construction. The function of ‘Population’ in JoinMap 4.1 was used to create groups with a limit of detection (LOD) score values ranging from 2 to 10. The Kosambi mapping function was used to order the bin markers, with the parameters being set as LOD ≥ 7 and round = 3, in JoinMap 4.1. Detection of QTL was based on the Biparental Populations (BIP) module for inclusive composite interval mapping (ICIM), with a walking step = 0.001 cM and PIN = 0.001, and a test with 1,000 permutations was used to identify the LOD threshold. A LOD value ≥ 2.5 was used to detect putative QTLs. Moreover, a QTL with a LOD value ≥ 3.5 and phenotypic variation > 10% (on average) that was detected in more than three environments was considered a major stable QTL (Li et al., 2022). QTLs were named according to the International Rules of Genetic Nomenclature, where “cib” represents Chengdu Institute of Biology (Boden et al., 2023). If the confidence intervals of corresponding QTLs overlapped, these QTLs were considered and named one QTL.





Development of Kompetitive Allele-Specific PCR markers

According to the candidate regions obtained by BSE-Seq analysis, SNP/InDel between the parents and the extreme pools were converted to Kompetitive Allele Specific PCR (KASP) markers for QTL confirmation and linkage analyses. KASP primers were developed following standard guidelines. The allele-specific primers were designed to carry FAM and HEX tails at the 3’ end of the targeted SNP. Common primers were designed using the online primer design pipeline PrimerServer (http://202.194.139.32/PrimerServer). According to the previous report (Li et al., 2022), the reaction conditions and systems of the polymerase chain reaction (PCR) system and the KASP arrays were conducted.





BSE-seq analysis

The genomic DNA of 40 extreme phenotype individuals from 14-day-old seedlings of the BC-RILs and parents was extracted by CTAB method, and then the genomic DNA was bulked in an equal ratio to generate the two DNA pools, including 20 individuals (named MAX-7) with high grain hardness and 20 individuals (named MIN-7) with low grain hardness. The selected proportion comprised 11% at each tail for extreme phenotypes, which was presumed to provide a 95% probability of detecting QTLs with large effects (Sun et al., 2009). Exome capture sequencing and analysis of four DNA libraries (ZKM138, CM44, MAX-7, and MIN-7) were carried out by OE Biotech Company (Shanghai, China).

Raw sequence reads were filtered using Fastp (v0.12.4) to remove the low-quality reads and adapters used. The high-quality reads were then aligned to IWGSC RefSeq v1.0 genome. After that, raw cohort vcf was worked out with GATK (v4.0.10.1) (Mccormick et al., 2015). The minimum-mapping quality parameter was set as 30 for only high-quality alignment reads used to call variants. SNP calling and density analysis were carried out using sliding window calculation based on the reference of Takagi et al. (2013). The data filtering parameters were set as AF (Allele Frequence) <0.3 or >0.7. The data of BSE-Seq was deposited in the NCBI repository, accession number: PRJNA899434.





Prediction of candidate gene

The physical positions of major QTL were obtained by aligning the sequences of flanking markers with the wheat reference genome assembly constructed in the cv. Chinese Spring sequence (IWGSC RefSeq v1.0) with a BLAST search. Afterward, genes within the physical regions were extracted using Interval Tools of the Wheat Omics and their annotated functional descriptions were retrieved from UniPort (https://www.uniprot.org/). The expression data of each gene in different tissues (roots, leaves/shoots, spike, and grain) was retrieved from Wheat Expression Browser (http://www.wheat-expression.com/). And the expression pattern analysis of these genes was performed and presented in the HeatMap drawn by TBtools software (Chen et al., 2020). Moreover, based on the whole genome re-sequencing data of ZKM138 and CM44, SNPs and Indels of these genes in the target region were obtained and analyzed.






Results




Phenotypic evaluation and correlation analysis

ZKM138 exhibited significant higher Gh and Abs than CM44 in all environments (Supplementary Figure 1; Supplementary Table 1). These measured traits exhibited a normal distribution in the BC-RIL population, and the frequency distribution showed continuous variation, indicating that these traits were determined by multiple genes (Figure 1; Supplementary Table 1). Broad-sense heritability ranged from 0.53 (Gsc) to 0.83 (Gh and Abs), indicating most of them, especially Gh and Abs, were mainly controlled by genetic factors (Supplementary Table 1).




Figure 1 | Phenotypic distributions and correlation coefficients of quality-related traits in the BC-RIL population based on BLUE data. *, **, and *** represent significance at P < 0.05, P < 0.01, and P < 0.001, respectively. grain hardness (Gh), grain water absorption (Abs, %), moisture content (Mc, %), grain protein content (Gpc, %), grain starch content (Gsc, %), grain wet gluten content (Wgc, %), sedimentation volume (Sv, mL), test weight (Tw, g L-1), dough development time (Ddt, min), dough stability time (Dst, min), tensile elongation (Te), tensile area (Ta), and maximum tensile resistance (Mtr).



Phenotypic correlations between the all detected quality-related traits are showed in Figure 1. Gh was significantly positively correlated with Abs (r = 0.94), and the significantly negative correlation coefficients were observed for Gh-Tw (r = -0.36) and Gh-Gsc (r = -0.30), respectively. In addition, Gpc was significantly negatively correlated with Gsc (r = -0.80), consistent with their well-known trade-off (Fan et al., 2022).





QTL detection

A total of 153 QTLs for these thirteen traits were detected in BC-RIL population and located on all the 21 chromosomes accounting for 1.16%-18.2% of the phenotypic variation (Supplementary Table 2). Among them, 24 QTLs were classified as the major QTLs (PVE > 10%), of which 11 major stable QTLs were detected in multiple environments and described in detail.

Two major QTL for Ta and Mtr (QTa.cib-4A and QMtr.cib-4A) were located on chromosome 4A and stably detected in three environments, explaining 12.12% and 10.72% of the phenotypic variance, respectively. On chromosome 4D, QDdt.cib-4D for Ddt was detected in three environments and the BLUE dataset with the LOD values ranging from 3.93 to 6.47, explaining 7.80%-10.60% of the phenotypic variance. One major QTL for Gh (QGh.cib-5D.1) was discovered on chromosome 5D in six environments, accounting for 12.22% of the phenotypic variation, and collocated with two major stable QTLs for Mc and Abs (QMc.cib-5D and QAbs.cib-5D). The major QTL QDst.cib-6D2 for Dst was detected in three environments and explained 7.62%-12.62% of phenotypic variance. On chromosome 7B, two major stable QTLs for Wgc and Ddt (QWgc.cib-7B and QDdt.cib-7B) expressing in four and three environments, respectively, were collocated with the LOD values of 5.02 and 5.48, explaining 10.39% and 10.13% of the phenotypic variance, respectively, with the positive alleles of both loci contributed by CM44.

On chromosome 7D, two major QTLs were detected in all environments and the BLUE dataset, affecting Gh (QGh.cib-7D) and Abs (QAbs.cib-7D), and explained 13.74% and 13.2% of the phenotypic variance. At this location, a ZKM138-derived alleles enhanced both Gh and Abs (Supplementary Table 2).





QTL clusters

In this study, 12 intervals clustering (C1-C12) three or more additive QTLs were observed (Figure 2; Supplementary Table 3). They were mainly mapped on 11 chromosomes. Seven of them contained at least one major stable QTL that could be detected repeatedly in more than three environments. C3 located at 703-755 Mb on chromosome 2A and contained a major QTL for Gh (QGh.cib-2A.2). C6 contained two major stable QTLs for dough rheological properties (QTa.cib-4A and QMtr.cib-4A) and two moderate QTL for Gh and Te (QGh.cib-4A and QTe.cib-4A), with positive allele derived from ZKM138. C7, involving the famous semi-dwarfing gene Rht-D1, was clustered by nine QTLs affecting quality traits, including QMc.cib-4D.1, QGpc.cib-4D, QGsc.cib-4D, QWgc.cib-4D, QSv.cib-4D, QDdt.cib-4D, QDst.cib-4D.1, QTe.cib-4D, and QTa.cib-4D. C8 had three major stable QTLs for Gh (QGh.cib-5D.1), Abs (QAbs.cib-5D), and Mc (QMc.cib-5D), and probably associated with the famous hardness Pin genes. C10 contained one major stable QTLs for Dst (QDst.cib-6D2) and eight QTLs (QGpc.cib-6D2, QWgc.cib-6D2, QSv.cib-6D2, QGh.cib-6D2, QAbs.cib-6D2, QDdt.cib-6D2, QTe.cib-6D2, QTa.cib-6D2), with the ZKM138-derived allele increasing all these traits. Furthermore, C12 had two major stable QTLs for Gh and Abs (QGh.cib-7D and QAbs.cib-7D) with high phenotypic variation, implying a strong relation to wheat processing.




Figure 2 | Summary of QTL clustered detected in this study. The brackets after the QTL name follow additive effect and number of environments. The QTL in red and blue represented the positive allele of QTL derived from ZKM138 and CM44, respectively. The QTLs in bold are major QTLs.







Additive effects of QGh.cib-5D.1 and QGh.cib-7D on grain hardness

In this study, two major QTLs for grain hardness stably expressed on chromosomes 5D and 7D in all environments, which were two major stable QTLs for Gh in this study. ZKM138-derived allele contributed the increasing Gh at both loci, which might provide the major genetic basis to ZKM138 for its higher Gh. The pyramiding effects of two QTLs on grain hardness were analyzed (Figure 3A). The lines with a positive allele, ie., ZKM138-derived allele, at either of QHa.cib-5D.1 or QGh.cib-7D significantly increased grain hardness by 5.07%-5.14% relative to lines without any positive alleles; and the lines with ZKM138-derived allele at both loci significantly increased grain hardness by 11.46%. These results indicated that these two loci had a pyramiding effect on grain hardness, which could be applied together for grain hardness selection and breeding.




Figure 3 | Additive effects of major QTL on grain hardness. (A) Pyramiding effect analysis of QGh.cib-5D.1 and QGh.cib-7D on grain hardness. Effects of QGh.cib-7D on grain hardness based on BC-RILs (B), the lines with Pinb-D1b/Pina-D1b (C), and Pinb-D1b/Pina-D1a (D), respectively. Symbols + and – represent lines with and without the positive alleles (ZKM138 allele) for the target QTL based on the flanking marker of the corresponding QTL, respectively. ‘n’ denotes the number of lines in each panels. *, **, and *** represent significance at P < 0.05, P < 0.01, and P < 0.001, respectively.



Considering the physical location of QHa.cib-5D.1 was located on chromosome 5DS and was overlapped with Pin genes. According to functional markers genotyping reported in previous studies (Giroux and Morris, 1997; Li et al., 2006), the results showed that both ZKM138 and CM44 carried Pinb-D1b, while ZKM138 carried Pina-D1b and CM44 carried Pina-D1a, and proved that it was the major contributor for increasing Gh at QHa.cib-5D.1 (Supplementary Figure 2).

Only for QGh.cib-7D, the lines with ZKM138-derived allele had significantly higher Gh (P < 0.001) than the lines carrying CM44-derived allele (Figure 3B). To further elucidate the separate and effective effect of QGh.cib-7D other than Pina on grain hardness, the population were divided into 2 groups, according to the lines whether carrying Pina-D1a (Figures 3C, D). The results showed that the lines harbored ZKM138-derived allele at QGh.cib-7D increasing grain hardness 8.33% when Pinb and Pina loci were Pinb-D1b and Pina-D1b, respectively, i.e., under the background with Pinb-D1b/Pina-D1b (Figure 3C); and under the background with Pinb-D1b/Pina-D1a, the lines harbored ZKM138-derived allele at QGh.cib-7D also increased grain hardness 6.05% (Figure 3D). In summary, QGh.cib-7D had a strong association with grain hardness, independent of the famous Pina.





BSE-seq analysis for grain hardness

Exome capture and high-throughput sequencing of the four bulked pools, MAX-7, MIN-7, and parents ZKM138 and CM44 were performed to identify the genomic regions associated with Gh, and the results were compared with the Chinese Spring (CS) reference genome v1.0 by IWGSC. The total number of clean reads after filtering was 714061024 and the number of clean bases obtained from a total of six pools was 106.98 Gb, with clean reads ranging from 176218966 to 202584102 for a single pool, which indicated that the sequencing data were available for the subsequent analysis. The coverage of the parents in the wheat genome was more than 90%, and the average depth was more than 25×. Furthermore, the average depth of the two pools of data (MAX-7, MIN-7) was 50.99× and 58.50×, with the coverage in the Chinese Spring genome of 96.06% and 96.73%, respectively (Supplementary Table 4). These results indicated that the BSE-Seq assays among the pools were efficient in the present study.

The SNP/InDel index algorithm was used to determine the candidate region for grain hardness. With the SNP-index algorithm, a total of 1056 high-quality SNPs were identified between two pools, of which 435 (41.19%) SNPs were concentrated in the 46.05-60.55 Mb of chromosome 7D (Supplementary Figure 3), consistent with the traditional QTL mapping results (Supplementary Table 2).





Effects of QGh.cib-7D on grain hardness and other quality traits

According to polymorphic SNPs in the target region of BSE-Seq, 48 KASP markers were developed and genotyped in BC-RILs. Finally, a new integrated genetic map for the candidate region of QGh.cib-7D was reconstructed with ten KASP markers (Supplementary Table 5). After remapping based on the new map, the original candidate region was narrowed from 10.91 Mb (54.59-65.50) to 2.71 Mb (58.64-61.35 Mb) (Figure 4A).




Figure 4 | Genetic maps of QGh.cib-7D (A) and its effects on grain hardness (B) in BC-RIL populations. The developed 10 KASP markers for QGh.cib-7D were integrated onto the genetic map. ZKM138 and CM44 indicate the lines with the alleles from ZKM138 and CM44, respectively. *, ** and *** represent significance at P < 0.05, P < 0.01, and P < 0.001, respectively.



According to the narrowed map, the lines carrying ZKM138 allele had higher Gh than that of CM44 allele, with differences of 3.76%-10.72% (P < 0.01) under all the eight detected environments (Figure 4), which was consistent with the SNP genotyping results, using Kasp7D-1 as the diagnostic marker. In addition, the effects of QGh.cib-7D on other quality traits were analyzed in the BC-RIL population. The results revealed that QGh.cib-7D significantly increased grain water absorption (3.87%) while it did not influence the grain starch content and protein content (Supplementary Figure 4).





Distribution and transmissibility of the positive allele of QGh.cib-7D

To further explore the potential application value of QGh.cib-7D on wheat grain hardness selecting and improving, the genotypes of 373 common wheat varieties from different countries were analyzed. As shown in Figure 5A, the ZKM138-derived allele existed with high-frequency presenting in 320 of 373 varieties (85.79%), spreading in four continents, including Asia, Europe, Oceania, and Africa (Figure 5A; Supplementary Table 6). In China, 164 (86.77%) varieties of these 189 Chinese varieties, containing this ZKM138-derived allele, which significantly increased Gh by 4.09% (Figure 5B). And only 25 varieties contained CM44-derived allele, of which 18 varieties were from Southwestern Autumn-Sown Spring Wheat Zone, a region in southern of China with famous distillery (Figure 5C).




Figure 5 | Geographic patterns of the genotype of QGh.cib-7D in worldwide varieties (A) and Chinese varieties (B). (C, D) Additive effects of QGh.cib-7D, Pina, and Pinb on grain hardness in Chinese varieties. AA and BB represent positive allele of QGh.cib-7D derived from ZKM138 and CM44, respectively. Symbols + and – represent lines with and without the positive alleles for the target QTL based on the flanking marker of the corresponding QTL, respectively. ‘n’ denotes the number of varieties in each panels. *, **, and *** represent significance at P < 0.05, P < 0.01, and P < 0.001, respectively.



Moreover, besides QGh.cib-7D locus, considering that the effect of Pina and Pinb, there were eight, one, and forty-nine varieties only containing Pinb-D1b (group B), Pina-D1b (group C), or ZKM138-derived allele (group D), respectively (Figure 5D). And there were three, eighty-eight, and thirteen varieties harboring Pina-D1b/Pinb-D1b (group E), ZKM138-derived allele/Pinb-D1b (group F), and ZKM138-derived allele/Pina-D1b (group G), that significantly increased grain hardness by 8.91%-15.53% (Figure 5D). Lastly, thirteen varieties contained all the three alleles (group H) and significantly increased grain hardness by 9.99%. It is noteworthy that based on the background of positive allele of QGh.cib-7D, the varieties with Pina-D1b (group G) had higher grain hardness compared to the varieties with Pinb-D1b (group F) (Figure 5D).





Potential candidate genes analysis of QGh.cib-7D

The candidate genes in QGh.cib-7D were finally mapped to a 2.71 Mb physical interval, which contained 53 high-confidence genes (Supplementary Table 7). Analysis of the spatiotemporal expression patterns showed that three genes (TraesCS7D02G099400, TraesCS7D02G098000, and TraesCS7D02G099500) that were highly and specifically expressed in grain, which might be probably involved in grain development (Figure 6). TraesCS7D02G099400 encoded 30S ribosomal protein S3, and TraesCS7D02G098000 encoded basic blue protein while TraesCS7D02G099500 encoded putative oligopeptide transporter. Based on re-sequencing results of parents, 13 synonymous SNPs and 5 nonsynonymous SNPs were detected in the coding region of TraesCS7D02G099500.




Figure 6 | Expression patterns of candidate genes in the physical interval of QGh.cib-7D in different tissues. Genes in red represents genes specifically expressed in the spike and grain; the data of expression profiles were obtained from the public online database.








Discussion




QGh.cib-7D might be a novel locus for grain hardness

Grain hardness is one of the most important characteristics for milling and baking quality of wheat (Pasha et al., 2010). In the present study, almost all quality-related traits, except Mc and Gsc, were significantly positively correlated with each other, with the highest correlation coefficient between Gh and Abs (r = 0.94) (Figure 1), consistent with previous studies (Cui et al., 2016; Fan et al., 2022). Gh is not only controlled by the main effect genes (Ha) on chromosome 5DS but also through minor genes on other chromosomes (Tu and Li, 2020), as well as the potential unexcavated. In this study, twelve clusters for quality-related traits were detected, but most of them were previously reported, except C12 harboring QGh.cib-7D for Gh. For example, C1, located in the interval of 363-415 Mb on chromosome 1D and harbored six QTLs for Dst, Abs, Ta, Sv, Ddt, and Wgc, which was consistent with reported QTLs for quality-related traits (Guo et al., 2020). Comparative analysis indicated that it overlapped with Glu-1D consisting of x-type and y-type, which form different cross-chains and structures in the gluten, thus regulating the elasticity, ductility, and viscosity of the dough (Kong et al., 2004). C3 contained a major QTL (QGh.cib-2A.2) and 3 moderate QTLs (QAbs.cib-2A.2, QTw.cib-2A.2, and QWgc.cib-2A.2), was physically overlapped with Ppo-A1, a core gene regulating polyphenol oxidase and thus influencing end-use quality (Beecher and Skinner, 2011). Waxy (Chang et al., 2021) and BGC1 (Chia et al., 2020), associated with starch synthesis, was located in the region of C6, which harbored QTLs for QGh.cib-4A, QTe.cib-4A, QTa.cib-4A, and QMtr.cib-4A, and thus might be the gene responsible for this QTL cluster. In the C7 cluster associated with Rht-D1, multiple QTLs for quality-related traits, such as QDdt.cib-4D, QMc.cib-4D.1, and QGpc.cib-4D, were co-located in this region, indicating that Rht-D1 may have pleiotropic effects on plant height, yield, and quality (Pearce et al., 2011). These results indicated that the cluster C3 could be used to simultaneously improve several quality-related traits in molecular module breeding. Moreover, C8, located at 1-6 Mb on chromosome 5D, simultaneously harbored three major stable QTL (QGh.cib-5D.1, QAbs.cib-5D, and QMc.cib-5D). As Pin genes were reported to regulate grain hardness (Bhave and Morris, 2008), we integrated the functional marker of Pina into our genetic map. The result showed that this cluster was tightly linked to Pina (Supplementary Figure 2) as expected. Consequently, the effect of C8 might be attributed by Pina. However, QGh.cib-7D and QAbs.cib-7D in C12 were detected in all environments with high phenotypic variation and co-located with two stable QTLs (QDdt.cib-7D and QTe.cib-7D). Comparative analysis revealed that no previously reported QTL or genes for grain hardness were overlapped with or near to this region. Therefore, this interval might be a novel locus for grain hardness.





The potential breeding value of QGh.cib-7D in wheat quality improvement

Manipulation of the level of grain hardness not only modifies milling properties in common and durum wheat lines (Li et al., 2014; Wang et al., 2019a), but also changes some parameters of the end-use quality and storage protein interaction (Kiszonas and Morris, 2018; Wang et al., 2019b). The previous studies reported that Pin genes could only explain over 60% of the trait’s variation and hinder the identification of other QTLs with minor effects in the bi-parental mapping population (Sourdille et al., 1996; Campbell et al., 1999). Identifying the key genomic region for Gh and pyramiding the elite alleles through marker-assisted selection could guide our breeding efficiency. In the present study, two major QTLs, QGh.cib-5D.1 (the Ha locus) QGh.cib-7D, and 15 QTL regions for grain hardness were identified. This novel QTL, QGh.cib-7D, could be simultaneously detected by QTL mapping and BSE-seq, indicating its robust and reliable effect on Gh. Pyramiding analysis revealed that the combination of two major QTLs significantly increased grain hardness (Figure 3A). To eliminate the major genetic effects of the Ha locus and to reveal the individual effect of QGh.cib-7D on Gh, association analysis of QGh.cib-7D with Gh revealed that the lines carried positive allele of QGh.cib-7D (ZKM138-derived allele) significantly increased grain hardness 6.05%-8.33% based on the BC-RIL background (Figures 3C, D), indicating that QGh.cib-7D might be useful for Gh selection improvement and breeding.

Converting the significant SNPs into KASP markers is beneficial for marker assisted breeding (Liu et al., 2022). In this study, ten KASP markers were developed and integrated in a new genetic map based on the results of BSE-Seq (Figure 4A). Finally, the genomic region of QGh.cib-7D was narrowed to a 58.64-61.35 Mb (2.71 Mb) region, and Kasp7D-1 was regarded as a diagnostic marker, which was used to investigate the distribution (Liu et al., 2022) and transmissibility (Fan et al., 2018). Pina and Pinb were two most famous and used widely loci for wheat grain hardness selection and breeding (Pasha et al., 2010; Li et al., 2019). As shown in Figure 5 and Supplementary Table 6, if the effect of QGh.cib-7D were not taken into account, we could found that 66 of 200 (33%) varieties contained Pina-D1a as well as Pinb-D1a (Pina-D1a/Pinb-D1a), which was almost consistent with the reported frequency harboring Pina-D1a/Pinb-D1a (Li et al., 2019). For example, Li et al. (2019) reported that 39.3% of 107 Chinese accessions harbored both Pina-D1a and Pinb-D1a. Theoretically, this loci combination (Pina-D1a/Pinb-D1a) could possibly confer wheat soft grain performance. We indeed noticed that its average Gh value was lower than most groups whose lines harbored only one soft grain genotype at Pina or Pinb, such as group (B+F) and (C+G). However, there still were numerous materials performing relatively high Gh values in group D, where the increasing-Gh allele existed at QGh.cib-7D locus. In other words, the potential unexcavated novel locus also contributes greatly to Gh performance besides Pina and Pinb. If we did not detect and notice the effect of QGh.cib-7D on Gh, it is possible to decrease the efficiency and accuracy of the soft/hard material selection in the MAS process. However, when we calculated the effect of this novel locus for Gh (QGh.cib-7D), only 13 of 200 (6.50%) varieties harbored soft Gh-type genotypes at all three loci (Pina, Pinb, and QGh.cib-7D locus), and this group (group A) indeed exhibited the lowest grain hardness, further proving QGh.cib-7D might harbor the new gene for Gh with important breeding value. In addition, we found that 11 of them were from the southwest zone in China (Figure 5B), which may be related to local dietary and processing preferences and thus presented a relatively higher frequency of soft wheat than other areas. For example, Baijiu, Chinese liquor, has a high reputation and constitutes as an important part of the Chinese dietary profile. The most well-known Baijiu, such as Moutai-jiu, wuliangye-jiu, and luzhoulaojiao-jiu, etc., all produced in this zone. The most raw for Baijiu Jiuqu (starter) were soft wheat (Zheng and Han, 2016). These results also indicated that, with the detection of this new locus on 7D (QGh.cib-7D), much less soft wheat varieties with all noticeable soft-Gh genotypes (only 13 materials, 6.5%) actually exist, rather than 33% of 200 materials as we originally thought. It is urgent to cultivate soft wheat to cater to market demand and ensure the diversity of wheat quality. We, therefore, suggested that all these three loci should be simultaneously considered and detected to improve the breeding efficiency in the future soft wheat breeding process.

The texture and smoothness of noodles are connected to grain hardness, and a grain hardness index (HI) value of 60-70 is needed to ensure high-quality noodles and steamed bread (Wang et al., 2022). In this study, also 13 of 200 (6.50%) varieties (group H) harbored the positive of QGh.cib-7D and Pina-D1b/Pinb-D1b, which indeed show higher grain hardness. Interestingly, the combination of any two loci of these three loci (Group E, F and G) still could significantly improve grain hardness for efficient selection of hard wheat varieties, which could save effort to pyramid all the three hard-wheat alleles (QGh.cib-7D, Pina-D1b and Pinb-D1b) when hard wheat MAS breeding.

The negative yield-quality correlation has long been a key obstacle in wheat breeding programs designed to simultaneously improve yield and quality. Consequently, QTLs involved in the control of kernel quality that are also independent of negative effects on grain yield should be identified to improve this characteristic. The major stable QTL QGh.cib-7D was significantly associated with grain hardness and had a significant effect on grain water absorption, but no effect on the major nutritional traits, such as protein and starch content, indicating its potential contribution to processing and end-use quality. On the other hand, notably, 143 of the 144 (99.31%) derivatives inherited the key genomic segment of QGh.cib-7D from ZKM138 when we used this variety as the core parent in our small-scale breeding process, in which we commonly focus on the yield performance. As shown in Supplementary Figure 5, though lines with positive allele of QGh.cib-7D increased grain width and thousand-grain weight, but reduced grain per spike. Finally, they showed no significant difference in grain yield between the lines with two alleles, which implied that this locus had no significant negative effect on final yield performance, which explained the reason for the passive selection of QGh.cib-7D and further proving the valuable breeding application potential for directional improving and selecting grain hardness without the effect on yield performance.





Potential candidate genes for QGh.cib-7D

Fifty-three high-confidence genes were identified in the QGh.cib-7D interval in the CS genome (Supplementary Table 6). Based on expression patterns, gene annotation, ortholog analysis, and haplotype analysis, TraesCS7D02G099400, TraesCS7D02G098000, and TraesCS7D02G099500, associated with grain development, were predicted as candidate genes. TraesCS7D02G099400 encodes 30S ribosomal protein S3, which may affect the grain hardness to some extent by influencing protein synthesis and cell wall formation (Bommer et al., 1991; Schäfer et al., 2006). TraesCS7D02G098000 encodes basic blue protein, a relatively small group of proteins known as gliadins that interact with the macromolecular gluten subunit in wheat to promote the formation of viscosity and elasticity in dough (Metakovsky et al., 1997). Gliadins are responsible for giving wheat flour its viscoelastic properties, which make it suitable for baking (Wrigley, 1996). TraesCS7D02G099500 encodes the oligopeptide transporter, which regulates the absorption and transport process of oligopeptides and serves as a nitrogen source for wheat growth and development (Kumar et al., 2019). The expression level and activity of oligopeptide transporters may affect the nitrogen supply and protein synthesis capacity of wheat, thus affecting wheat quality (Stacey et al., 2006; Liu et al., 2012). Moreover, the re-sequencing data between ZKM138 and CM44 revealed that 13 synonymous SNPs and 5 nonsynonymous SNPs existed in the exons. Thus, these three genes could be considered as a focus for further work on fine mapping and gene cloning.






Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.





Author contributions

XL: Conceptualization, Data curation, Investigation, Methodology, Software, Validation, Writing – original draft. ZX: Methodology, Resources, Supervision, Writing – review & editing. BF: Data curation, Investigation, Writing – review & editing. QZ: Data curation, Supervision, Writing – review & editing. SG: Data curation, Investigation, Methodology, Writing – review & editing. SL: Data curation, Investigation, Writing – review & editing. YO: Data curation, Investigation, Writing – review & editing. TW: Funding acquisition, Project administration, Resources, Writing – review & editing. XF: Funding acquisition, Project administration, Supervision, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This work was supported by the National Key Research and Development Program of China (2023YFD1200400), the Key Project of Wheat Breeding in Sichuan Province (2021YFYZ0002) and the Key Research and Development Program of Chengdu (2022-YF05-000617-SN).




Acknowledgments

We sincerely thank Zhiyong Liu and Miaomiao Li in the Institute of Genetics and Developmental Biology of Chinese Academy of Sciences for providing us with the DNA of global cultivars used in this study.





Conflict of interest

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





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2024.1356687/full#supplementary-material

Supplementary Figure 1 | Scanning electron micrographs of grains in the parents. SEM observation of grain sections, Photos of transverse sections of mature grains are shown for ZKM138 and CM44. LS, large starch granule; BS, broken large starch granule. Bar: 1 cm.

Supplementary Figure 2 | Identification of the known gene with QGh.cib-5D.1. The brackets after the QTL name follow additive effect and the number of environments.

Supplementary Figure 3 | BSE-Seq analysis using the SNP-index algorithm (A) and distribution of polymorphic SNPs on each chromosome (B).

Supplementary Figure 4 | Effects of QGh.cib-7D on quality traits. *, ** and *** represent significance at P < 0.05, P < 0.01 and P < 0.001, respectively.

Supplementary Figure 5 | Additive effects of QGh.cib-7D on yield-related traits in BC-RIL. *, ** and *** represent significance at P < 0.05, P < 0.01 and P < 0.001, respectively.
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CRISPR/Cas is a breakthrough genome editing system because of its precision, target specificity, and efficiency. As a speed breeding system, it is more robust than the conventional breeding and biotechnological approaches for qualitative and quantitative trait improvement. Tomato (Solanum lycopersicum L.) is an economically important crop, but its yield and productivity have been severely impacted due to different abiotic and biotic stresses. The recently identified SlHyPRP1 and SlDEA1 are two potential negative regulatory genes in response to different abiotic (drought and salinity) and biotic stress (bacterial leaf spot and bacterial wilt) conditions in S. lycopersicum L. The present study aimed to evaluate the drought, salinity, bacterial leaf spot, and bacterial wilt tolerance response in S. lycopersicum L. crop through CRISPR/Cas9 genome editing of SlHyPRP1 and SlDEA1 and their functional analysis. The transient single- and dual-gene SlHyPRP1 and SlDEA1 CRISPR-edited plants were phenotypically better responsive to multiple stress factors taken under the study. The CRISPR-edited SlHyPRP1 and SlDEA1 plants showed a higher level of chlorophyll and proline content compared to wild-type (WT) plants under abiotic stress conditions. Reactive oxygen species accumulation and the cell death count per total area of leaves and roots under biotic stress were less in CRISPR-edited SlHyPRP1 and SlDEA1 plants compared to WT plants. The study reveals that the combined loss-of-function of SlHyPRP1 along with SlDEA1 is essential for imparting significant multi-stress tolerance (drought, salinity, bacterial leaf spot, and bacterial wilt) in S. lycopersicum L. The main feature of the study is the detailed genetic characterization of SlDEA1, a poorly studied 8CM family gene in multi-stress tolerance, through the CRISPR/Cas9 gene editing system. The study revealed the key negative regulatory role of SlDEA1 that function together as an anchor gene with SlHyPRP1 in imparting multi-stress tolerance in S. lycopersicum L. It was interesting that the present study also showed that transient CRISPR/Cas9 editing events of SlHyPRP1 and SlDEA1 genes were successfully replicated in stably generated parent-genome-edited line (GEd0) and genome-edited first-generation lines (GEd1) of S. lycopersicum L. With these upshots, the study’s key findings demonstrate outstanding value in developing sustainable multi-stress tolerance in S. lycopersicum L. and other crops to cope with climate change.
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1 Introduction

The global temperature, fluctuation in weather patterns, sea level rise, increase in drought, and floods make the world’s population face expanding risks of food security, especially in underdeveloped and developing countries (Baillo et al., 2019; Zandalinas et al., 2021). The serious climate shift is giving rise to abiotic stresses like drought, salinity, heat, and cold. This, in turn, leads to an outburst of biotic stresses, including pests and pathogens, adversely affecting crop productivity and causing yield loss (Baillo et al., 2019; Hossain, 2019; Teshome et al., 2020).  It expected that, by 2050, abiotic stresses such as drought, salinity, and temperature extremes will cause a 50% loss in average crop productivity (Brychkova et al., 2013; Calanca, 2017; Malhi et al., 2021). Crop improvement using conventional breeding methods, random mutagenesis, or genetic recombination is time-consuming and is not enough to meet the increasing global food demand (Abdelrahman et al., 2018; Ahmar et al., 2020). In that regard, precision speed breeding approaches like CRISPR/Cas9 can help to meet the needs for efficient crop development research (Pickar-Oliver & Gersbach, 2019; Saikia et al., 2020a; Saikia et al., 2020b). Even single-base editing with the help of the CRISPR/Cas9 approach through non-homologous end joining (NHEJ) has great potential to aid in the breeding of crops that can produce high yields under the conditions of abiotic/biotic stresses (Chen et al., 2019).

Apart from exploring it in various overexpression and knockout studies (Li et al., 2016; Yang et al., 2018), CRISPR/Cas9 technology has been successfully applied in the modification of tomato (Solanum lycopersicum L.) genomes for various traits including mitigation of single stress factors (Van Vu et al., 2020; Debbarma et al., 2023; Tran et al., 2023). However, considering the current climate change scenario and the occurrence of multiple stresses under field conditions, very few studies are ongoing in developing multi-stress tolerance in crops including tomato through advanced genome editing approaches. In addition, targeting single, dual, or multiple genes through CRISPR/Cas-based genome editing to develop multiple stress tolerance in crops has gained significant importance recently. In that context, targeting multi-stress negative regulatory genes is key to achieve multiple abiotic and biotic stress tolerance in crop plants. Hybrid Proline-rich Protein (HyPRP1) and differentially expressed in response to arachidonic acid 1 (DEA1) are two potential multi-stress negative regulatory genes of biotic and abiotic stress responses in tomato. They are the members of 8 cysteine motif (8CM) family genes (Weyman et al., 2006a; Weyman et al., 2006b; Gehl et al., 2009; Gerszberg et al., 2015; Li et al., 2016; Saikia et al., 2020a; Saikia et al., 2020b). There are various reports where HyPRP1 from Solanaceous model plants showed a significant role in the enhancement of pathogen susceptibility by suppressing the expression of defense-related genes (Huang et al., 2011; Yeom et al., 2012; Li et al., 2016; Yang et al., 2018). HyPRP1 from Gossypium barbadense has been known to play a major role in the negative regulation of resistance to bacterial wilt via the thickening of cell walls and reactive oxygen species (ROS) accumulation (Yang et al., 2018). Through transgenic functional analysis and transcriptome analysis, it was shown very recently that HyPRP1 acts as a negative regulator of various abiotic stresses in wild tomato Solanum pennellii as well as in other cultivated varieties (Li et al., 2016; Yang et al., 2018; Tran et al., 2021), whereas DEA1 is a circadian-regulated gene in tomato that shares a sequence similarity to Arabidopsis cold-responsive gene EARL1 (Kapoor et al., 2019). The transcription of DEA1 was altered by Phytophthora infestans infection causing late blight in tomato. It has been reported that GmDEA1 is involved in the biotic stress regulation of soybeans (Klink et al., 2011). The promoter region of DEA1 contains stress-signaling elements (Weyman et al., 2006b). One such element is the W-box motif in tomato DEA1 which is known to be associated with abiotic and biotic stress responses. Along with that, the W-box motif is also known to be associated with pathogen attacks (Eulgem et al., 2000). Salt stress tolerance response is known to be associated with an Alfin-1 response motif present in the promoter region of DEA1 (Winicov & Bastola, 1999). Looking at the functional similarity, it is very prominent that DEA1 has a lot to explore in the direction of multi-stress regulation. In our previous report, a protein–protein interaction study of HyPRP1 and DEA1 showed strong interaction signals when visualized under a confocal microscope (Saikia et al., 2020b).

To gain a deeper understanding of the functional role of HyPRP1 and DEA1 genes as negative regulators in imparting genetic tolerance to multiple stress factors in S. lycopersicum L. cv. Arka Vikas, we performed a systematic CRISPR/Cas9-based genome editing and functional analysis. We successfully generated target-specific CRISPR-editing events in transient and stable S. lycopersicum L. system (GEd0 and GEd1). The CRISPR/Cas9 genome editing of SlHyPRP1 and SlDEA1 revealed significant tolerance responses to multiple abiotic (drought and salinity) and biotic stress (bacterial wilt and bacterial leaf spot) diseases, respectively. Furthermore, with a detailed functional analysis of single and dual-gene CRISPR-edited system, we showed for the first time that DEA1, a poorly studied 8CM family gene, functions together as an anchor gene with HyPRP1 in imparting multi-stress tolerance in S. lycopersicum L.




2 Materials and methods



2.1 SgRNA designing and CRISPR construct preparation through the Gibson assembly cloning method

The target 19–22-bp protospacer sgRNA of SlHyPRP1 and SlDEA1 genes was designed taking several parameters into account, such as target specificity, efficiency, fewer off-targets (not more than four mismatches), secondary structures, GC content (50%–55%) with the help of bioinformatics tools like CCTop (https://cctop.cos.uni-heidelberg.de:8043) (Stemmer et al., 2015), CRISPR-P (https://crispr.hzau.edu.cn/CRISPR2/) (Lei et al., 2014), and CHOPCHOP (https://chochop.ebu.uib.no/) (Labun et al., 2019) (Supplementary Table S2). Annealed oligonucleotides were generated in the PCR thermal cycler for which the designed 19–20 oligonucleotides along with primers having 4-bp overhang sites ATTG forward and AAAC reverse diluted into a final concentration of 10 µM, heated first at 98°C for 10 s and followed by slowly cooling down to 25°C. The 3,612-bp-long pEH6 vector (sgRNA entry vector) was digested and linearized with the BbsI enzyme (Supplementary Table S1). With the help of T4 DNA ligase, the annealed oligonucleotides were then inserted into the linear pFH6 vector in the location between the U6 promoter and the sgRNA scaffold. DH5α competent cells were used for transforming the ligated product, and they were grown for 2 h in liquid LB media. Then, the liquid LB medium carrying the transformed colonies was spread-plated on LB solid media supplemented with kanamycin (100 mg/L) to select positive colonies. A PCR amplicon size of around 416 bp was first amplified, which is the sgRNA cassette from the positive clone. Using a mini-elute Gel Extraction kit (Qiagen, Germany), the PCR product was extracted from the gel and purified. Those purified products were then Sanger-sequenced to confirm the sgRNA insertion. The Cas9 expression vector p63 was used to assemble the sgRNA entry clone into using it in the Gibson assembly method (Wang et al., 2015; Li et al., 2018). The clones were confirmed by colony PCR (Figure 1D).




Figure 1 | Diagrammatic description of the structure, functional motif, and sgRNA target sites of SlHyPRP1 and SlDEA1, confirmation of CRISPR constructs and Gibson assembly cloning methodology. (A) Structure showing the genomic DNA region of SlHyPRP1 (i) and SlDEA1 (ii) along with the 8Cysteine motif region in light yellow. Proline-rich N-terminal region and signal peptide of SlHyPRP1 are shown in green and red color, while the 8Cysteine motif is shown in light yellow. (B) sgRNA target sites for SlHyPRP1 (i) and SlDEA1 (ii) shown in red triangles (i and ii). (C) Stepwise methodology for Gibson assembly cloning method. (D) Screening of the positive CRISPR clones of SlHyPRP1 and SlDEA1 through colony PCR. (E) Confirmation of positive clones of SlHyPRP1 and SlDEA1 by Sanger sequencing.






2.2 Transient genetic transformation of Solanum lycopersicum L. through the infiltration method

The seeds of S. lycopersicum L. cultivar Arka Vikas were procured from ICAR-IIHR Bangalore, India. Following standard protocol, the seeds were stored for long-term use at 10°C and at 20% humidity in the seed storage cabinet (SR LAB, Mumbai). They were then germinated in soil rite in the ratio of 1:1:4 (vermiculite/perlite/cocopeat). To generate CRISPR-edited leaves (CRELs) in a transient system, the abaxial side of 16 leaves of 4- to 5-week-old tomato seedlings was syringe-infiltrated with an Agrobacterium suspension harboring CRISPR constructs for both SlHyPRP1 and SlDEA1 genes. Briefly, the agrobacterial cell suspensions were pressure-infiltrated to the abaxial surface of S. lycopersicum L. cv. Arka Vikas leaves using a 1-mL disposable syringe. Infiltration of the leaves was done in sections until the whole area appears translucent, and the leaves were saturated with agrobacterial cell suspensions. As it was infiltrated, the area of infiltration slowly became dark green (Supplementary Figure S5). After infiltration, the plants were covered with black polythene bags with holes in them, followed by spraying of water inside to maintain the high moisture content near the plants for 24 h. After that, the polythene bags were removed, followed by an occasional spray of water. Stress assays were then performed on the infiltrated and editing-confirmed leaves (Supplementary Figure S5) (Liu et al., 2019).




2.3 Stable transformation of Solanum lycopersicum L. through Agrobacterium-mediated transformation with binary CRISPR/Cas9 constructs

Arka Vikas cv. was stably transformed via Agrobacterium-mediated transformation using a modified protocol (Manamohan et al., 2011). For a stable transformation, the seeds were taken for surface sterilization. The sterilization was done for 5 min with 70% ethanol, 10 min washing with 4% sodium hypochlorite (V/V), and washing thrice with sterile distilled water. Then, ½ MS (Murashige and Skoog) media supplemented with 3% sucrose and 0.3% Gelrite (Sigma Aldrich, USA) was used to germinate the sterile seeds in the dark for 3 days. This was followed by growing the plants in a growth chamber at 25°C–28°C and 70% relative humidity with a light intensity of 15 µEm-2sec-2- and 16/8-hour light–dark photoperiod. The hypocotyl segment of the 10- to 12-day-old seedlings was transformed via an Agrobacterium tumefaciens (LBA4404) strain harboring the CRISPR/Cas9 binary constructs of SlHyPRP1 and SlDEA1. The hypocotyl was washed with the antibiotic cefotaxime (250 mg/L) for 20 min to remove excessive Agrobacterium growth. After drying them on a sterile surface, the hypocotyls were covered and kept at 25°C in the dark for 2 days at 70% relative humidity. The hypocotyl segments were subcultured bi-weekly on shooting media containing MS media + sucrose and 1 mg/L of zeatin for 1 month. The shoots, upon attaining a size of approximately 1.5–2 cm, were transferred to a selective rooting medium. The rooting media containing MS media + sucrose at 1 mg/mL were supplemented with 0.1 mg/L indol 3-butyric acid. The well-rooted plants were transferred to soil rite (mixture of cocopeat/vermiculite/perlite/vermicompost) for acclimatization and kept in a greenhouse to study the replication of gene editing events (Supplementary Figure S7). Because our Cas9 plant expression vector did not have an antibiotic selection marker, for stably regenerated plants, we directly performed PCR-based molecular confirmation using Cas9 primers. The Cas9-positive transformant plants were regenerated through shooting and rooting media to generate stable CRISPR transformant plants of S. lycopersicum as mentioned above.




2.4 Agrobacterium cell culture and preparation of infiltration suspension

Single guide RNAs of SlHyPRP1 and SlDEA1 harboring in p63 CRISPR/Cas9 expression vector were introduced by electroporation method. For the transformation of CRISPR constructs, SlHyPRP1 and SlDEA1 (3 µL) were added in 100 µL of Agrobacterium LBA4404 cells. Electric shock has been employed, after which 1 mL of YEB media was immediately added in a 2-mm cuvette. The cells were incubated and allowed to grow at 29°C for 3 h at 220 RPM. Then, the cells were centrifuged for 1 min, and 200 µL of fresh YM media was added. The bacterial culture was plated in YM media containing yeast (0.4 g), mannitol (10.0 g), K2HPO4·3H2O (0.5 g), NaCl (0.1 g), MgSO4·7H2O (0.2 g), and bacteriological agar (15 g) in 1 L of double-distilled water at pH 7, following the Invitrogen Life Technologies user manual, and autoclaved at 121°C for 15 min (100 µg/mL kanamycin and 50 µg/mL streptomycin) for 2 days at 29°C. The positive clones were grown and confirmed by PCR analysis using U6 forward and sgRNA scaffold reverse primers and Cas9 primers. SlHyPRP1 and SlDEA1 were co-transformed for dual-gene CRISPR/Cas9 SlHyPRP1_SlDEA1 editing, for which properly grown cultures were inoculated into YM suspension medium in separate flasks and grown at the same temperature in a shaker incubator at 180 RPM overnight. The YM medium contains yeast extract (0.4 g/L), mannitol (10 g/L), K2HPO4·3H2O (0.5 g/L), NaCl (0.1 g/L), and MgSO4·7H2O (0.2 g/L), with 100 µg/mL kanamycin and 50 µg/mL streptomycin, and the pH was maintained at 7. The strains were allowed to grow until the cell density reached an OD600 of 0.8–1. Each 20 mL of bacterial culture was centrifuged at 5,000–6,000 RPM for 20 min at 25°C, and the supernatant was discarded. The cells were resuspended with the infiltration medium containing 10 mM MgCl2 and 10 mM MES at pH 5.6. The flasks containing the infection medium of SlHyPRP1 and SlDEA1 were mixed, and the resuspension was incubated for 30 min at 29°C and was then ready for infiltration.




2.5 Infiltration of the Solanum lycopersicum L. cv. Arka Vikas leaves

Seedlings at 4 weeks old were chosen to infiltrate (4-week-old plants were chosen because the leaves of S. lycopersicum L. were relatively young and fully expanded after growing for about 3 weeks, which are essential for the transient expression in S. lycopersicum L.). The agrobacterial cell suspensions were pressure-infiltrated to the abaxial surface of S. lycopersicum L. cv. Arka Vikas leaves using a 1-mL disposable syringe (Supplementary Figure S5). Infiltration of the leaves was done in sections until the whole area appeared translucent, and the leaves were saturated with agrobacterial cell suspensions. As it was infiltrated, the area of infiltration slowly became dark green. After infiltration, the plants were covered with black polythene bags with holes in them, followed by spraying of water inside to maintain the high moisture content near the plants for 24 h. After that, the polythene bags were removed, followed by an occasional spray of water (Supplementary Figure S6).




2.6 β-Glucuronidase histochemical staining

S. lycopersicum L. leaves were collected 3–7 days post-agroinfiltration of dual-gene CRISPR constructs of SlHyPRP1 and SlDEA1 for histochemical β-glucuronidase (GUS) staining. Histochemical GUS staining was carried out as described (Liu et al., 2019). The infiltrated leaves were submerged in the GUS staining solution containing 50 Mm NaH2 PO4, 2 Mm K3Fe (CN), 1 mM X-Gluc, and 1% Triton X. The volume was made up to 20 mL and incubated for 16 h in the dark at 37°C. The GUS-stained leaves were observed under a light microscope and photographed. The wild-type (WT) leaves stained with GUS were used as negative controls. The stained leaves were photographed (Figures 2A, 3A, 4A, 5A).




Figure 2 | Drought stress response study of CRISPR transformants of SlHyPRP1 and SlDEA1. (A) GUS and molecular confirmation of CRISPR transformants of SlHyPRP1 and SlDEA1 leaves after GUS staining and observation under a compound microscope. The bar represents the image taken in 500 pixels under a compound microscope. (B) Primary confirmation of dual-gene CRISPR transformants through PCR using Cas9 primers (i) followed by PCR using gene-specific primers of SlHyPRP1 and DEA1 with positive and negative controls (ii). (C) The Sanger sequencing alignment of the gel-purified products of SlDEA1 gene showed a single-base-pair insertion mutation that caused editing within the gene sequence. The alignment was done using Multalin online tool. (D) Plain view of transiently transformed S. lycopersicum L. plants grown in soil under drought treatment. Severely visible drought effects on the 30th day were observed on the WT (empty vector-treated) seedlings (last panel, wilting of the whole seedling) as compared to dual-gene CRISPR-edited (treated) (right panel) seedlings. (E) The effect of drought stress on chlorophyll content (mg g-1 fresh weight) and proline (µmol) in transiently transformed plants. Chl.a, Chl.b, and total Chl. (a and b) showing elevated levels in CRISPR-edited (treated) plants treated with drought compared to WT (empty vector-treated), while the untreated mock showed a constant level of Chl. content (i–iii). The proline content was significantly higher in CRISPR-edited (treated) plants compared to WT (empty vector-treated). The untreated mock showed a steady level of proline (iv). Data expressed as mg/g of fresh weight are the mean ± SE of three biological replicates. The mean ± SE values from technical replicates (three) are represented in the error bar (*P\0.05, **P\0.01, ***P\0.001 according to the Tukey test, followed by Student’s t-test).






Figure 3 | Salt stress response study of CRISPR transformants of SlHyPRP1 and SlDEA1. (A) GUS and molecular confirmation of CRISPR transformants of SlHyPRP1 and SlDEA1 leaves after GUS staining and as observed under a compound microscope. The bar represents the image taken in 500 pixels under a compound microscope. (B) Primary confirmation of dual-gene CRISPR transformants through PCR using Cas9 primers (i) followed by PCR using gene-specific primers of SlHyPRP1 and SlDEA1 with positive and negative controls (ii). (C) Sanger sequencing alignment of the gel-purified products of SlHyPRP1 gene showing a single-base-pair deletion mutation that caused editing within the gene sequence. The alignment was done using Multalin online tool. (D) Plain view of transiently transformed S. lycopersicum L. plants grown in soil under salt treatment. Visibly severe salt effects (yellowing and crunchy texture) on the 30th day were observed on the WT (empty vector-treated) seedlings (last panel, wilting of the whole seedling) as compared to dual-gene CRISPR-treated (right panel) seedlings. (E) The effect of salt stress on chlorophyll content (mg g-1 fresh weight) and proline (µmol) in transiently transformed plants. Chl.a, Chl.b, and total Chl. (a and b) showing elevated levels in CRISPR-edited (treated) plants treated with drought compared to WT (empty vector-treated), while the untreated mock showed a constant level of Chl. content (i–iii). The proline content was significantly higher in CRISPR-edited (treated) plants compared to WT (empty vector-treated). The untreated mock showed a steady level of proline (iv). Data expressed as mg/g of fresh weight are the mean ± SE values of three biological replicates. Mean ± SE from technical replicates (three) are represented in the error bar (*P\0.05, **P\0.01, ***P\0.001) according to the Tukey test, followed by Student’s t-test.






Figure 4 | Bacterial leaf spot stress response study of CRISPR transformants of SlHyPRP1 and SlDEA1. (A) GUS and molecular confirmation of CRISPR transformants of SlHyPRP1 and SlDEA1 leaves after GUS staining and as observed under a compound microscope. The bar represents the image taken in 500 pixels under a compound microscope. (B) Primary confirmation of dual-gene CRISPR transformants through PCR using Cas9 primers (i) followed by PCR using gene-specific primers of SlHyPRP1 and DEA1 with positive and negative controls (ii). (C) Sanger sequencing alignment of the gel-purified products of S1HyPRP1 (i) and S1DEA1 (ii) genes showing base substitution and deletion. The alignment was done using Multalin. (D) Phenotypic analysis of transiently transformed S. lycopersicum L. seedlings grown and exposed to X. campestris pv. vesicatoria. The visible symptoms were observed on the WT (empty vector-treated) seedlings (middle panel, starting with small brown spots on the leaves followed by chlorosis, necrosis, and eventual plant death) as compared to dual-gene CRISPR-edited (treated) (last panel) seedlings. (E) Visualization (photographic) of X. campestris pv. vesicatoria-infected 1-month-old leaves of WT (empty vector-treated) and CRISPR-edited (treated) plants stained with DAB (i and ii). Quantification of H2O2 release (ROS accumulation)/total area (mm2) was measured with Image J software (iii). Microscopic visualization of X. campestris pv. vesicatoria. One-month-old leaves of WT (empty vector-treated) and CRISPR-edited (treated) plants stained with trypan blue (iv). The bar represents 0.2 µm. Quantification of cell death/total area (mm2) was measured with Image J software (v). Data were collected from three independent biological replicates; four leaves were used in each biological replicate. The average lesion areas are expressed as means ± standard errors (n = 3). Mean ± SE from technical replicates (three) are represented in the error bar (*P\0.05, **P\0.01, ***P\0.001) according to the two-way ANOVA test and Tukey’s test, followed by Student’s t-test.






Figure 5 | Bacterial wilt stress response study of CRISPR transformants of SlHyPRP1 and SlDEA1. (A) GUS and molecular confirmation of CRISPR transformants of SlHyPRP1 and SlDEA1 leaves after GUS staining and as observed under a compound microscope. The bar represents the image taken in 500 pixels under a compound microscope. (B) Primary confirmation of dual-gene CRISPR transformants through PCR using Cas9 primers (i) followed by PCR using gene-specific primers of SlHyPRP1 and SlDEA1 with positive and negative controls (ii). (C) Sanger sequencing alignment of the gel-purified products of the SlHyPRP1 gene showing base substitution and deletion that led to the ORF shift mutation causing editing events. The alignment was done using Multalin tool. (D) Phenotypic analysis of transiently transformed S. lycopersicum L. seedlings grown and exposed to R. solanacearum. No visible symptoms were observed on the WT (empty vector-treated) seedlings as well as dual-gene CRISPR-edited (treated) seedlings. (E) Representative microscopic images of DAB staining. Visibly higher necrosis was observed on the roots of WT (empty vector-treated) seedlings as compared to dual-gene CRISPR-edited (treated) seedlings (i). The bar represents 0.2 µm. Quantification of fluorescence and coloration intensity was performed using ImageJ (ii). The level of significance difference (*P\ 0.05, **P\0.01, ***P \0.001) was calculated by two ANOVA tests using PRISM Graph Pad 9.0. software.






2.7 Genomic DNA preparation

The plant tissues (approx. 100 mg) of infiltrated and stably transformed lines were crushed in 1 mL DNA extraction buffer with a ceramic mortar and pestle. The homogenized sample was centrifuged for 10 min at 12,000 RPM. The supernatant was collected carefully, and an equal volume of phenol/chloroform/isoamyl alcohol (25:24:1) was added, and the mixture was centrifuged for 10 min at 12,000 RPM. The aqueous phase was separated, an equal volume of chloroform and isoamyl alcohol (24:1) was added and centrifuged for 10 min, and the aqueous phase was collected. Furthermore, 100% isopropanol was added and incubated at room temperature for 1 h. The DNA was pelleted down by centrifuging at 15,000 RPM for 15 min. The pellet was washed with 70% ethanol for 10 min. After the removal of ethanol, the pellets were diluted with TE buffer (Tris, EDTA, pH 8). Then, 1 µL of RNaseA (25 mg/mL) was added and incubated at 37°C for 20 min. The concentration of gDNA samples was quantified using a nanodrop spectrophotometer (Eppendorf Bio-spectrometer). The genomic DNA was stored at -20°C in a freezer.




2.8 Screening and validating editing events by Sanger sequencing

Genomic DNA was isolated from 3–7 days post-agroinfiltration of dual-gene CRISPR constructs of SlHyPRP1 and SlDEA1, and for each sample gDNA was isolated from 2-week-old leaves using the SDS method (Xia et al., 2019). Using Cas9-specific primers, the positive CRISPR transformants of SlHyPRP1 and SlDEA1 were molecularly confirmed by PCR using Emerald Amp® GT PCR Master Mix (DSS-Takara) (Supplementary Table S1). For the negative control, genomic DNA isolated from WT untransformed leaves was taken. PCR amplification of dual-gene (SlHyPRP1 and SlDEA1) transformant plants was performed using gene-specific primers of both genes separately with Emerald Amp® GT PCR Master Mix (DSS-Takara) (Figures 2B, 3B, 4B, 5B; Supplementary Table S1). The PCR-purified products were then Sanger-sequenced. The sequencing reads were aligned with the reference gene (WT) sequence, which revealed the CRISPR editing events (INDELs, large/small deletions, etc.). The analysis was done with the help of Vector NTI software (Thermo Fisher, Life Technologies) and the Multalin online sequence alignment tool (Figures 2C, 3C, 4C, 5C; Supplementary Figures S8, S9).




2.9 Identification of off-target loci

The putative off-targets of SlHyPRP1 and SlDEA1 genes were analyzed using CCTop and CRISPR P 2.0 version software tool (Stemmer et al., 2015). The oligos of putative off-target genes were designed and performed with off-target analysis (Supplementary Tables S1, S3).




2.10 Stress assays on transiently transformed CRISPR-edited lines



2.10.1 Drought stress

The selected plants were subjected to transient drought stress analysis (Liu et al., 2019) with slight modifications. The plants were grown in soil with sufficient watering, and the leaves were infiltrated with A. tumefaciens containing dual-gene CRISPR constructs of SlHyPRP1 and SlDEA1 and maintained for 7 days During this time, the GUS and molecular confirmation for CRISPR-positive transformants have been carried out as described earlier. At 7 days post-infiltration, the CRISPR-positive transformants were subjected to drought treatment by halting the irrigation. The plants infiltrated with empty plasmid p63:CMV : Cas9:beta glucuronidase (dicot) were used as controls. The irrigated plants throughout the assay were used as mock. The plants were observed for morphological and phenotypic characteristics of drought stress response in CRISPR-edited treatment, WT (empty vector-treated), and mock on a weekly basis for up to 1 month and photographed. When the plants showed obvious wilting, yellowing, and lethal effects of dehydration, one set of leaves was collected for evaluation of CRISPR editing events, and another set of leaves was collected for physiological and biochemical assays of drought stress response. The experiment was carried out with three biological replicates (Supplementary Figure S1; Supplementary Tables S4, S5).




2.10.2 Salinity stress

At 3 days post-agroinfiltration, the selected plants were subjected to salt stress as described with minor modifications (Liu et al., 2019). The GUS and PCR confirmation of CRISPR-positive transformants has been confirmed similar to drought stress as described earlier. The plants were irrigated with 250 mmol/L NaCl solution, and about 2 to 3 L NaCl solution was poured into the trays containing tomato plants in plastic bags. The holes were made in the plastic bags to allow NaCl to enter the plants through these holes. The excess NaCl solution was poured out after 24 h of soaking. The plants were treated with NaCl solution every 4 to 5 days until the plants showed apparent phenotypes. The plants infiltrated with empty plasmid p63:CMV : Cas9:beta glucuronidase (dicot) were used as controls. The untreated plants were used as mock throughout the assay. One set of leaves was collected for the evaluation of CRISPR editing events, and another set of leaves was collected for the physiological and biochemical assays of salt stress response. The experiment was carried out with three biological replicates (Supplementary Figure S2; Supplementary Tables S6, S7).




2.10.3 Bacterial leaf spot stress

For bacterial stress assays, 4-week-old Agro-infiltrated S. lycopersicum L. plants were selected and inoculated with Xanthomonas campestris pv. Vesicatoria which is the causal organism of the bacterial spot disease of S. lycopersicum L. The master culture of Xanthomonas campestris pv. Vesicatoria BU::0001 was procured from ITCC, New Delhi. The master plate was subcultured into YGCA solid media (yeast extract, glucose, CaCO3 finely granulated, and bacteriological agar) at 28°C for 2 to 3 days (ITCC, New Delhi; prescribed selective media). The inoculation of plants with X. campestris pv. Vesicatoria and the assessment of disease progression were carried out by dipping the undetached leaves of 4-week-old Agro-infiltrated S. lycopersicum L. plants into bacterial suspensions having OD600 in the range of 0.5 to 0.8 and containing yeast extract, glucose, and finely granulated CaCO3 grown for 24 h (Tamir-Ariel et al., 2007). Before dipping into the bacterial suspension, the abaxial side of undetached leaves was pricked with a needle to ease the passage of the bacterial culture (Hoshikawa et al., 2019). The excess of the bacterial suspension was washed off with distilled water twice. The plants were covered with plastic bags to keep them in a moist environment for 48 h. The plants infiltrated with empty plasmid p63:CMV : Cas9:beta glucuronidase (dicot) were used as controls. The untreated plants were used as mock throughout the assay. After the removal of the plastic bags, disease progression and development of symptoms were observed and photographed until 1 month. One set of leaves was collected for the evaluation of CRISPR editing events and another set of leaves was collected for ROS accumulation and histochemical cell death quantification by staining the leaves with 3,3′-diaminobenzidine (DAB) and trypan blue (TB), respectively (Bach-Pages and Preston, 2018; Yang et al., 2018). The experiment was carried out with three biological replicates (Supplementary Figure S3; Supplementary Tables S8, S9).




2.10.4 Bacterial wilt stress

Agro-infiltrated S. lycopersicum L. plants at 4 weeks old were selected and inoculated with Ralstonia solanacearum which is the causal organism of the bacterial wilt disease of S. lycopersicum L. The master culture of the virulent strains was procured from ITCC, New Delhi. The master plate was subcultured into triphenyl tetrazolium chloride (TTC) media (peptone, casein hydrolysate, glucose, triphenyl tetrazolium chloride—0.005%, and bacteriological agar at pH 7.2) at 29°C for 2 to 3 days. The virulent colonies were further inoculated and cultured on TTC suspension (peptone, casein hydrolysate, glucose, triphenyl tetrazolium chloride—0.005%) at 29°C for 24 h (Kumar et al., 2018). The concentration of the suspension was adjusted to 0.8–1 by taking the OD at 600 nm. The inoculation of plants and the assessment of disease progression were carried out by using the protocol described by Kim et al. (2016) with slight modifications. The roots of the S. lycopersicum L. plants were artificially wounded using a sterile blade, and the wounded roots were then dipped into the bacterial suspension until they became saturated, while a few roots were still in the soil so as not to disrupt the natural growth of the plants. The locations of the wounds were marked after removing them from the bacterial suspension and were covered with soil. The plants infiltrated with empty plasmid p63:CMV : Cas9:beta glucaronidase (dicot) were used as controls. The untreated plants were used as mock throughout the assay. The disease progression and the development of symptoms were observed and photographed up to 1 month. One set of leaves was collected for the evaluation of CRISPR editing events, and roots were collected for ROS (hydrogen peroxide) accumulation study by staining them with DAB (Bach-Pages and Preston, 2018; Yang et al., 2018). However, no observable symptoms on the aerial part of the plants could be recorded. The experiment was carried out with three biological replicates (Supplementary Figure S4; Supplementary Table S10).




2.10.5 Determination of chlorophyll content

The determination of chlorophyll content was carried out by following the equations described with little modifications (Arnon, 1949; Sibley et al., 1996). About 0.1 g of leaf was ground in a pre-chilled pestle and mortar with 4 mL of 90% acetone until fully homogenized. The homogenized samples were centrifuged at 10,000 RPM for 10 min. The optical density of the supernatant was measured at 664 and 647 nm, respectively, using a spectrophotometer (The Eppendorf BioPhotometer D30). The content of chlorophyll a and chlorophyll b was calculated by the following formula:

	

The experiments were carried out with three biological replicates (Supplementary Tables S4, S6).




2.10.6 Estimation of proline content

Following the methods described by Bates et al. (1973), the proline content was measured. A standard curve was generated with the serial concentration of proline made in 3% sulphosalicylic acid as follows: 50 µM, 100 µM, 150 µM, 200 µM, 300 µM, and 1 mL for each dilution. Furthermore, 500 µL of acetic acid and 500 µL of ninhydrin reagents were added to each 500 µL standard solution in 15 mL falcons, boiled in a water bath for 45 min, and then cooled in ice for 30 min. To each sample, an equal volume of toluene was added; the sample was vibrated for 1 min followed by centrifuging at 1,000 RPM for 5 min. The optical density was measured at 520 nm by using a spectrophotometer. Each 0.5 gm of the sample was ground in 2 mL 3% sulphosalicylic acid, and the fully homogenized samples were centrifuged at 500 RPM for around 5 min and then the supernatant was collected. To each of the 500-µL supernatant collected in a falcon tube, 500 µL ninhydrin was added in the dark. The falcons containing the solution were boiled in the water bath for 45 min and cooled in ice for 30 min. The solutions change their color from light pink to violet depending on the presence of proline content. After cooling down the samples on ice, an equal volume of toluene was added to each sample, followed by vibrating for 1 min and then centrifugation at 1,000 RPM for 5 min. The upper phase of the samples was taken to a spectrophotometer (The Eppendorf Bio Photometer D30) to measure their optical density at 520, nm and the proline content was measured using the standard curve of the above-mentioned concentrations. The experiments were carried out with three biological replicates (Supplementary Tables S5, S7).




2.10.7 Hydrogen peroxide detection assay

For the hydrogen peroxide detection assay, the DAB staining method was used (Liu et al., 2017; Bach-Pages and Preston, 2018) with little modifications. The DAB (HiMedia) solution was prepared at a concentration of 1 mg/mL using 0.1 HCl; pH was adjusted to 3.6. To dissolve the DAB solution, it was kept at 37°C in vigorous shaking for 2 h. Mock, WT (empty vector-treated), and CRISPR-edited (treated) infected leaves were incubated overnight by dipping in 10 mL DAB solution at 37°C. The excess DAB solution was removed with distilled water. After that, a fixation solution was used to remove the chlorophyll content of the leaves, and these were photographed. The presence of H2O2 production/mm2 in WT (empty vector-treated) and the necrotic leaves of CRISPR-edited leaves were quantified using Image J software (Schneider et al., 2012). The level of significance (*P\0.05, **P\0.01, ***P\0.001) was calculated by pairwise Student’s t-test by using the PRISM GraphPad 9.0 software. Similar steps have been followed in terms of DAB staining of S. lycopersicum L. seedling roots to measure the intensity of ROS accumulation. The experiment was repeated thrice (Supplementary Tables S8, S10).




2.10.8 Trypan blue assay to count cell death per total area of leaves

Trypan blue stain was used to detect the dead cells as described by Wang et al. (2011) and Bartsch et al. (2006) with slight modifications. To prepare trypan blue (HiMedia) stock solution, 10 mg of trypan blue was dissolved in 10 mL of distilled water along with 10 mL phenol and 10 mL of 85% lactic acid. Then, 95% ethanol at a ratio of 1:1 was used to dilute the stock solution to yield a workable solution. In the working solution, the leaves were dipped and incubated for 1 h; after that, they were boiled for 1 min, cooled, and stored at RT overnight (Bartsch et al., 2006; Liu et al., 2016). The chlorophyll content was removed by dipping the leaves in 95% ethanol and boiling them for 8 min (Rao et al., 2020). Then, the leaves were photographed and examined under a 4×/0.25 numerical aperture objective under bright-field microscopy (Leica microsystem, Germany) (Bartsch et al., 2006). The cell death per square millimeter was marked and quantified using Image J software (Schneider et al., 2012). The level of significance (*P\0.05, **P\0.01, ***P\0.001) was calculated by pairwise Student’s t-test using the PRISM GraphPad 9.0 software. The experiment was repeated thrice (Supplementary Table S9).






3 Results



3.1 In silico study of the structure and functional domains of HyPRP1 and DEA1

By doing extensive literature mining Hybrid proline-rich protein 1 (HyPRP1) and Differentially expressed in response to Arachidonic acid-induced protein 1 SlDEA1, members of 8 cysteine motif family genes have been chosen for the current study. The key reason for choosing these genes is that they are prominent in multi-stress responses in several plant species. In Solanaceous plants, they have been identified to be negative regulators of multiple biotic and abiotic stresses (Yeom et al., 2012; Li et al., 2016; Yang et al., 2018). The genomic information has been retrieved from Solgenomics and NCBI: the SlHyPRP1 gene (gene name: Solyc12009650.1, NCBI accession no.: AF308937) and the SlDEA1 gene (gene name: Solyc08g078900.1, NCBI accession no.: AF308937) (Saikia et al., 2020b). The structural arrangement that has been deduced for the genes is diagrammatically the N-terminal region of the SlHyPRP1 CDS region that has a proline-rich domain, and the C-terminal region has 8CM (Figure 1Ai, ii). A 24- to 30-bp-long signal peptide was found in the upstream of the SlHyPRP1 N-terminal end (Figure 1Aii), whereas SlDEA1 (416 bp) was found to be flanked 43 bp upstream and downstream by 269 bp along with the CDS containing C-terminal 8CM (Figure 1Aiii). The comparative multiple sequence alignments were done for both SlHyPRP1 and SlDEA1 using the DNAMAN software tool where 8CM was found to be conserved in many Solanaceous species. This is the distinguishing feature of SlHyPRP1 and SlDEA1 proteins. The amino acid sequence alignment showed that the N-terminal proline-rich domain, as well as C-terminal 8CM, is uniformly present across a range of solanaceous species. These characteristic domains signify that SlHyPRP1 and SlDEA1 belong to the 8CM family proteins (Weyman et al., 2006a; Weyman et al., 2006b; Kapoor et al., 2019). There was a 96% similarity found between wild tomato Solanum pennellii and Solanum lycopersicum L. via phylogenetic analysis, whereas in the case of SlDEA1, 100% similarity was found with proline-rich protein from S. pennellii along with proline-rich protein from S. tuberosum with 98% similarity. Moreover, 91% similarity was shown by EARL1 from Capsicum annum and Capsicum chinensis with SlDEA1. An analysis of the phylogenetic and multiple sequence alignment of both SlHyPRP1 and SlDEA1 show that 8CM was conserved between Solanaceous plants (Weyman et al., 2006a; Weyman et al., 2006b; Li et al., 2016). Significantly, SlDEA1 and Arabidopsis lipid transfer protein EARL1 share 50–65% similarity, which is known to be associated with multiple abiotic stress tolerance in plants (Weyman et al., 2006a; Weyman et al., 2006b; Saikia et al., 2020a).




3.2 CRISPR constructs of SlHyPRP1 and SlDEA1 in a dual-gene editing system to obtain precise transient and stable editing

The sgRNA for SlHyPRP1 was designed at the N-terminal proline-rich domain and for SlDEA1 sgRNA was designed at the N-terminal end as well (Figure 1B). The CRISPR constructs were prepared using the Gibson assembly cloning method (Figure 1C). The tomato plants were transformed both transiently and stably to obtain CRISPR/Cas9-mediated editing events. For transient transformation, the abaxial side of the leaves of the tomato plants was infiltrated with the help of a syringe, whereas for stable transformation an Agrobacterium-mediated plant transformation was performed by taking the tomato explants (hypocotyl and cotyledon) (Supplementary Figure S5). The transiently transformed lines Sanger sequencing analysis for CRISPR editing events showed a single base insertion mutation of SlDEA1 in the drought-stressed transient lines (Figure 2C). The editing was found to be within the sgRNA target region. Along with that, clear editing in the upstream and downstream of the PAM site was observed in several transient leaves (Supplementary Figure S8), whereas in the case of salt-stressed lines the editing was observed in the N terminal region close to the sgRNA (Figure 3C). The other plants showing editing events were also found to be at or near the sgRNA target site (Supplementary Figure S8). A number of leaves showed editing which showed positive response towards abiotic stress. This was a significant finding of CRISPR editing events which has been observed from the transient assay in S. lycopersicum L.

Similarly, in the transient plants observed under biotic stress, a mixed pattern of editing was observed in the form of single and large deletions as well as insertions and substitution mutations in several leaves (Supplementary Figure S8). Interestingly, under bacterial spot stress, editing could be obtained in both genes SlHyPRP1 and SlDEA1. Prominent editing events were found nearby and upstream of the PAM site in the case of SlHyPRP1, whereas in the case of SlDEA1, it was found to be editing at the down-stream of the PAM site (Figure 4C). From the plants under bacterial wilt stress, SlHyPRP1 showed prominent editing at the sgRNA as well as the near upstream of the PAM site (Figure 5C).




3.3 Off-target analysis

To identify the potential off-targets, the sgRNAs of each gene were subjected to CRISPR-P 2.0 (http://crispr.hzau.edu.cn/CRISPR2/). The off-target genes displayed in Solanum lycopersicum (SL 2.50) were selected. For experiments and validation primers of the off-target genes were designed in Primer3 and Benchling online tools (Table 1; Supplementary Table S3). The PCR products were used for Sanger sequencing. The data for Sanger sequencing alignment is presented in Figure 6.


Table 1 | An update on the CRISPR/Cas9 editing events of SlHyPRP1 and SlDEA1 and multi-stress tolerance responses in transient S. lycopersicum L. system.






Figure 6 | Potential off-target sites generated in transient and stable (GEd0) CRELs by Sanger sequencing. Sequences of CRISPR-edited plant lines (L-6, L-7, L-11, and L-26) were taken for potential off-target analysis and aligned with reference WT by Multalin online alignment tool for (A) SlHyPRP1 and (B) SlDEA1 in transiently transformed lines. Sequences of CRISPR plant lines (L-1, L-4, L-5, L-6, L-7, L-11, L-12, and L-20) were taken for potential off-target analysis and aligned with reference WT by Multalin online alignment tool for (C) SlHyPRP1 and (D) SlDEA1 in stably transformed lines.






3.4 Drought stress tolerance response of CRISPR-edited SlDEA1 in S. lycopersicum L.

In disease-susceptible S. lycopersicum L. cv. Arka Vikas, CRISPR-positive transformants of SlHyPRP1 and SlDEA1 were pre-confirmed by histochemical GUS staining (Figure 2A). The putative CRISPR-positive transformants were molecularly confirmed by PCR with Cas9-specific primers (Figure 2B).

With morphological and phenotypic observations, the CRISPR-edited leaves (CRELs) were shown to be better responsive to drought stress than WT (empty vector-treated) plants (Figure 2D). A physiological and biochemical analysis of CRELs was performed to evaluate the drought stress responses in comparison to WT plants imposed with drought stress. The chlorophyll a and chlorophyll b levels of CRELs were found to be significantly higher than the WT plants (Figure 2Ei-iii). CRISPR-edited (treated) showed a Chl. a level of 10-13 mg/g fresh wt. compared to WT (treated) which showed 3–5 mg/g fresh wt. The mock plants showed a Chl. a level of 15 to 16 mg/g fresh wt. Similarly, CRELs showed a Chl. b level of 11–13 mg/g fresh wt. compared to WT (treated) which showed 3 to 4 mg/g fresh wt. The mock plants showed a Chl. b level of 15 to 16 mg/g fresh wt. Similarly, the total Chl. content in mock plants used showed 15 to 16 mg/g fresh weight, whereas the CRISPR-edited (treated) was found to be 11 to 12 mg/g fresh weight as compared to WT (treated) which was 4 to 5 mg/g fresh wt. The untreated mock plants showed total a Ch. content of 11 to 12 mg/g fresh wt.

The biochemical assay was performed by measuring the proline content of CRELs in comparison to WT (empty vector-treated) induced by drought stress. A highly significant elevation of proline content was observed in CRELs than in WT (empty vector-treated) plants (Figure 2Eiv). The CRISPR-edited (treated) plants showed a proline content of approximately 20 µM/g fresh weight compared to WT (empty vector-treated) plants which showed 9 to 10 µM/g fresh weight. The mock plants showed a proline content of 5 to 6 µM/g fresh weight.




3.5 Salt stress tolerance response of CRISPR-edited SlHyPRP1 in S. lycopersicum L.

With morphological and phenotypic observations, the CRISPR-edited leaves (CRELs) were shown to be better responsive to salt stress than WT (empty vector-treated) stress-treated plants (Figure 3D). The CRISPR-edited leaves (CRELs) were fresher and greener in color as compared to WT plants, and a physiological and biochemical analysis of CRELs was performed to evaluate the salt stress responses in comparison to WT plants imposed with salt stress. During salt stress, the leaves of the plants used to become pale yellow and crunchy in texture, making it difficult for stomatal opening and closing, which was also observed in our study (Gharsallah et al., 2016) (Figure 3D). Less leaf damage was observed in CRELs as compared to the WT, whereas the mock plant leaves were growing normally. The CRELs showed a Chl. a level of 10 to 11 mg/g fresh wt. compared to WT which showed 7 to 8 mg/g fresh wt. The mock plants showed a Chl. a level of 13 to 14 mg/g fresh wt. (Figure 3Ei–iii). The CRELs likewise showed a Chl. b level of 10 to 11 mg/g fresh weight compared to WT which showed 4–6 mg/g fresh weight. The mock plants showed a Chl. b level of 13 to 14 mg/g fresh wt. Similarly, the total Chl. content in CRELs was found to be 13 to 14 mg/g fresh wt. as compared to WT which was 12–14 mg/g fresh wt. The untreated mock plants showed a total chlorophyll content of 13 to 14 mg/g fresh wt. like in drought stress (Figure 3Ei–iii). The biochemical assay was also performed in salt stress by measuring the proline content, wherein a significantly higher proline content in CRELs was observed in comparison to WT-treated plants induced by salt stress (Figure 3Eiv). The CRELs showed a proline content of 27 to 28 µM/g fresh wt. compared to WT which showed 18–20 µM/g fresh wt. The mock plants showed a steady level of proline content which ranged at 7 to 8µM/g fresh wt. (Figure 3Eiv).




3.6 Bacterial spot stress (Xanthomonas campestris pv. vesicatoria) and bacterial wilt stress (Ralstonia solanacearum) tolerance response of CRISPR-edited SlHyPRP1 and SlDEA1 in S. lycopersicum L. cv. Arka Vikas

In this study, the dual gene CRISPR/Cas9 genome editing of SlHyPRP1 and SlDEA1 showed a significant editing event for both SlHyPRP1 and SlDEA1 after performing an alignment of Sanger-sequenced leaf samples in bacterial spot-stressed S. lycopersicum L. plants (Figure 4C).

With morphological and phenotypic observations, the CRISPR-edited leaves (CRELs) were shown to be better responsive to X. campestris stress (Figure 4D). The symptoms started developing from 4 to 5 dpi when light brown lesions started to appear on the older leaves, which eventually turned into dark brown spots (Figure 4D). The leaves were collected between 15 and 20 dpi and examined for disease progression study by doing ROS assays and cell death count through DAB and trypan blue (TB) staining, respectively (Figure 4Ei–v). It is evident from the ROS assays that the WT-X.cv-treated leaves showed a higher accumulation of ROS represented by dark brown DAB-stained areas as compared to the CREL leaves (Figure 4Eii, iii). Similarly, the occurrence of cell death was also observed to be higher in WT-X. campestris-treated leaves as compared to the CREL leaves (Figure 4Eiv, v). The level of ROS accumulation and the cell death occurrence per area of infected leaves were significantly higher in WT-treated leaves than the CRELs (Figure 4ii, iii). Similarly, in the case of bacterial wilt stress assay, the CRISPR-edited lines infected with R. solanacearum showed editing in the SlHyPRP1 gene within the sgRNA target region as well as upstream of the PAM region (Figure 5C). No visible phenotypic changes were observed while comparing the wild-type-treated and CRISPR-edited lines (Figure 5D). However, the DAB staining of the roots revealed that it still had an impact on the colonization of R. solanacearum, and a significantly higher accumulation of ROS was observed in WT-treated roots than the CRELs (Figure 5Ei, ii).




3.7 Replication of CRISPR/Cas9 genome editing through stable plant transformation and confirmation of editing events in CRISPR-edited lines (GEd0 and GEd1) in S. lycopersicum L.

After observing the potential and effective role of SlHyPRP1 and SlDEA1 as negative multiple stress regulatory genes in the transient S. lycopersicum L. system, it was essential to establish and replicate the CRISPR/Cas9 genome editing through stable plant transformation. The CRISPR/Cas9 constructs of SlHyPRP1 and SlDEA1 were co-transformed into Agrobacterium tumefaciens and generated stable lines in cultivar Arka Vikas.

To determine the CRISPR/Cas9-induced mutagenesis in S. lycopersicum L. (GEd0) lines, genomic DNA was isolated, and positive transformants were confirmed by PCR using Cas9 primers (Figure 7A; Table 2). Direct-sequenced PCR products were evaluated for editing events using Multalin, a freely available online sequence alignment tool (Corpet, 1988). This is one of the most reliable online alignment tools which is based on the conventional dynamic programming method of pairwise alignment (Corpet, 1988). The functioning is quite simple and straightforward and shows raw alignments with no errors. For error-free data analysis, the sequencing files were manually checked for each line. The tissue culture regeneration and genetic transformation of S. lycopersicum L. cultivars have been improvised in the model and cultivated S. lycopersicum L. cultivars of late (Abu-El-Heba et al., 2008; Cruz-Mendívil et al., 2011). However, in multiple-stress-susceptible Arka Vikas cultivars, the tissue culture and genetic transformation have shown 53.2% efficiency (Manamohan et al., 2011). Furthermore, with little modifications, in this study it was found that out of 120 explants that were regenerated, 32 plants were hardened under greenhouse conditions. Among them, 28 plants were found to be positive transformants with the presence of Cas9 (Supplementary Figure S9). The efficiency of transformation and editing of GEd0 plants of S. lycopersicum L. cv. Arka Vikas is given in Table 2. Importantly, both single- and dual-gene editing were observed in stably transformed lines similar to the observation of the transient study. Out of 28 Cas9-positive transformants, two lines (line no. 2 and line no. 6) showed dual-gene editing, whereas single-gene editing was obtained in three lines for SlHyPRP1 and in five lines for SlDEA1. The rest of the 18 lines did not show any editing. A part of the editing pattern was shown, where in line no. 6 both SlHyPRP1 and SlDEA1 showed deletion and substitution mutations within and upstream and downstream of the sgRNA target region (Figure 7Bi–iv). A part of single-gene editing pattern is also shown in Figures 6Ci-iii, Di-ii and Supplementary Figure S10.




Figure 7 | Confirmation of Agrobacterium-mediated transformation of CRISPR/Cas9 constructs in S. lycopersicum L. cv. Arka Vikas. (A) Confirmation of transformation with Cas9 primers (i). PCR with gene-specific primers of SlHyPRP1 and SlDEA1 (ii, iii). (B) Sanger sequencing confirmation of dual gene SlHyPRP1 and SlDEA1 Line-6 (i-iv). (C) Single gene editing of SlHyPRP1-Line-26 (i, ii). (D) Single gene editing of SlDEA1-Line-16 (i, ii).




Table 2 | The efficiency of transformation and frequency of editing events in SlHyPRP1 and SlDEA1.






3.8 Potential off-target analysis for SlHyPRP1 and SlDEA1 S. lycopersicum L. cv. Arka Vikas

To evaluate whether the potential off-target effects are caused by CRISPR/Cas9 other than the targeted sgRNA of SlHyPRP1 and SlDEA1 of the entire S. lycopersicum L. genome, the potential off-target sites were identified using CRISPR P software tool (Liu et al., 2017). In the present study, off-target sites have been selected with less than 3- to 4-bp mismatches, and specific primers were designed using primer3 and Benchling cloud-based platform. CRISPR lines (L-6, L-11, L-26, L-7) were randomly chosen for the off-target analysis in GEd0. The amplified PCR product of the CREL plants covering the off-target sites with corresponding primer pairs was analyzed by Sanger sequencing (Figures 6A–D; Supplementary Table S3). The sequencing data showed no mutations at the sites of off-target, which suggests that the CRISPR/Cas9 editing of SlHyPRP1 and SlDEA1 was target-specific and the multiple-stress tolerance response is because of the target-specific editing of these two genes.





4 Discussion



4.1 CRISPR/Cas9 editing events of SlHyPRP1 and SlDEA1 genes in transient and stable genetic transformation are replicable

From the current study, one major upshot was the CRISPR/Cas9 editing efficiency of the sgRNA designed for SlHyPRP1 and SlDEA1 in transient as well as in stable S. lycopersicum L. lines. The single-guide RNAs for both genes have been designed using the popular and efficient guide RNA designing tools CC-Top, CRISPR-P, and Chop-Chop (Lei et al., 2014; Stemmer et al., 2015; Labun et al., 2019). The sgRNAs were designed at the functional domain, they were successfully able to guide the Cas9 effectively to make precise double-stranded breaks on the target genes, and there was no off-target activity, which is one of the crucial components of the genome editing approach.

Overall, the CRISPR/Cas9-based transient S. lycopersicum L. system has shown insertion, deletion, and substitution mutations upstream and downstream of the PAM site of both SlHyPRP1 and SlDEA1 in the plants taken for the given four stresses. In case of drought stress, the leaves of the edited lines showed insertion mutation for SlDEA1 within the sgRNA target region that caused the frameshift mutation (Figure 2C). Similarly, the leaves of the edited lines exposed to salt stress showed a deletion mutation upstream of the PAM sequence for SlHyPRP1 (Figure 3C). This pattern of editing is quite common in Cas9-mediated double-stranded DNA breaks. In a targeted mutagenesis in soybean protoplast, Cas9-mediated editing was achieved successfully on the three target genes, namely, Glyma12g37057, Glyma08g02290, and Glyma0614180, with no off-target activity and with a mutation efficiency of 3.2%–9.7% (Sun et al., 2015). The editing pattern in both Glyma12g37057 and Glyma0614180 was achieved upstream of PAM, but, interestingly, in the case of Glyma08g02290, editing was observed both upstream and downstream of the target site in the form of small (single base pairs) to large deletion and substitutions (single to multiple base pairs). Recently, in another study, a precise CRISPR/Cas9-mediated multiplex editing in the SlHyPRP1 gene has been achieved at the functional domains upstream of the PAM site (Tran et al., 2021). Similarly, in the case of biotic stresses (bacterial leaf spot and bacterial wilt disease), the transient edited lines showed INDEL as well as substitution mutations both upstream and downstream of the seed sequence of SlHyPRP1 and SlDEA1. However, in the case of bacterial wilt stress, no editing could be achieved in SlDEA1, but SlHyPRP1 showed INDEL mutations with the sgRNA target site as well as in the deletion upstream of the sgRNA target site. When tomato eIF4E1 was targeted by Cas9 to enhance resistance against potyvirus, it produced homozygous mutations in transgene-free GEd1 lines, whereas GEd0 lines produced deletion mutations ranging from 11 to 43 base pairs both upstream and downstream of the PAM sites (Yoon et al., 2020). Interestingly, the same pattern of editing events was achieved in the current study as well. A transformation efficiency of 87.5% was obtained in stable S. lycopersicum L. Among the Cas-positive transformants, 10.7% showed SlHyPRP1 editing, 17.8% showed SlDEA1 editing, and 7.1% showed dual-gene editing (Table 2; Supplementary Figure S10). This makes the evidence stronger in such a way that the selected guide sequences are efficient enough to produce effective editing on the target genes. In the cv. Micro-Tom, an Agrobacterium-mediated transformation has shown 72% of transformation efficiency for eIF4E1, with 3.5% of editing efficiency in the PDS gene and with both copies edited (Yoon et al., 2020).

Significantly, in the stable transformation of the present study, both single-gene and dual-gene editing were achieved. GEd0 line 26 showed a deletion of one base pair along with substitution at three locations upstream of the sgRNA target site of SlHyPRP1. For SlDEA1, GEd0 line 16 showed deletion and substitution mutation at four sites downstream of the PAM, whereas GEd0 line6 has shown dual-gene editing of both SlHyPRP1 and SlDEA1 upstream and downstream of the sgRNA target site. The editing was achieved in the form of small to large insertions (+2 bp)/deletions (-10 bp) and substitutions (Figure 7; Supplementary Figure S9). These mutations resulted in frameshift mutations which caused the gene to be non-functional. In a previous study in Micro-Tom, the Cas9-mediated editing observed in the PDS gene was INDEL mutation of three base pairs upstream of PAM, which led to an early stop codon causing the loss of PDS gene function (Yoon et al., 2020), whereas in the case of eIF4E1, INDEL mutation was observed at different locations and sometimes beyond the PAM site, creating a premature stop codon and truncated eIF4E1 protein. A 29-bp deletion has also been achieved (Yoon et al., 2020). In the targeted mutation in three genes of soybeans through CRISPR/Cas9, a range of 14.7%–20.2% mutation efficiency was achieved, along with a biallelic mutation in a T0 line which led to the desired phenotype (Sun et al., 2015). Very recently, an attempt has been made to produce DNA-free CRISPR/Cas9 mutation in wild tomato targeting several important genes, including genes involved in defense against diseases like yellow leaf curl virus and other pathogenesis-related genes (Lin et al., 2022). Using vectors carrying the Cas9 and sgRNA via Agrobacterium-mediated transformation, they targeted three important genes: SpSGS3, SpRDR6, and SpPR1. They got 8.3%, 13.2%, and 13.9% mutation efficiency in the three genes, respectively. In our study, a similar pattern of gene editing events for SlHyPRP1 and SlDEA1 was observed in GEd1 lines of S. lycopersicum L. (Supplementary Figure S9).




4.2 CRISPR/Cas9 editing of SlHyPRP1 and SlDEA1 leads to multi-stress tolerance in S. lycopersicum L. cv Arka Vikas

Even though in the stable lines the editing events were successfully achieved, a systematic stress analysis in the transient lines showed prominent/sufficient data to prove the hypothesis.



4.2.1 A potential role of SlDEA1 in the negative regulation of drought stress tolerance

During drought stress, plants try to cope with water scarcity by halting growth and reducing photosynthesis and other plant processes to reduce water use, resulting in the discoloration of leaves and foliage wilting, eventually leading to plant death. The basic research has produced notable findings in the understanding of the plants’ complex physiological and molecular responses to drought, but a large research gap between yield-favorable and stress conditions is still not explored (Khan, 2015) (Figure 8A). That gap can be filled by molecular biology approaches by targeting genes best known to be positive or probable negative regulators of stress. A notable finding in the present study is that the CRISPR/Cas9 editing of negative stress regulatory gene SlDEA1 has caused the frameshift mutation distorting the function of the gene. This probably has contributed to protecting against damage to the chloroplast by ROS and thus maintaining the chlorophyll content during drought stress (Mafakheri et al., 2010) (Figure 8B).




Figure 8 | Mechanism and genetic regulation of multi-stress responses in plants. (A) Under MAPKs module, when plants experience stresses such as salt, drought, cold, or pathogen attack, the production of ROS scavengers functions as the signal to the first line of defense. Osmotic or oxidative stress occurs due to salt, drought, cold, or pathogen which triggers sensors or receptor proteins to activate various protein kinases such as MAPKs and signaling cascade to restore cellular osmotic homeostasis. (B) Proposed model of SlHyPRP1- and SlDEA1-mediated negative regulatory mechanism of multi-stress tolerance in S. lycopersicum L.



In general, drought stress inhibits the regular photosynthesis process in plants by affecting the level of chlorophyll contents and chlorophyll components and by damaging the photosynthetic apparatus (Iturbe-Ormaetxe et al., 1998; Mafakheri et al., 2010). However, the principal factor for limiting photosynthesis is lower stomatal conductance to conserve water and stomatal diffusive resistance to CO2 entry (Mafakheri et al., 2010). In crops like sunflower under drought stress, there was a large decline in chlorophyll a, chlorophyll b, and total chlorophyll contents (Manivannan et al., 2007). Various studies have shown that water stress has led to a decrease in chlorophyll pigments in tomato, followed by changes in leaf water potential, stomatal resistance, and protein content in leaves (Nayyar et al., 2005; Zgallaï et al., 2006). Changes in the level of osmoprotectants like proline has also enlightened the potential negative regulatory role of SlDEA1 during drought stress (Figure 8B). The loss-of-function of SlDEA1 might have contributed to maintaining the levels of osmoprotectants, mainly proline, to restore or balance its level in S. lycopersicum L. Proline is known to protect structures of folded protein from denaturation, to stabilize cell membrane by interacting with phospholipids, and also to function as a hydroxyl radical scavenger or to serve as an energy or nitrogen source (Claussen, 2005). Proline is one of the most common compatible osmolytes for a wide range of stresses such as drought, salinity, extreme temperatures, and high light intensity. It has been observed that an increased level of proline under mild drought can allow plants to survive under stress (Claussen, 2005; Mafakheri et al., 2010). Proline does not also interfere with normal biochemical reactions; its accumulation can influence adaptive responses being a part of the stress signal (Maggio et al., 2002; Mafakheri et al., 2010). When chickpea varieties were subjected to drought stress, it was observed that the proline content increased in all growth stages, but especially in the vegetative stage, it was about 10-fold higher, which led to osmotic compatibility that resulted in the avoidance of drought stress in chickpea (Mafakheri et al., 2010). When the effects of drought stress were also studied in a tomato cv. Bombino, due to a decrease in drought stress conditions, the proline content in cell sap increased (Khan, 2015). In recent studies, SlHyPRP1 has been shown to function as a negative regulator of salt and drought stress—for instance, multiplexed CRISPR/Cas9 genome editing of negative multi-stress regulatory gene SlHyPRP1 in S. lycopersicum L. showed a higher survival rate than WT-treated plants under salt stress (Tran et al., 2021; Tran et al., 2023). However, in our current study, the significantly elevated levels of chlorophylls and proline content in the CRELs of SlDEA1 than WT plants revealed the role of SlDEA1 as a negative regulator along with SlHyPRP1, a known negative regulator in imparting genetic tolerance to drought stress in S. lycopersicum L. (Figure 8B; Table 1).




4.2.2 SlHyPRP1 in the negative regulation of salt stress tolerance

In our recent study, we reported that SlHyPRP1 and SlDEA1 strongly interact with each other at the plasma membrane and cytoplasm, revealing their site of function for stress tolerance (Saikia et al., 2020a; Saikia et al., 2020b). As a follow-up, our current study also showed significant results, wherein both chlorophyll and proline content were found to be higher in SlHyPRP1-edited lines than WT under salt stress. In general, the presence of excessive salt in soil inhibits water uptake by plants, which causes ionic imbalance leading to ionic toxicity and osmotic stress. Hence, to cope with this, plants accumulate similar solutes like proline, which is known to decrease osmotic potential, promote water absorption, and help in ROS scavenging (Figure 8A), though different signaling pathways lead to the expression of genes that, in turn, allow the activation of the proteins that determine plant phenotype under salt stress (Gharsallah et al., 2016). However, proline accumulation is one of the many plant adaptations to salinity and water deficit (Kahlaoui et al., 2018). Similarly, the chlorophyll contents in plants are also affected by salt stress. HyPRP1 from wild tomato, when subjected to knockdown by RNAi approach, also causes the tomato plants to show enhanced tolerance to various abiotic stresses, including salinity stress (Li et al., 2016). In several plants including tomato, salt stress severely affects the chloroplast structures and decreases the chlorophyll content, resulting in a reduced photosynthetic rate (Yang et al., 2020). The direct effect of salt stress in plants is achieved by regulating the activity and expression levels of enzymes involved in chlorophyll biosynthesis and photosynthesis (Yang et al., 2020). Previous studies claim that the decrease in Chl. a and Chl. b content during salt stress in Phaseolus vulgaris L. and Vigna subterranean L. is considered a typical symptom of oxidative stress and causes the inhibition of chlorophyll synthesis as well as activates its degradation by the enzyme chlorophyllase (Taïbi et al., 2016). Proline was reported to be a reliable indicator of environmental stress imposed on hydroponically grown tomato plants (Claussen, 2002). When 20 different tomato cultivars, which were clustered depending on scale classes according to their response to salt, were studied to measure their ion concentration, proline content, antioxidant enzyme activities, and gene expression, it was found that the moderately salt-tolerant cultivars showed higher levels of ion and proline concentration (Gharsallah et al., 2016). In a previous study, two tomato cultivars grown in saline soil with a foliar spray of a low concentration of proline also showed increased tolerance to salt with an elevated level of proline contents (Kahlaoui et al., 2018).




4.2.3 SlHyPRP1 and SlDEA1 dual-gene editing imparts bacterial leaf spot and wilt tolerance

Bacterial leaf spot caused by Xanthomonas campestris pv. vesicatoria (X.cv) and bacterial wilt caused by Ralstonia solanacearum are two devastating diseases of tomato (Maneva et al., 2009; Park & Han, 2017). X.cv can penetrate their host through the leaf stomata, sometimes hydathodes, and through a wounded site in humid conditions, causing small lesions that subsequently turn into small brown spots to appear on leaves, stems, and fruits (Park & Han, 2017). The molecular mechanism underlying the interactions between this pathogen and its hosts reveals that X.cv uses a type III secretion system to secrete effectors into the host cell and where they interact with the cellular processes of the host to promote disease or to elicit a defense response (Tamir-Ariel et al., 2007), whereas R. solanacearum is a soil-born saprophytic bacteria that generally enters into the plant’s roots (Kumar et al., 2018). Its vigorous growth in the roots of S. lycopersicum L. leads to wilting and eventually causes the death of the host plant. Even though many research on understanding the inherent mechanism of bacterial wilt disease progression caused by R. solanacearum have been performed in model crops, they could only reveal the involvement of a few resistant genes like RRS1, RPS4, SGT1, etc., which may take part in conferring resistance against R. solanacearum. However, how R. solanacearum infection progresses and distributes in model plants like Arabidopsis is still unknown (Xu et al., 2022). Moreover, just like X.cv, R. solanacearum can also survive in soil and within the weeds dwelling in the same field where the tomato is grown (Kumar et al., 2018). It makes them difficult to eradicate from the crop field, thus leaving a potential long-term damage. Hence, apart from chemical fertilizer applications, it is necessary to develop S. lycopersicum L. varieties that can tolerate or are resistant to bacterial spot disease caused by X.cv and R. solanacearum.

Generally, in biotic stress regulation, ROS accumulation is one of the PAMP-triggered immunity (PTI), whereas programmed cell death is an effector-triggered immunity (ETI) (Bach-Pages and Preston, 2018). ROS and cell death per total area of infected leaf are one of the key defense responses in plants That means, in a compatible host–pathogen interaction, the pathogen is more easily able to suppress or evade the plant immunity by invading the tissues and causing disease or stress. The production of ROS and hypersensitive response in terms of the local cell as a defense response will be higher in susceptible plants (Bach-Pages and Preston, 2018) (Figure 8). This has correlated with the current study as upon X. campestris stress, the editing of SlHyPRP1 and SlDEA1 and editing of both genes in the S. lycopersicum L. leaves might have imparted an enhanced immunity of the plants which, in turn, caused less PTI and ETI production, thereby generating less damage to the CREL leaves as compared to WT leaves. However, when WT-treated plants and the CRELs were exposed to R. solanacearum stress, interestingly, there were not many visible symptoms or difference in disease progression observed on the aerial parts of the plants, yet a clear difference in disease progression was observed when the roots of the CRELs and WT-treated plants were examined through DAB staining, which showed that there is a significantly higher accumulation of ROS in WT-treated roots than that of the CREL roots.

The underlying reason could be that R. solanacearum is a pathogen that penetrates and colonizes the root cortex of the host plant and multiplies in the xylem tissue to reach the aerial parts and that colonization might have not been enough to cause a subsequent wilting symptom in the whole plant. It was also interesting that, in the case of R. solanacearum stress, the editing was obtained in SlHyPRP1 genes, and it was a single-gene CRISPR editing event. This is possibly the cause of those minimal phenotypic changes on the S. lycopersicum L. seedlings and may not have enough functional distortion to produce visible phenotypic changes on the areal part of the seedlings. However, it still had an impact on the colonization of R. solanacearum and a significantly higher accumulation of ROS in WT-treated roots than the CRELs. Hence, it can be inferred that CRISPR/Cas9 genome editing of SlHyPRP1 and SlDEA1 makes them non-functional or that editing both genes has a significant negative role in the biotic stress regulation of S. lycopersicum L. as the host plant. It makes them difficult to eradicate from the crop field, which leaves a potential long-term damage. Hence, apart from chemical fertilizer applications, it is necessary to develop S. lycopersicum L. varieties that can tolerate or be resistant to bacterial spot diseases caused by X.cv and R. solanacearum.






5 Conclusions

The current findings on CRISPR/Cas9-based editing of SlHyPRP1 and SlDEA1 genes in a transient S. lycopersicum L. system showed a significantly tolerant response to drought, salinity, bacterial leaf spot, and bacterial wilt, indicating their negative regulatory role in imparting multiple stress tolerance. This corroborated with our previous study which showed a strong interaction of SlHyPRP1 and SlDEA1 in the cytoplasm and towards the cell periphery, suggesting that they possibly function together in multi-stress regulation. The significance of the current study is that, functional SlHyPRP1 serves as a major negative regulator of multiple stress response with a strong functional association of SlDEA1 as an anchor gene in S. lycopersicum L. Notably, the single- and dual-gene CRISPR/Cas9 editing of SlHyPRP1 and SlDEA1 has been replicated in stable genetically transformed lines of S. lycopersicum L. The novel finding of the present study is that SlDEA1 emerged as a potential negative stress regulatory gene that has been poorly explored so far. Therefore, even though SlHyPRP1 has been studied in many major crop plants for its negative regulatory role in stress tolerance including S. lycopersicum L., a combined loss-of-function effect of both SlHyPRP1 and SlDEA1 has been thoroughly characterized for the first time in our study. The authors would like to stress that the functional evaluation of CRISPR/Cas9-edited stable lines (GEd0 and GEd1) generated from our current findings for multiple stress tolerance is beyond the scope of the current study.

The findings of the current study in a transient and stably transformed S. lycopersicum L. system would pave the way to evaluate the genetic heritability of CRISPR/Cas9 editing and the development of genetic tolerance to multiple abiotic and biotic stresses in S. lycopersicum L. This would have a significant impact to sustain crop productivity to tackle the global climate change scenario.
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Doubled haploid (DH) technology provides an effective way to generate homozygous genetic and breeding materials over a short period of time. We produced three types of homozygous TtMTL gene-edited mutants (mtl-a, mtl-b, and mtl-ab) by CRISPR/Cas9 in durum wheat. PCR restriction enzymes and sequencing confirmed that the editing efficiency was up to 53.5%. The seed-setting rates of the three types of mutants ranged from 20% to 60%. Abnormal grain phenotypes of kernel, embryo, and both embryo and endosperm abortions were observed in the progenies of the mutants. The average frequency of embryo-less grains was 25.3%. Chromosome counting, guard cell length, and flow cytometry confirmed that the haploid induction rate was in the range of 3%–21% in the cross- and self-pollinated progenies of the mtl mutants (mtl-a and mtl-ab). Furthermore, we co-transformed two vectors, pCRISPR/Cas9-MTL and pBD68-(ZmR + ZmC1), into durum wheat, to pyramide Ttmtl-edited mutations and embryo-specifically expressed anthocyanin markers, and developed a homozygous durum haploid inducer with purple embryo (DHIPE). Using DHIPE as the male parent to be crossed with the wild-type Kronos, the grains with white embryos were identified as haploid, while the grains with purple embryos were diploid. These findings will promote the breeding of new tetraploid wheat varieties.
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Introduction

The haploid breeding technique has outstanding advantages over conventional breeding methods, which may shorten the breeding cycles by accelerating the stabilization of a homozygous genotype. Since the identification of haploid plants in jimsonweed (Datura stramonium L.) in 1921 (Blakeslee et al., 1922), a series of spontaneously generated haploids has been discovered (Weyen, 2021; Eliby et al., 2022). The means of naturally generating haploid plants include parthenogenesis, patrogenesis, and apogamy. However, these methods are not efficient in producing haploid plants on a large scale (Karimi-Ashtiyani, 2021; Eliby et al., 2022). Many methods for artificially inducing haploids have been developed, such as anther culture, ovule culture, microspore culture, and chromosome elimination using a wide cross and haploid inducer (HI). These strategies significantly increase the frequency of haploid production (Castillo et al., 2021; Karimi-Ashtiyani, 2021; Sari and Solmaz, 2021). In particular, the doubled haploid (DH) technology based on in vivo HI is widely used to accelerate breeding programs in maize (Zea mays L.) (Ishii et al., 2016). HI was only identified in maize germplasms but not in any other plant species. Therefore, it is necessary to create HI using novel technologies for crops that require HI.

Genome-editing technology is becoming more prevalent in plants and animals. Specific nucleases are used to edit and modify targeted DNA sites in the genome. Clustered regularly interspaced short palindromic repeats (CRISPR) are a type of bacterial defense system that degrade alien DNA. It interacts with various CRISPR-associated proteins (Cas9) (Bao et al., 2019). In the CRISPR/Cas9 system, Cas9 and single guide RNA (sgRNA) form a chimeric proteome, and Cas9 recognizes the simple PAM sequence 5’-NGG-3’ of the genomic DNA directed by sgRNA and cuts the double-stranded DNA. Using CRISPR/Cas9 editing technology, mutations in plant target genes can be generated when broken DNA strands are repaired via non-homologous terminal junctions or homologous recombination (Puchta et al., 1996). Compared with other genome-editing technologies, CRISPR/Cas9 is preferred because of its simplicity in vector construction, high editing efficiency, and low off-target efficiency (Wu and Yin, 2019). To date, CRISPR-Cas9 has been applied in many plants like Arabidopsis thaliana, tobacco (Nicotiana tabacum L.), wheat (Triticum aestivum L.), maize, rice (Oryza sativa L.), barley (Hordeum vulgare L.), soybean (Glycine max L.), and tomato (Solanum lycopercicum L.) (Li et al., 2013; Shimatani et al., 2017; Zong et al., 2017; Gan and Ling, 2022).

Haploid induction in maize is triggered mainly by MATRILINEAL (MTL) or PLA/NLD, a pollen-specific phospholipase. The frameshift mutation MTL/PLA/NLD can produce a haploid induction rate (HIR) of 6.7% in maize (Kelliher et al., 2017; Liu et al., 2017). By referring to the sequences of maize MTL/PLA/NLD, many mutants for haploid induction have been developed in other plants using genome editing. The loss of function mutations in wheat MTL/PLA1 caused by genome editing can directly induce maternal haploids with an HIR of 5.88%–15.66% in different types of mutations, including TaPLA-A/TaPLA-D, mtl-AD, mtl-BD, and mtl-ABD in self- or cross-pollinated combinations (Liu et al., 2020a; Liu et al., 2020b; Tang et al., 2022). The HIRs induced by MTL/NLD edited mutants were reported to be 2%–6% in rice (Yao et al., 2018) and 2.8% in fox millet (Setaria italica L.) (Cheng et al., 2021).

In maize HI, genes encoding phospholipase D (ZmPLD) and a domain of unknown function 679 membrane protein (ZmDMP) were also associated with the induction of maternal haploids (Zhong et al., 2019; Li et al., 2021). Silent mutations of ZmPLD3 via genome editing mediated by CRISPR/Cas9 resulted in HIR from 1.19% to 4.13%, which exhibited a synergistic effect with Zmmtl/Zmpla1/Zmnld rather than functional redundancy (Li et al., 2021). Loss of AtDMP function in Arabidopsis could trigger maternal haploid induction (Zhong et al., 2020). The average HIR triggered by SlDMP mutations from genome editing in tomato was 1.90% in crosses produced by 36 different female genotypes (Zhong et al., 2022). In potatoes (S. tuberosum L.), the Stdmp-triggered HI system developed by CRISPR/Cas9 was used to obtain homozygous diploid lines (Zhang et al., 2022). In watermelon (Citrullus lanatus L.), haploids can be achieved with efficiencies ranging from 0.55% to 1.08% by employing ClDMP-edited mutants as male parents to cross with other female parents (Tian et al., 2023). In cotton (Gossipium hirsutum L.), the Ghdmp inducer lines created by CRISPR can induce F1 hybrid females to generate haploids at a rate of 1.06% (Long et al., 2023).

Although haploid seeds can be induced in many plants using the HI developed via the genome editing strategy, it is difficult to directly discriminate haploid and diploid grains in crossing progenies. Generally, plant ploidy is identified through chromosome number, guard cell length, gene copy number, and total DNA amount at the morphological, cytological, and genomic levels. However, these methods are not convenient and efficient for breeding programs. In a recent study, maize haploid grains induced by ZmMTL-edited mutants were visually identified using green fluorescent protein (eGFP) and red fluorescent protein (DsRED) driven by maize embryo-specific and barley endosperm-specific promoters, respectively (Dong et al., 2018). More conveniently, the haploid maize grains were directly distinguished by embryo color. Maize HI was labeled with embryo-specifically expressed ZmR2 and ZmC1 driven by the embryo-aleurone-specific bidirectional promoter (Chen et al., 2022). Using a similar strategy, wheat haploid grains without anthocyanin markers induced by embryos specifically labeled with TaMTL-edited mutants with ZmC1 and ZmR were also conveniently visualized accurately (Qi et al., 2023; Tang et al., 2023).

Durum wheat (T. turgidum subsp. durum, AABB, 2n = 4x = 28) is cultivated second only to common wheat. This crop has high gluten and protein contents but it is low in yield, and susceptible to Fusarium head blight (caused by F. gramminum) and root rot (caused by Bipolaris sorokiniana). Compared with common wheat, durum wheat has only genomes A and B. It is easier to cross with wild relatives to develop germplasms containing alien chromosomes in their genetic backgrounds (Mulugeta et al., 2023). To date, haploid plants in durum wheat have mainly been induced by microspore culture and intergeneric crossing between tetraploid wheat and maize (Cistué et al., 2009). However, efficient induction and rapid identification techniques for haploids in durum wheat have not yet been reported. The aim of this study was to create an HI line in durum wheat by editing the TtMTL gene using CRISPR/Cas9, and then pyramiding the TtMTL mutations and anthocyanin genes of ZmC1 and ZmR using the co-transformation strategy. The results obtained in the current study will promote haploid breeding of tetraploid wheat.





Materials and methods




Plant materials and growth condition

The tetraploid durum wheat variety, Kronos, was used for genetic transformation and genome editing. Seeds were planted in pots (20 cm in diameter and 30 cm in height) and maintained in a growth chamber at 25°C/18°C (day/night) with a photoperiod of 16 h/8 h (light/dark), 300 μmol m−2 s−1 light intensity, and a relative humidity of 45% to collect immature grains for use in genetic transformation. During the growth period of the mother plants, aphids (Aphidoidea) were prevented using sticky colored cards (Zhengzhou Oukeqi Instrument Co. Ltd., Zhengzhou, China), and powdery mildew (PM, caused by Blumeria graminis f. sp. tritici) were controlled by the application of Triadimefon (Jinan Luba Pesticides Co., Jinan, China).





Vector construction for editing TtMTL and expressing ZmC1 and ZmR

The expression vector, pWMB-110-SpCas9, was used for genome editing. sgRNAs of TtMTL were incorporated into the vector, following a previously described method (Liu et al., 2020b). Two targets for the two durum wheat genes TtMTL-4A (TRITD4Av1G005320) and TtMTL-4B (TRITD4Bv1G168750) were selected according to their coding sequences (CDS) in WheatOmics (http://202.194.139.32). Based on the requirements for sgRNA upstream of a PAM motif (5’-NGG-3’) and mutation detection by restriction enzymes, two 20-bp sgRNA sequences (5’-AGCTGCAGGAGCTGGACGGC-3’ and 5’-CGGTGACCGCATCGCTGAGG-3’) were designed to construct the new vector pCRISPR/Cas9-MTL. Another expression vector, pBD68-(ZmR + ZmC1), was used to generate transgenic durum wheat plants in which ZmR and ZmC1 were specifically expressed in embryo tissues (Tang et al., 2023). The two constructed vectors were further verified by sequencing and then transformed into the Agrobacterium tumefaciens strain GV3101.





Agrobacterium-mediated transformation of durum wheat

Immature durum wheat grains with immature embryos 2 mm–3 mm in diameter were collected at 14 d–16 d post-anthesis (DPA), sterilized with 75% ethanol for 1 min and 15% sodium hypochlorite for 5 min, and washed five times with sterile water under aseptic conditions. Immature embryos were isolated and infected with Agrobacterium cells harboring the constructed vectors to generate transgenic plants. The genetic transformation of durum wheat was performed according to a previously published protocol (Wang et al., 2017). Briefly, isolated immature embryos were collected in a 2.5 mL tube containing 2 mL of WLS liquid medium [1/10 Linsmaier and Skoog (LS) salts, 1/10 Murashige and Skoog (MS) vitamins, glucose 10 g L−1, 2-(N-morpholino) ethanesulfonic acid (MES) 0.5 g L−1, and acetosyringone (AS) 100 μM, pH 5.8], centrifuged at 4°C for 10 min at 7,500×g, and incubated in the same volume of Agrobacterium solution in WLS for 10 min at room temperature. Agrobacterium-infected embryos were placed onto the co-cultivation medium (WLS plus AgNO3 0.85 mg L−1, CuSO4·5H2O 1.25 mg L−1, and agarose 8 g L−1) at 23°C in darkness. Embryonic axes of the infected tissues were removed and the remaining scutella were cultured on rest medium (containing LS salts, MS vitamins, 2,4-D 0.5 mg L−1, picloram 2.2 mg L−1, AgNO3 0.85 mg L−1, ascorbic acid 100 mg L−1, carbenicillin 250 mg L−1, cefotaxime 100 mg L−1, MES 1.95 g L−1, and agarose 5 g L−1) at 25°C for 5 d in the dark. Next, the tissues were transferred onto selection medium [rest medium plus phosphinothricin (PPT), Sigma, no. 45520, with 5 mg L−1 and 10 mg L−1] for 2 weeks and 3 weeks at 25°C, respectively. Finally, embryonic calli were transferred to differentiation medium containing 5 mg L−1 PPT at 25°C with a daily interval of 100 μmol m–2 s–1 light for 14 h and dark for 10 h. Regenerated green shoots were transferred to a rooting medium containing 5 mg L-1 PPT. Transgenic plants (5 cm–8 cm in height) with well-developed roots were transplanted into pots and cultivated in a growth chamber under the same conditions as mentioned above.





Molecular detection of transgenic durum wheat plants

Genomic DNA was extracted from the leaf tissues of T0 transgenic plants using a Nuclear Plant Genomic DNA Kit (CW Bio Inc., Taizhou, China). Specific primers for bialaphos resistance (bar), editing targets, ZmC1, TtMTL-4A, and TtMTL-4B genes were designed to detect alien integrations or mutations by PCR, digestion, and sequencing (Table 1). Genes TtMTL-4A and TtMTL-4B in positive transgenic plants were first amplified by PCR in a T100TM Thermal Cycler (Bio-Rad, Hercules, CA, USA) using a program that included an initial denaturation at 95°C for 5 min, 35 cycles of 30 s at 95°C, 30 s at 60°C, and 60 s at 72°C, and a final extension at 72°C for 8 min. The mutation types of TtMTL-4A and TtMTL-4B were detected by PCR restriction enzyme (PCR-RE) assay in a 20 μL reaction system for 2 h at 37°C. The digested PCR products were separated on a 1.5% agarose gel and visualized using Genecolor DNA Staining II TM (Gene-Bio Ltd., Beijing, China) to verify the editing type according to the size and number of the digested bands.


Table 1 | PCR primers used in this study.







Cytological and histological detection of the TtMTL-edited mutations

The chromosomes in the root tips of durum wheat plants were examined using a previously published method (Han et al., 2004; Yuan et al., 2015). First, fresh roots 1 cm–2 cm in length were collected from germinated TtMTL-edited T1 seeds, treated with nitrous oxide for 2 h, fixed in 90% acetic acid (v/v) for 5 min, and washed three times with sterile water. Next, the root tips were digested in enzymatic hydrolysate for 1 h. Chromosomes in mitotic metaphase were observed under a light microscope (BX51; OLYMPUS, Tokyo, Japan). Leaf pieces of 2 cm in length were collected from the TtMTL-edited plants at the jointing stage and placed on glass slides with the abaxial side facing up. Mesophyll tissues were removed using a sharp knife. Guard cells were observed under a light microscope. Anthers were sampled and stained with 1% I2-KI solution for 10 min. Pollen fertility was observed under a light microscope. The ploidy levels of the selected plants, identified by chromosomes or guard cells, were confirmed by flow cytometry at Ploidy Expert Biotechnology Co., Ltd. (Beijing, China).






Results




Generation of the TtMTL-edited plants in durum wheat

The TtMTL gene in durum wheat contains four exons and three introns according to the cDNA and gDNA sequences on chromosomes 4A (chr4A_Durum_Wheat) and 4B (chr4B_Durum_Wheat). To edit TtMTL-4A and TtMTL-4B in durum wheat using the CRISPR/SpCas9 system, two sgRNA sequences targeting the first and second exons, respectively, were designed based on the conserved sequences of the target genes (Figures 1A, B). In total, 80 immature embryos collected from the Kronos genotype were transformed with Agrobacterium containing the CRISPR/SpCas9 vector to edit the two TtMTL genes. After differentiation and regeneration cultures on selection medium for approximately three months, 120 transgenic or edited plants were obtained and tested for the presence of the bar gene by PCR (Figure 1C).




Figure 1 | Target site design for editing TtMTL genes and detection of edited/transgenic durum wheat plants. (A) Coding frame and target sequences of TtMTL genes. Green and red letters indicate the PAM and sgRNA sequences, respectively. (B) CRISPR/SpCas9 vector structure for editing TtMTL. (C) Detection of bar genes in T0 edited/transgenic plants. 1: Positive control. 2: wild-type. 3–15: T0 edited/transgenic plants. M: DNA ladder DL 2000.



Based on the results of PCR-RE, the editing efficiencies of the TtMTL gene at targets 1 and 2 were 43.2% and 34.3%, respectively. The total editing efficiency was 53.5% in transgenic plants in which a mutation occurred at one or two sites (Figures 2A–D; Table 2). The editing efficiencies of TtMTL-4A and TtMTL-4B targeting the first exon were 33.3% and 20.8%, respectively, and those targeting the second exon were 31.6% and 15.8%, respectively (Table 2). Among the confirmed edited plants, 18 plants were edited in TtMTL-4A and TtMTL-4B simultaneously, with an editing efficiency of 15.0%.




Figure 2 | Edited-type detection of TtMTL genes in T0 edited/transgenic durum wheat plants by PCR, enzyme digestion and sequencing. (A) PCR products of TtMTL-4A in the edited/transgenic plants. 1–9: PCR products of TtMTL-4A, 10: PCR products of TtMTL-4A in wild-type (WT). (B) Detection of edited types within the TtMTL-4A gene in T0 transgenic plants using PstI enzyme digestion. 1: Undigested PCR products from the WT. 2: Digested PCR products in the wild-type. 3–10: Digested PCR products of TtMTL-4A in transgenic plants. (C) PCR products of TtMTL-4B in edited/transgenic plants. 1–9: PCR products of TtMTL-4B. 10: PCR products of TtMTL-4B in the WT. (D) Detection of edited types within the TtMTL-4B gene in T0 transgenic plants by PstI enzyme digestion. 1: Undigested PCR products in wild-type. 2: Digested PCR products in the WT. 3–10: Digested PCR products of TtMTL-4B in transgenic plants. (E) InDel mutation detection in the two TtMTL homoeologous genes in the T0 generation by DNA sequencing. Red letters indicate the PAM sequences. Nucleotide deletions are displayed as dashed lines. (F) Sequencing analysis of TtMTL-4A between the two target sites. Green and red letters indicate the PAM and sgRNA sequences, respectively. The dashed lines represent nucleotide deletions. The size of the deletion fragment is shown on the right-hand side.




Table 2 | Analysis of different editing types of TtMTL at the two target sites in the T0 transgenic plants.



The DNA sequencing results from the edited plants showed that the mutation types included nucleotide insertions and deletions (Figure 2E). The mutation types within TtMTL-4A were dominated by deletions of 2 bp or 4 bp and insertion mutations of 1 bp at the two targets. The mutation types within TtMTL-4B at the two targets mainly included 2-bp, 4-bp, and 5-bp deletions, and 1-bp insertions. There was a large fragment deletion between the two targets in one mutant, in which a 292 bp fragment deletion was detected in both the edited TtMTL-4A and TtMTL-4B, and another 54-bp deletion was only found in the edited TtMTL-4A (Figure 2F; Table 2). The two targets were simultaneously edited in either TtMTL-4A or TtMTL-4B with efficiencies of 9.2% and 4.2%, respectively.





Phenotypic identification of the TtMTL-edited plants in durum wheat

All T0 transgenic and edited plants, as well as their wild-type (WT) plants, were grown in a greenhouse. During the entire growth period, no obvious difference in botanic traits was found between transgenic/edited and WT plants, except for the seed setting rate (SSR). The SSR of the TtMTL-edited plants ranged from 20% to 60%, which was significantly lower than that of WT (Figures 3A, B). Plants in which TtMTL-4A and TtMTL-4B were edited simultaneously showed an average SSR of 20.5%. Plants in which TtMTL-4A or TtMTL-4B were edited only showed SSR of 32.3% and 58.2%, respectively. The WT had an SSR of 94.6% (Table 3). In particular, embryoless grains (ELG) were observed in the progenies of the three types of TtMTL-edited plants (mtl-a, mtl-b, and mtl-ab) with an average frequency of 25.3% (Figure 3C; Table 3). In addition, seeds with seed coats without embryos or endosperms were also found in the progenies of the edited plants (Figure 3D). Further investigation revealed that the pollen viability of the edited plants was similar to that of the WT plants after staining with I2-KI (Figures 3E, F).




Figure 3 | Spike and grain phenotypes and pollen viability of the TtMTL-edited plants. (A) Spikes. 1: The Wild-type (WT). 2–3: TtMTL-AB edited plants. (B) Spikes accompanying with threshed grains. 1: The WT. 2–3: TtMTL-AB edited plants. Scale bar = 1 cm. (C) No embryo grains. 1: The WT. 2–3: No embryo grains of the TtMTL-AB edited plants. (D) Empty grains. 1: The WT. 2-3: No embryo and endosperm grains of the TtMTL-AB edited plants. Scale bar = 3 mm (E) Pollen viability assay with KI staining for the WT. (F) Pollen viability assay with I2-KI staining for the TtMTL-edited plants. Scale bar = 100 μm.




Table 3 | Analysis of grain phenotypes in the self-and cross-pollinated combinations of the Ttmtl mutants.







Cytological and histological identification of haploids in the progenies of TtMTL-edited durum wheat mutants

In total, 120 seeds harvested from TtMTL-edited plants were examined for chromosome number. Consequently, 20 haploid grains are identified. According to the cytological identification results, the haploid grains had only 14 chromosomes, while the remaining diploid grains had 28 chromosomes (Figures 4A, B). At the jointing stage, the average guard cell length was 39.5 μm in haploid plants and 58.3 μm in diploid plants (Figures 4C, D). At the grain-filling stage, haploid plants displayed shorter plant height, fewer spikes per plant, narrower and shorter leaves, and smaller spikes than diploid plants (Figure 4E). In the flow cytometry analysis, diploid plants showed a 100 FL4 peak and haploid plants showed a 50 FL4 peak (Figures 4F, G). Combining cytological and histological identification, the HIR was 3%–21% among the three types of mutants (Table 3). No haploid grains were found in mtl-b-mutant material. The HIR of the mtl-a mutant was significantly lower than that of the mtl-ab mutant (Table 3).




Figure 4 | Cytological and histological identification of haploid plants in the TtMTL-edited progenies. (A) Chromosomes diploid. (B) Chromosomes of haploid. Scale bar = 10 μm. (C) Guard cells of diploid plants. (D) Guard cell length of haploid plants. Scale bar = 30 μm. (E) Flow cytometry analysis of diploid plant. (F) Flow cytometry analysis of haploid plant. (G) Adult plants of the TtMTL-edited plants, diploid plant in the left side and haploid plant in the right side. Scale bar = 5 cm.







Development of durum HI with purple embryo contributed by the tissue specific expression of ZmR and ZmC1

To develop a rapid method for the visual identification of haploid durum wheat seeds induced by HI mutants at the grain stage, we co-transformed Kronos with vectors pCRISPR/SpCas9-MTL and pBD68-(ZmR + ZmC1) for pyramiding Ttmtl-edited mutations and embryo-specifically expressed anthocyanin markers. In total, 80 immature durum wheat embryos were infected with Agrobacterium to produce 110 putative transgenic plants. All were positive for the bar gene by PCR. Among them, eight transgenic/edited plants were simultaneously edited at TtMTL-4A and TtMTL-4B (mtl-ab), which carry the two anthocyanin genes (Figures 5A–C). During the grain-filling stage, we found that the transgenic plants containing the pBD68-(ZmR + ZmC1) expression cassette (TRC) exhibited a dark purple color only in the embryos, whereas the WT exhibited a normal color (Figures 5D, E, 6A). After self-crossing the transgenic and edited plants three times, a homozygous durum haploid inducer material with purple embryos (DHIPE) was developed.




Figure 5 | Development and identification of the TtMTL-edited haploid inducer labeled with embryo-specifically expressed genes ZmR and ZmC1 in durum wheat. (A) Detection of the edited TtMTL-4A in edited/transgenic plants from the co-transformation of pCRISPR/Cas9-MTL and pBD68-(ZmR + ZmC1). 1: Undigested PCR products of TtMTL-4A in the wild-type (WT). 2: Digested PCR products of TtMTL-4B in the WT. 3-12: PstI digested PCR products of TtMTL-4A in the edited/transgenic plants. (B) Detection of edited TtMTL-4B in the edited/transgenic plants. 1: Undigested PCR products of TtMTL-4B in the WT. 2: Digested PCR products of TtMTL-4B in the WT. 3–12: PstI digested PCR products of TtMTL-4B in the edited/transgenic plants. (C) Detection of genes ZmR and ZmC1 in the edited/transgenic plants. 1: Positive control. 2: The WT. 3–12: T0 transgenic plants. M: DNA ladder DL 2000. (D) The WT grains with white embryos at the grain-filling stage. (E) The edited/transgenic grains with purple embryos at the grain-filling stage.






Figure 6 | Grains and embryos with white and purple colors from different durum wheat materials and their cytological confirmation for ploidy. (A) Grain phenotype in the wild type (WT) durum wheat variety Kronos, durum haploid inducer with purple embryo (DHIPE), and the hybrids from the cross of Kronos × DHIPE. Scale bar = 5 mm. (B) Grain phenotype in Kronos, DHIPE, and the hybrids from the cross of Kronos × DHIPE. Scale bar = 2 mm. (C) Chromosome counting in Kronos, DHIPE, and the hybrids from the cross of Kronos × DHIPE. Di, diploid grains from Kronos × DHIPE. Ha, haploid grains from Kronos × DHIPE. Scale bar = 5 μm.







Application of DHIPE in the induction and reorganization of haploid durum grains

To test the effectiveness of DHIPE in the induction and recognition of haploid durum grains based on embryo color, DHIPE was crossed with wild-type Kronos as male parent (Figures 6A, B). A total of 146 hybrid grains were obtained from the cross, of which 36 were embryo-less (25.3%). In the remaining 110 normal grains, 14 grains showed white embryos, and 96 grains showed purple embryos. Cytological observations indicated that all grains with purple embryos were diploid with 28 chromosomes, but those with white embryos were haploid with 14 chromosomes (Figure 6C), and the HIR in the hybrids was 12.7%. These results suggested that the accuracy of ploidy identification according to embryo color using DHIPE as a male parent was almost 100%.






Discussion

The technology of haploid chromosome doubling provides an effective way to accelerate the production of homozygous inbred lines in crop breeding and thus promotes the development of new varieties or germplasms. The production of plant haploids mainly relies on in vitro culture and parthenogenesis. However, there is a strong genotype preference for generating haploids by anther and microspore cultures (Forster et al., 2007). Even though the generation of haploids by parthenogenesis, including pollen radiation, ovarian treatment with chemicals, and distant hybridization, is less efficient, it is tissue culture-independent. Fortunately, haploid induction materials have been found in maize that can easily induce female parents to produce haploid grains as pollen donors. This induction method has been widely used in maize breeding.

With the identification and cloning of genes related to haploid induction in maize HI, breeding haploid induction materials using genome editing has become an important technique for plant improvement (Jacquier et al., 2020). This strategy has been extended to other crops because it is easy to implement (Meng et al., 2021). For example, when the homologous gene TaPLA/TaMTL in wheat of ZmMTL/ZmPLA1/ZmNLD in maize was knocked out using CRISPR/Cas9, haploid grains could be induced in self-pollinated progenies with a frequency of 5%–32% in different edited combinations (Liu et al., 2020a; Liu et al., 2020b). The HIR of Tamtl-abd and Tamtl-ad were 11.8%–31.6% and 10%, respectively. Because the centromere histone-encoded gene TaCENH3a was silenced by genome editing, haploid grains were obtained with an efficiency of 7% (Lv et al., 2020). We obtained three types of edited mutants by knocking out two TtMTL genes in durum wheat using CRISPR/Cas9. mtl-ab mutations produced a 20% HIR, which was much higher than that induced by single mutations in mtl-a (3%) or mtl-b (0). With regard to the homologous gene TtMTL-A in tetraploid wheat, TtMTL-B might be a potentially redundancy and functionally complementary mtl-a single mutation, resulting in a lower HIR than the double mutations of mtl-ab.

Two hypotheses have been proposed regarding the mechanism of haploid induction in maize. One is single fertilization, and the other is double fertilization or chromosome elimination (Tian et al., 2018; Kelliher et al., 2019). In the second hypothesis, it was thought that the two sperm cells fuse with the egg and the central cell, but the male chromosomes were selectively eliminated during early embryo development. We found that pollen viability between TtMTL-edited mutants and their WT was not different, which supports the second hypothesis.

In plants, reproductive abnormalities and segregation distortions of some traits are often caused by maternal haploid induction. In particular, embryo abortion, resulting in the formation of defective kernels, is present in the self-pollinated grains of HI and the cross-pollinated grains using HI as the male parent (Nair et al., 2017; Chaikam et al., 2018). In the self-pollinated generation of mtl-ABD mutants in hexaploid wheat, five types of grains, such as normal diploid grains, haploid grains with endosperms, haploid grains without endosperms, diploid grains without endosperms, and defective grains without endosperms and embryos, led to a much lower SSR of the mutant (Liu et al., 2020b; Tang et al., 2022). Embryo abortion and both embryo and endosperm abortion were found in the self- or cross-pollinated progenies of the mtl-ab mutants in durum wheat, and the SSR of the mutant was also very low. Our findings for tetraploid wheat are consistent with the results for hexaploid wheat (Tang et al., 2022).

A haploid inducer with a high HIR also triggers kernel abortion at a high frequency. However, there is no close correlation between endosperm abortion and HIR in HI (Chaikam et al., 2018). The developmental stages of embryo and endosperm abortion in HI have not yet been clearly clarified. We inferred that embryo abortion or endosperm abortion might occur during either fertilization or post-fertilization due to the failure of double fertilization, resulting in the suspension of zygote or endosperm development.

Recently, the identification of haploids has been simplified and visualized using eGPF proteins and DsRed signals specifically expressed in the embryo and endosperm (Dong et al., 2018). Subsequently, a visually fast technique was reported to recognize haploid grains in common wheat by labeling embryos of the mtl-ABD mutant with embryo-specifically expressed anthocyanin, in which the diploid grains had purple embryos and the haploid grains had white ones (Qi et al., 2023; Tang et al., 2023). We generated transgenic/edited plants of tetraploid wheat carrying two anthocyanin genes and an mtl-ab mutation by co-transformation. We further developed a new DHIPE material, in which the edited TtMTL genes and the two anthocyanin genes were pyramided. Using DHIPE as the male parent, the haploid and diploid grains in the hybrids can be visually distinguished easily by embryo color, which will definitely boost the haploid breeding of tetraploid wheat.

Generally, haploid plants induced by edited mutants cannot be naturally doubled, and chromosome doubling by artificial methods is usually required. Haploid seedlings developed from haploid immature embryos or seeds need to be treated with antimitotic activity chemicals, such as colchicine, herbicide, and nitrous oxide for chromosome doubling (Meng et al., 2021). However, the chromosome doubling method at the seedling stage is time-delayed, inconvenient, and inefficient. Additionally, the application of colchicine in chromosome doubling has some problems, including toxicity, environmental pollution, endangering human health, and high cost. In contrast, propyzamide might be an alternative to colchicine (Yin et al., 2018). In our future work, we plan to treat the haploid grains of durum wheat during the germination step with promising concentrations and treatment times of colchicine and propyzamide.





Conclusions

We established an efficient haploid induction system by editing the TtMTL gene using CRISPR-Cas9 in durum wheat. The haploid induction rate of the edited mutations mtl-a and mtl-ab ranged from 3% to 21% in the self- and cross-pollinated progenies, whereas the mtl-b mutation was not able to trigger haploid generation. The Ttmtl-edited mutations and embryo-specifically expressed anthocyanin genes were pyramided together in a novel mtl-ab mutant DHIPE with purple embryos. By applying DHIPE as a male parent, haploid grains can be easily recognized based on embryo colors in the hybrids.
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Potato tuber shape, size, and specific gravity are important agronomic traits in the russet market class of potatoes with an impact on quality, consistency, and product recovery of processed foods such as French fries. Therefore, identifying genetic regions associated with the three traits through quantitative trait locus/loci (QTL) analysis is a crucial process in the subsequent development of marker-assisted selection for use in potato breeding programs. QTL analysis was conducted on a tetraploid mapping population consisting of 190 individuals derived from the cross between two russet-skinned parents, Palisade Russet and the breeding clone ND028673B-2Russ. Field data collected over a 2-year period and used in the QTL analyses included tuber length–width and width–depth ratios that were obtained using a digital caliper. The width–depth ratio provided an assessment of the “flatness” of a tuber, which is of importance in potato processing. To cross-validate the accuracy and differences among tuber shape measurement methods, a trained evaluator also assessed the identical tubers based on 1–5 scale (compressed to long) visual assessment method. Furthermore, the weights of analyzed tubers and specific gravities were also collected during the phenotyping process for each mapping clone. A major tuber shape QTL was consistently observed on chromosome 10 with both the length–width ratio and visual assessments. On chromosome 4, a significant QTL for tuber shape from the visual assessment phenotypic data was also detected. Additionally, a tuber shape-related QTL on chromosome 6 was also detected from the length–width ratio data from 2020. Chromosome 2 was also identified as having a significant QTL for the width–depth ratio, which is of importance in influencing the flatness of a tuber. One significant QTL for tuber weight (i.e., tuber size) was observed on chromosome 5, and a significant QTL for specific gravity was found on chromosome 3. These significant and major QTL should be useful for developing marker-assisted selection for more efficient potato breeding.




Keywords: potato tuber shape visual assessment, tuber length-width ratio, tuber width-depth ratio, specific gravity, tuber size, tetraploid potato QTL analysis





Introduction

Breeding superior potato cultivars for processed products is important to US potato breeding programs with over 65% of the total US potato production (~19.2 million metric tons in 2019) used for producing processed products, including French fries, chips, and refrigerated and frozen items utilized by food services (USDA, 2020). Two tuber traits, tuber shape and specific gravity, are of importance in potato processing. For instance, round shape tubers are preferred for making potato chips, while long tuber shapes, typical of the russet market class, are preferred for French fry production; deviations from these preferred shapes can significantly increase the waste ratio during processing (Vreugdenhil et al., 2011; Chen et al., 2019). The specific gravity, which primarily represents tuber starch content, directly affects the amount of oil required for processing and the textural quality of the final product (Stark et al., 2020). Even with the high popularity of processed foods and the important roles of the two traits in processed potato production, quantitative trait locus/loci (QTL) analyses for tuber shape and specific gravity in tetraploid potatoes have been conducted relatively rarely compared to potato pathogen and pest resistances. Therefore, the purpose of this study was to identify QTL influencing tuber shape and specific gravity in a tetraploid mapping population that could subsequently be used in developing marker-assisted selection (MAS) for these important processing traits.

Park et al. (2021) performed QTL analysis with a biparental tetraploid mapping population derived from two russet potato cultivars (Rio Grande Russet and Premier Russet). The most impactful QTL on tuber length was consistently detected on chromosome 10 based on a 2-year phenotypic data, with additional minor QTL found on chromosomes 4 and 7 (Park et al., 2021). Through extensive reference research and comparative study, the significant QTL on chromosome 10 seemed to be the major tuber shape-controlling gene (or locus), Ro (Masson, 1985), and had been repeatedly localized at a similar position across multiple populations having different genetic backgrounds and ploidy levels (Sharma et al., 2013; Hirsch et al., 2014; Endelman and Jansky, 2016; Hara-Skrzypiec et al., 2018; Spud Database, 2020; Park et al., 2021). Potato tuber shape can have a continuous distribution between round and long (Masson, 1985; De Jong and Burns, 1993; Hara-Skrzypiec et al., 2018). Diverse tuber shape-associated genes or QTL have been reported on chromosomes 2, 3, 4, 5, 6, 8, 9, 10, and 11; populations have represented diverse genetic backgrounds and have comprised full-sib diploid, F2, gynogenic dihaploid, and tetraploid populations (Śliwka et al., 2008; Bradshaw et al., 2008; Prashar et al., 2014; Hara-Skrzypiec et al., 2018; Manrique-Carpintero et al., 2018; Meijer et al., 2018). Despite the valuable findings mentioned above, some areas still need to be supplemented or cross-validated. For instance, the previously referenced research projects for tuber shape did not reflect a three-dimensional tuber shape; instead they rely on simpler two-dimensional information such as length–width ratio or visual assessment using ordinal scales (e.g., 1—compressed, 2—round, … 5—long) (Śliwka et al., 2008; Bradshaw et al., 2008; Prashar et al., 2014; Endelman and Jansky, 2016; Hara-Skrzypiec et al., 2018; Manrique-Carpintero et al., 2018; Meijer et al., 2018). The depth of a tuber (or flatness) can also impact potato processing and associated product recovery, with this tuber dimension not being recorded and analyzed for associated QTL in previous studies.

Furthermore, even though the two techniques, continuous numerical measurement (e.g., length–width ratio) and ordinal subjective scale (e.g., visual assessment based on the SolCAP tuber shape 1–5 scale), have been used selectively according to the preferences of researchers, a comparison of the two methodologies and associated QTL concordance has not been investigated to the best of our knowledge. This study compared these two differing methodologies for assessing tuber shape. In addition, tuber weights and specific gravities were also measured, and QTL analyses were conducted.

Results of this study were compared with the research results of Park et al. (2021) to identify whether the dissimilar russet parents of this study’s mapping population and Park’s previous mapping population impacted QTL for tuber shape and specific gravity, i.e., were QTL for these traits population specific, or was their concordance for QTL identified in these two divergent tetraploid mapping populations representing the russet market class?





Materials and methods




Plant material

In 2008, the hybridization between Palisade Russet (female parent, late blight resistant) with breeding clone ND028673B-2Russ (male parent, late blight susceptible) was conducted, in Aberdeen, ID, USA, to develop a biparental mapping population (Novy et al., 2012; Susie Thompson, North Dakota State University, personal communication regarding late blight susceptibility of the male parent). This mapping population was labeled “A08241” and originally used for QTL analysis for late blight, early blight, and Verticillium wilt resistance in a previous study (Park et al., 2023). In the current study, all 190 individuals of A08241 and their two parents were also used for linkage and QTL mapping for tuber shape, size, and specific gravity. The female parent, cv., Palisade Russet, has a long tuber length and high specific gravity, satisfying processed food purposes (e.g., French fries) as well as representing a russet potato. Additionally, it had late blight, Verticillium wilt, early blight resistances, and a low incidence of sugar ends (Novy et al., 2012). Such detailed information on ND028673B-2Russ is not available where it was not released as a potato cultivar; it, nonetheless, represented the russet market class. Russet Burbank, the most widely grown russet variety in North America, was added as a standard control during field experiments with the A08241 mapping population. However, Russet Burbank’s phenotypic data were omitted from QTL and data analyses because it was not a part of the A08241 mapping population.





Measurements of tuber shape, specific gravity, and tuber weight (=tuber size)

The A08241 mapping population and their two parents were planted for this research project in May 2019 and 2020. The eight-hill plots of the mapping population were replicated twice in a field in a randomized complete block design in each of the 2 years. After growing for 145 and 147 days in 2019 and 2020, respectively (Park et al., 2023), 10 tubers of each plot were randomly selected during the harvesting seasons. In other words, 40 tubers from each clone were selected over the 2 years (=10 tubers from each plot × 2 replicated blocks in each year × 2 years). Exceptions were observed for four clones (A08241-83, -88, -104, and -177), where only 30 tubers could be obtained due to poor emergence or yields occurring in one replicate during their field experiments in one of the 2 years. The selected tubers were placed on a lab workbench; their length and width were measured using a digital caliper. The definition of the length was the longest straight line between stem end and bud end (Supplementary Figure 1). The width was defined as the widest line perpendicular to the length. The simple equation “length/width” was used to calculate the length–width ratio giving numerical and objective data. The depth was additionally assessed to achieve an idea of the thickness of each tuber. A tuber was horizontally rotated by 90°, and then, the broadest straight distance perpendicular to the width was recorded as the depth (Supplementary Figure 1). Another equation, “width/depth,” was used to obtain the width–depth ratio estimating whether a tuber is relatively flat or swollen. iGAGING® Ip54 digital caliper (Enjoy Accuracy® with iGAGING® Tools, San Clemente, CA, USA) was used for all the measurements above. The units used for the length, width, and depth were in inches with the tuber measurements then being used in the calculation of the aforementioned tuber ratios. Each clone was also assessed visually to probe any distinction between human judgment and numerical values in tuber shape interpretation. For the visual assessment, the same 10 tubers, whose three-dimensional values (length, width, and depth) were already measured using the digital caliper, were aligned on the lab workbench. Then, a trained evaluator assigned the best score reflecting the common appearance feature of the 10 tubers based on a scale developed originally by the NE1014 Multi-State Research Project (SolCAP, 2009). The evaluator assessed the totality of the 10 tubers in assigning the shape score with a rating of “1” (Compressed) to “5” (Long) (Supplementary Figure 2) (SolCAP, 2009). After completing the tuber shape evaluation processes, the specific gravity data for each plot was collected through “weight in air/(weight in air − weight in water).” Finally, the individual weights for each of the 10 tubers were measured initially in ounces (oz) and subsequently converted to grams (g). It should be noted that the tuber weight did not indicate the yield of each clone but represented the size information of each measured tuber in this study because only 10 tubers of each plot were randomly selected as a representative subsample of the plot.





Best linear unbiased predictor analyses for tuber shape, weight, and specific gravity

The collected raw phenotype data were then investigated with the following mixed-effect models resulting in estimates of variance components and prediction of the genetic values for the genotypes (Fernando and Grossman, 1989; Barr et al., 2013; Peixouto et al., 2016):

 

 

In the two equations (Equations 1 and 2), yijlk (or yijk) is the phenotype for genotype i in block j, replication l, and year k. μ is the population mean, Gi is the random effect of genotype i, Bj is the random effect of block j within an environment, Rl is the random effect of replication l within an environment, Yk is the fixed effect of year k, (GY)ik is the genotype i by year k interaction, and εijlk is the residual error. Each random effect is assumed to be independent from the rest of the random effects and have a normal distribution with mean zero. The newly obtained prediction for the random genotype effects (BLUPs) were then utilized in the ensuing QTL analyses (Park et al., 2021). The mixed model (Equation 1) was exclusively used for length–width and width–depth ratios and tuber weight because the experiment field was composed of two replicated blocks, and 10 tubers from each block were collected. In other words, length–width and width–depth ratios and tuber weight values were collected 10 times from each block. On the other hand, during the data collection processes of tuber shape visual assessment and specific gravity, only one appropriate value was assigned for the 10 selected tubers of each plot. As a result, the second mixed model (Equation 2) was applied to those two traits because the “Rl(k)” term in the mixed model (Equation 1) is unnecessary in this situation. A detailed information, labeling system, and distribution patterns of all the obtained BLUP datasets were explored and are discussed in the Result and Discussion sections below.





Statistical analysis for broad-sense heritability

Broad-sense heritability for each phenotype was calculated using the following equations (Schmidt et al., 2019):

 

 

In Equation 3,   and   correspond to the variances in genotypic impact and phenotypic measurements among the replicates, respectively. In Equation 4,  ,  , and   represent the variances of the random effect of genotype i: Gi, the genotype i by year k interaction: (GY)ik, and the residual error: εijk, respectively. The terms y and β used in Equation 4 indicate the numbers of years and blocks, respectively. This study’s statistical analyses and visualization of the resulting data (e.g., histograms) relied on JMP Pro® Statistics, Version 12 (SAS Institute Inc., Cary, NC, USA).





Correlation tests among the BLUP datasets

The 15 BLUP datasets (Supplementary Figure 3), calculated by the two equations (Equations 1 and 2), were then scrutinized by correlation tests to assess consistency across the 2 years within each trait as well as to inspect whether any interrelationship between different traits existed or not. Multivariate function equipped on JMP Pro® Statistics, Version 12 (SAS Institute Inc., Cary, NC, USA) was utilized for all the correlation coefficient test trials. A correlation coefficient was considered statistically significant if its associated correlation probability was below the conventional 5% (p-value< 0.05).





Genotyping, SNP calling, and dosage evaluation

After extracting DNA samples of the A08241 mapping population, they were genotyped by Illumina Infinium SolCAP SNP array version 3 (21,027 SNPs) and the Illumina iScan system. GenomeStudio software (Illumina, Inc., San Diego, CA, USA) was used to assess DNA quality and to translate the raw genotype data to SNP theta values as described by Park et al. (2019) and Staaf et al. (2008). The theta scores were then converted to typical autotetraploid marker genotypes (AAAA, AAAB, AABB, ABBB, and BBBB) through ClusterCall (version 1.5; R-package) (Schmitz Carley et al., 2017). For access to the marker genotype data, kindly consult Supplementary Material 2 in the publication by Park et al. (2023).





Linkage group and QTL map construction processes

Thanks to the release of MAPpoly software (v. 0.2.3; R-package), the majority of linkage group assembly became automated. The MAPpoly can examine polyploid organisms up to octoploid when using hidden Markov models (HMM) providing various convenient functions for genetic analyses (Mollinari and Garcia, 2019; Core R. Team, 2020; Mollinari et al., 2020). Once the converted tetraploid SNP markers were loaded on MAPpoly, the filter_missing, filter_segregation, make_seq_mappoly, and elim.redundant functions of the software were operated to do primary uninformative marker filtration processes. As explained by Park et al. (2021), the 12 linkage groups were built and refined through two-point analysis, unweighted pair group method with arithmetic mean (UPGMA) hierarchical clustering method, and multidimensional scaling (MDS) embedded in MAPpoly, and the potato reference genome PGSC Version 4.03 (Hackett and Luo, 2003; Potato Genome Sequencing Consortium, 2011; Sharma et al., 2013; Preedy and Hackett, 2016; da Silva Pereira et al., 2020; Mollinari et al., 2020; Spud Database, 2020).

After assembling the 12 linkage groups (refer to Supplementary Figure 2 in Park et al., 2023), the complete linkage maps and phenotype BLUP datasets were loaded on QTLpoly, an R-package developed for automated QTL analysis of polyploid organisms. The remim function in QTLpoly first executed a random-effect multiple interval mapping (REMIM) model, fitting various random-effect QTL by evaluating a single parameter per QTL (da Silva Pereira et al., 2020). The QTLpoly then performed linear score statistics tests (Qu et al., 2013) at every position and compared its p-value to a prescribed critical value. The p-values appeared as a continuous pattern over the whole range of the unit interval as a result of weighted sums of the scores from the profiled likelihood (Qu et al., 2013; da Silva Pereira et al., 2020). The continuous p-values were converted to LOP scores by the equation, “LOP = −log10 (p-value)” to delineate and evaluate newly detected QTL in this study intuitively as well as to estimate support intervals of those QTL. The QTL with four or higher LOP scores were decided as significant QTL peaks (da Silva Pereira et al., 2020). Approximately 95% support intervals were used in this study and computed using LOP − 1.5 (Lander and Green, 1987; da Silva Pereira et al., 2020). The fit_model argument equipped in QTLpoly was used to calculate the heritability of the significant QTL (da Silva Pereira et al., 2020). The symbol “h2QTL” was used to indicate those QTL heritability values. It should be noted that the QTL heritability (h2QTL) differs from the general heritability (e.g., broad-sense heritability), which represents how well a trait is inheritable from two parents to their progeny. If a significant QTL had over 10% h2QTL, it was considered as a major effect QTL. The reverse case (h2QTL ≤ 10%) was determined to be a minor effect QTL (da Silva Pereira et al., 2020; Park et al., 2021).





Supplementary accuracy test for the QTL results derived from skewed phenotype data

Since the three BLUP datasets obtained from tuber shape visual assessment phenotype data were skewed (Supplementary Figure 3), data transformations using multiple transformation methodologies to normalize distributions were conducted and assessed. The ordered quantile (ORQ) normalization transformation method (Peterson and Cavanaugh, 2020) was determined to be the most effective in normalization of the visual assessment data. After the data transformation, a comparison of the QTL results between transformed and non-transformed data was conducted.





Analyses of allele effects

The qtl_effects function of QTLpoly provided bar graphs revealing allele effects at each identified QTL (Supplementary Figure 4). In the allele effect bar graph, the x-axis displayed the four homologs of the two parents. For example, the “a–d” written in Supplementary Figure 4 stood for four homologs of Palisade Russet, and the “e–h” depicted another four homologs of the ND028673B-2Russ. The y-axis visualized the quantity of an allele effect of each homolog (Supplementary Figure 4). This allele effect analysis displayed how much each homolog of the two parents adds to or subtracts from the mean given one of the 190 observed mapping progenies (da Silva Pereira et al., 2020; Park et al., 2021); thus, it was possible to find which allele(s) among the eight homologs of the two parents most significantly impacted a trait. Furthermore, the visually distinguishable high and low bars in those graphs helped efficiently compare the contribution of the two parents to the average of the whole mapping population. Subsequently, the allele effect vectors, which denoted the magnitude of either positive (=increase in) or negative (=decrease in) effect among the four homologs of each parent, were transformed into absolute values. The sum of all the eight absolute values at each mapped locus insinuated the amount of the influence of each mapped significant QTL. Besides, the contribution quantities of each parent for a trait could be assessed based on the sum of each parent’s four absolute values (Park et al., 2021; G. da Silva Pereira, unpublished).





Conducting single-marker analyses and searching for genes adjacent to the significant QTL provides useful information for the development of diagnostic markers for MAS

In the previous steps, the positional information and characteristics of significant QTL associated with all five traits were investigated. To provide more practically useful information to potato breeders, single-marker analyses (Park et al., 2021) were conducted, and genome sequence coordinates and associated genes adjacent to the SNPs linked to the significant QTL were searched in this study.

The single-marker analysis helps to verify the relationship between differences in SNP alleles and phenotypic changes. This process indirectly assists in confirming whether the allele effects mentioned above (or QTL effects) were actually reflected in the original phenotype data or not and in identifying the most suitable genetic models, such as additive or simplex-dominant models. Once a target QTL and its linked SNP marker were selected, BLUP data were segregated by SNP genotype resulting in two to five distinct genotype groups. Subsequently, the averages of BLUPs for each genotype group were compared to determine significant mean differences between the two genotype groups (Park et al., 2021). The existence of a significant mean difference can indirectly indicate the impact of alleles on the phenotype. For example, if the “B” allele of an SNP marker is linked to an increase in specific gravity and exhibits an additive impact, a higher number of “B” alleles in a genotype would be expected to confer a higher specific gravity. If a genotype group of a certain SNP consists of less than nine individuals (approximately 5% of the total population), it was not considered a comparison group in the single-marker analysis because obtaining statistically reliable results under such conditions is challenging. The one-way analysis of variance (ANOVA) test and Tukey–Kramer mean comparison test (JMP Pro® Statistics, Version 12; SAS Institute Inc., Cary, NC, USA) were employed for this analysis with a significance threshold of p-value< 0.05 (Park et al., 2021).

Finally, all the genome sequence coordinates and associated genes (if available) found within the 200-kilobase (kb) interval surrounding the SNPs linked to the significant QTL were explored (= 100 kb before and after a target SNP). The physical map locations of those SNPs and genome sequence coordinates were obtained from the potato reference genome PGSC v4.03 (Hamilton et al., 2011; Sharma et al., 2013; Uitdewilligen et al., 2013; Spud Database, 2020).






Results




Summary of collected phenotype data, their broad-sense heritabilities, and distribution patterns of converted BLUP datasets




Length–width ratio and visual assessment of tuber shape

The length–width ratio values of the A08241 mapping population across all tubers collected ranged from 0.99 to 3.49 in 2019 and from 0.98 to 3.82 in 2020. One exception was observed in one of the 20 tubers of A08241-177 in 2020, which had a length–width ratio of 0.77. This outlier ratio was representative of a tuber with a thick middle (width) relative to its length. The mapping population means of the length–width ratio were 1.80 in 2019 and 1.79 in 2020. The average length–width ratios of Palisade Russet across the two blocks were 1.78 in 2019 and 1.64 in 2020, and those of ND028673B-2Russ were 1.91 in 2019 and 1.83 in 2020. Russet Burbank, which was used as a standard control of the russet market class, had 2.16 in 2019 and 2.25 in 2020 as its average length–width ratios.

The visual assessment scores of the two parents in 2019 phenotype data were “5 (long)” persistently across the two blocks. However, in 2020, ND028673B-2Russ was scored as “4 (oblong)” across the two blocks, while Palisade Russet was rated “3 (oval)” and “4” (oblong) in its two replicates. Russet Burbank consistently had the score “5” across the two blocks and across the 2 years. In 2019, the A08241 mapping population did not show the visual assessment score “1 (compressed),” but ranged from “2 (round)” to “5,” but in 2020, all five scales were observed across the mapping population (Supplementary Figure 2; Supplementary Data 1). When calculating the average visual assessment scores for the A08241 mapping population each year, the obtained values were 4.31 in 2019 and 4.01 in 2020.

The first mixed-effect model (Equation 1) and second mixed-effect model (Equation 2) were used to analyze the length–width ratio and tuber shape visual assessment scores resulting in variance component estimates and BLUP values of the two traits. Variance component estimates of the two traits are summarized in Table 1. The comparison of the variance components of the four random effects and the residual of the length–width ratio showed that the clone (or genetic) effect was overwhelmingly more substantial than the other effects occupying 57.91% of the total variance components of the length–width ratio. Likewise, the genetic effect occupied 55.49% of the entire variance components of the visual assessment (Table 1). The broad-sense heritabilities of the length–width ratio and visual assessment were 0.83 and 0.81, respectively. It was confirmed that the genetic effect was the primary contributing factor to tuber length and tuber shape in the mapping population.


Table 1 | Variance component estimates of tuber shape, specific gravity, and tuber weight.



After analyzing the raw length–width ratio (LW) and visual assessment (VA) phenotype data with the mixed models (Equations 1 and 2), three different BLUP datasets were produced from each trait, depending on the combination of BLUP effects of each clone. The first BLUP dataset was “LW_clo” and consisted of the BLUPs of pooled phenotypic data across all the 2 years, with the “LW” being an abbreviation for the length–width ratio. The second set, “LW_clo_2019,” was composed of the BLUPs of interaction between a clone and the 2019-year effect. In the same manner, the third set, “LW_clo_2020, contained the BLUPs of interaction between a clone and the 2020-year effect. The same organization and labeling methods were used for the visual assessment phenotype data resulting in the three BLUP datasets, VA_clo, VA_clo_2019, and VA_clo_20202.

Each BLUP dataset introduced above was composed of 184 BLUPs. Even though the 190 progenies were originally prepared and used to develop the 12 linkage maps, several progenies displayed poor field emergence or unhealthy growth during the field test periods, not allowing their inclusion in the analyses. As a result, a total of 184 BLUPs, instead of 190, were included in each BLUP dataset. When distribution patterns of the six tuber shape-related BLUP datasets were visually evaluated, all the LW BLUP datasets (LW_clo, LW_clo_2019, and LW_clo_2020) were close to normal (e.g., a bell shape), but all the three VA BLUP datasets (VA_clo, VA _clo_2019, and VA _clo_2020) revealed some skewness (Supplementary Figure 3). Data transformation was conducted with the ORQ normalization transformation method (Peterson and Cavanaugh, 2020) to address the skewed VA data; additional QTL analyses with the transformed data were then conducted to verify whether the observed non-normality of BLUPs influenced the QTL analysis results reported in this study or not. No significant difference was observed in QTL results between transformed and non-transformed data (data not shown) indicating that the level of skewness did not significantly impact the final QTL results. Therefore, this study only considered and analyzed the non-transformed VA BLUP datasets and reported their QTL results.





Width–depth ratio

The average width–depth ratios across the two blocks of Palisade Russet were 1.19 in 2019 and 1.20 in 2020, and those of ND028673B-2Russ were 1.17 in 2019 and 1.18 in 2020. Those of the standard control, Russet Burbank, were 1.18 in 2019 and 1.17 in 2020. The width–depth ratio values of the A08241 mapping population were distributed from 0.90 to 1.66 in 2019 and from 0.85 to 1.65 in 2020. The A08241 population mean of the width–depth ratio was 1.18 across the 2 years. Variance component estimates and BLUP datasets of width–depth ratio were obtained through the mixed model (Equation 1). The variance component of the width–depth genetic effect revealed a much bigger value (approximately 18%) compared to those of block[year], rep[year], and clone x year effects, which were close to either 1% or 0% (Table 1). Interestingly, unlike the previously shown LW and VA cases, the variance component of residual was the primary contributor (over 80%) to the total observed variance of the width–depth ratio (Table 1). The broad-sense heritability of the width–depth ratio was 0.47. Three BLUP datasets of the width–depth ratio were obtained: WD_clo, WD_clo_2019, and WD_clo_20202, with the “WD” being an abbreviation for width–depth ratio. Each dataset was composed of 184 BLUPs as previously described, with WD_clo, WD_clo_2019, and WD_clo_20202 displaying normal distributions (Supplementary Figure 3).





Specific gravity and tuber weight

The tuber weight of the A08241 mapping population ranged from 25.51 to 601.58 g in 2019 and from 25.80 to 789.25 g in 2020. The population means of the tuber weight were 202.98 g in 2019 and 218.57 g in 2020, respectively. Tuber weight values of Palisade Russet averaged 189.09 g in 2019 and 249.76 g in 2020, respectively. Those of ND028673B-2Russ were 213.19 g in 2019 and 225.95 g in 2020, respectively. The average weight values of Russet Burbank were 218.56 g in 2019 and 250.54 g in 2020. When variance component estimates of tuber weight were compared, genetic (23.51%) and G × E effects (10.99%) were relatively significant compared to block[year] and rep[year] effects (close to either 1% or 0%). As shown in WD case above, the variance component of residual occupied the largest portion (64%) of the total variance of the tuber weight (Table 1). The statistical analysis of the tuber weight phenotype data with Equations 3 and 4 resulted in 0.52 as the broad-sense heritability.

The specific gravity values of the A08241 mapping population were distributed from 1.069 to 1.121 in 2019 and from 1.068 to 1.123 in 2020, respectively. The mapping population means of the specific gravity were 1.10 in 2019 and 1.09 in 2020. The average specific gravity values of Palisade Russet and ND028673B-2Russ were 1.104 and 1.088 in 2019 and 1.101 and 1.089 in 2020. The high specific gravity of Palisade Russet has previously been reported (Novy et al., 2012). Those of Russet Burbank were 1.081 in 2019 and 1.083 in 2020. The comparison of the variance component estimates of the specific gravity revealed that the genetic effect (46.03%) was ranked the highest, followed by residual (39.15%) and G × E effect (13.64%). The block[year] effect was close to 1% (Table 1). The broad-sense heritability of the specific gravity was 0.73.

Three BLUP datasets were obtained for each specific gravity and tuber weight. The same naming method as introduced above was used with “SG” and “TW” abbreviating specific gravity and tuber weight, respectively, resulting in three BLUP datasets for specific gravity: SG_clo, SG_clo_2019, and SG_clo_2020, and another three BLUP datasets for tuber weight: TW_clo, TW_clo_2019, and TW_clo_2020. The number of components for each BLUP dataset was 184. The distribution patterns of all six BLUP datasets mentioned in this paragraph reflected a normal distribution (Supplementary Figure 3).






Correlation tests of the 15 BLUP datasets within each trait and between different traits

The correlation tests for the three BLUP datasets within each trait ranged from 73.87% to 99.69% (Supplementary Table 1). Overall, no (or minor) variation was observed across the 2-year data regardless of the traits. When the BLUPs of pooled phenotypic data of the five traits (LW_clo, WD_clo, VA_clo, SG_clo, and TW_clo) were compared to each other, the correlation coefficient between LW_clo and VA_clo was the highest (87.95%) followed by the comparison between LW_clo and WD_clo (−29.35%), between WD_clo and TW_clo (20.13%), and between VA_clo and TW_clo (17.58%) (Figure 1; Supplementary Table 1). Even though the correlation coefficient between WD_clo and VA_clo was −14.17%, it was not statistically reliable due to its higher correlation probability than the threshold (p-value< 0.05). The remainder of those coefficients were basically non-correlated, with values close to 0%.




Figure 1 | Correlation tests between the pooled phenotypic data of the five traits (LW_clo, WD_clo, VA_clo, SG_clo, and TW_clo).







Marker selection and linkage mapping processes

The marker selection and linkage mapping processes used in this study were previously developed and detailed by Park et al. (2023), with additional details of the linkage map included in Supplementary Figure 2 of that publication. In brief, 4,040 informative SNP markers were selected for developing the 12 linkage groups. Park et al. (2023) confirmed high accuracy rates and uniform allocation of the selected SNPs across the 12 complete linkage groups with enough supporting evidence.





QTL for LW, VA, WD, SG, and TW

All the QTL analysis results discussed below are organized in Figures 2, 3 and Table 2 presenting LOP scores, locations [including both chromosome number and exact position in centiMorgan (cM)], support intervals, QTL heritability (h2QTL), and proximate SNP markers to the mapped QTL.




Figure 2 | QTL maps for length–width ratio, width–depth ratio, tuber shape visual assessment, specific gravity, and tuber weight. BLUP data abbreviations: LW, length–width ratio; WD, width–depth ratio; VA, tuber shape visual assessment; SG, specific gravity; TW, tuber weight, a genetic effect of clones (clo), 2019 (2019), and 2020 (2020) year effects. Triangles indicate the locations of significant QTL peaks. The x-axis represents 12 different potato chromosomes. The y-axis represents the LOP score, which equals −log10 (p-value). *Panel size limit of the QTLpoly prevented QTL having LOP scores over 11 from being completely visualized on chromosome 10 in this figure. When compared to the peak LOP scores of other QTL (e.g., SG, TW, etc.), the LOP score of the tuber shape QTL peak on chromosome 10 was so extraordinarily high that displaying it alongside the peaks of other QTL became almost impossible.






Figure 3 | Location information on significant QTL peaks and their support intervals. BLUP data abbreviations: LW, length–width ratio; WD, width–depth ratio; VA, tuber shape visual assessment; SG, specific gravity; TW, tuber weight, a genetic effect of clones (clo), 2019 (2019), and 2020 (2020) year effects. The x-axis represents 12 different potato chromosomes. Black bars indicate the length of each chromosome. Color bars indicate the length of each support interval. Black thin horizontal lines on each support interval indicate the locations of the mapped significant QTL peaks.




Table 2 | Summary table of QTL for tuber shape, specific gravity, and tuber weight.






QTL for LW

The most significant QTL for the LW consistently emerged at 40.05 cM on chromosome 10 across the three LW BLUP datasets (Figure 2; Table 2). The three support intervals of the LW_clo_ch10, LW_clo_2019_ch10, and LW_clo_2020_ch10 QTL commonly shared the zone between 35.64 and 42.32 cM (Figure 3; Table 2). All of their LOP scores were higher than the software maximum limit, 15.65, and their QTL heritabilities (h2QTL) were also high ranging from 0.42 to 0.54. The closest SNP marker to the three QTL was solcap_snp_c2_25471 (Table 2).

Additionally, another QTL was detected at 35.44 cM on chromosome 6 with the LW_clo_2020 BLUP data. This QTL did not appear from the other two QTL analyses for LW_clo and LW_clo_2019 BLUP datasets. Its LOP score was 4.76 with 0.14 h2QTL. The support interval of the QTL occupied from 28.57 to 48.62 cM. The most adjacent marker was solcap_snp_c2_31648 (Table 2).





QTL for VA

The QTL analysis results of VA are similar to those of the LW QTL analyses. For instance, the significant QTL at 40.05 cM on chromosome 10 identified with the LW analyses was also identified with the VA BLUP datasets. The most proximal SNP marker is solcap_snp_c2_25471 again. Likewise, the support intervals of the three QTL (VA_clo_ch10, VA_clo_2019_ch10, and VA_clo_2020_ch10) commonly occupied from 34.16 to 43.44 cM, and their LOP scores were higher than 15.65. Their h2QTL also showed similar values (~0.47) to those observed with the LW BLUP datasets (Table 2).

Additionally, another significant QTL was observed on chromosome 4 at 74.04 cM across the three VA BLUP datasets (Figure 2; Table 2). The support intervals of the three QTL commonly shared the area between 47.83 and 76.13 cM (Figure 3; Table 2). Their LOP scores and h2QTL were averagely 5.39 and 0.12, respectively. The closest marker to the QTL was PotVar0075244.





QTL for WD

QTL analysis for WD ratio resulted in the identification of a significant QTL on chromosome 2 based on the three WD BLUP datasets (Figures 2, 3; Table 2). The three QTL (WD_clo_ch02, WD_clo_2019_ch02, and WD_clo_2020_ch02) were located at 29.20 cM on chromosome 2, and their support intervals ranged from 29.20 to 38.16 cM (Figure 3; Table 2). The average LOP scores and h2QTL of the three QTL were approximately 5.70 and 0.35, respectively. The most adjacent SNP to the QTL position was solcap_snp_c2_41980.





QTL for SG and TW

Two significant and apparently identical QTL for SG were detected in the SG_clo and SG_clo_2020 BLUP datasets. The QTL was located on chromosome 3 at 17.05 cM. The support intervals were between 2.38 and 34.61 cM across the two BLUP datasets with LOP scores of 4.13 and 4.40 for SG_clo_ch03 and SG_clo_2020_ch03 QTL, respectively; h2QTL was 0.18. The closest marker to the QTL was solcap_snp_c1_3348. No significant QTL was found from the use of the SG_clo_2019 BLUP dataset (Figures 2, 3; Table 2).

One significant QTL for TW was detected on chromosome 5 at 54.06 cM (Figure 2; Table 2). Its closest SNP was solcap_snp_c2_50176. The LOP score and h2QTL of the QTL were 4.56 and 0.22, respectively.





Allele effects of the mapped QTL

The results of all the allele effect analyses are presented in Supplementary Figure 4 and Supplementary Table 2. Interestingly, Palisade Russet consistently showed significantly higher contributions in tuber shape traits (both LW and VA) than ND028673B-2Russ. Furthermore, unlike the other four traits, only TW was more affected by ND028673B-2Russ than Palisade Russet. Other details, such as the most impactful homolog for each trait, will be discussed in the following Discussion section.




Exploring SNPs linked to the significant QTL through single-marker analysis and reference genome.

Following the exploration of all SNPs listed in Table 2 using the potato reference genome PGSC v4.03, the genomic coordinates and associated genes located within the 200-kb interval around these SNPs are arranged in Supplementary Table 3 providing useful information for MAS.

Conducting single-marker analysis allowed for the evaluation of changes in the tested traits based on the presence (or absence) of an allele of SNPs linked to a QTL. Significant mean differences between genotype groups were identified for the following SNP markers: solcap_snp_c2_25471, solcap_snp_c2_25469, solcap_snp_c1_8021, solcap_snp_c1_8020, and solcap_snp_c1_8019 in relation to both LW and VA. Additionally, solcap_snp_c2_31648 showed significance only for LW, PotVar0075244 only for VA, solcap_snp_c2_41980 for WD, and finally, both solcap_snp_c1_10725 and PotVar0121927 for SG (Supplementary Figure 5).








Discussion




Exploring the correlation coefficients between years within each trait and across different traits

The correlative analyses for the three BLUP datasets within each trait consistently showed high or extremely high correlation coefficients indicating little variability between the 2 years of phenotypic data collected for each trait (Supplementary Table 1). A relatively lower correlation (73.87%) was observed between TW_clo_2019 and TW_clo_2020 as an exception. According to Gebreselassie et al. (2016), tuber weight (=tuber size in this case) can be significantly impacted by environmental effects or G × E.

Since all the correlations across the 2 years within each trait were generally quite high, the BLUPs of pooled phenotypic data of the five traits (e.g., LW_clo, WD_clo, VA_clo, SG_clo, and TW_clo) were picked and then compared to each other through correlation tests. As expected, the correlation coefficient between LW_clo and VA_clo revealed the highest value (87.95%) compared to others because the two different methods assessed tuber length as a main factor. Interestingly, WD_clo showed a minor correlation with LW_clo (−29.35%) and TW_clo (20.13%) (Figure 1; Supplementary Table 1). This suggests that the degree of tuber flatness is not influenced to a great degree by tuber length or size.

The relationship between tuber shape and tuber size (=TW_clo) could not be clarified in the correlation test. This was because the correlation coefficient between LW_clo and TW_clo was close to 0%, and its probability was much higher than the threshold (p-value< 0.05). On the other hand, a correlation coefficient of 17.58% was observed between VA_clo and TW_clo. This contradiction could be partly explained by the skewness observed in VA_clo. Unlike the LW_clo, VA_clo was significantly skewed toward a positive effect (Supplementary Figure 3). It was assumed that during the visual assessment process, many large tubers belonging to category 5, even if their size and LW were the same or similar to other tubers belonging to category 4, had the effect of gaining one point more resulting in the skewness in all the three VA BLUP datasets (Supplementary Figures 2 and 3). Therefore, caution is warranted in interpreting that tuber size (e.g., TW_clo) and VA_clo were related by solely relying on the 17.58% correlation coefficient. Therefore, this study tentatively concluded that the A08241 population did not show a meaningful relationship between tuber shape and tuber size based on the poor correlation coefficient of the LW_clo and TW_clo BLUP datasets, which were numerical and much less likely impacted by human bias during assessment.





The most predominant tuber shape QTL on chromosome 10

Chromosome 10 was identified as having a major QTL that impacted tuber shape. Regardless of tuber shape measurement methods (digital caliper vs. naked eyes), a major QTL for both LW and VA consistently appeared at 40.04 cM, having the maximum software LOP scores, and high QTL heritability (h2QTL) reaching approximately 50% (Table 2). In the allele effect analysis for this position (40.05 cM on chromosome 10), Palisade Russet contributed at least 65% or more, compared to ND028673B-2Russ, across all the LW and VA QTL (Supplementary Table 2). Interestingly, Palisade Russet had both the most positive (=causing longer shape) and negative (=causing rounder shape) effects at homologs c and d, respectively. The most negative allele effect tended to be consistently stronger than the most positive effect across the LW_clo_ch10, LW_clo_2019_ch10, and LW_clo_2020_ch10 QTL (Supplementary Figure 4; Supplementary Table 2). During the single-marker analysis, all five SNPs (Table 2) linked to both LW and VA QTL consistently showed statistically significant differences in the progeny’s LW and VA BLUP dataset means according to genotype groups implying an additive genetic model as well as providing practical information for future MAS. For example, while analyzing solcap_snp_c2_25471, there was a statistically significant tendency for a progeny to have a greater negative impact (round shape) as it possessed more “B” alleles (Supplementary Figures 5a_1, b_1). In this way, using the five SNPs (solcap_snp_c2_25471, solcap_snp_c2_25469, solcap_snp_c1_8021, solcap_snp_c1_8020, and solcap_snp_c1_8019) for future MAS for tuber shape seems to be a quite promising strategy (Supplementary Figures 5a_1–a_5, b_1– b_5).

The identification of a major QTL on chromosome 10 influencing tuber shape confirms the findings of Park et al. (2021), who similarly identified a major QTL on chromosome 10 using a different tetraploid mapping population derived from Rio Grande Russet and Premier Russet. By comparing the location information of the two linked SNP markers and various references reporting genes or QTL affecting tuber appearances, Park et al. (2021) identified the Ro locus, known to confer a round shape dominant-to-longer form, as the candidate gene for the tuber shape QTL on chromosome 10 (Masson, 1985; Sharma et al., 2013; Hirsch et al., 2014; Endelman and Jansky, 2016; Hara-Skrzypiec et al., 2018; Spud Database, 2020). The two linked SNPs reported by Park et al. (2021) were compared with the five SNPs (Table 2) linked to the tuber shape QTL identified in this study using the potato reference genome PGSC Version 4.03 (Sharma et al., 2013; Spud Database, 2020). As expected, those linked SNPs between the two studies were closely placed showing 1 cM as an average distance between them. Almost identical results were also observed from the additional comparison tests with the other tuber appearance-related QTL identified by previous studies relying on diploid mapping populations experimented in different environments (Endelman and Jansky, 2016; Hara-Skrzypiec et al., 2018). Overall, the Ro locus, located approximately 40.05 cM on chromosome 10 (Table 2), appears to have the most substantial impact on tuber length in potato regardless of genetic backgrounds, ploidy levels, and environmental conditions. This finding can be utilized in developing diagnostic molecular markers useful to potato breeders in selecting long (russet market class) or round (chipper market class) tuber type.





QTL analysis for VA gave rise to unpredictable QTL on chromosome 4

One of the purposes of this study was to assess whether the distinct features between LW and VA measurement methods of tuber shape significantly affected the final QTL analysis results or not. As discussed above, one primary tuber shape locus at 40.05 cM on chromosome 10 harbored all the six QTL (e.g., LW_clo_ch10, LW_clo_2019_ch10, LW_clo_2020_ch10, VA_clo_ch10, VA_clo_2019_ch10, and VA_clo_2020_ch10) with very similar LOP scores and QTL heritabilities (h2QTL) with each other. Those QTL results proved that the difference in tuber shape evaluation systems did not significantly affect the localization process of the Ro locus and the appraisal of its major effect on tuber shape.

Of interest was the identification of additional QTL-impacting tuber shape at 74.04 cM on chromosome 4 with the VA_clo, VA_clo_2019, and VA_clo_2020 BLUP datasets. It is important to note that no QTL was detected at the same position on chromosome 4 during all the QTL analyses with all three LW BLUP datasets. Compared to the tuber shape QTL on chromosome 10, the QTL found on chromosome 4 had relatively lower LOP scores, but their LOP scores were still higher enough to be considered significant with influential h2QTL (up to 13%) (Table 2). To validate the impact of the skewness in the original VA BLUP datasets on VA_clo_ch04, VA_clo_2019_ch04, and VA_clo_2020_ch04, the QTL outcomes of the non-transformed VA BLUP datasets were juxtaposed with those of the ORQ normalization-transformed VA BLUP datasets (Peterson and Cavanaugh, 2020). No statistically meaningful distinction was detected (data not shown) like the three VA QTL on chromosome 10 mentioned above. Thus, only non-transformed VA BLUP datasets and their QTL results were considered here. The allele effect analysis for this position (74.04 cM on chromosome 4) disclosed that Palisade Russet contributed higher impacts ranging from 52% to 63% than ND028673B-2Russ across the three VA BLUP datasets (Supplementary Table 2). The most positive (=causing longer shape) and negative (=causing rounder shape) effects were located on homologs d and c of Palisade Russet, respectively (Supplementary Figure 4; Supplementary Table 2).

During the single-marker analysis for PotVar0075244, the genotype groups with more “B” alleles tended to exhibit a stronger positive effect resulting in longer tubers (Supplementary Figure 5b_6). However, a statistically significant difference was observed only in the comparison between the AAAB and ABBB genotype groups (Supplementary Figure 5b_6). Unlike the five SNPs linked to the major tuber shape QTL on chromosome 10, relying solely on the PotVar0075244 marker to achieve MAS for tuber shape does not seem promising.

According to the potato reference genome PGSC Version 4.03, the SNP marker, PotVar0075244, linked to QTL VA_clo_ch04, VA_clo_2019_ch04, and VA_clo_2020_ch04, was at the end of the PGSC0003DMG400008004 genome sequence coordinate, which putatively represented the granulin repeat cysteine protease family of proteins (Hamilton et al., 2011; Sharma et al., 2013; Uitdewilligen et al., 2013; Spud Database, 2020). In multiple prior research projects that evaluated SPCP3 protein and its homologies observed in potato, sweet potato, tomato, soybean, and Arabidopsis, it was discovered that the protein is associated with physiological changes in plants, including programmed cell death in leaves and hypersensitive reactions triggered by pathogens. Additionally, SPCP3 is suggested to be a precursor protein for a plant granulin-containing cysteine protease implying the potential involvement of cysteine proteases in the potato tuber formation, which is also one of the potato physiological phenomena (Avrova et al., 1999; Kamoun et al., 1999; Chen et al., 2006). Weeda et al. (2009) monitored changes in cysteine protease activities and a multidomain cysteine protease inhibitor during potato plant development as well as tuber formation. Interestingly, they observed that the cysteine protease’s activity rate and the associated inhibitor’s concentration started to change significantly in stolons from the beginning of tuber formation and confirmed that those metabolic processes were linked to regulating tuber protein content in vivo (Weeda et al., 2009). In this current study, it could be hypothesized that potato tuber shape could be affected by the activity of one of the cysteine protease family of genes based on the close proximity of the three VA QTL on chromosome 4 to PGSC0003DMG400008004 and the findings of Weeda et al. (2009) that cysteine protease activity appeared to be associated with tuberization.

The finding of a major QTL on chromosome 4 using the three VA BLUP datasets, with no QTL detected at that same region using the LW BLUP datasets, was unexpected. This finding may relate to the capability of VA to read and reflect tuber shoulder shape (the regions near the ends of the tuber that can flare out before ending in a point). If two population clones have divergent shoulder silhouettes but have the same LW, they might not be clearly distinguished during the LW measurement even though the VA assessment can sort them into two different categories. For example, let us assume that there are two different tubers: oblong (relatively cylindrical shape: VA score 4 of Supplementary Figure 2) and long (relatively pointy at each end: VA score 5 of Supplementary Figure 2) tubers having the same LW. The two tubers would not be distinguishable in LW but be discernible in VA. We suspect that the ability to catch shoulder silhouettes in the tuber may have contributed to the identification of a QTL on chromosome 4 using the VA assay, which was not identified using the LW protocol. Another possible scenario is that contrary to the simple two-dimensional image data obtained by LW measurement, human eyes generally accept visual information as a three-dimensional image, covering the length of the tubers as well as other factors such as regularity among the tested tubers of each clone, which may affect an evaluator’s decisions in assigning a shape category using VA. This may then have contributed to the identification of the significant QTL on chromosome 4, which was not identified in the LW analyses of tuber shape.

Concurrently, even though this current study and Park et al. (2021) found significant QTL for tuber shape on chromosome 4, those QTL were approximately 48 cM away from each other, confirming that each QTL from the two studies likely represented different genes (Hamilton et al., 2011; Sharma et al., 2013; Uitdewilligen et al., 2013; Spud Database, 2020). It would seem, however, that chromosome 4 appears to contribute to tuber shape based on this study and previous QTL analyses for tuber shape.





A significant QTL for LW exclusively obtained from LW_clo_2020 BLUP

Interestingly, a QTL analysis with the LW_clo_2020 BLUP dataset also resulted in a significant QTL on chromosome 6, which was not observed with the VA assessment. The single-marker analysis for solcap_snp_c2_31648 linked to LW_clo_2020_ch06 QTL showed significant mean difference between two observed genotype groups demonstrating its sufficient influence reflected in the phenotype data (Supplementary Figure 5a_6). When tracing the location information on solcap_snp_c2_31648 (Table 2), based on the potato reference genome PGSC Version 4.03, it was located in the middle of the PGSC0003DMG400016314 genome sequence coordinate. This coordinate had DNA sequences for an unknown conserved gene, whose function has not yet been studied (Hamilton et al., 2011; Sharma et al., 2013; Uitdewilligen et al., 2013; Spud Database, 2020). Although it was difficult to identify the candidate genes of the LW_clo_2020_ch06 QTL, it could be inferred that an unknown gene influencing tuber shape may exist near 35.44 cM on chromosome 6 (Table 2), and this gene seems to be significantly affected by environmental conditions, as it only appeared in the data from the year 2020. When checking the 200-kb interval around the solcap_snp_c2_31648, 14 genome sequence coordinates were additionally observed (Supplementary Table 3). Studying the genes associated with the 14 genome sequence coordinates together might help elucidate the nature of the LW_clo_2020_ch06 QTL.





Significant QTL for tuber depth were located on chromosome 2

Unlike most previous genetic studies covering potato tuber shape (Śliwka et al., 2008; Bradshaw et al., 2008; Prashar et al., 2014; Endelman and Jansky, 2016; Hara-Skrzypiec et al., 2018; Manrique-Carpintero et al., 2018; Meijer et al., 2018; Park et al., 2021), this study was unique in also assessing tuber depth (flatness of the tuber). Since the evaluated tubers’ sizes ranged from 25.51 to 789.25 g, the width–depth (WD) ratio provided a more intuitive assessment than depth information alone. For instance, if a WD value is much higher than others, then a flat tuber analogous to a hamburger patty can be readily imagined and vice versa, regardless of tuber length.

Chromosome 2 consistently displayed significant QTL at 29.20 cM using all three datasets (WD_clo_ch02, WD_clo_2019_ch02, and WD_clo_2020_ch02) (Figure 2; Table 2). The LOP scores (~5.70) and h2QTL (~35%) of the QTL make it an important region for its impact on tuber depth. In the allele effect analysis for this position (29.20 cM on chromosome 2), it was revealed that Palisade Russet and ND028673B-2Russ contributed 51.5% to 53.5% and 46.5% to 48.5%, respectively, across the three WD BLUP datasets. Among the eight allele effects, the most powerful positive effect, which tended to flatten the tuber, was detected on homolog d of Palisade Russet (Supplementary Figure 4; Supplementary Table 2). In the single-marker analysis for solcap_snp_c2_41980 linked to all the three WD QTL, even though the mean of each genotype group decreased in an additive fashion as the number of “B” alleles in each genotype group increased, consistent significant difference across the three WD BLUP datasets was only observed from the comparison between AABB and BBBB genotype groups (Supplementary Figure 5c). To achieve a more robust MAS for tuber depth, it seems necessary to make efforts in searching for additional molecular markers, along with solcap_snp_c2_41980, to create a more reliable diagnostic marker set, such as a haplotype genetic marker. The solcap_snp_c2_41980 SNP marker was located in the center of PGSC0003DMG400010438 genome sequence coordinate. Referring to the genome sequence coordinate information and other references, it was revealed that the coordinate included the sequence of the sulfiredoxin (Srx) gene, which has been known to be involved in oxidation stress resistance in yeast, human, and Arabidopsis (Biteau et al., 2003; Chang et al., 2004; Basu and Koonin, 2005; Liu et al., 2006; Hamilton et al., 2011; Sharma et al., 2013; Uitdewilligen et al., 2013; Spud Database, 2020). According to our best knowledge, any connection between the Srx gene and potato tuber appearance (or potato cell cycle) has not been researched yet; thus, it is not easy to conclude whether the Srx gene affects tuber depth or another unknown gene(s) involved in tuber depth exists in (or near) PGSC0003DMG400010438. Within the 200-kb interval surrounding solcap_snp_c2_41980, an additional 20 genome sequence coordinates have been found (Supplementary Table 3). Further research using advanced fine mapping or direct tests to evaluate the contribution of the Srx gene (or other adjacent genes) to tuber appearance is necessary to resolve this question.





Significant QTL for SG were detected on chromosome 3

QTL analyses with SG_clo and SG_clo_2020 BLUP datasets gave rise to SG_clo_ch03 and SG_clo_2020_ch03 QTL, respectively, at 17.05 cM on chromosome 3. Their LOP scores and QTL heritabilities (h2QTL) were high enough to be considered as significant QTL (Table 2). Even though the QTL analysis with the SG_clo_2019 BLUP dataset did not produce significant QTL, the overall shape of its QTL map on chromosome 3 was similar to those of the SG_clo and SG_clo_2020 BLUP datasets (Figure 2). In the allele effect analysis for this position (17.05 cM on chromosome 3), Palisade Russet contributed 50.4% of SG_clo_ch03 QTL and 55.5% of SG_clo_2020_ch03 (Supplementary Table 2). The two major negative-effect alleles (=lowering SG) were located at homologs b and g revealing a more substantial impact, approximately twice (or more) than other positive allele effects (Supplementary Figure 4; Supplementary Table 2). In single-marker analyses targeting the five SNPs (solcap_snp_c1_3348, solcap_snp_c1_10725, solcap_snp_c1_10734, PotVar0121932, and PotVar0121927) linked to SG_clo_ch03 and SG_clo_2020_ch03 QTL (Table 2), only solcap_snp_c1_10725 and PotVar0121927 consistently showed a significant mean difference across the two BLUP datasets (SG_clo & SG_clo_2020) in one of their genotype group comparisons (Supplementary Figures 5d_1, d_2). To practically utilize the two SNP markers in future potato breeding programs, further research appears to be necessary. The solcap_snp_c1_10725 and solcap_snp_c1_10734 were located on (or near) the PGSC0003DMG400016922 genome sequence coordinate associated with the glycine-rich RNA-binding protein (Hamilton et al., 2011; Sharma et al., 2013; Uitdewilligen et al., 2013; Spud Database, 2020). Li et al. (2019) studied the effect of external glycine on starch biosynthesis in sweet potato (Ipomoea batatas Lam.) confirming that applying a low glycine stimulus enhances starch biosynthesis in storage roots by accelerating carbohydrate metabolism and regulating the expression of genes related to starch. Therefore, it appears necessary to verify whether the glycine-rich RNA-binding protein actually has a significant impact on potato starch formation and tuber specific gravity. PotVar0121932 and PotVar0121927 were located on PGSC0003DMG400016921, which is related to histone H2B. Although Mali et al. (2023) conducted gene expression profiling of the potato JMJ gene family histone demethylases (StJMJs) in stolon tissues of heat-sensitive and heat-tolerant genotypes under elevated temperature revealing that StJMJs play a crucial role as epigenetic regulators influencing heat tolerance in potatoes, to the best of my knowledge, there is no clear research on the correlation between histone H2B and tuber dry matter formation. The solcap_snp_c1_3348 SNP marker was observed near the PGSC0003DMG400013960 genome sequence coordinate on chromosome 3. This locus seemed to have the DNA sequence of a gene, but the gene’s function has not been investigated yet (Hamilton et al., 2011; Sharma et al., 2013; Uitdewilligen et al., 2013; Spud Database, 2020). In addition to the previously mentioned three genome sequence coordinates, 12 additional genome coordinates were discovered within the 200-kb intervals of the five SNPs (Supplementary Table 3). Exploring the zone where SG_clo_ch03 and SG_clo_2020_ch03 QTL were placed will be helpful in both developing a diagnostic molecular marker linked to SG and identifying which gene(s) significantly influence specific gravity.

Park et al. (2021) identified multiple QTL associated with specific gravity on chromosomes 1 and 5, but none were identified for chromosome 3. Park et al. (2021) utilized a mapping population also derived from two russet-type tetraploid parents (Rio Grande Russet and Premier Russet), with the field analyses in Idaho also conducted at the USDA-ARS Small Grains and Potato Germplasm Research Unit (Aberdeen, ID), but in 2010 and 2011. The differing genetics of the two russet mapping populations and the environmental impacts of divergent years likely contributed to the disparate QTL observed between this study and that of Park et al. (2021). However, other studies have identified and reported QTL or loci associated with SG or tuber starch content (which can be interpreted as a characteristic of specific gravity) on chromosome 3 (Freyre and Douches, 1994; Schäfer-Pregl et al., 1998; Li et al., 2008; Schönhals et al., 2016). Therefore, based on previous studies and this current study, it appears that environmental and G × E effects, as well as the contribution of multiple loci likely impact specific gravity with no clear major loci having yet been identified. Stevenson et al. (1954), Johansen et al. (1967), and Ruttencutter et al. (1979) commonly observed variations in specific gravities (or dry matters) occurring in particular cultivars or breeding clones as environmental conditions (e.g., locations, years, irrigation, etc.) change additionally supporting the involvement of environment and G × E effects in SG.





Significant QTL for TW was detected on chromosome 5

Among the three TW BLUP datasets, only TW_clo_2020 BLUPs produced a significant QTL (TW_clo_2020_ch05) at 54.06 cM on chromosome 5. The LOP score and QTL heritability (h2QTL) were 4.56% and 22%, respectively. Interestingly, Bradshaw et al. (2008) also identified a QTL linked to tuber size using a mapping population obtained from the cross between 12601ab1 and Stirling. However, the physical map location information for the QTL was unavailable preventing a direct comparison with the TW_clo_2020_ch05 QTL discovered in this study. The allele effect analysis for the position (54.06 cM on chromosome 5) revealed that ND028673B-2Russ contributed 65.0% of TW_clo_2020_ch05 QTL (Supplementary Table 2). The most positive allele effect (=increasing tuber weight) was located at homolog g and was approximately 18% bigger than the most negative allele effect (=lowering tuber weight) placed on homolog f (Supplementary Figure 4; Supplementary Table 2). The closest SNP to the TW_clo_2020_ch05 QTL was solcap_snp_c2_50176 (Table 2), and its single-marker analysis revealed no statistically significant difference when comparing the averages of each genotype group (data not shown). This SNP was located in the middle of the PGSC0003DMG400021635 genome sequence coordinate, which had DNA sequences of a conserved gene, but its function is unknown (Hamilton et al., 2011; Sharma et al., 2013; Uitdewilligen et al., 2013; Spud Database, 2020). Within the 200-kb interval around the solcap_snp_c2_50176 SNP, eight genome sequence coordinates have additionally been observed and are reported in Supplementary Table 3. Further research targeting this specific zone is necessary to elucidate the relationship between tuber weight and PGSC0003DMG400021635.

When the QTL map patterns of TW_clo and TW_clo_2019 BLUP datasets were compared with those of the TW_clo_2020 BLUP data, similar delineations were confirmed (Figure 2) commonly having the highest peak at 54.06 cM on chromosome 5 even though those highest peaks of TW_clo and TW_clo_2019 BLUP datasets did not reach the LOP significance threshold. As explained above, TW was measured to get tuber size information of the tested tubers indirectly; thus, it is assumed that at least one gene affecting tuber size exists adjacent to 54.06 cM on chromosome 5, and the gene is significantly affected by either environmental or G × E effects. However, more sophisticated examinations for TW_clo_2020_ch05 with a bigger population size and more environmental conditions are needed to examine whether the significant QTL consistently appears across the different environments or not. Also, by collecting total tuber weight data from each plot, it is expected to determine whether the TW_clo_2020_ch05 is also associated with total yield.






Conclusion

This study mainly conducted the QTL analyses, with a biparental tetraploid mapping population from two russet potatoes, for tuber shape and specific gravity. A previous study conducted by Park et al. (2021) also evaluated a different biparental tetraploid russet mapping population in Aberdeen, ID, USA, in different years. Interestingly, the two studies detected major tuber shape QTL on chromosome 10 in a similar region, which is thought to represent the Ro gene (Masson, 1985; Van Eck et al., 1994; Endelman and Jansky, 2016; Chen et al., 2019). On chromosome 4, both studies found significant tuber shape QTL, but QTL were not in close proximity to each other, representing at least two unrelated genes. Nonetheless, chromosome 4, like chromosome 10, appears to impact tuber shape. Park et al. (2021) exclusively reported a tuber shape-related QTL on chromosome 7, and this current study also exclusively identified another QTL impacting tuber shape on chromosome 6. New QTL data were also presented in this study regarding tuber depth, or flatness, which was associated with a region of chromosome 2. During the QTL analyses for specific gravity in this study, a significant QTL was found on chromosome 3, with Park et al. (2021) reporting on SG QTL on chromosomes 1 and 5, as well. Additionally, significant QTL for TW on chromosome 5 was also reported in this study.

The results of this study provide more insights into the genetics of the russet market class with chromosome 10 (Ro gene) being identified as a major contributor to tuber shape across russet mapping populations. The finding, with long tuber shape, not round, is important in the russet market class. Chromosome 4 also appears to contribute to tuber shape. Of interest to processors and the potato industry is the degree of tuber depth (flatness), which can impact marketability. This study, to the best of our knowledge, is the first to report on a significant QTL for tuber depth on chromosome 2. These QTL results can be used for developing markers that can be used in MAS in the russet market class.

Finally, when comparing the performance of the two most commonly used tuber shape measurement methods (LW ratio; quantitative vs. visual assessment; objective), no significant difference was observed in evaluating tuber length from round to long. In particular, both methods showed almost the same performance in localizing the major tuber shape QTL on chromosome 10, thereby commonly proving their reliabilities. However, the visual assessment phenotype data additionally revealed a new significant QTL on chromosome 4 that was not discovered with LW ratio data. This result reflects that when selecting or studying potatoes based on tuber shape, potato breeders or researchers should carefully choose an appropriate measurement method depending on their main purpose.
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Chickpea, being an important grain legume crop, is often confronted with the adverse effects of high temperatures at the reproductive stage of crop growth, drastically affecting yield and overall productivity. The current study deals with an extensive evaluation of chickpea genotypes, focusing on the traits associated with yield and their response to heat stress. Notably, we observed significant variations for these traits under both normal and high-temperature conditions, forming a robust basis for genetic research and breeding initiatives. Furthermore, the study revealed that yield-related traits exhibited high heritability, suggesting their potential suitability for marker-assisted selection. We carried out single-nucleotide polymorphism (SNP) genotyping using the genotyping-by-sequencing (GBS) method for a genome-wide association study (GWAS). Overall, 27 marker–trait associations (MTAs) linked to yield-related traits, among which we identified five common MTAs displaying pleiotropic effects after applying a stringent Bonferroni-corrected p-value threshold of <0.05 [−log10(p) > 4.95] using the BLINK (Bayesian-information and linkage-disequilibrium iteratively nested keyway) model. Through an in-depth in silico analysis of these markers against the CDC Frontier v1 reference genome, we discovered that the majority of the SNPs were located at or in proximity to gene-coding regions. We further explored candidate genes situated near these MTAs, shedding light on the molecular mechanisms governing heat stress tolerance and yield enhancement in chickpeas such as indole-3-acetic acid–amido synthetase GH3.1 with GH3 auxin-responsive promoter and pentatricopeptide repeat-containing protein, etc. The harvest index (HI) trait was associated with marker Ca3:37444451 encoding aspartic proteinase ortholog sequence of Oryza sativa subsp. japonica and Medicago truncatula, which is known for contributing to heat stress tolerance. These identified MTAs and associated candidate genes may serve as valuable assets for breeding programs dedicated to tailoring chickpea varieties resilient to heat stress and climate change.
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Introduction

Chickpea (Cicer arietinum L.) is an important annual legume plant with a genome size of 738 Mb (Varshney et al., 2013). India stands as the world’s largest producer of chickpeas, contributing to 75% of the global production (Gaur et al., 2019). Recent advancements in genetic resource enhancement for chickpeas involve next-generation sequencing (NGS) initiatives, which have revolutionized genomics research. NGS has enabled cost-effective and rapid sequencing of chickpea genomes, unveiling thousands of genetic markers that hold immense potential for enhancing chickpea breeding (Varshney et al., 2019). Additionally, genomics research plays a pivotal role in identifying the specific genes governing vital traits in chickpeas, including drought, salinity, and heat tolerance (Bhat et al., 2020; Jha et al., 2021; Kumar et al., 2021).

The ongoing impact of climate change has brought significant changes in Indian agriculture, resulting in a shift toward chickpea cultivation in warmer regions (Mannur et al., 2019). This change has exposed chickpea crops to drought and heat stress, leading to yield penalties of up to 70%. In India, an increase in seasonal temperature of 1°C leads to a yield reduction of 474 kg/ha, and high temperatures (≥35°C) can lead to a 39% overall yield reduction in chickpeas (Jain et al., 2023). Also, as per the intergovernmental panel on climate change, the current rate of global warming is 0.2°C per decade and is predicted to touch 1.5°C between 2030 and 2050 (Mohanty et al., 2024). Such rising temperatures will lead to high heat stress and a severe threat to global food security by impacting yield losses of up to 10% to 15% in most of the food crops for every 1°C rise in the optimum temperature (Devasirvatham and Tan, 2018).

The intricate nature of heat stress tolerance, which involves multiple genes with pleiotropic and epistatic effects, presents a substantial challenge in breeding. Phenotypic evaluation in earlier studies has identified some heat-tolerant genotypes in chickpeas (Jha et al., 2022). However, there are no reports of screening chickpea landraces and wild germplasm found near the region of crop domestication [West Asia and North Africa (WANA) region] for heat stress tolerance. Most research on chickpeas to date has been centered on varietal evaluation for yield and growth traits at a specific developmental stage for heat stress tolerance. However, the expanding genomic resources have facilitated the identification of heat stress-responsive quantitative trait loci (QTLs) in chickpeas through QTL mapping and genome-wide association studies, using both mapping populations and natural germplasm collections (Kushwah et al., 2021). However, only a limited number of initiatives have successfully identified specific genes/alleles or significant QTLs that confer heat tolerance across a wide range of genetic backgrounds. Given the critical importance of developing heat stress-tolerant varieties in today’s context, the pursuit to identify potential and major genomic loci that regulate heat tolerance using the landraces can be a valuable strategy for heat stress breeding programs.

With this background and aim, the current study focused on the identification of QTLs for heat tolerance in 153 chickpea landraces. These landraces were selected to encompass a broad spectrum of genetic diversity and geographical origins. Our investigation focused on an in-depth exploration of growth traits, spanning from the flowering stage to harvestable maturity, employing robust phenotyping methodologies. Genome-wide association studies (GWASs) were conducted to delve into the interrelationships among various agronomic traits to identify the potential marker–trait association for heat stress tolerance.





Materials and methods




Plant material and experimental setup

The association panel under study comprised 153 diverse landraces along with one tolerant check variety JG14 in the current investigation, predominantly representing the centers of diversity for chickpeas in the WANA region. These landraces were procured from the chickpea molecular breeding laboratory, Division of Genetics, ICAR-Indian Agricultural Research Institute, New Delhi (Supplementary Table 1). Multi-environment trials (METs) were conducted at three distinct geographic locations, i.e., Amlaha, Dharwad, and Delhi, for the two consecutive years, 2021–22 and 2022–23 (Table 1). The trials encompassed two growing conditions, timely sown and late sown (30 days after the former). The experiment was meticulously designed using an alpha lattice design. Each genotype was replicated three times at each location. All the genotypes were randomly distributed and sown in plots with rows measuring 2 m in length, a plant spacing of 30 cm, inter-row spacing of 50 cm, inter-plot spacing of 1.5 meters, and a 2.0-m gap between replications. All the standard recommended package of practices was followed to raise a good chickpea crop in each location.


Table 1 | Details of sowing conditions, locations, and year of experiment along with abbreviations.







Phenotypic observations

The chickpea landraces were extensively phenotyped at all the locations for both the conditions for all the two years for recording the following quantitative traits: days to 50% flowering (DTF; number of days), days to maturity (DTM; number of days), plant height (PH; cm), biomass yield (BY; g/1 m of row), hundred-seed weight (HSW; g), plot yield (g/1 m of row), and harvest index (HI), which was calculated by dividing plot yield by biomass yield.





SNP genotyping

For high-throughput genotyping, DNA was isolated from leaves of 7-day-old seedlings grown under controlled conditions. The DNA extraction procedure followed the cetyl trimethylammonium bromide (CTAB) method originally described by Murray and Thompson in 1980 and modified by Kumar et al. (2013). To assess DNA quality, 0.8% agarose gel electrophoresis was used, and DNA samples measuring 30 ng/µL were selected for subsequent single-nucleotide polymorphism (SNP) genotyping. FASTQ files of all the genotypes having 64-bp sequences with barcode adopters and common adopters were sorted, and counted sequence tags were merged to TagCount files used to align to Reference genome CDC Frontier v1 and were used for TagsOnPhysicalMap (TOPM). Parallelly, Master TagCounts + original FASTAQ files determined the distribution of master tags among samples (taxa) to generate the TagsByTaxa (TBT) file. The combined TagsOnPhysicalMap (TOPM) + TagsByTaxa (TBT) file was used for calling and filtering SNP and updating TOPM with variants followed by the production of a ready TOPM file. Finally, the HapMap Format (hmp) was provided and used for the GWAS analysis after filtering and imputation. Genotyping by sequencing (GBS) was employed to obtain SNP marker data in the HapMap format, which comprised 16,892 SNPs. Subsequently, after filtering for monomorphic alleles and considering criteria such as a minor allele frequency (MAF) of less than 0.05, a missing data frequency exceeding 0.18, and a heterozygote frequency surpassing 0.20, a total of 4,530 SNPs were retained for the subsequent GWAS analysis using TASSEL 5.0 (Bradbury et al., 2007).





Data analysis

The phenotypic data generated in multi-location trials (MLTs) under different conditions were analyzed using the R package agricolae version 1.3-6. The comprehensive analysis includes ANOVA and adjusted means for each genotype based on the alpha lattice design. Principal component analysis (PCA) was carried out using the R package FactoMineR version 2.4. The graphical representation of the PCA results was generated using the R package factoextra version 1.0.7 (Kassambara, 2020). Furthermore, Pearson’s correlation coefficients were computed to assess the relationships among the studied traits, and visual representations of these correlations were constructed using the R package corrplot (Wei et al., 2017).

For effective analysis of genotypic data, a total of 4,530 SNPs, evenly distributed at approximately 1-Mb intervals across the genome, were filtered and utilized to assess the population structure using the STRUCTURE version 2.3.4 (Pritchard et al., 2010). The analysis was conducted with the following specific parameters: 100,000 burn-in cycles and 100,000 Markov chain Monte Carlo (MCMC) with three iterations performed for each k value ranging from 1 to 10. The optimal number of subpopulations (delta K) was determined using the Evanno (Evanno et al., 2005) method outlined by Structure Harvester (http://taylor0.biology.ucla.edu/structureHarvester/). In the context of cluster analysis, a distance matrix was generated using TASSEL version 5. Subsequently, a neighbor-joining (NJ) tree file in Newick format was exported to iTOL version 6.5.2 (accessible at https://itol.embl.de/). This allowed us to create a dendrogram using the neighbor-joining method. PCA and kinship analysis based on SNP markers were carried out using the GAPIT (Lipka et al., 2012). Graphical representation of the genetic position of MTA-QTLs was carried out using MapChart 2.3 (https://www.wur.nl/en/show/mapchart.htm).





Association mapping analysis

We computed the r2 values for 4,530 pairs of SNP markers, then filtered them focusing on pairs within each chromosome, and created a linkage disequilibrium heat map to identify significant linkage disequilibrium (LD) block and its size, which falls diagonally in the heat map at a p-value of 0.001. We generated a whole genome and sorted for individual chromosomes by utilizing TASSEL version 5. Subsequently, we used these files to generate LD decay curves for all eight chromosomes individually and for the entire genome. To estimate the sizes of LD blocks, we plotted the r2 values against the distance in base pairs (bp) while setting a threshold at r2 = 0.2 and recorded the distance at which LD decay reached its midpoint. For the genome-wide association analysis, we utilized the 4,530 SNP markers along with the adjusted mean and best linear unbiased prediction (BLUP) values obtained from META-R (Multi Environment Trial Analysis with R for Windows) version 6.0 in linear mixed models. These models estimated random effects for each trait, and we analyzed them using GAPIT version 3 in R with PCA 3 as a default parameter (Wang & Zhang, 2021). We chose the BLINK (Bayesian-information and linkage-disequilibrium iteratively nested keyway) model for its computational efficiency and ability to avoid false positives in identifying quantitative trait nucleotides (QTNs) (Huang et al., 2019; Zhou et al., 2023), as it considers computationally efficient fixed effect model (FEM) and avoids computationally expensive random effect model (REM). To evaluate the quality of the association model fitting, we employed a quantile–quantile (Q–Q) plot, which compared the expected and observed −log10(p) values. To ensure stringency in our selection of marker–trait associations (MTAs), we applied the Bonferroni correction. This entailed establishing a significance threshold at −log10(p) value of 0.05 divided by the total number of markers, which was 4,530, in order to minimize the risk of false positives. We visualized these significant MTAs using a Manhattan plot. We also identified stable MTAs across different locations. Moreover, we pinpointed pleiotropic SNPs, which were associated with multiple traits simultaneously. To further explore the potential candidate genes linked to these significant SNPs, we conducted a search for gene-coding regions within a 100-kb flanking region of the MTAs. We performed this search against the NCBI Reference genome ASM33114v1, which has a size of 530.8 Mb. We utilized the pulse database for chickpea (https://www.pulsedb.org/blast/report/) for annotating these significant QTNs.






Results




Phenotypic variability in chickpea landraces

The pooled analysis of variance indicated a significant difference between the studied traits for genotype, treatment, season, location, genotype by treatment, and treatment by location. Furthermore, we noticed the genotype by treatment by location was non-significant for DTF, DTM, and HSW (Table 2). The frequency distribution curve indicated the normal to near-normal distribution for the majority of the traits under normal timely sown and late-sown conditions (Figure 1; Supplementary Figure 1). We performed the Shapiro–Wilk test to prove this statement. p-Value ≥0.05 is considered a normal distribution, ≥0.001 is a near-normal distribution, and ≤0.001 is a non-normal distribution.


Table 2 | ANOVA mean sum of squares of each trait tested under study.






Figure 1 | Frequency distribution plot yield (g) (PY) conducted under timely and late conditions in consecutive years 2021 and 2022.



The mean values for the traits exhibited significant variations across locations. Under normal sown conditions across locations, environmental variation ranges from 4.73 for DTM_DN2021 to 82,184.86 for the (BY_DeN2022) trait. The genotypic variation ranges from 3.05 for DTM_DeN2021 to 76,340.1 for the BY_DN2021 trait. While phenotypic variation ranges from 18.01 for HSW_DeN2021 to 140,100.4 for BY_AN2022. The broad-sense heritability ranges from 7.75% (HI_DeN2022) to 95% (DTM_DN2021), and genetic advance ranges from 1.21 (DTM_DeN2021) to 501.94 (BY_DN2021). Notably, under late-sown conditions, we observed the highest phenotypic variation for traits such as biological yield, plot yield, and harvest index. This was coupled with broad-sense heritability figures ranging from 13.24% (for BY_DL2022) to 93% (for DTM_DL2021). We observed that the genotypic mean square for HI_DeN2022 was non-significant, but all the remaining traits show significant differences at p < 0.001 (Supplementary Table 2).





Phenotypic correlation and PCA

Pearson’s correlation coefficient calculated for the traits for both conditions indicated a positive correlation among the traits such as plot yield (PY), BY, and HI across various locations. However, PY showed a negative correlation with DTM (p < 0.05) and exhibited non-significant correlations with PH, DTF, and HSW under normal sown conditions across different locations. In the late-sown condition, we observed negative correlations between DTF and DTM with PY, while PY showed non-significant correlations with HSW (Supplementary Figure 2). The PCA under the normal sown conditions of Amlaha in 2021 showed that the first principal component explained 27.54% of the variation. The primary contributors to this component were BY and PY. Meanwhile, the second dimension, which accounted for 24.7% of the variation, was influenced by traits like PH and DTF, with additional contributions from HSW and HI. In the third dimension, HSW and HI played significant roles, contributing to the variation. DTM had an impact on the fifth dimension. Notably, BY and PY were closely clustered together in the analysis, forming an acute angle, which indicated a positive correlation between these two traits. However, HSW, DTF, DTM, and PH clustered together at an acute angle but had a straight angle with HI, suggesting a negative correlation between HI and HSW, DTF, DTM, and PH traits. Similarly, we observed that DTM and DTF were negatively correlated to HI and PY where an angle of 180° between coordinate lines contributed to PC1 of 39.6%, similar to BY and HSW under the late-sown condition of Amlaha 2021. PCA in Amlaha 2022 indicated that dimension 1 explains 26.6% and 38.1% with dimension 2 explaining 21.8% and 21.1% for normal and late-sown conditions, respectively. In Delhi 2021, under controlled conditions, dimension 1 accounted for 37.9% of the variance, and dimension 2 for 21.3%. For late conditions, dimension 1 explained 34.9%, and dimension 2 explained 17.9%. In Delhi 2022, for timely sowing, dimension 1 explained 29.5%, while dimension 2 explained 23.8%. For late sowing, dimension 1 explained 36.9%, and dimension 2 explained 18.8%. For Dharwad 2021, under controlled conditions, dimension 1 contributed to 27.2% of the variance and dimension 2 to 24.8%. For late conditions, dimension 1 explained 36.5%, and dimension 2 explained 22.4%. In Dharwad 2022, for timely sowing, dimension 1 accounted for 29.9%, and dimension 2 for 21.9% of the variance. For late sowing, dimension 1 explained 37.4%, and dimension 2 explained 19.2% (Supplementary Figure 3).





Genome-wide SNP marker distribution

After initial analysis of 16,892 SNP markers across 153 genotypes, 4,530 SNP markers were retained after filtering. An in-depth analysis of genome-wide SNP markers revealed the following distribution across the genome: chromosome 1 (664 SNPs), chromosome 2 (469 SNPs), chromosome 3 (476 SNPs), chromosome 4 (1133 SNPs), chromosome 5 (342 SNPs), chromosome 6 (615 SNPs), chromosome 7 (579 SNPs), and chromosome 8 (252 SNPs) (Table 3). The numbers of SNP markers distributed over each chromosome are graphically depicted through an SNP markers density plot (Figure 2).


Table 3 | Chromosome-wise SNP distribution in chickpea genome (n = 8).






Figure 2 | SNP density plot indicating the distribution of filtered SNPs across chromosomes. SNP, single-nucleotide polymorphism.







Analysis of SNP marker distribution, population diversity, and linkage disequilibrium

Population structure analysis revealed the best ΔK vs. K-value to be 2, indicating the presence of two distinct subpopulations within the GWAS panel (Figures 3A, B). Subpopulation 1 comprised 33.33% (51) of total genotypes, while Subpopulation 2 consisted of 50.32% (77) of total genotypes, and 16.33% (25) of total genotypes were classified as part of the admixture population (Supplementary Table 3). This finding was corroborated by PCA based on SNP marker data, which also depicted two distinct clusters (Figure 3C), reinforcing the presence of two subpopulations. Additionally, kinship and neighbor-joining cluster analyses also supported the presence of these two clusters (Figures 3D, E). LD between marker pairs was determined using r2 values, and LD decay plots were created by plotting r2 values against genetic distance in base pairs (bp). A significant LD block size of 0.14 Mb (140 kb) was observed across the entire genome, indicating that SNPs within this block exhibit strong linkage disequilibrium. For individual chromosomes, LD decay varied, with chromosome 5 displaying the highest decay at 0.01 Mb and chromosome 6 exhibiting a lower decay rate with a block size of 0.30 Mb (Figure 4).




Figure 3 | Population in the GWAS panel from model. (A) Population structure-based grouping of genotype from STRUCTURE analysis. (B) K vs. ΔK of structure harvest. (C) The 2D plot of the principal component-based grouping. (D) Neighbor-joining tree-based diversity. (E) Heat map of pairwise kinship matrix. GWAS, genome-wide association study.






Figure 4 | Whole-genome and individual chromosome-wide linkage disequilibrium (LD) decay in the GWAS panel. GWAS, genome-wide association study.







Genome-wide association study

For the GWASs, BLUP values were analyzed for individual traits and conditions for both the years separately and combined across locations, years, BLUPs, and the overall BLUPs across treatments of locations. A total of 75 unique MTAs were identified above ≥−log10 (4.00) for all traits at a cut-off p-value of <0.05 as a Bonferroni correction for stringent selection [−log10(p) > 4.95]. After this correction, only 27 highly significant MTAs (Table 4; Supplementary Table 4) were found. Out of 27 MTAs, 10 MTAs for BY, one for DTF, six for DTM, two for HI, five for HSW, and three for PY were retained, and they were depicted using Manhattan and Q–Q plots (Figure 5; Supplementary Figures 4A, B). Common SNP was observed for marker Ca2:2311917 for HSW under Delhi 2021 under normal conditions, under Amlaha normal condition of season 2022, and Amlaha normal condition, which was combined BLUP of across location on chromosome 2 at 2.31-Mb location with −log10(p) ranging from 7.09 to 8. Additionally, another significant SNP, Ca4:8669498, was associated with HSW and was observed in both Amlaha 2022 and Dharwad 2021 under normal sown control conditions. The SNP Ca6:10230657 shows the pleiotropic effect for BY and PY on chromosome 6 at 10.23-Mb physical location with −log10(p) ranges from 5.06 to 6.44 under Dharwad 2022, Amlaha 2021, Dharwad 2022(PY) and by across-treatment BLUP (Supplementary Figure 4B). Similarly, pleiotropic effects and cross-confirmations were noted for SNPs Ca7:41673233 and Ca8:10963827 (Supplementary Table 4), while chromosomes 2, 3, and 6 had a maximum number of MTAs (6) to lowest (1) on chromosome 5 (Figure 6; Supplementary Figure 5).


Table 4 | Significant marker–trait associations (MTAs) with a Bonferroni-corrected p-value [−log10(p) > 4.95] for traits under study at individual environment.






Figure 5 | Manhattan and respective quantile–quantile (Q–Q) plots of significant associations for studied traits using individual BLUPs. BLUP, best linear unbiased prediction.






Figure 6 | Distribution and position (in Mb) of identified marker–trait associations (MTAs) at their respective chromosome with associated traits over the seasons on chickpea chromosomes for plot yield (black), BY (green), DTF (brown), DTM (red), HI (purple), and HSW (cyan). BY, biomass yield; DTF, days to flowering; DTM, days to maturity; HI, harvest index; HSW, hundred-seed weight.







Allelic effects of identified genomic regions on respective phenotypes

Twenty-seven major MTAs were analyzed to determine the range of phenotypic variations for all traits (Figure 7; Supplementary Figure 6). Boxplots display the phenotypic values associated with reliable QTNs that exhibit significant effects (p < 0.01) on their corresponding traits. The landraces should be categorized into two groups based on whether they carry the superior or inferior allele for each QTN. The x-axis of the plot represents the two allele types for each QTN, while the y-axis depicts the phenotypic values. Association panel genotypes were divided into two classes according to allele types. It was observed that all 27 QTNs demonstrated a significant effect on respective traits (p ≤ 0.01). Among these, marker Ca2:2311917 at Chr2 was pleiotropic for HSW_DN2021, HSW_AN2022, and HSW_AN. These significant associations suggest their plausible role in determining heat-tolerant traits.




Figure 7 | Allelic effects of selected MTAs identified in multiple locations for the studied traits under study. MTAs, marker–trait associations.







Putative candidate genes associated with MTAs

After rigorous selection criteria were applied, a total of 27 MTAs were identified and retained. To explore potential candidate genes associated with these MTAs, a search was conducted within a 100-kb region flanking each MTA considering LD decay of 140 kb. This search utilized sequence information obtained from the SNP markers and their genome position, which were identified through a BLAST search in PulseDB (Pulse Database) against the respective individual chromosomes of chickpeas. The identified marker Ca1:270126601 for trait BY_AL2022 at 27.01 Mb was found in or near probable coding regions that code for Protein MADS AFFECTING FLOWERING 5 of ortholog Arabidopsis thaliana and Medicago truncatula with Squamosa promoter-binding-like protein 12 and S-adenosylmethionine synthase ortholog of C. arietinum. Pentatricopeptide repeat-containing protein, subtilisin-like protease SDD1, and UDP-glycosyltransferase 43 also showed lineage with chickpeas (Zhang et al., 2020). Trait DTF_AL2021 of marker Ca1:6257653 codes for Cytochrome b561, DOMON domain-containing protein, auxin-induced in root cultures protein 12, heterogeneous nuclear ribonucleoprotein 1, and pentatricopeptide repeat-containing protein and also codes for Scarecrow-like protein 13. Another marker, Ca2:18671666, for trait DTM_DL2021 probably codes for GH3 auxin-responsive promoter and Fe(2+) transport protein 1. Marker Ca2:2311917 associated with HSW_DN2021, HSW_AN2022, and HSW_AN traits were annotated for linked genes deoxynucleoside triphosphate triphosphohydrolase SAMHD1 homolog and protein farnesyltransferase subunit beta ortholog of Pisum sativum and Glycine max (Supplementary Data 1).






Discussion

Chickpea is an important dietary legume crop of arid and semi-arid regions and holds a prominent position as an economical source of protein-rich food. However, the potential yield of chickpeas faces significant challenges due to high-temperature stress at various growth stages. This stress has adverse effects on factors such as pollen viability, pollen germination on the stigma, pollen tube growth, and poor pod formation, ultimately affecting its yield potential. To combat these problems, it is imperative to gain a thorough understanding of the genomic regions that influence the heat-tolerant abilities of chickpeas. This knowledge is essential for developing specific varieties that are highly resilient to heat stress while exhibiting higher yields. In earlier studies, QTL-hotspot regions associated with drought tolerance and related traits were successfully introgressed to enhance the drought resistance of elite crop varieties through marker-assisted backcross (MABC) breeding (Bharadwaj et al., 2021). For such purposes, the identification of markers linked to the target traits is a fundamental requirement. Therefore, in this study, we sought to identify MTAs, linked to yield and yield-related traits under heat stress conditions, using germplasm collected from the WANA region.

Analysis of variance for all the studied traits (except HI under normal sown conditions in 2022) in each year indicated significant variability among these traits. This variability is a crucial prerequisite for conducting genetic studies and implementing breeding programs. Notably, there was significant genetic variability observed for the tested traits under both normal and heat stress conditions in both years (Jha et al., 2022). Higher trait values were observed in normal sown conditions as compared to late-sown conditions, such as DTF and DTM with the lowest mean values as stable across seasons and locations and higher values for all other traits studied considered under this study; for example, genotype IG5866 was stable under normal timely sown condition, or PY and ILC8666 were stable under late-sown condition (Supplementary Table 6). It is important to consider that PY and BY are complex traits characterized by a quantitative pattern of inheritance and susceptibility to environmental influences, including season and treatment due to soil nutrient conditions. Furthermore, when evaluating phenotypic characteristics, it was observed that the phenotypic coefficient of variation (PCV) and broad-sense heritability were notably higher for PY and BY when compared to the HI. Among the studied traits, DTM consistently exhibited high heritability across all 12 environments, followed by HSW (Hussain et al., 2021). It is worth noting that the heritability of PY varied from low to medium, spanning a wide range from 16.66% in Delhi under normal conditions in 2022 to 76% in Delhi under late conditions in 2021 (Paul et al., 2018). A significant positive correlation between grain yield and high heritability along with high genetic variability and fewer yield losses under optimal conditions are essential for a characteristic to be expressed as a heat-tolerant marker (Maqbool et al., 2017; Chandora et al., 2020). Interaction ANOVA showed a significant variation (p < 0.001) for all tested traits by considering genotype, treatment, season, replication, location, replication by block, genotype by location, genotype by treatment, treatment by location, and genotype by treatment by location. However, DTF, DTM, and HSW were non-significant for genotype by treatment by location and DTM for genotype by location, as these traits showed higher broad-sense heritability as near qualitative nature of traits, and traits DTM and HI were non-significant for replication within the block due to lower phenotypic variation for these traits influenced less by soil heterogeneity across location and treatments.

It was observed that Pearson’s correlation coefficient was found positive between PY, BY, and HI under all the treatments across the locations. Notably, PY showed a non-significant correlation with HSW and negative in Delhi 2022 late condition along with PH p < 0.05. This is because the association mapping (AM) panel predominantly consists of kabuli type, which is bold seeded, hence increasing the weight of seeds, and the costing number of seeds leads to independent contribution toward plot yield. Sandhu et al. (2012) observed a negative correlation that is due to the effect of heat stress hampering seed weight and ultimately yield. PCA shows that the component traits such as PY, BY, and HI predominantly contributed to PC1. These traits exhibited parallel trends and clustered together consistently across various locations and treatment conditions. Traits influenced by additive gene action and showing positive correlations can be collectively and efficiently improved irrespective of environmental influences (Borah et al., 2018).

GWAS panels were grouped into two sub-groups with 25 admixtures, clearly indicating the WANA region’s representativeness and relatedness. The LD decay over genetic distance in a population indicates the requirement of a marker density to capture the markers close enough to the causal loci (Flint-Garcia et al., 2003; Danakumara et al., 2021). A large LD block size of 0.14 Mb was found for the whole genome. However, a slow rate of LD decay was observed for chromosome 6 at 0.30 Mb followed by chromosomes 3 and 4 at 0.16 Mb size, whereas faster LD decay on chromosome 5 of 0.01 Mb size was observed (Figure 4) (Sokolkova et al., 2020). A higher LD was observed in chickpeas due to low effective recombination rates as compared to cross-pollinated crops (Niu et al., 2019; Samineni et al., 2022). The extent of LD decay in the association panel of chickpeas was observed at 200–300 kb (Basu et al., 2019) and 5 cM in the chickpea reference set (Thudi et al., 2014). The extent of LD can vary due to the complexity and size of the genome and marker number (Valdisser et al., 2017). The LD may vary in different populations because of population size, genetic drift, admixtures, selection, mutation, non-random mating, mode of pollination, gene-rich region, and recombination frequency (Vos et al., 2017).

A genome-wide association study was conducted using the BLINK model within the GAPIT package, which is considered superior for identifying QTNs and minimizing the occurrence of false positive associations as the most reliable method (Huang et al., 2019). A total of 27 significant MTAs were identified with a p-value threshold of <0.05. This rigorous approach was taken to increase the stringency of selection and reduce the likelihood of false positive results, and it involved applying a Bonferroni correction. In this analysis, a total of 22 individual markers were found to be significantly associated with the traits of interest (Kaler and Purcell, 2019). Recent advancements in the sequencing and annotation of the chickpea genome have provided valuable insights into the identification of candidate genes within the genomic regions pinpointed through GWAS. These candidate genes are believed to play a role in modulating the variation observed in heat-responsive traits (Srungarapu et al., 2022). We compiled a table of candidate genes located within 100-kb regions surrounding the identified MTAs, which included information such as their start and stop positions, InterPro IDs, gene ontology (GO) terms, and accessions, as well as the probable proteins they encode. In the genomic regions associated with linked SNP markers for PY, an MTA on chromosome 3 at 15.5 Mb was previously reported by Kalve et al. (2022). However, the remaining MTAs were novel findings specific to our study. For instance, SNP marker Ca1:27012660, linked to BY_AL2022, was located near candidate regions encoding a sucrose non-fermenting 4-like protein ortholog of A. thaliana. Through in silico analysis, we identified coding regions in the vicinity of Ca1:27012752 to Ca1:27025275 on chromosome 1. These regions also encoded a pentatricopeptide repeat-containing protein orthologous to A. thaliana. This protein has been recognized as important for resistance against both biotic and abiotic stresses in Oryza sativa (Qiu et al., 2021). Moreover, mQTL-seq analysis revealed a functionally relevant candidate gene within a major QTL region governing pod number in chickpeas. This gene belongs to the pentatricopeptide repeat (PPR) family and exhibits over 80% sequence conservation with its Arabidopsis ortholog, At1g52620 (Das et al., 2016). Additionally, our investigation identified genes such as pentatricopeptide repeat-containing proteins and serine threonine protein kinases, both of which have well-established roles in seed development across various crop species (Li et al., 2014). These findings shed light on the potential involvement of these genes in stress management and nutrient content regulation within chickpea grains.

The MTA associated with DTM for the year 2021 is linked to marker Ca2:18671666. This marker likely encodes the indole-3-acetic acid–amido synthetase GH3.1 ortholog, which has similarities to its counterparts in A. thaliana and Solanum lycopersicum. Furthermore, expression profiling studies have indicated the diverse roles of GH3 genes in various aspects of development and responses to abiotic stress in leguminous crops like chickpeas. Notably, genes such as CaGH3-3 in chickpeas; GmGH3-8 and GmGH3-25 in soybean; and LjGH3-4, LjGH3-5, LjGH3-9, and LjGH3-18 in Lotus were found to be upregulated in root tissues. This suggests their potential involvement in root development processes. Moreover, certain GH3 genes, specifically CaGH3-1 and CaGH3-7 in chickpeas, as well as MtGH3-7, MtGH3-8, and MtGH3-9 in Medicago, exhibited high levels of induction under conditions of drought and/or salt stress (Singh and Jain, 2014). A common MTA for HSW_HSW_DN2021, HSW_AN2022, and HSW_ANP is a putative disease resistance protein ortholog of Solanum bulbocastanum and M. truncatula with the marker location ranging from Ca2.2322855 to Ca2.2323917, which is also encoded to deoxynucleoside triphosphate triphosphohydrolase, SAMHD1 homolog, ortholog of Dictyostelium discoideum, and G. max effects on the control of cell proliferation and apoptosis (Felip et al., 2022). Trait DTM_AL2021 with marker Ca2:31252891 association encodes cation/H(+) antiporter 15 ortholog of A. thaliana and M. truncatula role as universal stress protein domain containing drought-responsive genes in pigeon pea (Cajanus cajan L.) (Sinha et al., 2015). Trait BY_AN2021 with marker Ca3:10159944 encodes probably inactive leucine-rich repeat receptor-like protein kinase role (LRR-RLK) as represents the largest group of RLKs in plants and plays vital roles in plant growth, development, and the responses to environmental stress (Song et al., 2022). Trait BY_AL2022 of SNP Ca3:171579 encodes to tetraketide alpha-pyrone reductase 1 ortholog of A. thaliana and dihydroflavonol-4-reductase as ortholog of M. truncatula and has a role in fatty acyl-CoA ester synthesis. Trait BY_AL is associated with marker Ca3:23273262 encoded by ATP-dependent helicase and HI_N marker Ca3:37444451 that encodes for aspartic proteinase ortholog sequence of O. sativa subsp. japonica and M. truncatula as reported recently by Varshney et al. (2019) using a dataset of 3.65 million SNPs derived from the resequencing of 429 chickpea germplasms collected globally. Additionally, several potential candidate genes were highlighted in their investigation, including TIC, REF6, aspartic protease, cc-NBS-LRR, and RGA3. These genes were found to play crucial roles in conferring tolerance to both heat and drought stress conditions. Furthermore, the identified MTAs and genomic regions were recognized as stable controllers of traits related to pods per plant, yield, and phenological traits (Rani et al., 2020). Trait DTM_AL2021 with SNP Ca3:39084979 marker linked to AT-hook motif nuclear-localized protein 14 role as AT-hook motif nuclear localized (AHL) gene family is a highly conserved transcription factor critical for the growth, development, and stress tolerance of plants (Zhang et al., 2023). Marker Ca4:5907421 for trait HI_AN2022 codes likely proteins as dormancy-associated protein homolog 3 ortholog of A. thaliana and M. truncatula, as its over-expression of glucose-6-phosphate/phosphate translocator 2 (GPT2) was investigated in chickpea leaves with roles as heat tolerance. Also, transgenic A. thaliana over-expressing metallothionein 1 (MT1) gene of desi chickpea was subjected to transcriptome analysis, and it drought tolerance was evaluated in 7-day-old plants (Kumar et al., 2022). Trait PY_DN2021 with SNP Ca4:6352125 relates to glycogen synthase kinase-3 homolog and shows genome-wide identification and expression analysis of glycogen synthase kinase encoding genes in foxtail millet (Setaria italica L.) under salinity, dehydration, and oxidative stress (Singh et al., 2023). Marker Ca4:8669498 for HSW_DN2021 and HSW_AN2022 codes for probable disease resistance RPP8-like protein 4. Similarly, trait DTM_AL2021 with marker Ca5:40828566 codes for methionine gamma-lyase ortholog sequence of A. thaliana and cystathionine gamma-lyase of ortholog M. truncatula; methionine gamma lyase maintains the equilibrium of isoleucine in a variety of plants under different environmental conditions such as drought (Joshi and Jander, 2009; Khan et al., 2019). Pleiotropic marker Ca6:10230657 for traits BY_N, BY_DN2022, BY_AN2021, and PY_DN2021, which codes serine/threonine-protein phosphatase PP2A catalytic subunit, is involved in several physiological responses in plants, playing important roles in developmental programs, stress responses, and hormone signaling. Six PP2A catalytic subunits (StPP2Ac) were identified in cultivated potato (Muñiz García et al., 2022). Trait BY_AN2021 associated with marker Ca6:9109096 codes for magnesium transporter MRS2-4A root-expressed magnesium transporter of the MRS2/MGT gene family in A. thaliana and allows for growth in low-Mg2+ environments (Gebert et al., 2009). Also, trait BY_AN2021 with marker Ca6:9109096 codes for 2Fe-2S ferredoxin-type domain participates in numerous biological processes, including carbon fixation, nitrogen assimilation, chlorophyll metabolism, and fatty acid synthesis, and it contributes to plant resilience against heat stress (Meng et al., 2022). Traits PY_DN2022, BY_N, and BY_DN2022 with marker Ca7:41673233 codes for β-galactosidase-like protein ortholog of M. truncatula-related proteins, including β-galactosidase, glucanase, sucrose synthase, cystathionine gamma-synthase, 1-aminocyclopropane-1-carboxylic acid oxidase, abscisic acid β-glucosyltransferase, and late embryogenesis abundant proteins, which all impart heat stress tolerance in chickpeas (Parankusam et al., 2017). Ca7:41673233 also codes for phosphatidylinositol-4-phosphate 5-kinase, and its role as heat shock triggers phospholipid-based signaling pathways (Yadav et al., 2017).Traits DTM_DL2021 and DTM_AL2022 of marker Ca8:10963827 code for pentatricopeptide repeat-containing protein ortholog sequence of A. thaliana and M. truncatula function as exposure to heat stress; the gene expression pattern was significantly altered in relation to various key factors such as heat shock proteins (HSPs), ubiquitin-protein ligases, transcription factors, and pentatricopeptide repeat-containing proteins. Notably, several genes were found to exhibit significant changes in their expression levels. Specifically, genes encoding heat shock proteins (CL2311.Contig3 and CL6612.Contig2), cytochrome P450 enzymes (CL4517.Contig4 and CL683.Contig7), and basic helix-loop-helix transcription factors (bHLH TFs) (CL914.Contig2 and CL8321.Contig1) showed distinctive induction patterns following 4 days of exposure to heat stress (Wang et al., 2019). The candidate regions we investigated contained a significant number of genes, most of which have been recognized for their vital contributions to plant development. Many of these genes have closely related counterparts in other species, and extensive research on these counterparts has provided valuable insights into their functions. Our analysis, which included assessing gene expression and applying gene ontology, pinpointed specific genes with elevated expression levels, shedding light on their roles within cellular organelles. To gain a deeper knowledge of this genomic region and its potential significance, future research could delve into detailed investigations of each identified region.





Conclusion

Past efforts have successfully utilized drought-related QTL-hotspot regions to enhance drought tolerance in elite chickpea varieties through marker-assisted backcross breeding. To achieve this, the identification of markers linked to the trait of interest is crucial. In this study, we employed a diverse mapping panel to identify MTAs related to yield and yield-related traits under heat stress. Our analyses revealed significant genetic variability for the tested traits under both normal and heat stress conditions, laying the foundation for genetic studies and breeding programs. Phenotypic coefficients of variation and broad-sense heritability were relatively high for yield-related traits, indicating their suitability as potential heat tolerance markers. Additionally, we observed significant interactions between genotypes, treatments, seasons, locations, and other factors, reflecting the complex nature of these traits. Pearson’s correlation coefficients indicated positive relationships between yield traits and harvest index across most treatments and locations. However, we observed some negative correlations due to specific seed characteristics and the impact of heat stress on seed development. Principal component analysis highlighted the importance of yield-related traits in explaining variation across locations and treatments. The LD analysis demonstrated a slow LD decay across the chickpea genome, indicating extended LD blocks and low effective recombination rates, which is a characteristic of self-pollinated crops. Through GWASs using the BLINK model, we identified 27 significant MTAs linked to various traits associated with heat stress tolerance. These MTAs can serve as valuable targets for further research and breeding efforts. Notably, we identified candidate genes near these MTAs, and we further explored candidate genes situated near these MTAs, shedding light on the molecular mechanisms governing heat stress tolerance and yield enhancement in chickpeas such as indole-3-acetic acid–amido synthetase GH3.1 with GH3 auxin-responsive promoter and pentatricopeptide repeat-containing protein. These identified MTAs and associated candidate genes serve as valuable assets for breeding programs dedicated to crafting resilient chickpea varieties in the face of climate change. Trait HI associated with marker Ca3:37444451 encodes aspartic proteinase ortholog sequence of O. sativa subsp. japonica and M. truncatula, contributing to heat and drought tolerance as stable significant MTAs/genomic regions controlling yield trait. These genes have the potential to be integrated into the well-performing but heat- and drought-sensitive popular chickpea cultivars, which ultimately contribute to improved chickpea crop performance under adverse environmental conditions. The insights gained pave the way for future breeding endeavors, ultimately contributing to global food security.
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Doubled haploid (DH) line production through in vivo maternal haploid induction is widely adopted in maize breeding programs. The established protocol for DH production includes four steps namely in vivo maternal haploid induction, haploid identification, genome doubling of haploid, and self-fertilization of doubled haploids. Since modern haploid inducers still produce relatively small portion of haploids among undesirable hybrid kernels, haploid identification is typically laborious, costly, and time-consuming, making this step the second foremost in the DH technique. This manuscript reviews numerous methods for haploid identification from different approaches including the innate differences in haploids and diploids, biomarkers integrated in haploid inducers, and automated seed sorting. The phenotypic differentiation, genetic basis, advantages, and limitations of each biomarker system are highlighted. Several approaches of automated seed sorting from different research groups are also discussed regarding the platform or instrument used, sorting time, accuracy, advantages, limitations, and challenges before they go through commercialization. The past haploid selection was focusing on finding the distinguishable marker systems with the key to effectiveness. The current haploid selection is adopting multiple reliable biomarker systems with the key to efficiency while seeking the possibility for automation. Fully automated high-throughput haploid sorting would be promising in near future with the key to robustness with retaining the feasible level of accuracy. The system that can meet between three major constraints (time, workforce, and budget) and the sorting scale would be the best option.
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Introduction

Hybrid cultivars are common in maize as they produce stable and high yields. Traditional methods for developing homozygous inbred lines as parental lines of hybrids require six to eight generations to fully benefit from heterosis (Hallauer et al., 2010). The timeline might be extended for several more years since further yield trials of hybrids have to be accomplished prior to varietal release. Doubled haploid (DH) technology reduces the time constraint by rapid development of fully homozygous inbred lines within two generations only. Thus, it enhances the genetic gain per unit time and supports requirements for varietal registration such as distinctness, uniformity, and stability (Geiger and Gordillo, 2009).

In vitro and in vivo methods are available to produce DH lines. In vitro methods use anther or microspore culture to develop haploids, while in vivo methods use maternal or paternal haploid induction (Geiger and Gordillo, 2009; Seguí-Simarro et al., 2021). In vitro methods have shown strong genotype dependency in maize, which makes it unfeasible for routine use in maize breeding programs. As a result, in vivo haploid induction is commonly used in the development of maize DH lines today, given its reliability and efficiency for large-scale production of DH lines (Chaikam et al., 2019). In general, the production of DH lines via in vivo maternal induction system involves four general steps: (1) induction of haploid seed, (2) identification of haploids, (3) haploid genome doubling, and (4) self-pollination of doubled haploids. The details of these steps have been reviewed by Chaikam et al. (2019) and Maqbool et al. (2020). For the first step, maternal haploid induction requires elite haploid inducers. Specific male genotypes are needed with the capability to generate haploid seed in induction crosses with donor germplasm. Elite haploid inducers with high haploid induction rate and adaptation to local environments are suggested to improve the efficiency of DH technology (Prasanna, 2012). A list of available maize haploid inducers with different haploid induction rates was included in Liu et al. (2016). In addition, breeding strategies for developing maize haploid inducers have been reviewed by Trentin et al. (2020).

To date, the highest haploid frequencies of modern haploid inducers across donor populations range from 10 to 15% (Liu et al., 2016), indicating that up to 75 haploids could be obtained from roughly 500 seeds of typical F1 or F2 donor ears. Since those inducers still produce a relatively small fraction of haploid seed, haploid identification is critically important. Classical techniques like determination of stomata size and density, chromosome counting, and flow cytometry are accurate but laborious, costly, and time-consuming. Genetic markers like R1-nj mediated kernel and embryo coloration (Nanda and Chase, 1966) are embedded in most haploid inducers to facilitate visual haploid sorting at the kernel stage. However, misclassification due to false discovery or false negatives must be considered. Other biomarkers including Pl-1 mediated red roots (Rotarenco et al., 2010), kernel oil content (Melchinger et al., 2013), and transgenic markers (Yu and Birchler, 2016), were introduced to improve the accuracy of haploid selection (Figure 1). This review (i) summarizes available methods for haploid induction in major cereal crops, including maize, (ii) provides background on innate differences between haploids and diploids, (iii) summarizes available methods for haploid identification in maize including cytological and molecular methods, biomarkers integrated in haploid inducers including transgenic markers, and (iv) gives an outlook for the perspective of automated haploid sorting.




Figure 1 | The schematic way of different methods of haploid identification in maize.







Haploid induction

Two major methods to produce haploids in major cereal crops are available, including in vitro tissue culture and in vivo genetic induction (Figure 2). In vivo genetic induction can be accomplished through wide hybridization, centromere modification via centromeric histone H3 (CENH3), and mutation via Indeterminate gametophyte 1 (Ig1)-mediated paternal system and MTL/ZmPLA1/NLD and ZmDMP-mediated maternal system. All methods discussed in this section should be able to induce maize haploids, except for the wide hybridization.




Figure 2 | Haploid induction in major cereal crop species, including in vitro and in vivo methods.






In vitro culture

In vitro culture has two approaches for creating haploids: gynogenesis and androgenesis. Gynogenesis involves culturing either unpollinated or pollinated ovules, while androgenesis involves culturing anthers or microspores. In vitro gynogenesis is more effective for crops where anther culture and wide hybridization are not possible (Forster et al., 2007). However, lower embryo production rates have limited its practical use in crop breeding (Tang et al., 2006). In contrast, in vitro androgenesis is more favorable for inducing haploids in maize (Zheng et al., 2003). The complete protocol to induce maize haploids by in vitro culture of pollinated ovaries (gynogenesis) can be found in Tang et al. (2006). Meanwhile, the procedure for haploid induction via in vitro culture of microspores (androgenesis) is available in Zheng et al. (2003). Although attempts have been made (Niazian and Shariatpanahi, 2020), strong genotype dependence and a high possibility of mutations during the culture process make in vitro culture challenging for maize. The other limitations include the need for special skills for accurate anther staging, anther pretreatment, and media preparation. Further protocol developments are encouraged, emphasizing temperature pretreatments of donor materials, media and nutrient composition, and broader evaluation of genotypes and species (Hale et al., 2022).

Critical factors determining the success of in vitro culture during the induction and regeneration phases include plant genotype, microenvironment, composition of culture medium, the developmental stage of initial gametophytic cells, physical treatments of cultured gametophytic cells, and application of different additives and plant growth regulators (Niazian and Shariatpanahi, 2020). They mentioned plant growth regulators such as chlormequat, polyamines (putrescine, spermidine, and spermine), stress hormones (abscisic acid, jasmonic acid, salicylic acid), DNA demethylating agents, histone deacetylase inhibitors, cellular antioxidants, cell wall remodeling agents (arabinogalactan-proteins), and compatible solutes (proline and chitosan) as activator for enhancing the frequency of haploid induction.





Wide hybridization

Wide hybridization is utilized to produce haploids in some crop species (Ishii et al., 2016). This process involves the selective elimination of chromosomes of one parent, resulting in haploid embryos. The endosperm often fails to proliferate and sustain embryo development, making embryo rescue following wide hybridization essential to recover haploids. The selective elimination of chromosomes of one parent in wide hybridization experiments is due to several hypotheses, including differences in the timing of cell cycles between two parents, parent-specific inactivation of centromeres, asynchrony in nucleoprotein synthesis, and degradation of chromosomes by host-specific nucleases (Watts et al., 2018). Wheat breeding programs commonly induce haploids by wide hybridization between wheat and maize. The maize chromosomes are eliminated during the early development of the hybrid seeds after wheat spikes were pollinated with maize pollen (Niu et al., 2014). The efficient protocol for haploid production in durum and common wheat via wide hybridization with maize is available in Niu et al. (2014). Guan et al. (2024) proposed the Wheat × Maize System for producing wheat doubled haploid via maize pollen. This technique has room for improvement in terms of production efficiency, and many factors such as genotype, environment, and treatments can influence it. Optimizing maize genotype selection and haploid plantlet doubling treatment can improve DH production efficiency. The establishment of an industry-scale production procedure for the Wheat × Maize System can meet the demands of scientific research on wheat genetics and breeding and wheat production.






Centromere modification

Centromeres plays a critical role in the process of proper chromosome segregation during cell division. The centromeric histone H3 (CENH3) protein specifies the identity of the centromere, and lack of CENH3 leads to cell death due to improper distribution of chromosomes (Ravi and Chan, 2010). CENH3-mediated haploid induction approach has been developed, which involves substituting the native CENH3 gene function with a chimeric CENH3 gene construct, resulting in haploid embryos. This approach has been successfully demonstrated in A. thaliana and maize. Kelliher et al. (2016) developed haploid inducer lines, CENH3−/− and CENH3:RNAi complemented by AcGREEN-tailswap-CENH3 or AcGREEN-CENH3 transgenes. The complemented CENH3−/− lines produced low rate of gynogenic haploid induction (3.6%) when backcrossed as males. These results demonstrate that CENH3-tailswap transgenes can be used to engineer in vivo haploid induction systems into maize plants.

Recent work is ongoing to explore the potential of centromere-mediated genome elimination for haploid induction in maize. Non-transgenic modifications to CENH3 have been reported to induce maize haploids. When CENH3 from closely related plant species complements a cenh3 null, it produces plants that are fertile but induce haploids on crossing by CENH3 wild type plants. It implies that the introgression of alien CENH3 may produce non-transgenic haploid inducers (Britt and Kuppu, 2016). Wang et al. (2021) demonstrated a simplified method regarding crossing maize lines that are heterozygous for a cenh3 null mutation to induce haploids. They noticed that crossing +/cenh3 to wild-type plants in both directions can generate haploid progeny. The cenh3 genotype of the gametophyte determines genome elimination, indicating that centromere failure is caused by CENH3 dilution during the postmeiotic cell divisions prior to gamete formation. The cenh3 haploid inducer works as a vigorous hybrid and can be transferred to other lines in a single cross, making it versatile for multi-purpose.




Indeterminate gametophyte1-mediated paternal system

The ig1 (indeterminate gametophyte) is responsible for inducing paternal haploids in maize. It was first discovered in the Wisconsin-23 (W23) line and is located on chromosome 3 (Kermicle, 1994). The ig1 mutant induces irregularities in seed formation that increase the rate of haploid induction in progenies (Kermicle, 1971). When the ig1/ig1 homozygous mutant is used as the female parent and wild type is used as the male parent, chromosomes from the ig1 mutant are eliminated, resulting in a paternal wild-type haploid that contains the ig1 mutant cytoplasm. The induction of paternal haploids is influenced by parental genetic background and the constitution of donor genotype cytoplasm, rather than the specific ig gene in the male gametophyte (Kermicle, 1969; Geiger, 2009). In addition, the low frequency of haploids makes the ig gene less attractive for commercial scale haploid induction in maize. However, the ig1/ig1 genetic stock can be used to convert inbred lines to their cytoplasmic male sterile (CMS) version (Geiger, 2009).





MTL/ZmPLA1/NLD, ZmDMP, and ZmPLD3-mediated maternal system

Maternal haploid production involves haploid inducers as male parents to pollinate source germplasm as female parents. The efficiency of maternal haploid production depends on the availability of inducer genotypes with high haploid induction rate (HIR). To fully take advantage of this technology, the average HIR of modern haploid inducers should exceed 10% (Hu et al., 2016).

Several studies have detected the major QTL qhir1 located on chromosome 1 with different haploid inducers from different source germplasm. A major locus ggi1 on chromosome 1 (bin 1.04) with the closest SSR umc1169, controlling in situ gynogenesis, has also been identified (Barret et al., 2008). They suggested that the occurrence of a partial failure of the male inducer leading to segregation distortion at the ggi1 locus associated with gynogenetic induction with incomplete penetrance. Prigge et al. (2012) identified two major QTL, namely qhir1 and qhir8, located on chromosome 1 (bin 1.04) and 9 (bin 9.01), respectively, and six minor QTL, namely qhir2, qhir3, qhir4, qhir5, qhir6, and qhir7. They proposed that qhir1 is a key factor to stimulate HIR, and the number of QTL and QTL effects obtained for HIR varied depending on populations and generations.

The haploid inducibility is a result of a genetic interaction between the paternal haploid inducer and the maternal donor genotype (Lashermes and Beckert, 1988). Two QTL for haploid inducibility, namely qmhir1 and qmhir2, were detected on chromosome 1 (bin 1.01) and 3 (bin 3.08/09), respectively, with partially dominant effects. The maternal QTL qmhir1 flanked by SSR marker loci umc1292 and bnlg1014 accounted for 14.70% of the phenotypic variance, and qmhir2 flanked by SSR marker loci umc1844 and umc2277 contributed 8.42% to the phenotypic variance (Wu et al., 2014).

To date, three genes have been successfully cloned and become transferable to improve HIR: 1) MATRILINEAL (MTL)/ZEA MAYS PHOSPHOLIPASE A1 (ZmPLA1)/NOT LIKE DAD (NLD) (Gilles et al., 2017; Kelliher et al., 2017; Liu et al., 2017), 2) ZmDMP (Zhong et al., 2019), and 3) ZmPLD3 (Li et al., 2021). The first cloned gene, MTL/ZmPLA1/NLD, is located within QTL qhir1, while the second cloned gene, ZmDMP, is located within QTL qhir8 (Prigge et al., 2012). It is important to note that these three cloned genes have the same subcellular localization, specifically expressed in membranes of sperm cells, and act as synergistic effects. It means that haploid induction will be triggered if the MTL gene is present, and the HIR will significantly increase when the other two genes (ZmDMP and/or ZmPLD3) are present. Therefore, future breeding of haploid inducers for enhanced HIR is feasible by accumulating as many favorable alleles responsible for HIR as possible.

Two hypotheses have been proposed to explain the biological mechanism of haploid induction in maize: 1) single fertilization and 2) selective elimination of inducer chromosomes in early embryo development post-fertilization. Comprehensive reviews on these two hypotheses can be found in Trentin et al. (2020). Regarding the first hypothesis, single fertilization occurs when only the egg or the central cell are fertilized, resulting in kernels with defective endosperms or with haploid embryos, respectively (Sarkar and Coe, 1966). Regarding the second hypothesis, evidence for the process of selective elimination of inducer chromosomes from embryonic cells has been reported by Zhao et al. (2013). They found that most inducer chromosomes were eliminated from haploid embryonic cells within a week of pollination and from endosperm cells of defective kernels by 15 days after pollination.






Innate differences between haploids and diploids

Innate differences between haploid and diploid individuals in maize were studied by Chase (1964). Mature haploid plants showed a 30% shorter plant stature, 24% smaller internode diameter, 23% shorter leaf length, 44% narrower leaf area, and only 65% biomass weight compared to isogenic diploid plants. Haploid plants had fewer leaves, an earlier tasseling date, a reduced number of tassel branches, prolific ears with a reduced number of ear rows and spikelets per row than diploid plants (Chase, 1964, 1969). The majority of haploid individuals exhibited complete male sterility, yet the female gametophyte was partially fertile (Chalyk, 1994). Maize studies on haploid/diploid characterization rely on reduced vigor throughout maize development from seedlings to mature plants (Figure 3) and are discussed below. However, for haploid identification in induction crosses, haploid seed is compared with diploids that result from crosses with the inducer, thus hybrid seed. This means, in addition to the ploidy effects described by Chase (1964), it is possible to exploit the heterosis effect in addition to the ploidy effect, when differentiating haploid – diploid seed or seedlings in induction crosses. Differences should thus be even more pronounced than described in this section.




Figure 3 | The innate differences between haploid (left) and diploid (right) individuals in maize at early seedling or 4 days after sowing (A), seedling in plug trays or 7-8 days after sowing (B), V2/V3 seedling or 10-14 days after sowing (C), and adult stages (D). 1A: Haploids show shorter coleoptile and radicle than diploids. 1B: Haploid seedlings show shorter leaf blades and plant height than diploid seedlings. 1C: Haploid seedlings show shorter leaf blades and plant height and lower root density than diploid seedlings. 1D: Adult haploid plants produce tassels without anthers and pollen, while adult diploid plants produce tassels with fresh anthers and fertile pollen. Besides, haploid plants show lower vigor with narrow, erect, pale or light green leaves. Diploids show better vigor with dark green leaves and purple stem.






Seed weight

Haploid and diploid seeds were shown to differ in seed weight (SW), with haploid seed weighing less on average than diploid seed (Smelser et al., 2015). However, SW distributions of haploid and diploid seed overlap, depending on donor genotypes (Smelser et al., 2015). Thus, deploying a threshold across and even within populations with different genetic backgrounds is challenging to effectively differentiate haploid and diploid seed. The weight of single maize kernels can vary from 130-150 mg in small-seeded popcorn up to 636 mg in Giant Peruvian or Cuzco white maize (Rooney and Suhendro, 2001; Serna-Saldívar, 2010). When implementing SW for haploid – diploid discrimination, it is advisable to estimate the range of SW for a subset of each unique population by excluding haploid kernels in the upper weight distribution and including more diploid kernels in the lower weight distribution before deploying an automated process (Smelser et al., 2015).





Early seedling

Quantifiable differences between diploid and haploid young seedlings have been identified for radical length (RL), coleoptile length (CL), and the number of lateral seminal roots (NLSR). After 96 h of germination, haploid individuals tend to have shorter RL and CL and lower NLSR than equivalent diploids. Other properties of haploids such as thin coleoptiles and radicles and low number of root hairs can also be noticed (Chaikam et al., 2015). This method may be helpful to serve as an independent marker system when donor populations are not amenable to use of R1-nj markers due to complete inhibition of C1-l gene or masking of natural purple pigmentation. This reduced false positive detection up to 6-fold in certain donor populations as compared to R1-nj marker alone (Chaikam et al., 2015). Previous studies showed the effectiveness of combining R1-nj and seedling traits. Battistelli et al. (2013) used visual selection among putative haploid seedlings for reduced vigor 72 h after germination in water-soaked germination papers to remove likely false positives before performing genome doubling.

The generation cycle can be further shortened up to six weeks by bypassing seed dormancy via embryo culture to allow early haploid selection based on primary root length (PRL) and daily growth rate (GR) (Vanous et al., 2019). In this study, haploid and diploid individuals started showing differentiation two days after germination when haploids have significantly shorter PRL and slower GR. This approach was most accurate and practical on the third day of germination via support vector machine learning with a 2% false negative rate (FNR) and 9% false positive detection rate (FDR) or the fourth day of germination via regular observations with 3% FNR and 11% FDR (Vanous et al., 2019).

Those two methods are beneficial within the timeline of DH production since the colchicine induced haploid genome doubling is usually carried out 3-4 days after germination via the submersion method (Chaikam and Mahuku, 2012) or 10-12 days after planting via the injection method (Vanous et al., 2017). Both methods save resources including colchicine treatment costs and greenhouse space, since false positives would be discarded before haploid genome doubling process (Baleroni et al., 2021).

However, handling thousands of seedlings to achieve the targeted number of haploids is laborious. Another drawback is the need to estimate specific thresholds for each donor genotype by performing a training set for each targeted population because of the significant interaction between donor and ploidy level for RL, CL, and NLSR, making this step more time consuming (Baleroni et al., 2021). A significant number of undetermined seedlings that could not be classified into either haploids or diploids, from 11.8% to 17.8%, through this method has been reported when different donor populations were used (Greenblatt and Bock, 1967; Chaikam et al., 2015). If undetermined seedlings are discarded, additional induction crosses are required to compensate for potential haploid losses.





Vegetative stage

There are many visual cues to aid in distinguishing haploids and diploids during the life cycle’s vegetative phase. First, haploid plants are less vigorous and are significantly shorter in height (Liu et al., 2020). In addition, maize diploid plants resulting from induction crosses with R-nj inducers have red/purple coloration within the stalk while haploid plants lack purple coloration although genetic background may also be involved (Chaikam et al., 2015). Finally, maize haploid plants have narrow, erect leaves (Melchinger et al., 2013). Sekiya et al. (2020) applied this screening method in super sweet corn donor populations at V2/V3 stage or 10-12 days after sowing (DAS) under greenhouse condition. The inducer population PI4001 was used to generate haploids. All putative haploid seedlings with either green color of the first leaf sheath or albino phenotypes were confirmed to be true haploids with flow cytometry. Meanwhile, diploids showed purple first leaf sheath. Using this method, they could significantly reduce false positives of haploid selection based on R1-nj seed marker ranging from 84% to 98% among super sweet corn populations (Sekiya et al., 2020). In contrast, Ribeiro et al. (2020) found that this method was not reliable when assuming short plants with lower leaf sheath as putative haploids at 8 days after sowing (DAS) since all putative haploids obtained with those criteria were confirmed to be true diploids regarding flow cytometry. For rogueing of potential false positives in haploid nurseries, it is advisable to perform multiple plant inspections with different selection intensities from two weeks after transplanting to early reproductive stage, as these visual characteristics are most noticeable near the V6 vegetative phase of growth (Aboobucker et al., 2022).





Cytogenetic and molecular methods

Cytological and molecular procedures for determining ploidy levels in maize can be performed in several ways including inspection of chloroplast and stomatal guard cell properties, chromosome counting, flow cytometry, and DNA marker analyses. Although those methods were shown to be reliable (Figure 4), each of them has limitations regarding time, labor, equipment requirements, and costs (Table 1).




Figure 4 | Cytological and molecular methods in haploid identification via flow cytometry (A), stomatal guard cell length (B), and SNP marker (C). 2A: The first peak value (G1) of haploid nuclei has half channel numbers as much as the diploid’s G1, representing 100 vs. 200 for haploid and diploid, respectively. 2B: Haploid (upper) has shorter length but higher density of stomatal guard cells than diploid (lower). 2C: Haploids have zero copies of the mtl allele and two copies of the maternal MTL allele (homozygous G/G, red), while diploids have one copy of the mtl allele and one copy of the MTL allele (heterozygous G/C, green).




Table 1 | List of cytogenetic methods for ploidy identification between haploid (H) and diploid (D) in maize, along with their principal differentiation, the levels of workload, and the ranges of values between haploid and diploid.







Chloroplast and stomatal guard cell properties

In many plant species, associations have been found with cell or organ size to ploidy level. For example, in tall fescue (Festuca arundinacea, Schreb.) an increase in ploidy level indicated an increase in stomatal size with a decrease in overall stomatal density (Byrne et al., 1981). Comparable results were found across different species of orchids (Orchidaceae) where increasing plant ploidy levels lead to an increase in guard cell size (Miguel and Leonhardt, 2011). In maize, the stomatal size of haploids was smaller and denser (Randolph, 1932). Corzo (1952) found that the number of stomata per m2 ranged from 32.93 to 38.21 in diploids and from 42.75 to 61.99 in haploids.

The number of chloroplasts (CN) in stomatal guard cells positively correlates with the ploidy levels in many crop species (Butterfass, 1973). In maize, however, the gap of CN across ploidy levels is different, with the tetraploid/diploid ratio being much higher than the diploid/haploid ratio. The tetraploid/diploid ratio ranges from 1.91-1.97 while the diploid/haploid ratio ranges from 1.36-1.44 across maize genotypes (Ho et al., 1990; Beaumont and Widholm, 1993). Although this method is rapid and practical, the small differences of CN between diploid and haploid could be biased when plants are grown under different light conditions. Under low light interception, both chlorophyll content and the number of CN in maize were reduced (Ren et al., 2017). Thus, the use of CN for ploidy differentiation is more convenient in polyploid crops such as potato (Alsahlany et al., 2019; Kramer and Bamberg, 2019) and watermelon (Noh et al., 2012; Zhang et al., 2019).

Stomatal guard cell length (SGCL) can determine maize ploidy levels that haploids have lower SGCL than diploids (Sarkar and Coe, 1966; Choe et al., 2012; Molenaar et al., 2019; da Silva et al., 2020). The smaller SGCL size found in haploids might be explained by the lower amount of DNA (Lomax et al., 2009) and the lower gene dosage of three signal epidermal patterning factors (EPFs) controlling stomatal development (Hunt and Gray, 2009). Despite the possibility to distinguish haploids, within group variation for haploid, doubled haploid, and heterozygous SGCL was found (Molenaar et al., 2019). The strong overlap of distributions of SGCL between haploids and diploids may be due to SPATIal effects or the fluctuations of sunlight when plants are grown in the greenhouse. Increasing the sampling number of stomata per leaf per plant, using light-controlled chamber, and maintaining the stomatal turgor pressure by submerging the roots using flood irrigation tables were proposed to reduce the individual plant variance (Molenaar et al., 2019). In addition to overlap issues, SGCL varied across germplasm source, leaf stage, and ploidy level. Thus, it is important to determine the threshold for each leaf stage of each donor genotype prior to haploid selection in diverse and large populations. This method is practical, cost-saving, yet not suitable for high throughput. The whole procedure of measuring SGCL was described by Kim et al. (2010).





Chromosome counting

Counting chromosomes under the microscope is a direct method and accurate to identify ploidy levels in most plant species (Doležel et al., 2007). In maize, haploids have 10 chromosomes while diploids have 20 chromosomes (Kiesselbach and Petersen, 1925). Three general steps in chromosome counting (CC) include (1) material collection and pretreatment, (2) material fixation, and (3) staining and flattening of chromosomes. Specific chemicals and protocol modifications are required depending on the plant species, chromosome sizes, genotypes, and tissue sources (Dhooghe et al., 2011). The materials could be cells undergoing either mitosis or meiosis. Mitotic CC commonly works well on root tip cells from youNG seedlings. However, other meristematic cells from young floral buds, leaves or callus can also be used (Maluszynska, 2003). In contrast, meiotic CC utilizes pollen mother cells, and the complete procedure can be found in Windham et al. (2020).

However, some constraints with CC do exist. Tissues containing cells under mitotic division may not always be available (Doležel and Bartoš, 2005). The needs of plant-specific enzymatic treatments are error-prone when preparing the metaphase C slides (Ribeiro et al., 2020) and counting many small chromosomes (Dhooghe et al., 2011) hinder the possibility for high-throughput cell analyses. Most obviously, CC is extremely laborious, time consuming and requires trained scientists (Doležel and Bartoš, 2005). Perhaps this method is more convenient in in vitro DH production where operators are famiIiar with CYTological skills. Studies on maize haploid plants derived from the anther culture, for example, determined the ploidy level via mitotic CC (Tsay et al., 1986; Wan et al., 1989). Above-mentioned difficulties and lack of young scientists well trained in adopting CC (Goldblatt, 2007) contribute to a significant shift from CC to flow cytometry.





Flow cytometry

Flow cytometry (FC) has many beneficial features. First, it is a rapid and accurate method to determine the ploidy status among plant species in early growth stages (De Laat et al., 1987), taking only 3.5 min per sample (Molenaar et al., 2019). Second, it is highly sensitive to detect DNA content variation within maize species (Rayburn et al., 1989) and to distinguish maize plants with different ploidy levels from haploid, diploid, mixoploid, aneuploid to polyploid (Cousin et al., 2009; Rádi et al., 2020; Jiang et al., 2021). Third, it is useful to determine cell cycle status (Brown et al., 1991), DNA contents among plant species (Galbraith et al., 1983), plant genome size (Yanpaisan et al., 1999), the level of generative polyploidy, nuclear replication state, and endopolyploidy (polysomaty) (Doležel et al., 2007). Those advantages resulted in FC analysis being the gold standard classification method to verify true haploid individuals and to estimate false positive rates in maize (Melchinger et al., 2016).

Steps of the FC method include preparing nuclei suspensions, staining nuclei suspensions, analyzing them using a flow cytometer, and determining nuclei ploidy (Cousin et al., 2009). Regarding preparing the nuclei sample, recent progress has been made from razor chopping method (Galbraith et al., 1983), bead-beating method (Roberts, 2007), multichannel pipetting (Cousin et al., 2009), and crushing devices (Erich Pollähne GmbH, 2019). The movement from manual single-tube to high-throughput allows robust analysis from 12 samples per operator (Galbraith and Lambert, 2012) up to 1,000 samples per operator per day (Erich Pollähne GmbH, 2019). In the step of staining nuclei, DNA-sPEcific fluorescent dye is used, for instance, fluorochromes DAPI (Rayburn et al., 1989) and propidium iodide (Arumuganathan and Earle, 1991). The nuclei are then passed through a flow cytometer-cell sorter (Rayburn et al., 1989). Since the amount of fluorescence emitted from each nucleus reflects its DNA content, and its DNA content is correlated to its ploidy levels, ploidy can be determined by the fluorescence intensity of stained cell nuclei isolated from plant tissue (Bohanec, 2003). The peak value (G1) of each sample nuclei is commonly set to 50 channels (1C) and 100 channels (2C) for haploid and diploid, respectively (Jiang et al., 2021). The full protocol of FC through plant single-cell suspensions can be found in Rayburn et al. (1989) and Arumuganathan and Earle (1991), while the procedure of high throughput FC method is available in Cousin et al. (2009).

In maize, FC can fit in ploidy determination of samples derived from both in vitro through microspore culture and in vivo haploid induction methods. While the typical source of nuclei in in vitro method is either callus tissue (Wan et al., 1991, 1992) or early developmental stage of plantlets (Dwivedi et al., 2015; Ismaili and Mohammadi, 2016), the sample nuclei in in vivo method are derived from meristematic organs of young seedlings such as leaves (Molenaar et al., 2019; Baleroni et al., 2021) and root tips (Rádi et al., 2020). However, nuclear DNA content variation exists, even within species (Arumuganathan and Earle, 1991; Rayburn et al., 1993). Therefore, careful selection of control genotypes is crucial for establishing accurate 1C and 2C DNA peaks. It is common in maize haploid selection that the position of the G1 peak of each sample is compared with that of the female parent or donor genotype assigned as known diploid control (Rádi et al., 2020; Baleroni et al., 2021).





DNA markers

DNA molecular markers can be classified in two groups: (1) dominant markers such as amplified fragment length polymorphism (AFLP) and random amplified polymorphic DNA (RAPD) and (2) codominant markers such as simple sequence repeat (SSR) and single nucleotide polymorphism (SNP). Codominant markers are preferable since heterozygotes (F1 diploids) can be distinguished from homozygotes (donor female), allowing the determination of haploids and diploids. Therefore, this section focusses on the practical use of both SSR and SNP markers in ploidy determination in maize.

Microsatellites or single sequence repeats (SSRs) are repetitive DNA sequences in which each locus is individually amplified with PCR (Xu, 2010). The advantages of microsatellites are single locus, multi-allelic, transferable across populations, highly polymorphic and informative, and randomly distributed throughout eukaryotic genomes. However, it is susceptible to mutation, difficult to automate, and time consuming for primer preparation (Acquaah, 2009). To ensure the reliability of SSRs in ploidy determination, it is important to first screen primers showing polymorphism of the parents. Then, polymorphic markers can be employed in the progenies to discriminate homozygous and heterozygous alleles regarding different band sizes. Haploids carry only one band from the maternal donor, while diploids carry heterozygous bands from both the maternal donor and paternal inducer. Currently, multiple SSR loci are available and can be accessed from the MaizeGDB database (http://www.maizegdb.org/ssr.php).

The following are illustrations of assaying SSR markers for haploid selection. Battistelli et al. (2013) found 5 of 25 SSR primers which are polymorphic between donor hybrid 30/31 and inducer KEMS. Thus, those five markers (bnlg1175, bmc1714, bnlg1520, bnlg1233, bnlg1258) were applied to determine the ploidy of the progenies. One of those markers, bnlg1233, was also reliable to detect maternal haploids in other studies (Couto et al., 2015; Ribeiro et al., 2020). Li et al. (2009) screened 300 SSR primers using donor ZD958 and inducer CAUHOI as checks and obtained 40 polymorphic markers distributed evenly across ten chromosomes. Zhao et al. (2013) screened 84 SSR primers and found only three polymorphic markers (X10, X35, umc1317) between donor Z58 and inducer CAU5. Belicuas et al. (2007) assayed 122 SSR primers for polymorphism between donor hybrid BRS1010 and inducer line W23 and selected two markers (mmc0021 and mmc0081) for further androgenetic haploid identification. Zhang et al. (2008) screened 28 SSR primers and found two polymorphic markers (umc2059 and bnlg1065) between donor Hua24 and inducer HZI1. Using the same inducer line with different donor genotypes, Qiu et al. (2014) assayed 100 SSR primers and found several markers performing clear polymorphic bands, for example, umc1747, umc1784, bnlg1909, umc1870, bnlg1600, and umc1241. Rádi et al. (2020) employed umc1152 as a polymorphic SSR marker between donor hybrid K4390 and inducer line K405. Dong et al. (2018) screened 40 SSR primers, found four polymorphic markers (bnlg2259, bnlg2082, umc2258, umc1031) between donor ZD99 and inducer 57-1, and employed 2 of 4 markers (bnlg2259 and bnlg2082). Li et al. (2021) identified haploids using seven polymorphic SSR markers between donor ZD958 and inducer LH244.

SNP is a single base pair site in the genome that is different from one individual to another. The advantages of SNPs are, that they are abundant and widely distributed in the genome, SNP markers easy to automate, and less mutable compared to other markers such as SSRs. Prior to haploid identification using SNP genotyping, eliminating non-polymorphic markers is important. Zhao et al. (2013) screened 50,904 SNP markers using the Illumina SNP chip MaizeSNP50, and only less than 40% of those markers showed polymorphism between donor Z58 and two inducers CAU5 and CAUHOI. Kelliher et al. (2017) used Taqman zygosity assays to detect the wild-type MTL and mutant mtl alleles. Haploids had zero copies of the mtl allele and two copies of the maternal MTL allele. In contrast, diploids had one copy of the mtl allele and one copy of the MTL allele. A single polymorphic marker is ultimately sufficient for haploid identification to reduce the cost of genotyping. Multiple factors like initial assay design, the number of samples, the size of marker panels, and data turnaround time determine the final cost of genotyping per data point (1 data point = 1 sample genotyped by 1 SNP) (Semagn et al., 2014). For instance, the estimated genotyping cost can vary from US$0.10 to US$0.36 per data point and will further reduce by a certain percentage if the number of samples to be genotyped increases (Semagn et al., 2014). If 400-500 mixed seeds per induction cross are generated, the cost for haploid identification per induced ear would range between US$40 and US$50. Alternatively, SNP genotyping may serve as gold standard to confirm putative haploids previously selected via visual R1-nj marker, which would reduce the genotyping cost. Khammona et al. (2024) employed the qhir1 marker to confirm putative haploid seedlings at 7 days after planting. The qhir1 marker showed high accuracy (100%) and can be integrated in a stratified haploid identification system at early seedling stage succeeding pre-haploid sorting via R1-nj marker.






Biomarkers integrated in haploid inducers

The need for practical yet still reliable methods for haploid selection is rising when the number of samples to be sorted is large. In in vivo maternal DH system, one or more dominant markers are integrated in male haploid inducers while assuming that the donor females are recessive in those respective markers. This system will be effective for haploid selection only if haploid inducers are fixed in those biomarkers prior to haploid induction. For instance, in the R1-nj system, haploid inducers should carry homozygous dominant R1-nj alleles, while the R1-nj alleles should be absent in the donor germplasm (Figure 5). In this section, four biomarkers namely R1-nj purple kernel, Pl-1 red root, kernel oil content, and fluorescence proteins are discussed regarding their principles of haploid (H) and diploid (D) separation, genetic properties, advantages, and limitations (Table 2).




Figure 5 | Haploid selection in maize through R1-nj kernel anthocyanin (A) and Pl-1 red-root (B) markers. A1: Outcross seeds, no R1-nj purple pigmentation in the endosperm and embryo; A2: Haploid seeds, R1-nj purple pigmentation in the endosperm but colorless embryo; A3: Diploid seeds, R1-nj purple pigmentation in the endosperm and embryo. B: White (left) and red (right) seedling roots indicate haploid and diploid seedlings, respectively.




Table 2 | List of biomarkers integrated into haploid inducers for ploidy identification between haploid (H) and diploid (D) at different maize growth stages, along with their roles, genetic properties, advantages, and limitations.



As R1-nj and Pl-1 biomarkers utilize anthocyanin pigmentation on different plant tissues, anthocyanin biosynthesis in maize plants is briefly highlighted. The details were described by Petroni et al. (2014). Anthocyanin biosynthesis genes in maize are regulated by two gene families, MYB c1/pl1 and bHLH r1/b1 (Petroni et al., 2014). The expressioN OF each member of these families is tissue- or development-specific, implying that the pattern of anthocyanin pigmentation depends on the allelic constitution at the r1/b1 and c1/pl1 loci. The c1 gene in the seed or pl1 in plant tissues contribute to the developmental and light-dependent regulation of anthocyanin accumulation, while the bHLH genes, such as R1, B1, Scutellar node1 (Sn1), leaf color1 (Lc1), Hopi1, determine the tissue-specific synthesis of anthocyanins (reviewed by Petroni et al., 2014). During the biosynthesis pathway of anthocyanin, multiple enzymes and genes are involved, as follows: phenylalanine ammonia lyase (pal), cinnamic acid 4-hydroxylase (c4h), 4 coumarate CoA ligase (4cl), chalcone synthase (c2), chalcone isomerase (chi1), flavanone 3-hydroxylase (f3h), flavanone 30-hydroxylase (pr1), dihydroflavonol reductase (a1), flavonol synthase (fls1), anthocyanidin synthase (a2), UDP-flavonoid glucosyl transferase (bz1), glutathione S-transferase (bz2), and anthocyanin acyltransferase (Petroni and Tonelli, 2011; Sharma et al., 2012; Petroni et al., 2014).




R1-navajo anthocyanin kernel marker

Most haploid inducer lines contain the R1-navajo (R1-nj), a dominant allele of the R1 gene. R1-nj is monogenic (Nanda and Chase, 1966) and additive inherited (Dermail et al., 2023). This marker expresses a purple pigmentation in the scutellum and aleurone layer. Post maternal haploid induction, haploid seeds are visually selected based on the R1-nj anthocyanin marker. Purple coloration in the aleurone layer indicates successful fertilization with the inducer line. However, it still needs to be further observed on the scutellum embryo to determine whether the seeds are haploids or diploids. Kernels with a haploid embryo (= “haploid kernels”) contain a colorless embryo and purple pigmentation on the crown of the endosperm (Chaikam et al., 2015). These haploid kernels contain triploid endosperm and haploid embryos. Diploid kernels have a purple embryo and purple endosperm. These kernels contain triploid endosperm and a diploid embryo (De La Fuente et al., 2017). This visual selection is practical since it does not require sophisticated equipment. Besides, haploid selection is not destructive and can be performed at seed stage, providing flexibility to users to arrange the timeline between haploid selection and haploid genome doubling. Those advantages make the R1-nj marker still the most common haploid selection method.

The selection of haploid kernels based on the R1-nj can be limited by factors such as (1) the presence of dominant C1 anthocyanin inhibitor genes (c1-I, c2-Idf, in1-D) (Khulbe et al., 2022), (2) an occurrence of an outcross which is a result of pollen contamination from an outside source instead of an inducer line, (3) physical seed properties, (4) donor germplasm with natural anthocyanin expression in the aleurone layer, and (5) environmental factors (Prigge et al., 2011; Trentin et al., 2022).

The presence of dominant anthocyanin inhibitor genes such as C1-I, C2-ldf, and in-1D (Coe et al., 1988; Stinard and Sachs, 2002) suppress R1-nj expression. R1-nj suppression byC1-I has been reported in a large proportion of tropical maize germplasm, accounting for 25%-30% with varying suppression levels, from partial to complete inhibition (Prigge et al., 2011; Chaikam et al., 2015). The inhibitor genes may also reside in subtropical germplasm. Gain et al. (2023) noticed significant rates of R1-nj suppression in the endosperm (24%) and embryo (37%) of 178 subtropical maize inbred lines. Chaikam et al. (2015) developed a combination of two gene-specific markers (8 bp C1-I InDel and C1-I SNP) that can predict the presence of anthocyanin color inhibition in tropical germplasm with high accuracy ranging from 79% to 84%. Gain et al. (2023) also developed two C1-I specific breeder-friendly markers (MGUCI-InDel8 and MGU-C1-SNP1) that can predict the presence of the C1-I allele with 92.9% and 84.7% accuracy, respectively. Deploying those markers can assist breeders to exclude any source germplasm containing C1-I alleles from haploid induction crosses, or if those germplasms are still of importance for breeding program, those genotypes can be further purified with selection for the wild type C1 allele by discarding derivatives with the C1-I allele to enable R1-nj anthocyanin expression.

Physical seed properties such as seed shape, seed moisture content, and the presence of air pockets underneath the pericarp (Rotarenco et al., 2010; Prigge et al., 2011) can alter R1-nj expression. The scutellum of the embryo was more visible in flat than in round seeds, meaning that R1-nj expression was more intense in dent maize than in flint maize (Eder and Chalyk, 2002; Trentin et al., 2022; Thawarorit et al., 2023). The air pockets are triggered when the seed moisture content drops to low levels due to delaying harvest time and extending the duration of seed drying.

Despite being practical and cheaper than DNA markers, this method is time consuming and laborious. Our personal experience noted that one trained labor could only separate the maize seeds at the rate of six to ten ears per hour. There is also the issue of the trade-off between speed and accuracy. While increasing the speed of selection leads to higher productivity, it may come with inclined misclassification rates (MCR) as human eyes are prone to fatigue. Regarding MCR, both false positives (FDR) and false negatives (FNR) may occur simultaneously. The MCR could reach 80% with FDR ranging from 9% to 43% and FNR ranging from 16% to 28% (Melchinger et al., 2016; Silva et al., 2023). The above-mentioned limitations make haploid selection based on purple kernel markers ineffective. If high FDR is obtained, it would increase the workload in the subsequent steps such as colchicine treatments during haploid genome doubling and field transplanting. High FNR requires more haploid induction crosses to compensate for potential haploid losses.

The R locus in maize plays a crucial role in regulating the formation and distribution of anthocyanin pigment in different parts of the plant and seed. The presence of allelic variation at R locus has been reported (Styles et al., 1973), including Canada Rg, Standard Rr, Ecuador Rr, Rsc, and Cudu Rnj. Those alleles obtained from various geographic sources and compared against a common genetic background exhibit a remarkable diversity in expression. For instance, Standard Rr can express anthocyanin with varying levels of intensity across plant parts from low (3rd internode), to moderate (coleoptile, seedling, mature plant), into high (anthers and aleurone). However, lack of expression was found in kernel embryo, making this allele unfeasible for haploid selection at seed stage. In contrast, other alleles like Canada Rg, Ecuador Rr, and Rsc are valuable options as they express intense purple colorations on both plant and seed parts. Interestingly, the pigmentations of those alleles on the embryos are much more intense than that of Cudu Rnj. In addition, Ecuador Rr exhibits the earliest onset of anthocyanin pigmentation and the fastest rate of anthocyanin accumulation among others, suggesting that one may integrate Ecuador Rr in haploid inducer background. It seems that there is a substantial correlation between time of onset and final concentration on anthocyanin. As each allele expresses a unique pattern, intensity, and location of anthocyanin within a plant or seed tissue, breeders can potentially utilize these genetic materials to substitute the current R1-nj marker. Perhaps, this could lead to more precise and effective strategies to identify haploids.

Another strategy to improve the R1-nj biomarker integrated in haploid inducers is to seek alternative dominant anthocyanin genes which play the same role as the R1-nj. Chen et al. (2022) developed two novel haploid inducers, Maize Anthocyanin Gene InduCer 1 (MAGIC1) and MAGIC2, by utilizing the co-expression of two transcription factor genes (ZmC1 and ZmR2) that can activate anthocyanin biosynthesis in the embryo and aleurone layer during early seed development. MAGIC1 could identify haploids at 12 days after pollination (DAP) in most source germplasm and effectively works in germplasms carrying C1-I. The upgraded version, MAGIC2, could identify haploids from diploids due to differential anthocyanin accumulation in immature embryos, coleoptiles, sheaths, roots, leaves, and dry seeds. Instead of anthocyanin synthesis pathway for haploid selection, Wang et al. (2023) utilized the RUBY reporter, a betalain biosynthesis system, as a new biomarker. The expression of RUBY resulted in deep betalain pigmentation in maize embryos as early as 10 DAP and enabled 100% accuracy of immature haploid embryo identification. RUBY was also effective in germplasms carrying C1-I because the inhibitor C1-I could not prevent the synthesis of betalain.





Pl-1 red root marker

Given the limitations of the R1-nj marker, the red root marker serves as a complementary marker to the R1-nj in the selection of haploids. This marker is controlled by a single dominant gene, Pl-1 (Emerson, 1921). The red root marker is an essential trait for identifying and eliminating false positives following the R1-nj-based selection as soon the radicle emerges (Chaikam et al., 2016; Trentin et al., 2020). In early seedling stages, the Pl-1 gene produces red roots in diploids and colorless (white) roots in haploids (Rotarenco et al., 2010). Haploid selection based on the Pl-1 gene at the seedling stage entails (1) germinating seeds in a growth chamber under dark conditions and at a temperature of 28 to 30°C for 72 hours, (2) maintaining the resulting seedlings for 24 hours in a dark, cold room set at 8 to 12°C to halt growth and allow anthocyanin accumulation, (3) selecting seedlings into putative diploids and putative haploids based on red and white root phenotype, respectively, and finally (4) transplanting seedlings to the field (Chaikam and Mahuku, 2012; Chaikam et al., 2016). The Doubled Haploid Facility of Iowa State University (DHF-ISU) developed Iowa Haploid Inducers (BHI), carrying the Pl-1 as complementary markers to R1-nj. Initial haploid induction rates (HIR) in experiments were first calculated using the R1-nj anthocyanin kernel marker and corrected using the Pl-1 red root marker (Trentin et al., 2022).

Moreover, the combination of the Pl-1 gene with genes such as B1 and R1-r produces anthocyanin pigmentation on stems, sheaths, culms, and husks of maize plants (Coe, 1994). Rotarenco et al. (2010) employed both the B1 and Pl-1 marker genes to develop Procera Haploid Inducer (PHI) to allow haploids to be discriminated by the lack of red expression in maize seedling roots. The PHI inducers solved the R1-nj marker suppression due to the inhibitor genes, and Pl-1 was expressed as soon as four days after seed germination (Rotarenco et al., 2010). In older plants and at late seedling stage, the Pl-1 gene produces diploid plants with purple stems and haploid plants with green stems. Thus, the Pl-1 can be used to select haploids and diploids at various maize developmental stages.

As mentioned earlier, the adoption of Pl-1 marker provides an alternative solution for haploid selection in progenies with either complete R1-nj suppression due to the inhibitor genes or masking R1-nj expression due to the natural purple pigmentation of source germplasm. Besides, it could reduce the false positives in progenies with partial R1-nj inhibition before haploid genome doubling since the red root expression can be noticed in young seedlings, seven days after sowing using plug trays (Vanous et al., 2017). This marker system has relatively lower FDRs and FNRs than the R1-nj marker, accounting for 13.9 vs. 24.2% (FDR) and 6.1 vs. 8.9% (FNR) (Chaikam et al., 2016). The low FDR may remain due to the slow germination of true diploids and the delay of anthocyanin accumulation in the seedling roots. The poor expression such as partial bright red and white colorations leads to human errors (Chaikam et al., 2016).

The use of the Pl-1 gene as a complementary marker to the R1-nj for haploid selection could be limited by the genetic background of the source germplasm, which could produce natural red or purple pigmentation in roots. The occurrence of natural anthocyanin coloration in seedling roots of the source germplasm could increase the proportion of false negatives and makes haploid identification through red root marker ineffective (Chaikam et al., 2016). Therefore, it is imperative to evaluate the natural seedling root pigmentation of vast maize source germplasm in targeted breeding program before implementing this marker. Germinating abundant induced seeds is also resource intensive. Since the Pl-1 gene is light-dependent (Emerson, 1921; Briggs, 1966; Coe et al., 1988), the seedling roots of some true haploids can turn red when exposed to light, making the Pl-1-based haploid selection prone to increased false negatives (Trentin et al., 2020). To prevent the roots from the light exposure, it is suggested to provide enough soil covering the seedlings and to keep the roots under the plug trays (Vanous et al., 2017).





Kernel oil content

Although the complementary use R1-nj and Pl-1 marker system is effective and widely adopted, it limits large-scale DH production as it is time-consuming, labor-intensive, and difficult to use with some tropical germplasm (Melchinger et al., 2016; De La Fuente et al., 2017). To overcome this limitation, a kernel oil content marker system was developed to facilitate differentiation of diploid and haploid kernels utilizing the concept of xenia effect (Alexander and Lambert, 1968; Chen and Song, 2003). Double fertilization with pollen from high-oil inducers results in viable diploid seeds showing improved KOC, while haploid seeds due to either single fertilization or post-embryo male genome elimination have low KOC and or similar KOC as source germplasm.

Four factors determine the effectiveness of KOC for haploid selection, as follows: (1) the HIR of the inducer lines; (2) the KOC difference between haploid and diploid fractions; (3) the phenotypic variance of KOC within seed fractions; and (4) the optimum thresholds of KOC values for haploid and diploid determinations (Melchinger et al., 2013). The minimum HIR should be 5%. Haploid selection will be more effective if the H vs. D difference on KOC is large, and the H vs. D overlap for KOC is small. The H vs. D difference is equal to the mid-parent value between source germplasm and inducers when assuming that KOC is additive inherited (Melchinger et al., 2013). Therefore, one could expect to gain larger H vs. D differences and smaller overlaps when applying haploid inducers with higher KOC. For instance, pollinating high oil inducers UH600 (KOC ~ 9.9%) and UH601 (KOC ~ 11.6%) to normal maize result in 1.8% of KOC difference (Melchinger et al., 2013), whereas the use of non-oil inducers such as MHI and UH400 leads to low differences, approximately 0.80% and 0.60%, respectively (Rotarenco et al., 2007; Melchinger et al., 2014). Liu et al. (2022) also compared the effectiveness of KOC marker system between oil and non-oil inducers. They noticed that non-oil inducer, CAU5 (KOC ~ 3.5%) gave high overlapping KOC distribution between haploid and diploid fractions, moderate accuracy (± 84%), and high both FDR (≥12%) and FNR (≥40%). Meanwhile, oil inducer, CHOI4 showed very little overlap between fractions, high accuracy (± 96%), and low both FDR and FNR (< 4%). The ideal HIR and KOC of haploid inducers to be compatible with diverse source germplasm should be >10% and >15%, respectively (Melchinger et al., 2013).

Breeding maize genotypes for improved KOC is doable since KOC is additive inherited (Curtis et al., 1956; Wassom et al., 2008). However, KOC is controlled by numerous quantitative trait loci (QTL). Cook et al. (2012) reported at least 20 QTL, while Laurie et al. (2004) found more than 50 QTL responsible for this trait. Among those QTL, qHO6 is a major QTL linked to maize KOC as it encodes an acyl-CoA: diacylglycerol acyltransferase (DGAT1-2), the final catalyst for oil synthesis (Zheng et al., 2008). Regarding its polygenic control with small effects involved, KOC may be improved through long-term selection (Dudley and Lambert, 2004; Laurie et al., 2004; Song and Chen, 2004). Alexander (1988) took 27 cycles of recurrent selection to obtain 21.2% KOC in high oil maize, while Song and Chen (2004) required 18 cycles of recurrent selection to develop high KOC in Chinese oil maize from 4.7% to 15.6%. Since kernel oil is mainly stored in embryos (80-85%) (Preciado-Ortiz et al., 2013), it is suggested that breeders could perform positive selection for larger embryos to obtain high KOC. Through the Illinois Long-Term Selection Experiment, Moose et al. (2004) provided evidence that increases in embryo size led to improved KOC in high-oil Illinois maize.

Once elite maize genotypes with high KOC are obtained, those lines are intercrossed with available haploid inducers that may have high HIR but low KOC to combine and fix favorable alleles for both HIR and KOC. The China Agricultural University developed a Stock-6-derived CAUHOI inducer line with high oil content (7.8%) and HIR (2.2%) (Li et al., 2009). When crossed with the donor ZD958 (KOC ~ 3.5%), this inducer line produces high-oil content diploid kernels (6.0%) and low oil content in haploid kernels (3.8%) (Li et al., 2009). Dong et al. (2014) obtained three high oil inducer lines called CHOI1, CHOI2, and CHOI3 with average KOC of 8.5% and average HIR of 8.0% using MAS and backcrossing schemes involving inducer line CAU5 (HIR ~ 10%, KOC ~ 3.5%) and high oil inbred line GY923 (KOC ~ 10.7%) from the Alexander high oil population (Xu et al., 2013). Those high-oil-inducers produce haploid kernels with low KOC (2.6-4.3%) and diploid kernels with high KOC (4.6-6.1%), depending on donor populations used. Liu et al. (2022) developed high-oil-inducer CHOI4 (KOC ~ 11% and HIR ~ 10-21%) which was derived from founder parents between inducer line CAU2 (HIR ~ 10%) and the Beijing High Oil population (BHO) (KOC ~ 15%) (Song and Chen, 2004). The use of CHO14 as haploid inducer resulted in haploid kernels with low KOC (2.0-4.0%) and diploid kernels with high KOC (5.0-6.2%), depending on donor population used.

The KOC marker system has two main advantages over the R1-nj marker system including (1) flexibility to adjust the threshold for OC by considering the trade-off between FDR and FNR and (2) time and resource savings since haploid sorting via KOC can be done through automation, for instance, using NMR (Dong et al., 2014). Low thresholds for KOC result in low FDR but high FNR, meaning that users will obtain fewer false positives, but they also lose more potential true haploids. In contrast, increasing the thresholds for KOC leads to high FDR but low FNR, allowing users to gain more false positives but lose fewer true haploids (Melchinger et al., 2013). Dong et al. (2014) suggested that good thresholds should not surpass both false positives (FDR<5%) and true haploids loss (FNR<20%). The use of the KOC system still has some limitations. Environmental effects and measurement errors often cause high variation and overlapping distributions of KOC among individual diploid and haploid seeds (Melchinger et al., 2014). Besides, donor and xenia effects make breeding high oil inducers slow so that it is suggested to include at least two different testers for evaluating the HIR of haploid inducers (Dong et al., 2014).





Fluorescence protein markers

One example in transgenic approach is the use of green fluorescent protein (GFP). The GFP gene is originally extracted from the jellyfish Aequorea victoria, expressing bright green fluorescence under UV light (Shimomura et al., 1962). Yu and Birchler (2016) proposed the RWS-GFP haploid inducer system to assign GFP as a dominant marker in sweet maize haploid selection. In this system, a homozygous dominant GFP transgene was inserted into a maize haploid inducer, RWS, to allow early haploid identification by visualizing the GFP expression of germinated kernels under a fluorescence microscope. Diploids will generate GFP fluorescence in emerged radicles and coleoptiles, while haploids will be GFP negative (Yu and Birchler, 2016). This approach is suitable to any maize genetic backgrounds, especially when other markers such as R1-nj are not available regarding a lack of R1-nj expression such in sweet maize (Yu and Birchler, 2016). However, a certain percentage of false positives still exists, for instance, misclassifying both diploids and aneuploids as haploids.

Cormack et al. (1996) developed several mutants of GFP (eGFP) showing 20-35 folds brighter than the wild-type GFP. It might be worth utilizing those enhanced mutants to strengthen the GFP expression. Dong et al. (2018) developed DFP-mediated haploid inducer lines (DHILs) carrying double-fluorescence protein (DFP), namely enhanced green fluorescent protein (eGFP) and the DsRED as a marker system to identify maternal haploid seeds. These dual markers have different features regarding area expression, color fluorescence, and light wavelengths. The eGFP marker expresses green embryos under 480 nm filters, while the DsRED marker expresses red endosperms under 540 nm filters. Three seed classes have different fluorescence patterns, as follows: diploids should be able to show red fluorescence from the DsRED marker in endosperm and green fluorescence from the eGFP marker in embryo; haploids show only red endosperm without green embryo; and outcross will not show any fluorescence in both areas. Qi et al. (2023) also applied the DFP markers for ploidy selection via DFP-ZC01 transgenic haploid inducers. However, they slightly modified the wavelength of filters to be 488-nm for eGFP marker and 520-nm excitation filter for DsRed2 marker.

Other fluorescence protein markers used for haploid selection are B chromosomes and centromeric histone H3-yellow fluorescent protein (CENH3-YFP). Zhao et al. (2013) used B chromosomes and CENH3-YFP for ploidy screening at kernel stage. They developed two transgenic inducers, CAUB and CAUYFP, which carried B chromosomes and CENH3-YFP, respectively. Inducer CAUB derived from crosses between inducer line CAU5 and the transgenic line B73+B, whereas inducer CAUYFP derived from crosses between inducer line CAU5 and the transgenic line HillYFP. Regarding the B chromosomes system, diploid cells should have 20 normal A chromosomes plus B chromosomes, while haploid cells have only 10 normal A chromosomes. It is because the B chromosomes can only be present from the male parent, which is inducer CAUB. Regarding the YFP system, diploid kernels express YFP signals in both endosperm and embryo, while haploid kernels show YFP signals in endosperm only. Likewise, the YFP expression can only be present from the paternal inducer CAUYFP. However, those two marker systems are still imperfect and can be further improved. For instance, in the B chromosomes system, there were few haploids displaying B chromosomes, confusing ploidy identification. In the YFP system, the YFP expression in the endosperm of kernels seemed to be strong only during 9 to 14 DAP, then the expression drops until 30 DAP. This system is not quite convenient in traditional DH productions as operators commonly harvest the seeds at physiological maturity (30-40 DAP). Another limitation is that it requires sophisticated equipment, such as epifluorescence microscope and CCD camera, and high skilled operators for FISH assay.

The transgenic approach via different fluorescence proteins is robust and can be integrated with genome-editing platform. However, the adoption shows slow progress due to restrictions regarding genetically modified organism (GMO) regulations. Haploids generated from the transgenic inducers are transgene-free. Dong et al. (2018) and Wang et al. (2019) independently performed Basta-resistant screening among edited haploids and confirmed that all edited haploids were Cas9-free. It implies that although transgenic haploid inducers are involved, maternal haploids generated from those inducers are still transgene-free because the paternal genome, which contains transgenes, are loss during post-fertilization in early embryo development. However, inducer chromosome segments have been found in haploids proven by morphological and molecular evidence. Some haploid kernels expressed weakly pigmented purple scutellum of embryo, high KOC, and a small proportion (± 1.84%) of the genome of paternal inducer CAUHOI (Li et al., 2009). Thus, there is a possibility that inducer transgenes can be transmitted to haploid offspring, even though the chance of this occurrence is low. However, it is sufficient for GMO regulators to not accept haploids obtained this way as non-GM.






Automation

A commercially oriented breeding program in maize usually requires about 10,000 lines per year to evaluate, and more than half of them are DH lines (personal communication with a breeding company). If the average overall success rate (OSR), from haploid genome doubling to DH0 seed harvesting, is about 5-10%, at least 200,000 kernels need to be sorted. Those huge numbers often make manual sorting by either R1-nj or kernel oil content ineffective for commercial seed business. Since DH technology is associated with bypassing the time and resources, automation gains more attention for haploid sorting purposes. In this chapter, we emphasized automated haploid sorting at seed stage based on R1-nj anthocyanin and oil content. A brief comparison of each sorting approach was provided in Table 3.


Table 3 | List of automated approaches for haploid sorting at kernel stage based on R1-nj purple and oil content markers.






Kernel R1-nj-based automation

As mentioned earlier, manual selection with human eyes is time consuming and laborious. This method could not guarantee stable speed and accuracy since human labor is prone to fatigue against a repetitive task. Meanwhile, several approaches of R1-nj-based automated sorting have been proposed including machine optical sorting (Song et al., 2018), spectroscopic sorting, and computer vision methods (Veeramani et al., 2018; Altuntaş et al., 2019). For machine optical sorting, the seeds go through a hopper and the images of maize kernels are captured with a visible RGB camera to distinguish the diploid/haploid kernels based on the purple coloration in endosperm and embryo. No manual handling for positioning kernels is required as the machine is equipped with mechanical arms and solenoid valves. This platform has high accuracy (87-94%) and speed (up to 0.12 seconds per kernel) (Song et al., 2018). Since it solely relies on the optical R1-nj expressed on the surface of the kernels, higher misclassification rates may occur along the poorer expression of the R1-nj. Thus, a specific threshold is necessary for a specific donor genotype.

Spectroscopic sorting can be near-infra red (NIR) (Jones et al., 2012; Yu et al., 2018), fluorescence (Boote et al., 2016), and multispectral (De La Fuente et al., 2017). The NIR has electromagnetic spectra between visible light and mid infrared or from 780 to 2,526 nm (Pan et al., 2013). The general advantages of NIR are fast, efficient, and non-destructive (Cheng et al., 2013; Song et al., 2015). Two types of NIR spectra include reflection (Haefele et al., 2007) and transmission (Finney and Norris, 1978). Jones et al. (2012) argued that NIR transmission spectroscopy is more suitable than NIR reflection for haploid sorting because of irregular embryo surface and area marked of R1-nj expression. They applied a NIR spectroscopy with varying wavelengths, from 1,000 to 1,700 nm, and the NIR spectra were transmitted to a Carl–Zeiss NIR spectrometer (Model MCS-611 NIR). Soft Independent Modeling of Class Analogy (SIMCA) was performed as algorithms for ploidy classification according to their spectra. This platform illustrated acceptable accuracy (85%), but it can be further improved as the recent concept was low throughput (1.0-1.3 min per kernel) (Jones et al., 2012). Besides, it is genotype dependent so that specific spectra and models are still required for specific donor germplasm. Further validation in a wider germplasm is required. Zhou et al. (2007) explained that multiple factors including light, temperature, humidity, NIR intensity, instrument, and seed properties may simultaneously affect the NIR spectra of maize haploid seeds; thus, the output showed high dimensional nonlinear. To resolve that issue, Yu et al. (2018) implemented Supervised Virtual Sample Kernel Locality Preserving Projection (SVSKLPP) as nonlinear algorithms when applying NIR spectroscopy for haploid sorting. The model revealed high accuracy (97.1%), sensitivity (98.8%), and specificity (95.4%). Besides, it offers high throughput (0.016 seconds per kernel) and robustness (over 70% stable performance) for consecutive uses in a month (Yu et al., 2018).

Fluorescence imaging, a combination between fluorescence spectroscopy and imaging of maize kernels, is proposed for automated haploid sorting (Boote et al., 2016). This instrument utilizes a 532-nm Sapphire SF laser and a HoloSpec spectrometer for emitting the fluorescence spectra and Typhoon FLA 9500 biomolecular imager for imaging the fluorescence spectra. The spectra range from 550 to 700 nm, and both fluorescence intensity and spatial thresholds on fluorescence images determine the ploidy status of each sample. Haploids have larger areas of high-fluorescence intensity than diploids. The sorting speed (0.3 seconds per kernel) and accuracy (80-90%) are satisfactory (Boote et al., 2016). Multispectral imaging involving 19 different wavelengths from ultraviolet (375 nm) to NIR (970 nm) through the VideometerLab 3 system was applied to sort the haploids in maize (De La Fuente et al., 2017). This instrument is accurate (40-100%), fast (10-20 seconds per kernel), and convenient as it is well established including the software provided by third parties. Those spectral imaging methods have similar drawbacks namely (i) the needs of manual positioning the kernels for imaging and specific area and intensity thresholds for specific donor germplasm and (ii) huge data storage from the imaging protocols.

Computer vision methods with deep learning approaches are currently popular because they can learn automatically from the input/trained data (Jiang and Li, 2020). One method commonly used in deep learning is Convolutional Neural Networks (CNN). It is suitable for commercial haploid sorting as it can handle big data and simplify multiple processes between image extraction and neural network classification into a single pipeline (Ubbens and Stavness, 2017). Three models using CNN for the same sorting objective have been proposed by independent researchers (Veeramani et al., 2018; Altuntaş et al., 2019; Sabadin et al., 2021). A DeepSort CNN (Veeramani et al., 2018) illustrated 96.8% accuracy and 91.6% sensitivity. Meanwhile, Altuntaş et al. (2019) using seven CNN architectures achieved 94.2% accuracy and 94.6% sensitivity. Sabadin et al. (2021) trained the CNN model that resulted in 94.39% accuracy and 97.07% sensitivity. It seems that CNN model can be further trained to achieve optimum accuracy by adding layers of networks and enriching the input data (images) having various R1-nj expressions worldwide.

Dong et al. (2023) provided the advantages of self-supervised learning (SSL) methods in training deep learning models which often require extensive manual annotation of data. The popular self-supervised contrastive learning methods of Nearest neighbor Contrastive Learning of visual Representations (NNCLR) and Simple framework for Contrastive Learning of visual Representations (SimCLR) were implemented for the classification of spatial orientation and segmentation of embryos of maize kernels. The SSL techniques outperform their purely supervised transfer learning-based counterparts and are significantly more annotation efficient. Furthermore, a single SSL pre-trained model can be efficiently finetuned for both classification and segmentation, indicating good transferability across multiple downstream applications. They can demonstrate that SSL provides a meaningful step forward in data efficiency with agricultural deep learning and computer vision, especially for sorting haploids.





Kernel oil content-based automation

Quantification of the kernel oil content (KOC) through analytical methods including solvent extraction, microwave-assisted extraction, and Soxtherm extraction (Kotyk et al., 2005) is destructive, time consuming, and resource intensive. Haploid seeds obtained should still be viable for subsequent steps in DH. Several non-destructive and automated methods are available for KOC-based haploid sorting, namely near-infrared (NIR) spectroscopy (Gustin et al., 2020), hyperspectral imaging (Wang et al., 2018), and nuclear magnetic resonance (Melchinger et al., 2017; Ge et al., 2020; Qu et al., 2021).

Single-kernel near-infrared reflectance spectroscopy (skNIR), a high-throughput device that captures NIR spectra ranging from 907 to 1,689 nm to predict individual kernel traits, has been applied to identify haploid kernels in maize (Gustin et al., 2020). This device utilized partial least squares linear discriminant analysis (PLS-LDA) to construct models for ploidy sorting based on skNIR data. It is high throughput (0.1 seconds per kernel), but the accuracy was inconsistent ranging from 25% to 97% depending on the KOC of haploid inducers and donor germplasm. Therefore, specific models are required for specific donor germplasm. To improve the accuracy, NIR hyperspectral imaging was implemented (Wang et al., 2018). This instrument embedded with biomimetic pattern recognition (BPR) revealed excellent accuracy (99%) even in mixed seeds with overlapping KOC between haploids and diploids.

Nuclear magnetic resonance (NMR) spectroscopy is fast, precise, and non-destructive measurement of single seeds. It is commonly applied for quantifying oil, water, protein, and hydrocarbons (Alexander et al., 1967; Rolletschek et al., 2015). Regarding NMR-based haploid sorting, different strategies to set the thresholds have been proposed. For instance, Melchinger et al. (2017) proposed time-domain NMR with five modules as a precise method for non-destructive KOC measurement. This instrument provided several advantages, as follows: (1) all steps are fully automated, (2) high accuracy and repeatability (>99%), (3) high throughput (0.1 seconds per kernel), stability, and robustness, and (4) real-time data visualization during operation (Melchinger et al., 2017). Ge et al. (2020) applied NMR with single and multiple manifold learnings for haploid sorting and achieved high accuracy (93-100%) even when non-high oil inducers are used to pollinate the donor germplasm. However, NMR with single threshold could not distinguish between haploid and embryo-aborted kernels as both fractions have lower KOC than diploid fraction, resulting in inflating false discovery rate (FDR). Therefore, NMR-based haploid sorting with KOC double thresholds is proposed (Qu et al., 2021). The upper threshold should be the minimum KOC of diploids, while the lower threshold should be the maximum oil content of embryo-aborted kernels. Applying this method, they distinguished embryo-aborted kernels from the haploids and achieved high accuracy (97.8%) and low FDR (27.9%).





Kernel R1-nj and oil content-based automation

The QualySense Qsorter® Explorer (QSE) is a robot that utilizes advanced mechatronics and artificial intelligence to perform single kernel sorting and analysis (Mitchell, 2023). It is considered one of the most advanced platforms for haploid sorting in the market today. The QSE is equipped with a 2D/3D camera and a high-resolution near-infrared spectrometer that enables it to sort each kernel and generate detailed reports. With the ability to inspect both physical (e.g., size, shape, color, defects) and biochemical (e.g., protein, moisture, oil, sucrose) characteristics in one pass, the QSE is a highly efficient and reliable tool for analysis.

For haploid sorting, the near-infrared spectrometer can be used to analyze compositional components, such as oil content. Additionally, the embedded 2D/3D camera can be used to sort the kernels for the presence of a purple embryo. The QSE uses multispectral imaging to examine the embryos of about 30 kernels per second, separating those with purple embryos from those with colorless embryos. It has been observed that the QSE is unable to achieve a 100% haploid recovery rate even after running a small batch twice, with the rate being less than 80%. Therefore, this robot is mainly utilized for extracting a specific number of haploids from a large batch, rather than recovering every haploid kernel within a batch. Apart from saving time, this robot has the added advantage of generating a real-time digital report that includes all the defined parameters. This feature can be incredibly useful in providing accurate and up-to-date information to the concerned parties. Another interesting feature is the flexibility to adjust the sorting thresholds of both upper and lower bounds that subsequently will determine the purity, recovery, and sorting speed. Based on the economic analysis, automated haploid sorting through the QSE is a more viable option for large breeding groups as compared to manual sorting. However, small breeding programs may not find it economically feasible to opt for the QSE.

The QSE offers a variety of tools to improve sorting accuracies, including the threshold tool, which calculates a batch’s optimal thresholds by running a sample of known haploids and diploids. The provider is constantly developing new software updates to enhance its applications, including a recent update that focuses on improving multispectral imaging in maize. This update not only improves imaging of the embryo of the kernel, but also includes the aleurone, which improves the ability to sort outcross kernels into the diploid bin. By using different cameras and camera angles to focus on more areas of the kernel, the QSE may be able to further improve sorting effectiveness.






Outlook

Multiple tools are available in haploid identification in maize, from manual through cytological and morphological markers to high-throughput automation. Each of them plays different roles in the whole steps of haploid selection. The innate differences between haploid and diploid plants aided with heterosis phenomenon can be helpful for roguing in haploid nurseries. Cytological and molecular markers are more suitable as gold standards for haploid verification after preliminary selection via biomarkers. Breeders may favor visual haploid selection, which is practical, through biomarkers integrated in the haploid inducers. Each of the available biomarkers (R1-nj purple kernel, Pl-1 red root, and kernel oil content), however, will not be effective on source germplasm which carry corresponding biomarkers. Therefore, it is important to provide haploid inducers with multiple selectable markers such as intense purple/red kernels, stem, roots, and high kernel oil content to make it compatible with any source germplasm. Automation can bypass the time and resource constraints despite high initial investment which is often unaffordable for small and medium seed enterprises.

Considering both technical and economical aspects, the ideal steps of haploid identification in maize for a commercially oriented breeding program in maize as follows: (1) preliminary identification of putative haploids via multiple biomarkers through triple options: manual, automation, or automation followed by manual; (2) haploid verification via either cytogenetics or innate differences at early seedlings (4-7 days after sowing) prior to haploid genome doubling; and (3) roguing false positives or true diploids at post haploid genome doubling in the field via innate differences at later vegetative stages. That stratified manner also acts as quality control at the haploid identification stage. Finally, increased efficiencies at the haploid identification stage can substantially increase DH line production and reduce total cost per DH line. It will lead DH technology to be feasible for maize breeding programs not only in temperate regions but also in the tropics.
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In the post-genomic era, virus-induced gene silencing (VIGS) has played an important role in research on reverse genetics in plants. Commonly used Agrobacterium-mediated VIGS inoculation methods include stem scratching, leaf infiltration, use of agrodrench, and air-brush spraying. In this study, we developed a root wounding–immersion method in which 1/3 of the plant root (length) was cut and immersed in a tobacco rattle virus (TRV)1:TRV2 mixed solution for 30 min. We optimized the procedure in Nicotiana benthamiana and successfully silenced N. benthamiana, tomato (Solanum lycopersicum), pepper (Capsicum annuum L.), eggplant (Solanum melongena), and Arabidopsis thaliana phytoene desaturase (PDS), and we observed the movement of green fluorescent protein (GFP) from the roots to the stem and leaves. The silencing rate of PDS in N. benthamiana and tomato was 95–100%. In addition, we successfully silenced two disease-resistance genes, SITL5 and SITL6, to decrease disease resistance in tomatoes (CLN2037E). The root wounding–immersion method can be used to inoculate large batches of plants in a short time and with high efficiency, and fresh bacterial infusions can be reused several times. The most important aspect of the root wounding–immersion method is its application to plant species susceptible to root inoculation, as well as its ability to inoculate seedlings from early growth stages. This method offers a means to conduct large-scale functional genome screening in plants.
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1 Introduction

Virus-induced gene silencing (VIGS) is a reverse genetics tool for effectively silencing target gene expression by using plant antiviral defense mechanisms that inhibit invading viruses (Dommes et al., 2019). Currently, most functional gene research methods, including chemical mutagenesis, T-DNA insertion, and CRISPR/Cas, are dependent on stably transformed lines and generally require labor-intensive processes such as phenotyping and molecular screening, and several of the methods are inefficient. In some cases, the loss of function of some essential genes causes plant death during the early stages of plant growth, which may limit the application of these methods (Baulcombe, 2004; Benedito et al., 2004). In comparison, VIGS is a low-cost and rapid tool, and a large number of plant viruses have been successfully developed as VIGS vectors, including tobacco rattle virus (TRV), tobacco mosaic virus (TMV), potato virus X (PVX), tomato golden mosaic virus (TGMV), and cabbage leaf curl virus (CbLCV) (Burch-Smith et al., 2004).

Modified VIGS systems have been used in Brassicaceae (Fridborg et al., 2013; Wang et al., 2013; Yu et al., 2019), Solanaceae (Fu et al., 2005), Gramineae (Bennypaul et al., 2012; Kang et al., 2013; Martin et al., 2013), Cucurbitaceae (Bu et al., 2019; Liao et al., 2019), Asteraceae (Deng et al., 2012), Leguminosae (Ganiger et al., 2013; Atwood et al., 2014), Orchidaceae (Hsieh et al., 2013a, Hsieh et al., 2013b), and Malvaceae (Gao et al., 2011; Pang et al., 2013). The silencing efficiency of VIGS is related to the inoculation method, bacterial suspension concentration, vector selection, and environmental conditions. Virus vector-induced silencing efficiency is associated with host selection. Currently, Agrobacterium-mediated inoculation is mainly used for VIGS, and the primary methods for this type of inoculation are injection (Huang et al., 2014), agrodrench (Ryu et al., 2004), high-pressure spray (Liu et al., 2002a), and vacuum infiltration (Yan et al., 2012). TRV is widely used in VIGS vector construction owing to its high silencing efficiency, long silencing duration, and mild infection symptoms (Dinesh-Kumar et al., 2003). Studies have confirmed that low temperature and low humidity can increase VIGS silencing efficiency (Fu et al., 2006; Singh et al., 2018; Yang et al., 2018), and TRV-VIGS inoculated through agrodrench application or leaf infiltration can persist for 2 years or more (Senthil-Kumar and Mysore, 2011a). In agricultural inoculation, the concentration of the infiltration solution also considerably affects gene silencing in VIGS experiments; for example, an OD600 > 1 causes Nicotiana benthamiana leaf necrosis. In comparison, the OD600 = 1.5 of Agrobacterium results in good infection effects in tomatoes (Senthil-Kumar et al., 2007).

Several Agrobacterium-mediated inoculation methods have been developed to introduce VIGS and other related applications, such as virus-mediated genome editing (Ali et al., 2015), into host plants. Among these methods, root inoculation is a promising approach that can be applied to research on root systems and on plant hosts that are resistant to above-ground infection, as well as in other similar cases. TRV vectors can infect plant roots and efficiently express green fluorescent protein (GFP) (MacFarlane and Popovich, 2000). In addition, one study found that a modified TRV vector showed stronger infectivity and invasiveness in meristems in the rhizosphere than elsewhere (Valentine et al., 2004). The present study employed a root wounding-immersion method to trigger VIGS with TRV vectors. This method is suitable for N. benthamiana, tomato (Solanum lycopersicum), eggplant (Solanum melongena), pepper (Capsicum annuum L.), and Arabidopsis thaliana. This study provides a new VIGS inoculation approach for functional research on plant genes.




2 Materials and methods



2.1 Plant materials and growth conditions

Tomato (Micro Tom and CLN2037E), Arabidopsis thaliana, Nicotiana benthamiana, eggplant (S-34), and pepper (Capsicum annuum) were all stored by our group. The seeds were placed in cell culture dishes with moist tissue paper and covered, after which they were incubated at 25°C under high humidity for 3 days to stimulate germination. After breaking through the testa, the plants were cultured indoors with 16 h (28°C) of light and 8 h of darkness (20°C).




2.2 Plasmid construction

pTRV2-GFP was used as a backbone (Figure 1A) and GFP and phytoene desaturase (PDS) were used as reporter genes. Ryu et al. (2004) found that TRV2-NbPDS could silence endogenous PDS homologs in tomato, tobacco, and Petunia, showing that the PDS gene sequences of these species were conserved. However, TRV2-NbPDS did not inhibit the PDS homologs in pepper, potato, or eggplant (Ryu et al., 2004). To ensure accurate targeting in different hosts, we designed specific primers for different species to clone 300 bp of PDS, SITLP5, and SITLP6 silencing fragments, which were ligated to the binary vector TRV2-GFP to generate TRV2-GFP-NbPDS, TRV2-GFP-SlPDS, TRV2-GFP-CaPDS, TRV2-GFP-SmPDS, TRV2-GFP-AtPDS, TRV2-GFP-SITLP5, and TRV2-GFP-SITLP6. The designed primers are shown in Supplementary Table S1. Electroporation was used to transform Agrobacterium GV1301 using the binary vectors pTRV2-GFP-PDS and pTRV1.




Figure 1 | Schematic diagram of the root wounding–immersion method. (A) Construction of the pTRV2-GFP backbone; (B, C) Schematic of the root wounding–immersion process.






2.3 Development of root wounding–immersion method and GFP imaging

Agrobacterium GV1301 containing pTRV2-GFP-PDS and pTRV1 were cultured on LB plates containing kanamycin (50 μg/mL) and rifampin (25 μg/mL) at 28°C for 2 days. Positive colonies were selected and cultured overnight in LB broth containing the corresponding antibiotics and shaken at 200 rpm. A NanoDrop 1000 spectrophotometer (Thermo Fisher Scientific, New York, NY, USA) was used to determine that the OD600 of the inoculum was >1.

One day before VIGS, 50 μL of the above culture was added to 20 mL of LB medium containing 50 μg/mL kanamycin, 25 μg/mL rifampin, 20 μM acetosyringone, and 10 mM MES and cultured overnight at 28°C and 200 rpm. The following day, an infiltration solution (10 mM MgCl2, 10 mM MES at pH 5.6, 150 μM acetosyringone) was used to resuspend the culture until OD = 0.8. TRV1 and TRV2-carrying Agrobacterium suspensions were cultured in the dark at 28°C for 3 h (Zhang and Thomma, 2014; Meziadi et al., 2016). For the root wounding–immersion procedure, seedlings were first cultured in a tray. To increase the resistance of the plants, seedlings with 3–4 real leaves that were 3 weeks old were removed from the soil (including the roots). After pure water was used to remove soil and other impurities from the roots, a disinfected leaf knife was used to remove 1/3 of the root lengthwise. We designed two different immersion protocols: 1) “ concurrent inoculation,” where TRV1 and TRV2 were mixed and the plant was immersed for 30 min; and 2) “successive inoculation,” where the plant was immersed in TRV1 infiltration solution for 15 min and then transferred to a TRV2 infiltration solution for 15 min of immersion. To determine the effect of temperature on infection efficiency, the cut seedlings were placed in infiltration solutions with different temperature gradients in the two immersion protocols so that the roots were completely immersed. Shaking was carried out every 5 min. After 30 min, the seedlings were transferred to a 50-pore plastic tray containing sterilized soil (peat and vermiculite). After 48 h of dark treatment, the plants were cultured indoors with a 16-h (temperature was the same as immersion) light and 8-h dark (18°C) cycle with 35% humidity. Furthermore, we designed experiments with different concentrations and multiple uses of the inoculum. A fresh inoculum of 10 mL was prepared to inoculate 20 tomato plants simultaneously, using the same infection methods as described. A portable light source (LUYOR-3410RB, Luyor, USA) was used for GFP imaging.




2.4 RNA isolation and RT-qPCR analysis

To measure the silencing efficiency in TRV-infected plant leaves, a Huayueyang rapid universal plant RNA extraction kit (Huayueyang Biotechnology Co., Ltd., Beijing, China) was used to extract the total RNA from the leaves 30 days after infection. The quality and quantity of the extracted RNA were confirmed by 1.5% (w/v) agarose gel electrophoresis and a NanoDrop 1000 spectrophotometer (Thermo Fisher Scientific, New York, NY, USA). Then, 2 µg of total RNA was used to synthesize cDNA based on the manufacturer’s instructions for the TransScript one-step gDNA removal and cDNA synthesis SuperMix (TransGen, Beijing, China) kits. Primer Premier 6 (Premier, San Francisco, CA, USA) software was used to design specific primers for the segments outside the silencing regions. The species-specific internal reference genes were used as control and the primers were synthesized by Tsingke Biotechnology (Qingke Biotechnology Co., Ltd., Beijing, China). SYBR Green PCR Master Mix (TransGen) was used for RT-qPCR on a CFX96 (Bio-Rad, Hercules, CA, USA). Relative mRNA transcript abundance was calculated for TRV-GFP- and TRV-GFP-PDS-infected plants using the 2−ΔΔCt method (Zhao et al., 2013) with uninfected plants as controls. All of the primers used are shown in Supplementary Table S1.




2.5 Pathogen inoculation and disease resistance identification

The late blight pathogen (Phytophthora infestans) was obtained from the Institute of Vegetables and Flowers at the Chinese Academy of Agricultural Sciences (Kunming, Yunnan Province, China). Then, 5 × 104 sporangia/mL was used to spray six or seven leaves of VIGS-successful and control tomato seedlings. After inoculation, the seedlings were placed in a plant growth room, and 100% relative humidity (RH) and 20 ± 1°C were maintained. The seedlings were grown in the dark for 24 h. Then, the seedlings were grown under a 14 h/10 h light/dark cycle with a relative humidity of 60–80% (Jiang et al., 2018). Seven days after inoculation, the method described by Wang (2003) was used to calculate the disease severity rating (DSR), which was used as a reference for the resistance level.




2.6 Chlorophyll content measurement

The chlorophyll measurement was immediately performed after the extract was prepared based on the method of Hajirezaei et al. (2002). Then, 50 days after infection, the wild type was used as the control, and 50 mg of plant leaves were harvested and frozen in liquid nitrogen. Thereafter, 0.5 mL of 80% (v/v) acetone/water was used for extraction before 0.5 mL of 100% acetone was used for extraction to ensure that chlorophyll a and b were completely extracted. The samples were incubated at 80°C for 60 min, and spectrophotometry was used to measure the total chlorophyll, chlorophyll a, and chlorophyll b at 652, 647, and 664 nm, respectively.




2.7 Phytoene analysis

The samples were rinsed with ice-cold PBS (0.05 mol/L Tris-HCI, pH 7.4 phosphate buffered saline), and filter paper was used to remove the PBS. Then, 0.1 g of each sample was placed in 5 mL of homogenization tubes. Nine volumes of homogenization medium were added to the homogenization tube based on weight (g):volume (mL) = 1:9. The pestle was moved up and down 10 times in an ice bath to prepare 10% homogenate. Afterward, phytoene was measured using the plant phytoene ELISA Kit (Xingtai Sinobest Biotech Co., Ltd.) according to the manufacturer’s instructions.




2.8 Statistical method

Each experiment contained at least three biological replicates. IBM® SPSS® Statistics 24 statistical software (IBM, Chicago, IL, USA) was used for data processing. One-way ANOVA was used for data analysis, and Duncan’s test was used for post-hoc analysis. A  p ≤ 0.05 was considered significant, and the results are presented as the means ± SD.





3 Results and discussion



3.1 Optimization of the root wounding–immersion procedure

Current inoculation methods mainly include Agrobacterium-mediated injection infiltration and vacuum infiltration. However, injecting Agrobacterium cultures into the seedling leaves of plants with tough tissues, such as soya beans and maize, can be challenging. Additionally, the leaves of these plants need to be fully unfolded to ensure successful injection (Ratcliff et al., 2001). For roots that are susceptible to inoculation and early-growth seedlings, we developed an inoculation method known as root wounding–immersion (Figure 1B). To test the feasibility of the root wounding–immersion method, we chose PDS as a reporter gene because the leaves of plants in which PDS is silenced tend to show symptoms of photobleaching (Kumagai et al., 1995; Liu et al., 2002a). To visualize TRV viral transport from the roots to the above-ground parts of plants, we cloned tobacco NbPDS fragments and inserted them into the vector pTRV2-GFP. Uninjured tobacco was infected according to the method described in Section 2.3 and the silencing rate was found to be less than 1%, so we used uninoculated plants as controls. The frequency of VIGS was defined as the number of plants that show silencing phenotype (photobleaching) after inoculation with TRV2-GFP-NbPDS. In N. benthamiana, the ratio of positive silenced plants was 95.8%, and GFP insertion did not modify the gene silencing capacity of the TRV vector (Tian et al., 2014). Under illumination with the portable excitation light source (LUYOR-3410RB), pTRV2-GFP-NbPDS was transferred from the roots to the stem and leaves (Figure 2F). We designed two different infection methods for different temperatures (Supplementary Table S1): “concurrent inoculation” and “successive inoculation.” Photobleaching was observed in N. benthamiana plants as early as day 6 (Figure 2A), which was faster than the 7–10 days reported in the study of Ryu et al. (2004).




Figure 2 | The VIGS system established through the root-soaking method resulted in plant bleaching. (A–E) Bleaching symptoms photographed in Nicotiana benthamiana, tomato, pepper, eggplant, and Arabidopsis thaliana, respectively, on day 30; (F–J) Green fluorescence of N. benthamiana, tomato, pepper, eggplant, and A. thaliana on days 7, 7, 10, 12, and 4, respectively.



The data show that the survival rate and silencing rate of concurrent inoculation were slightly higher than those for successive inoculation. For example, at 22°C, the survival and silencing rates of concurrent inoculation were both 100%, whereas the survival and silencing rates of successive inoculation were 96% and 92%, respectively. We believe the separate immersion in the TRV1 and TRV2 bacterial suspensions decreased opportunities for both to contact each other, which may decrease endogenous RNA-dependent RNA polymerase (RDRP) activation and the replication and production of virus dsRNA (Donaire et al., 2008). In addition, decreased TRV1 and TRV2 bacterial suspension immersion duration also decreased opportunities for entry into the plant through the wounded root.

Temperature is a key factor affecting the development of the gene-silencing phenotype of VIGS plants (Szittya et al., 2003; Fu et al., 2006; Tuttle et al., 2008), as most viruses lose their potency, decreasing virus concentration. However, low temperatures (16–21°C for tomatoes) can promote virus silencing (Szittya et al., 2003; Singh et al., 2018). Our data show that an appropriate temperature is beneficial for maximizing VIGS silencing effects. In concurrent inoculation, photobleaching occurred after 6 days at 22°C and after 12 days at 26°C, and VIGS effects were delayed. The survival and silencing rates are also affected by temperature. The survival and silencing rates of concurrent inoculation at 18°C were 72% and 79%, respectively, and the survival and silencing rates at 26°C were 60% and 56%, respectively. Because the effect of concurrent inoculation was better than that of successive inoculation, concurrent inoculation was adopted in the following studies.

A suitable concentration of permeable solution is beneficial to gene silencing efficiency in VIGS experiments. The most suitable infiltration solution concentration for N. benthamiana is OD600 = 1.0 because an inoculum with OD600 > 1.0 may cause leaf necrosis in N. benthamiana (Caplan and Dinesh-Kumar, 2006), and Dinesh-Kumar et al. (2003) found that OD600 = 1.5 shows better results in tomatoes. Burch-Smith et al. (2006a) found that the efficiency is almost 100% when the A. thaliana Col-0 ecological TRV-VIGS experiment concentration is OD = 1.5. It is necessary to determine the most favorable TRV-VIGS inoculation concentration, and we used different concentrations for concurrent inoculation at 22°C for N. benthamiana inoculation (Table 1). We found that the survival rate and PDS silencing effectiveness are dependent on the concentration of the Agrobacterium suspension. When OD = 0.4–1.2, the rate of PDS silencing was more than 95%. However, the PDS silencing rate decreased when the concentration was below 0.4, and necrosis occurred when the concentration was above 1.2. Therefore, we resuspended the bacteria to OD600 = 0.8 in the following studies to ensure a higher survival rate and silencing efficiency while considering the efficient use of the Agrobacterium resuspension.


Table 1 | Optimization of concentrations for the root wounding–immersion method.



Even though root inoculation was performed in the root wounding–immersion, the movement of virus to aboveground organs was not delayed in N. benthamiana. In contrast, we found that the root wounding–immersion method does not require leaf infiltration for every N. benthamiana plant, and batch processing can be carried out. This method is highly efficient. In addition, we used our previous bacterial suspension (guaranteed fresh) many times. Results showed that the silencing rate was more than 90% (Supplementary Table S2) even after the TRV1:TRV2 mixed bacterial suspension was used five consecutive times. This avoids the preparation of a large volume of infiltration solution for the treatment of a large quantity of materials and saves time and costs. Our method confirms the hypothesis of Ryu et al. (2004) that Agrobacterium-mediated transformation occurs when there is simulated wounding to roots in growing plants.




3.2 Application of the root wounding–immersion method in A. thaliana, tomatoes, eggplants, and pepper

Infection was carried out using concurrent inoculation at a concentration of OD = 0.8 and 22°C (Supplementary Table S3). We found that the root wounding–immersion method is similarly effective in these five plant species, but the infection efficiency differed between different plant species (Figures 2B–E). TRV typically causes mild symptoms within 10 days of inoculation in N. benthamiana and tomatoes (Liu et al., 2002a). The virus spreads from the inoculation site to the developing regions of the plant and triggers PTGS. At 2–3 weeks, the virus spreads to the completely open upper leaves (Burch-Smith et al., 2004). Using the root wounding–immersion method, we found that photobleaching occurred 1 week after inoculation. The silencing rate of the tomatoes was 95% (Supplementary Table S3). TRV-mediated VIGS silencing has similarly been used in peppers. Generally, the pale yellow (rbcS) and photobleached leaf (PDS)-silenced phenotype will become significant 2 weeks after TRV vector transformation (Chung et al., 2004). We employed the root wounding–immersion method, and these phenotypes occurred 24 days after inoculation in peppers. The silencing rate of the tomatoes was 58% (Supplementary Table S3). Liu et al. (2012) used high-pressure spraying and injection on eggplant plants, and uniform bleaching occurred in the newly formed leaves after 30 days (Liu et al., 2012). We employed root wounding–immersion, and bleaching occurred in eggplants after 29 days and spread from leaf veins to the surrounding tissue (Figure 2D). The silencing rate was 23% (Supplementary Table S3). A. thaliana is a model plant in the Brassicaceae family, and VIGS has been used for many gene functional studies (Senthil-Kumar and Mysore, 2011b). Bleaching occurred on day 5 after inoculation, and the silencing rate was 75%. Even though the root wounding–immersion method is suitable for A. thaliana, the survival rate was 48%, which is lower than that in the tomatoes, peppers, and eggplants. This may be because A. thaliana itself is weak, small, and non-viable when it is transplanted after root wounding–immersion treatment.

Under portable light excitation via LUYOR-3410RB illumination, pTRV2-GFP moved from the roots to the stems and leaves of the tomatoes, peppers, eggplants, and A. thaliana (Figures 2G–J). Moreover, we used root wounding–immersion on cabbage and cucumbers, but photobleaching was not observed (Appendix 1).




3.3 Successful application of root wounding–immersion in multiple plants

We used RT-qPCR to confirm PDS silencing at the molecular level, and showed that the average relative expression level of PDS was significantly lower in photobleached N. benthamiana, tomato, pepper, eggplant, and A. thaliana than in the control group (Figures 3A–E). The leaves became white owing to carotenoid deficiency and the photooxidative destruction of chlorophyll after PDS silencing (Kumagai et al., 1995). We measured chlorophyll a, chlorophyll b, and total chlorophyll contents upon the silencing of N. benthamiana, tomato, pepper, eggplant, and A. thaliana. The chlorophyll a, chlorophyll b, and total chlorophyll contents of N. benthamiana, tomato, eggplant, pepper, and A. thaliana TRV2-GFP-PDS-silenced plants decreased by more than 40% compared with those of the control group; specifically, the chlorophyll a, chlorophyll b, and total chlorophyll contents in N. benthamiana leaves decreased by more than 90% (Figures 4A–E).




Figure 3 | Virus-induced gene silencing in different plants through the root-soaking method. (A–E) Real-time fluorescence quantitative PCR measurement of PDS expression pattern in Nicotiana benthamiana, tomato, pepper, eggplant, and A. thaliana. The control expression level was assigned a value of 1. The error bars are the standard deviations of biological triplicates. The asterisk (*) means P < 0.05, based on Student’s t-test.






Figure 4 | The VIGS system established through the root-soaking method resulted in a decrease in the chlorophyll content of plant leaves. (A–E) The decreases in chlorophyll a, chlorophyll b, and total chlorophyll contents in Nicotiana benthamiana, tomato, pepper, eggplant, and A. thaliana TRV2-PDS-infected plant leaves were measured. The error bars are the standard deviations of biological triplicates. The asterisk (*) means P < 0.05, based on Student’s t-test.



In transfected plants, PDS silencing inhibited the synthesis of carotenoids downstream of phytoene and caused high levels of phytoene (Kumagai et al., 1995; Fu et al., 2006). We measured the phytoene levels of five plants and found that phytoene content increased in the silenced plants (Figures 5A–E). These results confirm that root wounding–immersion can cause the PDS gene to be successfully silenced.




Figure 5 | The VIGS system established through the root-soaking method resulted in an increase in the phytoene content of plant leaves. (A–E) The phytoene accumulation levels in Nicotiana benthamiana, tomato, pepper, eggplant, and A. thaliana TRV2-PDS infected plant leaves were measured. The error bars are the standard deviations of biological triplicates. The asterisk (*) means P < 0.05, based on Student’s t-test.






3.4 Application of root wounding–immersion in disease resistance

Inoculation of a leaf with a VIGS vector containing a gene fragment leads to the transmission of the virus throughout the entire plant (Burch-Smith et al., 2006b). To test the reliability of the root wounding–immersion method, we silenced two late blight (P. Infestans) resistance genes (SITLP5 and SITLP6) in tomatoes in addition to the commonly reported genes chalcone synthase (CHS) (Spitzer et al., 2007), H subunit of magnesium protoporphyrin chelatase (ChlH) (Hiriart et al., 2002), and anthocyanidin synthase (ANS) (Senthil-Kumar et al., 2008). SITLP5 and SITLP6 overexpression and knockout increased and decreased late blight resistance, respectively, in tomatoes (Zhu et al., 2021). The CLN2037 tomato inbred line was generated by selective breeding from Solanum pimpinellifolium and contains late blight resistance genes. Thus, it is widely used in disease-resistance selective breeding and mining of disease resistance genes (Nowicki et al., 2012; Zhang et al., 2013). We used the root wounding–immersion method to inoculate TRV1:TRV2-GFP-SITLP5 and TRV1:TRV2-GFP- SITLP6 in tomato (CLN2037E), and disease symptoms were observed 7 days after P. infestans inoculation in SITLP5- and SITLP6-silenced plants using the method of Zhu et al. (2021). RT-qPCR was used to measure SITLP5 transcript abundance in silenced plants, and the average relative expression level of SITLP5 decreased by 43% and 84% in the stems and leaves, respectively, in CLN2037E. Moreover, SITLP6 decreased by 80% and 79% in the stems and leaves, respectively (Figures 6A, B). The DSR of the control plant was 1.6, which was classified as high resistance. After SITLP5 and SITLP6 silencing, the plants showed decreased P. infestans resistance (Figures 6C, D), and the calculated DSRs were 3.0 and 2.6, respectively, which was considered moderate resistance. These results showed that the root wounding–immersion method is similarly suitable for TRV-VIGS in other biological studies.




Figure 6 | The VIGS system established using the root-soaking method reduced the disease resistance of tomato plants. (A, B) Real-time fluorescence quantitative PCR measurement of SITLP5 and SITLP6 expression patterns in the stems and leaves of SITLP5- and SITLP6-silenced plants. The control expression level was assigned a value of 1. (C, D) Disease severity and resistance of SITLP5- and SITLP6-silenced plants 7 days after inoculation with pathogens. The error bars are the standard deviations of biological triplicates. The asterisk (*) means P < 0.05, based on Student’s t-test.






3.5 The root wounding–immersion method can be used for large-scale, high-efficiency VIGS experiments in genetic studies

Initially, Ruiz et al. (1998) used mechanical friction to deliver potato virus X (PVX) RNA obtained from in vitro transcription to plants and successfully obtained an NbPDS gene silencing phenotype. However, this method is difficult and cumbersome, and the silencing efficiency is low. Later, stem scratch and agroinfiltration methods were successfully applied to PVX VIGS (Bhaskar et al., 2009; Du et al., 2014). Antiviral silencing in some susceptible Solanaceae roots strongly inhibited PVX replication levels (Andika et al., 2015). Ratcliff et al. (2001) silenced target genes by injection infiltration and confirmed that TRV has many advantages over PVX, TMV, and TGMV. The TRV vector is able to invade roots and express GFP efficiently, whereas the widely used PVX vector is not (MacFarlane and Popovich, 2000). Bond and Baulcombe (2015) used TRV as a VIGS-RdDM silencing vector tool to augment the production of a 24-nt sRNA. The silencing rate of tomatoes when injection is used is 50% (Liu et al., 2002b). Spraying is also widely used for tomatoes, with a silencing rate of 90% (Liu et al., 2002a; Dinesh-Kumar et al., 2003). However, it has many equipment requirements, preventing many laboratories from employing this method. We developed the root wounding–immersion method and optimized it. We selected 3-week-old seedlings, removed 1/3 of the root lengthwise, and then immersed it in TRV1 and TRV2 Agrobacterium mixtures for 30 min. The N. benthamiana silencing rate was 95–100%. The root wounding–immersion method has similar strengths as using agrodrench. Agrodrench (Ryu et al., 2004) is a 1:1 mixture of Agrobacterium sp. TRV1 and TRV2 that is used to soak the roots, and a 10-mL pipette is then used to aspirate 3–5 mL into the crown of the plant. Although this method is simple and fast, it consumes a substantial amount of materials. After the TRV1 and TRV2 mixtures are prepared for the root wounding–immersion method, they can be used to immerse hundreds of plants each time. After immersion, a fresh bacterial suspension can be used repeatedly, which can save considerable time and costs. Moreover, 60–70% of Solanaceae plants other than N. benthamiana have shown the PDS silencing phenotype when agrodrench was used. The silencing rate of tomatoes when root wounding–immersion was used was 95%. In addition to Solanaceae plants, we found that the root wounding–immersion method is similarly suitable for A. thaliana.





4 Conclusion

In the post-genomic era, the large-scale functional genomics method is essential for converting sequence information to functional information. No recent breakthroughs have been achieved regarding TRV-VIGS. Thus, we developed the root wounding–immersion method and optimized the procedure. This is an extremely simple and efficient VIGS method that can be used to process large batches of plants (Figures 1B, C). We selected PDS and GFP as reporter genes and successfully silenced N. benthamiana, tomato, pepper, eggplant, and A. thaliana. In particular, the efficiency in N. benthamiana and tomato was 95–100%. Then, two resistance genes (SITL5 and SITL6) were used to test the reliability of the root wounding–immersion method. In contrast to leaf infiltration, spray inoculation, and the use of agrodrench, the root wounding–immersion method does not require infiltration of individual leaves or preparation of large amounts of inoculation solution, and it has low laboratory requirements. VIGS experiments can be carried out in large batches and with high efficiency within 30 min. In addition, our method is suitable for plant species that are susceptible to root inoculation and seedling inoculation in early growth stages.
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Sugarcane smut and Pachymetra root rots are two serious diseases of sugarcane, with susceptible infected crops losing over 30% of yield. A heritable component to both diseases has been demonstrated, suggesting selection could improve disease resistance. Genomic selection could accelerate gains even further, enabling early selection of resistant seedlings for breeding and clonal propagation. In this study we evaluated four types of algorithms for genomic predictions of clonal performance for disease resistance. These algorithms were: Genomic best linear unbiased prediction (GBLUP), including extensions to model dominance and epistasis, Bayesian methods including BayesC and BayesR, Machine learning methods including random forest, multilayer perceptron (MLP), modified convolutional neural network (CNN) and attention networks designed to capture epistasis across the genome-wide markers. Simple hybrid methods, that first used BayesR/GWAS to identify a subset of 1000 markers with moderate to large marginal additive effects, then used attention networks to derive predictions from these effects and their interactions, were also developed and evaluated. The hypothesis for this approach was that using a subset of markers more likely to have an effect would enable better estimation of interaction effects than when there were an extremely large number of possible interactions, especially with our limited data set size. To evaluate the methods, we applied both random five-fold cross-validation and a structured PCA based cross-validation that separated 4702 sugarcane clones (that had disease phenotypes and genotyped for 26k genome wide SNP markers) by genomic relationship. The Bayesian methods (BayesR and BayesC) gave the highest accuracy of prediction, followed closely by hybrid methods with attention networks. The hybrid methods with attention networks gave the lowest variation in accuracy of prediction across validation folds (and lowest MSE), which may be a criteria worth considering in practical breeding programs. This suggests that hybrid methods incorporating the attention mechanism could be useful for genomic prediction of clonal performance, particularly where non-additive effects may be important.
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1 Introduction

Sugarcane smut caused by fungus, Sporisorium scitamineum is a major disease affecting sugar cane in Australia and some other countries causing yield losses of 40% to 60% in susceptible varieties (Hoy et al., 1986; Bhuiyan et al., 2022). Pachymetra root rot is another serious fungal disease, caused by Pachymetra chaunorhiza, can cause 40% yield reduction in susceptible variety (Magarey, 1994). The narrow sense heritability for smut ranges from 0.47 to 0.55 and 0.22 to 0.65 for Pachymetra root rot (Wu et al., 1988; Croft and Berding, 1994). These moderate to high heritabilities suggest that there is a substantial potential for improved resistance using selection based on estimated breeding values for resistance against both diseases.

Genomic selection is a technology to improve genetic gain by utilising genome-wide markers to capture mutations of small effect that typically underpin variation in complex traits, and has been widely applied to plant breeding (Meuwissen et al., 2001; Goddard and Hayes, 2007; Heffner et al., 2009). Linear mixed models, such as best linear unbiased prediction (BLUP) including GBLUP and SNP BLUP have been widely used in genomic predictions (Goddard, 2009; Endelman, 2011; Su et al., 2012; Clark and Van Der Werf, 2013; Beyene et al., 2021). BLUP models assume all SNP would have a very small but non-zero effects and follow a normal distribution. BLUP models generally perform well across a wide range of species and traits (Habier et al., 2013).

Other algorithms for genomic prediction have been proposed that have at least two possible theoretical advantages over BLUP models, particularly for disease traits in polyploid crops. Bayesian models such as BayesC (Habier et al., 2011) and BayesR (Erbe et al., 2012),allow a proportion of markers to have a moderate or large effect and may have an advantage as some mutations of large effects have been reported for crop disease resistance, for example in wheat (Thambugala et al., 2020; Su et al., 2021), potatoes (Sobkowiak et al., 2022) and peanuts (De Blas et al., 2021). Secondly, other methods may capture non-additive effects caused by either gene-by-gene interactions or interaction between ploidies (Wu et al., 1992). For example, BLUP can be extended to include non-additive effects, such as dominant effect and epistatic effects (caused by marker interactions) (Vitezica et al., 2017). Extended GBLUP models found substantial dominance and particularly epistatic variation for yield in sugarcane (Yadav et al., 2021).

Genomic prediction using Machine Learning (ML) algorithms has been investigated across a range of species and traits. Ensemble algorithms such as random forest and boosting have been shown to have good performance in crops and animal breeding, as have some variants of neural networks (Vanraden, 2008; Heslot et al., 2012; Blondel et al., 2015; Abdollahi-Arpanahi et al., 2020). Deep learning (DL) uses complex structures in which one predictor could be learned by multiple neural weights, and flexible tunning algorithms which would also be useful to maximize DL learning ability. Up to now, ML methods including some standard DL models have been demonstrated to have comparable performance with linear models in some cases, however there is currently no universally outstanding ML approach that performs consistently well across the wide range cases of genomic prediction where they have been evaluated (Ma et al., 2018; Abdollahi-Arpanahi et al., 2020; Zingaretti et al., 2020; Montesinos-López et al., 2021).

The attention mechanism (Self-attention), the core theory of the transformer, is suggested to have capacity to capture sequence-wide positions within inputs of sequence features (words, signals, pixels, etc) in order to determine “end-to-end representation” of the sequence (Vaswani et al., 2017). For genomic prediction, such structures could bring potential benefits in capturing marker-by-marker interactions. In addition, unlike MLP or CNN which would normally reshape the input data, a sequence of features passed into an attention mechanism could retain more information, which could makes it more straightforward to understand individual marker contributions in model interpretations (Zeng et al., 2022; Katz and Belinkov, 2023).

One challenge with using attention networks and other ML methods for genomic prediction is the very large number of parameters that must be estimated, often from modest datasets. With the tens of thousands of markers commonly used in genomic prediction, the number of parameters in DL methods with multiple layers and attention networks may number in the millions, with just a few thousand phenotype observations. One possibility for such methods is to cut down the number of markers, based on their marginal additive effects, and use just these in the ML methods. The reduction in number of markers from genome wide association studies (GWAS) to retain only significant markers has been applied using both simulated and real datasets, and could enable more accurate estimates of interaction effects (Maciukiewicz et al., 2018; Abdollahi-Arpanahi et al., 2020). Here we propose hybrid models, using combinations of Bayesian alphabet models or GWAS to select subsets of markers which are passed to ML methods for genomic prediction of target traits. High confidence markers can be selected by posterior inclusion probability (estimated via Bayesian approaches) or p-values (estimated via GWAS). ML models would use these marker subsets to perform genomic prediction, ideally with better estimates of interactions and reduced risks of overfitting.

Our aim was to evaluate and compare four major types of algorithms, including GBLUP, Bayesian alphabets, ML methods (including attention networks), and hybrid models, for prediction accuracy of clonal performance for two important sugarcane diseases: smut and Pachymetra.




2 Materials and methods



2.1 Genotyping and phenotyping

There were 4702 and 1988 clones phenotyped and genotyped for smut and Pachymetra root rot respectively, based on number of sugarcane clones that were tested in the trials for each disease. There was a single trial for each disease, in a single year. Genotyping was performed on the SRA/CSIRO array, with 26,086 markers passing quality control (at least 90% of clones genotyped with high QC score for each SNP). Genotypes were formatted as diploid genotypes including AA (2), AT (1) and TT (0) following (Aitken et al., 2016). The very small proportion of missing values for genotypes (approximately 1%) were imputed by sampling based on allele frequency.

The raw phenotype, disease infection score, was rescaled into BLUPs via mixed models aimed to remove experimental designing effects. These disease infection BLUPs were then scaled into ordinal disease rating scores from 1-9 (where 1 = resistant, 9 = susceptible) as phenotypes, following characterising procedure described in Hutchinson and Daniels (1972). Ordinal disease rating scores were treated as continuous values, inspection revealed a very approximately normal distribution of scores for each trait. It should be pointed out that no pedigree information was involved during the generation of phenotypic BLUPs.




2.2 Genomic best linear unbiased prediction

An additive GBLUP and extended-GBLUP model were fitted to the data, the later, included dominance and epistatic random effects as well as additive effects (as described in Yadav et al., 2021).

 

 

 

Where y was the vector of phenotypes (disease rating scores), with one element for each clone measured, Z was the design matrix allocating records to clones, and a, d and e are the vectors of genetic values for the random additive component, dominance component and epistatic component respectively, and ϵ is a random error term, with one element for each vector for each clone (Equation 1).

Genomic relationship matrices among clones for additive and dominance effects (Yang et al., 2011; Zhu et al., 2015) were constructed as described in Equations 2, 3 were computed via program “GCTA”, version 1.94 (Yang et al., 2011). The epistatic relationship matrix was calculated by taking the Hadamard product of the additive relationship matrix   (Cockerham, 1954; Jiang and Reif, 2020). Residual, additive, dominance and epistatic effects were assumed to be normally distributed,  , where  , is the residual variance.  , where   is the additive genetic variance captured by SNPs,  , where D is the dominance relationship matrix as described above and   is the dominance variance.  , where   is the epistatic variance. Variance components (additive, dominance, epistatic and error variances) were estimated with GREML using MTG2, version 2.22 (Lee and Van Der Werf, 2016).




2.3 BayesC and BayesR

The Bayesian approaches used in this study (BayesC and BayesR) used a model that fits all SNP effects as random (Equation 4);

 

where y is the observed disease rating scores, μ is the mean, 1μ is a vector of ones, X is the SNP genotype matrix, g is the vector of SNP effects and e is a vector of random residuals.

BayesC (Habier et al., 2011) has the assumption that SNPs can have zero or non-zero (additive) effects on the trait, with non-zero effects following a normal distribution:

	

	

BayesR assumes SNPs have effects that are either zero, derived from a normal distribution with very small variance, derived from a distribution with small variance, or derived from a normal distribution with moderate variance (Erbe et al., 2012). So   with four possibilities for  , where   is the genetic variance of the trait. So each SNP effect is from one of four possible normal distributions:  ),  ,  , and  . As described by Erbe et al. (2012), there are two latent parameters in the BayesR model,   and Pr. b (i, k) defines whether the SNP i follows normal distribution k (k = 1,2,3,4), with

 

The other parameter is Pr, which defines the proportion of all the SNPs in each of four normal distributions (Equation 5). The prior of Pr is drawn from Dirichlet distribution Pr ~ Dirichlet(α), with α = [1,1,1,1]. The conditional distribution of SNP effect on the proportion parameter Pr is  .

Bayesian models were fitted with the software GCTB (Zeng et al., 2018). For each model there were 25,000 iterations of the Gibbs chain with the first 5,000 iterations discarded as burn in. GEBV for validation clones (described below) were predicted as  . For other models including extended GBLUPs and ML approaches, phenotypic performance was predicted instead of GEBVs.




2.4 Machine learning methods

Figure 1 gives an overview of the model architecture of the neural networks. The RF, MLP and CNN for clonal prediction were implemented as described in Chen et al. (2023). For MLP and CNN the same layer structure was used at the end of the model, a 1x1 window, single-channel convolutional layer associated with a global average pooling layer to sum and average all the estimated effects as the final predictions. We also added one additional layer to partially enhance the non-linear predicting ability by using the sigmoid function to scale the 1x1 convolution outputs and feed the output into a one neuron fully connected layer, the output of both global average pooling layer and this single-neuron layer would be summed together as the predictions (Figure 1).




Figure 1 | Model structure of MLP, CNN and Attention network.



All the neural networks including MLP and CNN models were built using the Python packages TensorFlow (Version 2.9.1) (Abadi, 2016) and Keras (Chollet, 2015).




2.5 Attention network

The use of attention networks in this study was inspired by the major progress in the field of natural language prediction (Vaswani et al., 2017; He et al., 2020). Firstly a 16-channel (n) fully connected embedding layer was employed to obtain an expanded representation of SNP inputs by n trainable weights (and bias), given the standard form of attention value calculation (Equations 6, 7).

 

 

According to our model structure, besides the initial SNP sequence (N,1), all other intermedia SNP information was multi-dimensional (N × n-dimensional), the embedded dimension was defined by weight shape of the previous layers and the choice of any n (channel number of the model structure, a hyper-parameter, 16 was used here) in different weight matrices were defined priorly as one of model structural hyper-parameters, as a standard strategy of neural network (Gardner and Dorling, 1998). Specifically in this model, the Query (Q), Key (K) and Value (V) represented encoded SNP information X passing through separated encoding matrices. W was the (n x n) matrix of encoding weights created by random initialization, each weight matrix belonging to encoding formula would be trained independently respect to encoding types (Q, K, V). The Attention values were a scalar value based on interactions with other SNPs and dk was the dimension of QKV array. The Softmax function represents the normalized probabilities for each input array as described in Vaswani et al. (2017). The attention calculation could be described in our context as all the SNPs have an effect of interactions with all the other SNPs. A single attention block was used in the attention network after the embedding section and was used to calculate the attention value for each input.

The attention blocks require calculation of a very large matrix (N x N) according to SNP numbers (N). This would easily exhaust GPU memory if we directly feed the raw SNP data to the model, and the same issues also exist if large N are processed by multiple neural layers (Gardner and Dorling, 1998). To ameliorate the memory issue, we used the strategy of locally connected layers to priorly compress and summarise the information from SNP array by merging them by N’-SNP segments that contain independent SNP weights, this could be described as segmental compression. The formula of merging SNP signals in single segment could be described as following equation (Equation 8):

 

Where the yj is the output, as the SNP of jth segment, wi is the weight particular to SNP alleles (xi) in position i inside the segment, N’ was the previously chosen hyper-parameters for the segment length. It should be mentioned that unlike the convolutional kernel, segments in the locally connected layers would only calculate SNP signals for fixed SNP, every SNP would have its unique weights. Multiple channels were also applied into locally connected layers aimed to enhance the learning capacity. In summary, we selected a 32-channel (n=32), 10 SNP segment length (N’=10) locally connected layer before the attention encoding layer in our attention network, to compress the raw SNP sequence to one-tenth the length.

Furthermore, considering about the extremely long length of genetic SNP sequence (26K), the standard encoding learning with three (n x n) matrices may not be adaptable for capturing genome-wide epistasis. To overcome this limitation, we implemented a modification to the attention block used in our model, by adding an extra trainable weight matrix (N x N) as Wepi into the attention formula, in order to adjust the attention assigned to some SNP (Equation 9).

 

Before and after the attention block, a dense layer the same as the fully connected layer would be inserted to enhance the learning performance. The fully connected layer contains 32 neurons and manipulates the output for each channel.

All the DL models was built and trained by in-house Python program “GS_Composer” and currently available at GitHub repository (https://github.com/CCS-voidBird/GS_composer).




2.6 Hyper-parameter design

All the neural network models were trained with 30 epochs, using Mean squared error (MSE) as the loss function, initial learning rate 0.001 and 0.9 learning rate decay after trained by 6000 individuals cyclically. Due to the limitation of GPU memory, attention models using 26K SNP were trained with batch size 18. Parameters used in the attention network models are given in Table 1.


Table 1 | Attention network parameters in one step (26k markers) and hybrid models (1000 markers).






2.7 Hybrid models

The hybrid models had two steps; 1. marker selection, and 2. prediction.

We used either BayesR or GWAS to choose a subset of 1000 SNP. For BayesR the criteria was posterior probability of inclusion (PIP), with the 1000 SNP with the highest PIP selected, for GWAS the 1000 SNP with the lowest p-values of mixed linear model were used. These subsets were always chosen based on training sets only, information from validation set were never included when selecting the 1000 markers from a trained model (BayesR or GWAS). As a control we also evaluated a scenario where 1000 SNP were chosen at random within each cross-fold.

For the second step, a range of models were used to predict clonal performance, including GBLUP, extended GBLUP, BayesC, BayesR and Attention network. The structure of the attention network used in hybrid models was slightly modified from that described above including manipulating both window size and step of its locally connected layers into one, and training batch size would be increased to 64 because the reduced marker population would not exhaust calculation resource. Table 1 describes details of the two stages of attention network modelling.




2.8 Random and PCA five-fold cross validation

Two scenarios of cross-validation were applied during the prediction assessments. Random sampling was the first scenario, whereby five subsets of 20% of the data were sampled at random. Secondly, we performed PCA analysis of the genomic relationship among the 4702 sugarcane clones, and then PC1 used to separate sugarcane clones into training and validation five times, again with approximately 20% of the clones in each validation to keep training set sizes equal, Figure 2. This was termed “PCA five-fold cross validation” aimed to assess model performance when the validation set is less related to the training set. The distances between subsets were varying depend on orders. Fold 1 has relatively highest genomic variance comparing to other folds. The maximized genomic distance with PCA based splits was expected to bring difficulties to the prediction. Note that the assessment of hybrid models only used PCA cross validation.




Figure 2 | Clonal distributions of two types of five-fold cross validation based on the first principal component. The cross-validation subgroups were divided by using PC1 based on genomic relationships. Sugarcane clones for each fold were picked based on their PC1 values, each fold (20%) would contain almost same number of clones.







3 Results



3.1 Variance components and heritability

Both disease traits had mainly additive variation, with only moderate to limited dominance or epistatic variation (Figure 3). According to the summary results of restricted maximum likelihood analysis (ADE GBLUP), 36% of the phenotypic variance was additive for smut, with only 4% for epistatic variance and limited dominance variance. For Pachymetra root rot, 34% of the phenotypic variance was additive, dominance effects accounted for 6% of the variance and epistatic variance was limited.




Figure 3 | Proportion of phenotypic variance explained by additive, dominant and epistatic effects for smut and Pachymetra root rot scores. Variances were estimated by GREML and extended GREML models. The X axis was the GBLUP models: A - Additive GBLUP, AD - Additive dominant GBLUP and Additive, ADE – Additive, dominant and epistatic GBLUP.






3.2 Performance of genomic prediction methods in cross-validation by random sampling and cross validation by PCA genomic distance sampling

Prediction accuracies from random cross-validation were generally higher than PCA five-fold cross validation. When PC1 was used to define reference and validation sets, prediction accuracy decreased by 16.1% for smut prediction and 14.2% for Pachymetra root rot prediction relative to accuracies in datasets using random cross validation when PC1 was used to define reference and validation sets.

The prediction accuracy for Pachymetra root rot was lower than for smut regardless of the prediction method. Although differences between methods were modest, BayesC and BayesR gave the highest accuracies of prediction for both diseases across the ten algorithms. The attention network methods performed with second highest accuracies regardless of the cross-validation strategy used. (Figure 4). Meanwhile, The ML methods generally had the lowest mean square error (MSE) of prediction across the validation folds (Supplementary Table 1).




Figure 4 | Clonal prediction accuracy among 10 models using all 26K markers under two types of five-fold cross-validations (random and PC1 separated) for smut (top panel) and Pachymetra root rot (bottom panel). The y axis is mean accuracy across five-fold cross-validation, measured as Pearson’s correlation. The error bars are the standard errors of the mean accuracy across the five folds. The X axis was the GBLUP models: A - Additive GBLUP, AD - Additive dominant GBLUP and Additive, ADE – Additive, dominant and epistatic GBLUP, Attention – Attention network, EpiAttention – Variant Attention network using additional epistatic matrix.3.3 Implications for breeding for disease resistance.



One of the challenges with disease resistance phenotypes in practise is that classification of intermediate types is less reliable than the tails of the distribution, and it is the tails that breeders are most interested in. To assess the ability of our genomic predictions to accurately identify clones with smut resistance in the tails of the distribution, we calculated the probability of correctly assigning clones into a category of< 4 rating, and alternatively the probability of correctly assigning into a bin of > 6, based on the GEBV from BayesR. We ranked the clones on their GEBV for smut, then looked at true smut ratings in the bottom ranked 25%, middle bottom 25%, middle top 25% and top (worst) 25%. Figure 5 shows the percentage of clones in each band (quartiles) with a true rating of >6, >7, >8 and >9. The results indicate if the worst 75% of clones on smut GEBV are culled, and only the best 25% are taken forward in the breeding program, there is only a ~6% chance that a clone with a smut rating >6 (and only a 0.1% chance of a clone with smut rating of 9) will enter the breeding program. These results suggest breeders could use the clonal predictions to select for disease resistance with some confidence.




Figure 5 | Probability of correctly assigning clones into extreme smut ratings, based on the clonal predictions (genomic estimated breeding value s, GEBV) from BayesR.






3.4 Genomic prediction accuracy from hybrid models

To assess the effect of prior marker selection we compared the prediction accuracy of the full 26K marker set to the prediction accuracy obtained using only 1000 selected markers based on either the BayesR or GWAS results, or a random subset of markers of the same size. The combination of selecting 1000 markers followed by the attention network usually performed better than GBLUPs and ML models with all 26k markers, though the improvement was greater for smut than Pachymetra root rot. When the 1000 markers were chosen at random, performance of hybrid models was worse than one stage methods using entire 26K marker as predictors, demonstrating improvement in accuracy from the hybrid models was not just an artefact of using fewer markers in the prediction (Figure 6). The MSE of the hybrid approach with the attention network was much lower than other methods (Supplementary Figure 3) (Supplementary Table 1).




Figure 6 | Comparison of prediction accuracies in scenarios using different sources of marker sets under PCA cross validation. X axis is scenarios including initial models using entire 26K marker set, hybrid models using high confidence marker subsets selected by BayesR PIP, GWAS P-value and random sampling. Boxes filled by different colours represent models/secondary models that make predictions in which bold dashes were median accuracies, triangles represented mean accuracies. Prediction accuracies were measured by Pearson’s correlation on the Y axis, results were separated into two disease traits. Significance within scenarios was assessed by pair-wised student-t test (*: p-value< 0.05, **: p-value< 0.01, ***: p-value< 0.001, ****: p-value< 0.0001).



All hybrid models had significantly reduced compute time for the ML component compared to using 26K markers. In detail, the marker selection step of hybrid prediction would take the same time as the selected approaches running on the initial 26K data. The second step of using GBLUP and Bayes models as predicting approaches took about one minute using a 12-core computing server node. For the attention network, it would take about six minutes to finish an entire modelling session including training and validations, using a GPU (Nvidia V100) platform (Table 2).


Table 2 | Compute time for hybrid model genomic prediction approaches.



We investigated the consistency of marker subsets generated by different selection procedures in the hybrid models, in which those markers were ranked and extracted from trained BayesR models (ranked by PIP), GWAS results (Ranked by -log10 p-value) and random sampling. Overall, for smut, across all folds 1703 markers were commonly discovered by BayesR and GWAS, 1656 markers were shared within Bayes and GWAS for Pachymetra root rot. In the random scenario only 297 and 155 markers were commonly shared for smut and Pachymetra root rot respectively (Figure 7). The fact that more markers are shared between BayesR PIP and GWAS than between either approach or random selection suggests that at least a proportion of the markers really are associated with large effects, although a lot of variability is induced by error.




Figure 7 | Proportion of markers shared within subsets. Two Venn plots represented marker intersects within different selection tools: Posterior inclusion probability (PIP) from BayesR, GWAS and random sampling.







4 Discussion

In this study we applied multiple genomic prediction approaches to predict resistance for two important diseases of sugarcane. Narrow sense heritabilities of both diseases were in good agreement with previous estimates [e.g., Croft and Berding (1994), Wu et al. (1988)]. Variation in both diseases had small contributions from epistatic and dominance effects.

For genomic prediction of clonal performance, hybrid methods combining marker selection using BayesR and attention network methods performed consistently well across both diseases and had the lower MSE.



4.1 Relative performance of genomic prediction methods for sugarcane disease is affected by genomic relationship.

BayesR was the method with the best performance across both traits and both validation scenarios, with the highest accuracy of clonal prediction for random cross validation for smut and Pachymetra root rot. The Epi-attention method also performed well, ranking amongst the top methods for all all-scenarios. The good performance of BayesR (and BayesC) in the PC1 cross validations may be because these allow for moderate to large effects, the marker-QTL associations identified persist across genetically more distant sub-sets of the population, as suggested and demonstrated by Kemper et al. (2018). We could speculate that the good performance of the attention and epi-attention methods, relative to other ML approaches, in PC1 cross validation is due to a related phenomenon – the attention methods do not “collapse” marker information to the same degree as the other methods, so markers with moderate to large effects can be captured in the output. We supposed that the lower accuracies in Pachymetra root rot predictions were probably caused by the poor data enrichment due to substantially lower number of clones phenotyped for Pachymetra

Recently, some authors have suggested that MSE of accuracy in cross-folds is an important criteria for assessing genomic prediction methods, as in practise crop and livestock breeders aim to reduce risk of future outcomes (e.g. varieties predicted to do well not performing as predicted) (Daetwyler et al., 2013). We observed that some of the ML methods, particularly attention networks, had lower MSE than GBLUP and Bayes methods, which may be an argument in their favour, though more research is required to understand how these methods achieve a lower MSE.




4.2 ML genomic prediction: insights and limitations

Comparing ML approaches used here, RF, MLP and CNN did not have consistently good performance across traits and validation strategies, consistent with previous research that implemented ML methods for genomic predictions (Heslot et al., 2012; Azodi et al., 2019; Abdollahi-Arpanahi et al., 2020; Mahood et al., 2020; Zingaretti et al., 2020; Chen et al., 2023). The attention network however did perform competitively with GBLUP models and Bayes models in most scenarios. This finding (and the finding that this method has lower MSE of prediction across cross-folds) would support the hypothesis that the attention network could be a useful alternative method for genomic prediction for complex traits. However, the structure of attention mechanism has its own limitations when applied to genomic prediction:

	the predictors (usually diploid genotypes) in genomic prediction contained fewer categories (usually 0, 1, 2) than the attention network typically deals with which could significantly limit the ability of attention mechanism and cause fitting failure.

	The large attention matrix formed from large markers sets (e.g., 26K markers) requires extremely large computational resources during the model training. Thus, we also suspected that the commonly used DL model structure: layer normalization or batch normalization, their availability would be significantly limited unless additional calculation resource could be invested, for example, performing parallel GPU modules. However, such implementation would significantly increase the computational cost and difficulty of implementation.



In our implementation of DL models including MLP, CNN and attention networks, we removed the normalization step in the model structures, and replaced the combination of ReLU & Batch-Normalization by Leaky ReLU to reduce the risk of gradient vanishing and neuron death. This resulted in less overfitting (Ioffe and Szegedy, 2015; Xu et al., 2015). This study also implemented and tested two modifications to the attention network which were aimed to solve issues mentioned above. First, the extended attention formula “EpiAttention” with additional trainable matrix did increase the prediction accuracy in the training set comparing to standard attention mechanism but couldn’t promise the advantages during the cross validation because the risk of overfitting was also increased. Secondly, a multi-channel locally connected layer synchronously mitigated exhaustion of memory in practice, and allowed information from each marker to be directly measured by multiple weights inside locally connected segments. The benefits of applying locally connected layers into neural network models have been previously implemented by Pook et al. (2020) and they observed positive results in accuracy of genomic prediction in Arabidopsis traits. However, specific benefits for adding locally connected layers into attention network models was not clearly verified. In addition, a recent study used another procedure to extended the marker diversities by replacing genotypes by genotypic allele frequency, such treatment received higher accuracy compared to models directly using genotypes (Jubair et al., 2021). All of these studies emphasized the necessity of increasing marker dimensions (e.g. using a weighting layer, associating with allele frequency) while applying attention mechanism into the genomic prediction. For instance to solve the low data dimension issue in genomic prediction that results from using discrete, diploidised genotypes, Hayes et al. (2023) suggested using marker haplotypes, which are much more variable than individual SNPs, as the input into attention networks, and this concept is supported by results from other studies in which annotated haplotype analysis (Liang et al., 2020) or prediction using haplotype blocks (Difabachew et al., 2023; Weber et al., 2023) was used.

Unlike linear mixed models, the neural network models require a solid learning epochs (e.g., 30) and have a high risk of fitting failure due to the random initialization, which is hard to resolve either through parameter tunning or training optimization. DL Models in this study were associated with a designed learning rate decay to reduce the risk of fitting failure caused by fixed learning rate, but still had the problems mentioned above because the tunning procedure was still quite limited, and has been determined with minor benefits in MLP and CNN by previous studies (Bellot et al., 2018; Abdollahi-Arpanahi et al., 2020; Han et al., 2021; Montesinos-López et al., 2021). For attention networks, general parameter tunning would be even more computationally expensive as the attention mechanism requires huge graphical calculations, although this could be at least partially resolved by using parallel computing across multiple GPU nodes.




4.3 Applying hybrid models for disease prediction

Our hypothesis that applying hybrid models in which the attention network was implemented on a subset of markers with moderate marginal effects for disease predictions seems to be at least partly confirmed. We speculate that this is because smaller number of markers used, allows more accurate estimation of marker interaction effects. A consistent marker set would give some confidence that the markers really were associated with mutations of larger effect.

A future direction worth investigating is incorporating Bayesian influence into neural networks, for example to directly select high confidence markers inside a neural network modelling. Some previous studies have verified that applying Bayesian influence into MLP and CNN with prior information could potentially benefit the prediction performance in the simulated dataset and real animal genomic prediction (Glória et al., 2016; Waldmann, 2018; Zhao et al., 2022).





5 Conclusion

This study implemented four main predicting algorithms (GBLUP, Bayesian alphabets, ML and hybrid methods) and a framework of hybrid models for predicting clonal performance for disease resistance in sugarcane. BayesR, BayesC and the attention network were the algorithms with the best performance. Attention network had higher accuracy and lower MSE than other ML methods. The modified attention network in a hybrid model with 1000 pre-selected markers had good accuracy across all scenarios, and very low MSE.
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A recombinant inbred line (RIL) population derived from wheat landrace Qingxinmai and breeding line 041133 exhibited segregation in resistance to powdery mildew and stripe rust in five and three field tests, respectively. A 16K genotyping by target sequencing (GBTS) single-nucleotide polymorphism (SNP) array-based genetic linkage map was used to dissect the quantitative trait loci (QTLs) for disease resistance. Four and seven QTLs were identified for adult-plant resistance (APR) against powdery mildew and stripe rust. QPm.caas-1B and QPm.caas-5A on chromosomes 1B and 5A were responsible for the APR against powdery mildew in line 041133. QYr.caas-1B, QYr.caas-3B, QYr.caas-4B, QYr.caas-6B.1, QYr.caas-6B.2, and QYr.caas-7B detected on the five B-genome chromosomes of line 041133 conferred its APR to stripe rust. QPm.caas-1B and QYr.caas.1B were co-localized with the pleiotropic locus Lr46/Yr29/Sr58/Pm39/Ltn2. A Kompetitive Allele Specific Polymorphic (KASP) marker KASP_1B_668028290 was developed to trace QPm/Yr.caas.1B. Four lines pyramiding six major disease resistance loci, PmQ, Yr041133, QPm/Yr.caas-1B, QPm.caas-2B.1, QYr.caas-3B, and QPm.caas-6B, were developed. They displayed effective resistance against both powdery mildew and stripe rust at the seedling and adult-plant stages.




Keywords: wheat (Triticum aestivum L.), powdery mildew, stripe rust, adult-plant resistance, QTL mapping





Introduction

Obligate biotrophic fungi are serious pathogens that constantly endanger the production of wheat (Triticum aestivum L.) in China, for example, Blumeria graminis (DC.) Speer f. sp. tritici (Bgt) and Puccinia striiformis Westend. f. sp. tritici Erikss. (Pst), inciting wheat powdery mildew and stripe rust, respectively. Powdery mildew is primarily found in wheat-growing areas with maritime climates. It became one of the epidemic diseases since the 1970s, spreading from the southwestern to eastern and northern regions of the country within a few decades. Outbreaks of powdery mildew have affected an average of 7 million hectares of wheat annually from 2002 to 2020 (Xiao et al., 2022). Historically, stripe rust has long been a serious biotic constraint in wheat production and continues to be a yield-limiting disease at present. In 2023, stripe rust occurred on an area of 2.67 million hectares (https://www.natesc.org.cn/).

Assessment of resistance to powdery mildew and stripe rust is a mandated task in national and provincial wheat yield trials before commercializing any cultivars given the importance of these diseases in limiting wheat production in China. The improvement of resistance to these diseases is one of the most important objectives in many wheat breeding programs. Two types of genetic mechanisms conferring disease resistance are available to breeders. One is all-stage resistance (ASR), showing race-specific effectiveness and qualitative inheritance. This type of gene may not be effective when virulent pathotypes of pathogens occur. Genes associated with ASR are characterized by seedling tests with artificial inoculation of a single or a few isolates of pathogens in condition-controlled greenhouse or growth chambers. The other is adult-plant resistance (APR), showing effectiveness at the later growth stage of crops, non-race specific mode, and quantitative inheritance. The loci governing APR are usually characterized in field disease nurseries either artificially inoculated or naturally infected at the adult-plant stage.

Most officially designated powdery mildew (Pm) and stripe rust (Yr) resistance genes are characterized as ASR genes. Among the designated Pm genes, Pm38 (Spielmeyer et al., 2005), Pm39 (Lillemo et al., 2008), Pm46 (Herrera-Foessel et al., 2014), Pm55 (Zhang et al., 2016), and Pm62 (Zhang et al., 2018) are identified as the APR genes. Twenty out of 56 Yr genes are reported to perform APR to stripe rust. Yr18 (Singh and Rajaram, 1993), Yr36 (Uauy et al., 2005), Yr39 (Lin and Chen, 2007), Yr52 (Ren et al., 2012), Yr59 (Zhou et al., 2014), Yr62 (Lu et al., 2014), and Yr79 (Feng et al., 2018) are the APR genes against stripe rust. Additionally, 222 and 505 quantitative trait loci (QTLs) for resistance to powdery mildew and stripe rust have been characterized using genetic linkage maps constructed with biparental recombinant inbred line (RIL) populations or genome-wide association study (GWAS) with natural populations (Singh et al., 2022; Kumar et al., 2023).

Wheat diseases caused by different pathogens, such as Bgt and Pst, often occur concurrently, which complicates the genetic improvement of disease resistance in wheat breeding (Liu et al., 2015). Stacking genes or QTL conferring resistance to different diseases in single genotypes offers a feasible option. For example, winter wheat cultivar Jimai 22 carries YrJ22 (Chen et al., 2016) and Pm52 (Qu et al., 2020) for resistance to stripe rust and powdery mildew, respectively. YrZH84 (Li et al., 2006), LrZH84 (Zhao et al., 2008), and QPm.caas-3BS (Jia et al., 2018) are responsible for resistance to stripe rust, leaf rust, and powdery mildew in winter wheat breeding line Zhou 8425B. Pm64 for powdery mildew resistance and Yr5 for stripe rust resistance are tightly linked in wheat-wild emmer (Triticum turgidum var. dicoccoides) introgression line WE35 (Zhang et al., 2019a). Wheat cultivars or lines resistant to multiple diseases are preferably developed by breeders for broader adaption of cultivars.

We have identified the ASR gene PmQ against powdery mildew in wheat landrace Qingxinmai (Li et al., 2020) and the ASR gene Yr041133 against stripe rust in breeding line 041133 (Li et al., 2022). To stack the resistance to both diseases, we developed a RIL population from the cross of Qingxinmai × 041133. The objectives of this study were to 1) dissect APR loci and 2) develop wheat lines pyramiding loci conferring resistance to both powdery mildew and stripe rust.





Materials and methods




Plant materials and field planting

The mapping population of cross Qingxinmai × 041133 comprised 228 F2:9 RILs. Wheat landrace Qingxinmai from Xinjiang carries gene PmQ on the chromosome arm 2BL for its resistance to powdery mildew at the seedling stage (Li et al., 2020). Wheat breeding line 041133 (pedigree: Jining 13 × Tongmai 2) from Qinghai Province carries gene Yr041133 on the chromosome arm 7BL for its seedling resistance tests to stripe rust (Li et al., 2022). Field disease nurseries were established at Beijing (BJ; 116.33°E 39.96°N) and Changping, Beijing (CP; 116.26°E 40.17°N) for assessing resistance to powdery mildew and Qingshui, Gansu Province (QS; 105.80°E 34.60°N) for assessing resistance to stripe rust at the adult-plant stage (Hu et al., 2023). All the field trials were carried out using a randomized complete block design with two replicates. Each plot consisted of a single row 1 m in length in sites BJ and CP and 1.5 m in length in QS. Approximately 40–50 seeds were sown in each row.





Assessments of APR and ASR to powdery mildew

Field trials were carried out to assess powdery mildew resistance at the adult-plant stage at the CP site in 2018–2019 (2019CP), 2019–2020 (2020CP), and 2020–2021 (2021CP) and the BJ site in 2021–2022 (2022BJ) and 2022–2023 (2023BJ). Plants of susceptible wheat spreader, Zhongzuo 9504, were grown every 20 rows and around the experimental plots. They were inoculated with a mixture of isolates designated Bgt27 at the jointing stage [growth stage (GS) 26] (Zadoks et al., 1974). Bgt27 was produced by mixing prevalent isolates E09, E15, E21, E23-(2), and E31, and it was virulent on 20 known Pm genes (Wang et al., 2022; Hu et al., 2023). Maximum disease severity (MDS) on penultimate leaves was rated as the percentage of leaf area covered by Bgt colonies at the late grain-filling stage (GS 77) (Lan et al., 2009). The mean MDS value from five plants randomly selected in each plot was calculated to represent the phenotype of each entry.

The seedling test for assessing powdery mildew resistance was carried out twice following a previously described method (Li et al., 2020). Ten seedlings per line at two-leaf-stage were inoculated with isolates Bgt27 and Bgt1 collected from Yuncheng, Shandong Province. After incubation in a dew plastic bag for 24 h, inoculated seedlings were grown in a greenhouse set at 15°C–18°C to allow symptom development for 2 weeks. Infection types (ITs) on primary leaves were rated on a 0–4 scale. Plants with ITs 0 (immune), 0; (hypersensitive reaction), 1 (highly resistant), and 2 (moderately) were categorized into the resistant group, and those with ITs 3 (moderately susceptible) and 4 (highly susceptible) were classified into the susceptible group.





Assessments of APR and ASR to stripe rust

The adult-plant resistance to stripe rust was assessed in the field disease nursery set at the QS site in 2018–2019 (2019QS), 2019–2020 (2020QS), and 2020–2021 (2021QS). Spreader plants of Huixianhong were planted every 30 rows and around the plots and inoculated by spraying with urediniospores of a mixture of Pst races CYR32, CYR33, and CYR34 at GS 26 (Bai et al., 2022). At GS 77 when the susceptible control Huixianhong was fully infected, disease severity (DS) for the RILs and their parents were scored on the modified Cobb’s scale as described by Peterson et al. (1948).

The Pst race CYR34 was used to perform the seedling resistance test to stripe rust as described previously (Li et al., 2022). Briefly, wheat seedlings at the two-leaf stage were inoculated with Pst urediniospores suspended in light mineral oil (Novec 7200) at 4 mg/mL. After incubation at 9°C–13°C for 24 h in a dew chamber, inoculated plants were grown in a greenhouse for symptom development. A previously established 0–9 scale was used to rate the ITs on primary leaves (McNeal et al., 1971).





Genetic map construction and QTL detection

A genetic linkage map was previously constructed using the same RIL population as described in another report (Li et al., 2024). The RIL population and the parents were genotyped using the wheat 16K genotyping by target sequencing (GBTS) single-nucleotide polymorphism (SNP) array (MolBreeding Biotechnology Co. Ltd., Shijiazhuang, China, http://www.molbreeding.com). A genetic linkage map (3,113.1 cM in length) was constructed using 2,398 bin SNP markers polymorphic between parents Qingxinmai and line 041133. Analysis of QTLs for resistance to powdery mildew and stripe rust was performed using IcIMapping 4.2 software (Meng et al., 2015). The QTLs repeatedly detected in at least two environments and the best linear unbiased estimate (BLUE) datasets were considered the stable QTLs. The physical positions of the QTLs identified were determined by projecting the closely linked markers on the Chinese Spring reference genome sequence RefSeq v1.0 (IWGSC, 2018). MapChart v2.3 software was used to draw the genetic maps for the regions where stable QTLs reside (Voorrips, 2002).





Development of KASP markers

The SNP marker closely linked to the QTLs on chromosome 1BL was converted to a Kompetitive Allele Specific Polymorphic (KASP) marker. Primer was designed using the web-based tool Polymarker (http://www.polymarker.info/). The reaction mixture (10 µL) was generated by mixing 4 µL genomic DNA (50 ng/µL), 5 µL 2× KASP master mix, 0.7 µL primer mix (12 mM of each allele-specific primer and 30 mM of the common primer), and 0.3 µL ddH2O. The following profile for DNA amplification was run in the ABI 7500 device (Applied Biosystems, Foster City, CA, USA): initial denaturation at 94°C for 15 min, 35 cycles of 94°C for 20 s, and 60°C for 1 min. Blue (521 nm) and red (556 nm) fluorescent signals were read at 25°C for 2 min in a FLUOstar Omega microplate reader (BMG Labtech, Durham, NC, USA). They were transformed into FAM homozygote, HEX homozygote, and FAM/HEX heterozygote genotypes with Klustering Caller software (http://www.lgcgroup.com/).





Prediction of candidate genes

Genes within the mapping interval of the QTLs on chromosome 1BL were extracted from the Chinese Spring reference genome sequence RefSeq v1.0 annotations (https://wheat-urgi.versailles.inra.fr/). Spatiotemporal expression patterns of candidate genes were analyzed in the Wheat Expression Browser (http://www.wheat-expression.com/).





Statistical analysis

The BLUE and the broad-sense heritability (H2) were calculated using the Aov (ANOVA of multi-environmental trials) function in the QTL IciMapping software (Meng et al., 2015). Phenotypic correlations and frequency distributions were computed from different environments and the BLUE value of each line in SPSS v. 20.0 for Windows (IBM SPSS, Armonk, NY, USA).






Results




Phenotypic performances of APR against powdery mildew and stripe rust

Reactions of the Qingxinmai × 041133 RIL population and the parents to isolate Bgt27 at the adult-plant stage were assessed in five field trials conducted in two farms at Changping and Beijing during the wheat growing seasons of 2019–2023. The mean MDS of line 041133 (4.62% ± 4.04%) across sites and years was significantly smaller than that of Qingxinmai (40% ± 4.47%) (p < 0.05) (Figure 1A). Values of MDS for the RILs displayed a continuous distribution in a range of 0% to 100% with the coefficients of variation (CVs) from 0.84 to 1.11 in different trials (Table 1, Figure 1C). Frequency distributions of MDS for the RILs were nearly normal in all environments, except for 2022BJ. This was demonstrated by the absolute values of the Skewness and Kurtosis coefficients (Table 1). A high value of broad-sense heritability (H2 = 0.94) across environments was observed for the APR against powdery mildew.




Figure 1 | Phenotypes of parents Qingxinmai and line 041133 and their RIL population to Blumeria graminis f. sp. tritici isolate mixture Bgt27 and Puccinia striiformis f. sp. tritici race mixture (CYR32, CYR33, and CYR34) at the adult-plant stage. (A, B) The powdery mildew-infected (A) and stripe rust-infected (B) penultimate leaves of Qingxinmai and line 041133 sampled at the grain-filling stage when disease severity was scored. (C, D) Disease scores of powdery mildew (C) and stripe rust (D) of the RIL population obtained in the field tests at the disease nurseries set at sites Changping (CP), Beijing (BJ), and Qingshui (QS). BLUE, best linear unbiased estimate; RIL, recombinant inbred line.




Table 1 | Phenotypic variation of powdery mildew and stripe rust of the parents and the RIL population in different environments.



The RIL population of cross Qingxinmai × 041133 was grown in the field disease nursery established at site QS to assess their reactions to stripe rust during the three wheat growing seasons of 2019–2021. Line 041133 produced a mean DS value of 1.88% ± 2.40%, which was significantly smaller than that of Qingxinmai (71.25% ± 8.54%) (p < 0.05) (Figure 1B). The DS values of the RILs across different years ranged from 0% to 100% with the CVs of 0.56–0.80 (Figure 1D). Frequency distributions of DS values for the RILs were nearly normal across years and the BLUE dataset demonstrated by the absolute values of the Skewness and Kurtosis coefficients (Table 1). The H2 of stripe rust resistance was 0.72.

A significant correlation of MDS for powdery mildew was observed among the five field trials and the BLUE dataset with a range of Pearson’s correlation coefficients from 0.41 to 0.99 (p < 0.01) (Figure 2A). Pearson’s correlation coefficients for the stripe rust DS values across different years ranged from 0.27 to 0.94 (p < 0.01) (Figure 2B). Significant correlations were also observed among most of the disease rating scores for powdery mildew and stripe rust (Supplementary Table 1).




Figure 2 | Phenotypic distribution and correlation coefficients of powdery mildew (A) and stripe rust (B) in the Qingxinmai × 041133 RIL population based on the best linear unbiased estimate (BLUE) datasets. **Significant at p < 0.01. The field tests at the disease nurseries set at Changping (CP), Beijing (BJ), and Qingshui (QS) sites. BLUE, best linear unbiased estimate; RIL, recombinant inbred line.







QTL detection

Four and seven QTLs for APR against powdery mildew and stripe rust were identified, respectively (Table 2). Five of them, located on chromosomes 1B, 2B, 3B, and 6B, were stably detected in at least two field trials and the BLUE datasets, explaining 3.73%–20.48% of the phenotypic variations.


Table 2 | Quantitative trait loci (QTLs) for powdery mildew and stripe rust identified from different environments in the Qingxinmai × 041133 RIL population.






QTLs for powdery mildew resistance

Two stable QTLs for powdery mildew resistance were identified on chromosomes 1B and 2B. QPm.caas-1B was detected in all five field trials and the BLUE dataset. It explained 11.61%–20.48% of the phenotypic variation with a range of logarithm of the odds (LOD) values from 6.94 to 13.14 (Table 2, Figure 3A). The resistance allele of these QTLs was derived from line 041133. QPm.caas-2B.1 was detected in three field trials, 2019CP, 2021CP, and 2023BJ, and the BLUE datasets, showing minor effects by explaining 3.73%–5.13% of the phenotypic variations (LOD = 2.61–3.72) (Table 2; Supplementary Figure 1A). The resistance allele of this locus was contributed by Qingxinmai. QPm.caas-2B.2 and QPm.caas-5A were detected in only one environment, explaining 15.63% (LOD = 11.17) and 5.04% (LOD = 2.85) of the phenotypic variations, respectively. The positive alleles were contributed by Qingxinmai and line 041133, respectively (Table 2).




Figure 3 | QTL mapping of QPm/Yr.caas-1B. QPm/Yr.caas-1B for resistance to powdery mildew (A) and stripe rust (B) in the Qingxinmai × 041133 RIL population at the logarithm of the odds (LOD) of 3.0. (C) Linkage map of chromosome 1BL constructed using SNP markers generated by the 16K GBTS SNP array. (D) Comparison of QYr.caas-3B (red bar) identified in this study and genes/QTLs (green bars) previously mapped on chromosome 1BL for resistance to powdery mildew and stripe rust based on the physical positions of linked molecular markers projected in the Chinese Spring reference genome RefSeq v1.0. QTL, quantitative trait locus; RIL, recombinant inbred line; SNP, single-nucleotide polymorphism; GBTS, genotyping by target sequencing.







QTLs for stripe rust resistance

Five stable QTLs for APR against stripe rust were detected on chromosomes 1B, 2D, 3B, 6B, and 7B. Three of them, QYr.caas-1B, QYr.caas-3B, and QYr.caas-6B.2, were detected in two environments and the BLUE datasets, explaining 6.98%–14.11%, 4.58%–13.36%, and 5.87%–9.17% of the phenotypic variations, respectively (Table 2). The LOD values for these loci ranged from 2.66 to 10.51 (Table 2, Figure 3B; Supplementary Figures 2A, 3A). Another two QTLs, QYr.caas-2D and QYr.caas-7B explaining 4.52%–5.99% and 4.26%–5.60% of the phenotypic variations, respectively, were detected in single environments and the BLUE dataset. The resistance alleles of all the stable QTLs were contributed by line 041133, except for QYr.caas-2D, which was contributed by Qingxinmai. The remaining two loci, QYr.caas-4B and QYr.caas-6B.1, were detected in single environments, accounting for 5.98%–10.76% of the phenotypic variations. The resistance alleles of both loci were contributed by line 041133 (Table 2).






Develop KASP marker tightly linked to QPm/Yr.caas-1B

The DNA sequences flanking the SNP marker 1B_668028290 obtained from the CS reference genome RefSeq v1.0 were used to design the KASP marker, KASP_1B_668028290, linked to QPm/Yr.caas-1B (Supplementary Table 2). This KASP marker was verified by genotyping the complete RIL population (Supplementary Figure 4). As expected, lines with the positive allele derived from 041133 produced significantly smaller disease severity scores of powdery mildew and stripe rust than those with the negative allele in all environments and the BLUE datasets, except for 2020QS (P < 0.01) (Supplementary Figure 5).





Effects of major QTLs on disease resistance

We analyzed the effects of major QTLs, QPm.caas-1B, QPm.caas-2B.1, QYr.caas-1B, QYr.caas-3B, and QYr.caas-6B.2, on their resistance to powdery mildew and stripe rust by comparing the BLUE datasets of disease scores observed in the RIL population. Lines with QPm.caas-1B and QPm.caas-2B.1 alleles significantly reduced MDS values of powdery mildew (p < 0.01) (Figure 4A). The stripe rust resistance appeared to be associated with the number of QTLs in the RILs. Compared to the lines that were free of any of QTLs QYr.caas-1B, QYr.caas-3B, and QYr.caas-6B.2, lines with two and three alleles significantly reduced the DS values of stripe rust (p < 0.01) (Figure 4B).




Figure 4 | Additive effects of powdery mildew-related QTLs (A) and stripe rust-related QTLs (B) in the Qingxinmai × 041133 RIL population. + and − indicate lines with and without the positive alleles of the target QTLs based on the flanking markers of the corresponding QTLs, respectively. QTLs, quantitative trait loci; RIL, recombinant inbred line. ns: not significant, *: significant at P < 0.05, **: significant at P < 0.01.







Pyramiding of the loci conferring powdery mildew and stripe rust resistance

Based on the genotypes of the molecular markers linked to the two ASR genes, PmQ and Yr041133, and four APR loci, QPm/Yr.caas-1B, QPm.caas-2B.1, QPm.caas-6B, and QYr.caas-3B, four lines pyramiding all loci and one line without any loci were selected. The four pyramided lines QH18, QH19, QH82, and QH202 were resistant to the mixtures of Bgt isolates (Bgt27) and Pst races (CYR32, CYR33, and CYR34) at the adult-plant plant stage with the mean disease scores of 1.7%–8.7% and 2.8%–11.0%, respectively (Supplementary Table 3). These lines were also resistant to Bgt1 and CYR34 pathogens at the seedling stage showing ITs 0, 0; or 1. However, line QH102, which was free of any resistance locus, was susceptible to any of these pathogens at the adult-plant stage (mean disease scores of 68.3% and 69.9%) and the seedling stage (ITs 4 and 3) in the powdery mildew and stripe rust tests. Qingxinmai was susceptible to isolate Bgt27 at both the adult-plant and seedling stages. It was also susceptible to the Pst race CYR34 at both growth stages. Line 041133 was susceptible at the seedling stage but resistant at the adult-plant stage to Bgt27 (Supplementary Table 3).





Potential candidate genes of QPm/Yr.caas-1B

Sequence alignment of the QPm/Yr.caas-1B-flanking markers 1B_668028290 and 1B_670413689 resulted in a corresponding physical interval of 2.38 Mb (668.03–670.41 Mb) in the chromosome arm 1BL of Chinese Spring reference genome sequence RefSeq v1.0 (Table 2, Figure 3). Seven genes for disease resistance were annotated in this genomic interval, including a CC-NBS-LRR (CNL) and six protein kinases (Supplementary Table 4). The expression patterns of these disease resistance genes were analyzed using the publicly available database at Wheat Expression Browser (http://www.wheat-expression.com/) (Figure 5). The expression of TraesCS1B01G451600 was induced by Bgt isolate E09, but it was not expressed until 7 d post inoculation (dpi) of the Pst race CYR31. A varying degree of expression was observed for gene TraesCS1B01G451700 after inoculation with both Bgt and Pst pathogens. The expression levels of genes TraesCS1B01G454000, TraesCS1B01G454100, and TraesCS1B01G454400 peaked at 24 h after inoculation with Bgt isolate E09. Neither Bgt nor Pst was able to induce the expression of TraesCS1B01G452600 (CNL) and TraesCS1B01G454900.




Figure 5 | Expression patterns of seven candidate disease resistance genes annotated in the genomic interval of locus QPm/Yr.caas-1B in the Wheat Expression Browser (http://www.wheat-expression.com/).



Previously, gene TraesCS1B01G454100 encoding a receptor-like protein kinase (RLK) was regarded as one of the candidate genes of QYr.ucw-1BL (Cobo et al., 2019), which shares a similar genetic interval as QPm/Yr.caas.1B (Figure 3D). However, the flanking markers of these QTLs, ucw.k34 and ucw.k18, exhibited monomorphism between Qingxinmai and line 041133 (data not shown). The predicted open reading frame (ORF) sequence of TraesCS1B01G454100 was also identical between Qingxinmai and line 041133 (Supplementary Figure 6). This indicates that it is most likely not the candidate gene for QPm/Yr.caas-1B. Based on these findings, TraesCS1B01G451600, TraesCS1B01G451700, and TraesCS1B01G454000 are possible candidate genes for QPm/Yr.caas.1B, which warrants further functional verification.






Discussion




Genetic control of powdery mildew and stripe rust resistance in line 041133

The seedling resistance of line 041133 to Pst race CYR34 was controlled by the ASR gene Yr041133 on chromosome 7BL (Li et al., 2022). The current study observed the adult-plant resistance to a mixture of Pst races CYR32, CYR33, and CYR34 in this breeding line. The stripe rust resistance in line 041133 was governed by seven QTLs, QYr.caas-1B, QYr.caas-3B, QYr.caas.6B.2, QYr.caas-2D, QYr.caas-4B, QYr.caas.6B.1, and QYr.caas-7B, with the first three loci repeatedly detected in multiple environments. Although QYr.caas-7B was observed on chromosome 7B (145.83–337.20 Mb), it appeared not to overlap with Yr041133 (608.90–609.70 Mb). None of the QTLs were located on the same chromosome region as the ASR gene Yr041133.

Line 041133 was susceptible at the seedling stage to Bgt27 and another 23 Bgt isolates tested in a previous study (Li et al., 2020). However, it was resistant to powdery mildew at the adult-plant stage when tested with isolate Bgt27. Results of QTL mapping detected QPm.caas-1B on chromosome 1B and QPm.caas-5A on chromosome 5A of line 041133, which conferred its adult-plant resistance against powdery mildew.





Genetic control of powdery mildew in wheat landrace Qingxinmai

Qingxinmai was previously characterized to be resistant to isolate Bgt1 due to the presence of the ASR gene PmQ on the chromosome arm 2BL (Li et al., 2020). The Bgt isolate mixture Bgt27 was not suitable to determine the effect of PmQ on its adult-plant resistance to powdery mildew, as Qingxinmai was not as effective against powdery mildew at the adult-plant stage as that at the seedling stage. However, we detected two minor QTLs, QPm.caas-2B.1 and QPm.caas-2B.2, on the chromosome arm 2BL of Qingxinmai. QPm.caas-2B.1 contributes 3.73% to 5.13% of phenotypic variations for reducing MDS in three environments. Locus QPm.caas-2B in Japanese cultivar Fukuhokomugi (Liang et al., 2006), locus QPm.inra-2B in French breeding line RE9001 (Bougot et al., 2006), locus QPm.vt-2B in US cultivars Massey (Liu et al., 2001), and locus Pm.vt-2BL in USG3209 (Tucker et al., 2007) did not overlap with the mapping interval of QPm.caas-2B.1. The physical positions of QPm.caas-2BL (546.94–685.76 Mb) in Lumai 21 (Lan et al., 2010b) and QPmtj.caas-2BL (568.44–706.97 Mb) in breeding line Tianmin 668 (Hu et al., 2023) coincided with those of QPm.caas-2B.1. However, no pedigree connection was recorded between Lumai 21, Tianmin 668, and Qingxinmai. Another QTL, QPm.caas-2B.2, is likely identical to PmQ, as they share the same genomic interval on the chromosome arm 2BL of Qingxinmai. Since Qingxinmai was not effective against isolate Bgt27 at both the seedling and adult-plant stages, we were not able to accurately determine the effectiveness of PmQ on the adult-plant resistance using isolate Bgt27 and the Qingxinmai × 041133 RIL population in the current study.





Pleiotropic locus for resistance to stripe rust and powdery mildew on chromosome 1BL of line 041133

QPm.caas-1B and QYr.caas-1B for the adult-plant resistance of line 041133 to powdery mildew and stripe rust were co-localized in the same genetic interval on the chromosome arm 1BL. Correlations between the disease severity scores of powdery mildew and stripe rust measured in the Qingxinmai × 041133 RIL population demonstrated that there may exist a common genetic mechanism conferring the resistance to the two diseases (Lillemo et al., 2008).

The chromosomal region where QPm/Yr.caas-1B was detected appears to be rich in genetic loci for resistance to wheat powdery mildew and stripe rust. A well-characterized locus Lr46/Yr29/Sr58/Pm39/Ltn2, conferring multiple fungal pathogens and leaf tip necrosis, was identified in this genomic region in Mexican spring wheat cultivar Pavon 76 and several other wheat cultivars from different countries (Li et al., 2014). For example, the first designated gene in this region is Lr46 for leaf rust resistance (Singh et al., 1998). A gene that is closely linked to Lr46 was characterized as Yr29 for resistance to stripe rust (William et al., 2003). Gene Pm39 was detected at the locus Lr46/Yr29 in a CIMMYT breeding line Saar (Lillemo et al., 2008). The leaf tip necrosis gene Ltn2 was co-segregated with these rust and powdery mildew resistance genes (Rosewarne et al., 2006), which can serve as a phenotypic marker trait for these disease resistance genes.

There are also some other sources of locus Lr46/Yr29 from different countries. For example, the Uruguayan wheat cultivar Americano 25e proved to carry Lr46, which was derived from a landrace (Kohli, 1986; Kolmer, 2015). Locus Yr29/Lr46 was detected in Indian cultivars New Pusa 876 and Sujata (Lan et al., 2015; Ponce-Molina et al., 2018a). Chuanmai 55 selected from the cross SW3243 × SW8688 carries QYr.saas-1BL co-localized with Yr29/Lr46 (Yang et al., 2019). Additionally, the QTLs for stripe rust resistance detected in Fuyu 3 (Gebrewahid et al., 2020), SW8588 (Zhang et al., 2019b), Qinnong 142 (Zeng et al., 2019), Shaannong 33 (Huang et al., 2021), and Jimai 44 (Liu et al., 2023) overlapped with Yr29/Lr46. However, it is still not determined with certainty whether this multi-pathogen resistance locus is caused by the pleiotropic effects of a single gene or multiple-linked genes (Cobo et al., 2019).

In addition to Lr46/Yr29/Sr58/Pm39/Ltn2, there are another 15 identified QTLs near this locus, including QYr.ucw-1BL (Cobo et al., 2018, 2019), QYr.saas-1BL (Yang et al., 2019), QYr.cdl-1BL (Kolmer et al., 2012), QYr.tam-1B (Basnet et al., 2014), QYr.cim-1BL (Lan et al., 2014; Calvo-Salazar et al., 2015; Ren et al., 2017; Ponce-Molina et al., 2018b), QPm.caas-1BL.1 (Jia et al., 2018), QYrdr.wgp-1BL.2 (Hou et al., 2015), QYr.hebau-1BL (Zhang et al., 2019b; Gebrewahid et al., 2020), QPm.vt-1B (Liu et al., 2001; Tucker et al., 2007), QPst.jic-1B (Melichar et al., 2008), QYrex.wgp-1BL (Lin and Chen, 2009), QYr.sun-1B (Bariana et al., 2010; Zwart et al., 2010; Bansal et al., 2014), QYrsn.nwafu-1BL (Huang et al., 2021), QYrqin.nwafu-1BL (Zeng et al., 2019), and QYr.nwafu-1BL.3 (Liu et al., 2023). Ten of them were co-localized with QPm/Yr.caas-1B detected in this study.

Cobo et al. (2019) mapped locus QYr.ucw-1BL within a genetic interval of 0.06 cM flanking by molecular markers ucw.k34 and ucw.k18. The physical location of QYr.ucw-1BL in the Chinese Spring reference genome was 115 kb (670.03–670.14 Mb). The RLK-encoding gene TraesCS1B01G454100 is the high-confidence gene annotated in this genomic interval only. However, KASP markers ucw.k34 and ucw.k18 detected no polymorphism between Qingxinmai and line 041133, and no variation in DNA sequence was observed in the ORF coding region at TraesCS1B01G454100 between the two parental lines. These results indicate that TraesCS1B01G454100 is most likely not the candidate gene of QPm/Yr.caas-1B.





Comparison of QYr.caas-3B and QYr.caas-6B.1 with known QTLs

QYr.caas-3B and QYr.caas-6B.2 for stripe rust resistance were stably detected on chromosomes 3BS and 6BL of line 041133. There exist 12 reported QTLs conferring APR and four genes for ASR against stripe rust on 3BS. Eight of them, including QYr.ucw-3BS in UC1110 (Lan et al., 2017), QYr.tam-3B in Quaiu (Basnet et al., 2014), QYr.cim-3BS.2 in Frankolin (Lan et al., 2014), QYr.inra-3BS in Renan (Dedryver et al., 2009), QYr.ar-3BS in VA96W-270 (Subramanian et al., 2016), QYr.nwafu-3BS in FDC12 (Liu et al., 2022), QYr‐3B.1 in Pavon76 (William et al., 2006), and QYr.ucw‐3B.2 in IWA5202 (Maccaferri et al., 2015), overlapped with QYr.caas-3B detected in the current study. The interval of QYr.caas-3B in the Chinese Spring reference genome sequence is 510 kb (6.25–6.76 Mb), which is similar to locus Sr2/Lr27/Yr30 (Spielmeyer et al., 2003). Therefore, QYr.caas-3B is likely Yr30.

Nine loci conferring stripe rust resistance have been detected on the chromosome arm 6BL. They included QYrpav.cim-6BL in Pavon 76 (William et al., 2006), QYr.inra-6B in Renan (Dedryver et al., 2009), QYr.caas-6BL in Pingyuan 50 (Lan et al., 2010a), QYr.cim-6BL in Pastor (Rosewarne et al., 2012), QYrdr.wgp-6BL.2 in Druchamp (Hou et al., 2015), QYr.wsu-6BL in IWA7257 (Bulli et al., 2016), QYr.nwafu-6BL.1 in Fried (Wu et al., 2018), QYr.nwafu-6BL.2 in P10078 (Zeng et al., 2019), and QYr.nwafu-6BL.3 in Xinong1376 (Mu et al., 2019). The physical location of QYr.caas-6BL.2 in the Chinese Spring reference genome is 230 kb (576.02–576.25 Mb). It coincides with QYr.inra-6B and QYr.wsu-6BL but differs from the other loci previously reported on this chromosome arm.





Pyramiding QTLs for resistance to powdery and stripe rust

Genes or QTLs performing APR usually last a long period of time. For example, locus Lr46/Yr29 has been used in breeding and remained effective against stripe rust and leaf rust for several decades in different countries, such as Mexico (Li et al., 2014; Lan et al., 2015), India (Ponce-Molina et al., 2018a), Uruguay (Kohli, 1986), and Argentina (Kolmer, 2015; Cobo et al., 2018). Wheat breeding line 041133 has maintained its stripe rust for approximately two decades since it was developed in Qinghai Province (L. Ma, unpublished data). We confirmed that it was resistant to stripe rust, as well as powdery mildew, at the adult-plant stage throughout the course of this study from 2019 to 2023 in all the field tests. As the shift in virulence patterns of Pst races, virulent pathogen pathotypes may accumulate, resulting in the defeat of the disease resistance loci. Pyramiding different loci for resistance to the same disease or even different diseases can mitigate the risk of ineffectiveness for resistance loci. We have developed a KASP marker KASP_1B_668028290 for tracing QPm/Yr.caas-1B in molecular marker-assisted selection. We stacked six loci for resistance to powdery mildew and stripe rust in four breeding lines. These lines demonstrate excellent disease resistance and will be useful as a new source of disease resistance in wheat breeding.
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Supplementary Figure 1 | Molecular mapping of QPm.caas-2B.1 for powdery mildew resistance at the adult-plant stage. (A) QPm.caas-2B.1 for powdery mildew in the RIL population of Qingxinmai × 041133 at the logarithm of the odd (LOD) of 2.5. (B) Linkage map of chromosome 2B constructed using SNP markers generated by the 16K GBTS SNP array. (C) Comparison of the QTL (red bar) identified in this study and the genes/QTL (green bars) for resistance to powdery mildew previously mapped on chromosome 2BL based on the physical positions of linked molecular markers projected in the Chinese Spring reference genome RefSeq v1.0.

Supplementary Figure 2 | Molecular mapping of QYr.caas-3B for stripe rust resistance at the adult-plant stage. (A) QYr.caas-3B for stripe rust in the RIL populations at the logarithm of the odd (LOD) of 3.0. (B) Linkage map of chromosome 3B constructed using SNP markers generated by the 16K GBTS SNP array. (C) Comparison of QYr.caas-3B (red bar) identified in this study and genes/QTL (green bars) previously mapped on chromosome 3BS for resistance to stripe rust based on the physical positions of linked molecular markers projected in the Chinese Spring reference genome RefSeq v1.0.

Supplementary Figure 3 | Molecular mapping of QYr.caas-6B.2 for stripe rust resistance at the adult-plant stage. (A) QYr.caas-6B.2 for stripe rust in the RIL populations at the logarithm of the odd (LOD) of 3.0. (B) Linkage map of chromosome 6B constructed using SNP markers generated by the 16K GBTS SNP array. (C) Comparison of QYr.caas-6B.2 (red bar) identified in this study and genes/QTL (green bars) previously mapped on chromosome 6BL for resistance to stripe rust based on the physical positions of linked molecular markers projected in the Chinese Spring reference genome RefSeq v1.0.

Supplementary Figure 4 | Scatter plots of the RILs from cross Qingxinmai × 041133 for the Kompetitive allele-specific PCR (KASP) assay using the QPm/Yr.caas-1B linked marker KASP_1B_668028290. The blue and red dots represent the RILs with the CC (Qingxinmai) and AA (041133) genotypes, respectively. The non-template control is indicated by the black dots.

Supplementary Figure 5 | Box plot of MDS values about QPm.caas-1B and DS values about QYr.caas-1B with genotypes of line 041133 and Qingxinmai in different environments. ns: not significant. **P < 0.01.

Supplementary Figure 6 | Alignment of the predicted open reading form region sequences of gene TraesCS1B01G454100. The comparative genomes include 10+ genomes (Walkowiak et al., 2020), Zang1817 (Guo et al., 2020), Fielder (Sato et al., 2021), KN9204 (Shi et al., 2022), AK58 (Jia et al., 2023), Kariega (Athiyannan et al., 2022), and Renan (Aury et al., 2022).
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Reducing plant height (PH) is one of the core contents of the “Green Revolution”, which began in the 1960s in wheat. A number of 27 reduced-height (Rht) genes have been identified and a great number of quantitative trait loci (QTLs) for PH have been mapped on all 21 chromosomes. Nonetheless, only several genes regulated PH have been cloned. In this study, we found the interval of QTL QPh-1B included an EST-SSR marker swes1079. According to the sequence of swes1079, we cloned the TaOSCA1.4 gene. We developed a CAPS marker to analyze the variation across a natural population. The result showed that the PH was significantly different between the two haplotypes of TaOSCA1.4–1B under most of the 12 environments and the average values of irrigation and rainfed conditions. This result further demonstrated that TaOSCA1.4 was associated with PH. Then, we validated the TaOSCA1.4 via RNAi technology. The average PHs of the wild-type (WT), RNAi lines 1 (Ri-1) and 2 (Ri-2) were 94.6, 83.6 and 79.2 cm, respectively, with significant differences between the WT and Ri-1 and Ri-2. This result indicated that the TaOSCA1.4 gene controls PH. TaOSCA1.4 is a constitutively expressed gene and its protein localizes to the cell membrane. TaOSCA1.4 gene is a member of the OSCA gene family, which regulates intracellular Ca2+ concentration. We hypothesized that knock down mutants of TaOSCA1.4 gene reduced regulatory ability of Ca2+, thus reducing the PH. Furthermore, the cell lengths of the knock down mutants are not significantly different than that of WT. We speculate that TaOSCA1.4 gene is not directly associated with gibberellin (GA), which should be a novel mechanism for a wheat Rht gene.




Keywords: wheat, plant height (PH), reduced-height (Rht) gene, gene cloning, RNA interference (RNAi), quantitative trait locus (QTL), nonselective hyperosmolality-gate calcium-permeable channel 1.4 (TaOSCA1.4)




1 Introduction

Wheat (Triticum aestivum L.) is one of the most important food crops in the world. By the year 2050, the world population is expected to reach 9.3 billion, and the demand for bread wheat is consequently increasing (Dong et al., 2019). Moreover, wheat production faces many difficulties associated with climate, environment and cultivation. Plant height (PH) has a significant effect on plant morphogenesis and yield in the field. The application of dwarf genes in wheat breeding has enhanced the lodging resistance of wheat and greatly increased its yield (Hedden, 2003; Berry et al., 2007; Guedira et al., 2010).

Reducing PH is one of the core contents of the “Green Revolution”, which began in the 1960s in wheat (Peng et al., 1999; Velde et al., 2021). Many efforts have been made to identify genetic loci affecting PH, and 27 wheat reduced-height (Rht) genes have been discovered (Lu et al., 2015; Mo et al., 2018; Song et al., 2023a). The PH of wheat is a quantitatively inherited complex trait that is strongly influenced by interacting genetic and environmental factors. A great number of quantitative trait loci (QTLs) for PH have been mapped on all 21 chromosomes (Börner et al., 2002; Huang et al., 2003; Sourdille et al., 2003; Liu et al., 2011; Griffiffiffiths et al., 2012; Guan et al., 2018; Saini et al., 2022; Singh et al., 2022). Of these, some QTLs may be associated with Rht genes. Using ‘Jingdong 8/Aikang 58’ recombinant inbred lines (RILs), QPh.caas-4D was confirmed to be the RhtD1b locus, and QPh.caas-6A was found to be the Rht24 locus (Li et al., 2015a; Tian et al., 2017). Using ‘Nongda3338/Jingdong6’ doubled haploid (DH) population, QPh.cau-4B.2, QPh.cau-4D.1 and QPh.cau-2D.3 were found to be associated with the dwarfing genes Rht1, Rht2, and Rht8, respectively (Guan et al., 2018).

To date, only several genes for PH have been cloned, which the functions were verified using transgenic technologies. The green revolution genes Rht-B1 and Rht-D1 were the first cloned genes. The dwarfing alleles reduced stem growth by stabilizing the encoded DELLA proteins against degradation through interactions with the growth hormone gibberellin (GA) and its receptor (Peng et al., 1999). Rht-B1 and Rht-D1 have a variety of alleles, including Rht-B1c (Rht3), Rht-D1c (Rht10), Rht-B1e (Rht11), and Rht-B1p (Rht17) (Cao et al., 2009; Pearce et al., 2011; Li et al., 2012a, b, 2013; Bazhenov et al., 2015). The Rht8 gene on chromosome 2DS is considered more influential than the green revolution genes (Botwright et al., 2005; Tian et al., 2017). It was cloned as a ribonuclease h-like domain gene using map-based cloning. It controls the PH and spike length via GA biosynthesis (Chai et al., 2022; Xiong et al., 2022). The TaGA2ox-A14 gene was reported to be a candidate gene of Rht12 based on fine mapping, expression profiling and GA content analysis (Sun et al., 2019). GA2oxA13 (previously named GA2oxA14) was identified as the causal gene of Rht12 through the MutChromSeq approach (Buss et al., 2020). Fine mapping revealed that Rht13 was located on the long arm of chromosome 7B (Ellis et al., 2005). Rht-B13 encodes a nucleotide-binding site/leucine-rich repeat (NB-LRR) gene. Autoactivation of Rht13 leads to the upregulation of pathogenesis-related (PR) genes including class III peroxidases, which may catalyze the crosslinking of cell wall compounds to limit cell elongation and hence reduce height (Borrill et al., 2022). Rht18 gene was identified by mutagenizing the semidwarf durum cultivar Icaro and generating mutants with a range of tall phenotypes. The increased expression of GA2oxA9 in Rht18 results in a reduction of both bioactive GA content and plant height (Ford et al., 2018). Rht24 was isolated by map-based cloning and found to encode the GA2-oxidase TaGA2ox-A9 (Tian et al., 2017). Rht24b conferred higher expression of TaGA2ox-A9 in stems, leading to a reduction of bioactive GA in stems but an elevation in leaves at the jointing stage (Tian et al., 2022). Our group identified a candidate gene ATP-dependent DNA helicase (TaDHL-7B) for PH via QTL mapping and genome-wide association study (GWAS) methods. The knock out mutants of TaDHL-7B significantly reduced the PH without a yield penalty (Guo et al., 2022).

In this study, we mapped a QTL QPh-1B that included an EST-SSR marker swes1079. The full length of cDNA and gDNA were cloned according to the sequence of swes1079, which is the orthologous gene of nonselective hyperosmolality-gate calcium-permeable channel 1.4 (OSCA1.4). Then, we demonstrated that TaOSCA1.4 was associated with PH using a natural population. Finally, we validated that the TaOSCA1.4 gene controls PH via RNAi technology.




2 Materials and methods



2.1 Plant materials and trial design

QTL analysis was performed using a set of RILs derived from a cross of ‘Chuan35050 × Shannong 483’ (C35050 × SN483, C/SN-RILs, 131 lines) that constructed began in 1993 (Li et al., 2007). C35050 was a variety from the Southwestern Winter Wheat Region in China. SN483 was a variety of the Huang-huai Winter Wheat Region, China. SN483 was derived from ‘Ai-Meng-Niu’, one of the most well-known germplasms and backbone parents in Chinese wheat breeding programs. ‘Ai-Meng-Niu’ was developed by Shandong Agricultural University in 1980. More than 16 well-known cultivated varieties, which planted on more than 30 million hectares, have been developed from ‘Ai-Meng-Niu’. The C/SN-RILs and their parents were planted at four environments, Tai’an in 1999 (E1), 2000 (E2), 2001 (E3), and Yantai in 2001 (E4), with two replications (Li et al., 2007). The PH for each line and parent were determined by the sample of 10 plants in each replication.

A natural population of 134 current wheat varieties from the Huang-huai Winter Wheat Region of China was used to test the association between the marker and the PH. The field trials were located at the Experimental Station of Shandong Agricultural University (Tai’an, China), the Zibo Academy of Agricultural Sciences (Zibo, China), and the Xinjiang Academy of Agricultural Sciences (Urumqi, China) in the 2012–2013 and 2013–2014 growing seasons under irrigation and rainfed conditions. These environments were noted as Tai’an irrigation (TAI), Zibo irrigation (ZBI), Urumqi irrigation (URI), Tai’an rainfed (TAR), Zibo rainfed (ZBR) and Urumqi rainfed (URR) in 2013 (13) and 2014 (14), respectively. Seeds were sown on October 5–10, and plants were harvested on June 10–15 of the next year. Each plot consisted of three rows, which were 1.5 m long and spaced 25 cm apart, with two repetitions. Fifty seeds were planted in each row.




2.2 QTL analysis of the C/SN-RILs

A genetic map (Wang et al., 2011) was used to carry out the QTL analysis. The map consisted of 719 markers on 21 chromosomes, with a total length of 4,008.4 cM. The Windows QTL Cartographer 2.5 software (http://statgen.ncsu.edu/qtlcart/WQTLCart.htm) was used to perform the QTL mapping. The parameters were as follows: composite interval mapping (CIM), “model 6 standard analysis”, a walk speed of 1 cM, “forward and backward” regression, up to five control markers, and a blocked window size of 10 cM. The threshold for declaring the presence of a significant QTL was defined by 1,000 permutations at p ≤ 0.05 (Churchill and Doerge, 1994). The LOD threshold for declaring a significant QTL was an LOD≥3.0 (He et al., 2020; Li et al., 2021; Xu et al., 2021).




2.3 DNA/RNA extraction

For the parents of the C/SN-RIL population and the variety ‘Fielder’ (wild-type, WT), total DNA was extracted using a DNA extraction kit (Tiangen, Beijing, China). The quality and concentration of DNA were determined using a NanoDrop 2000c spectrophotometer (Thermo, Wilmington, DE, USA). Total RNA was extracted using the RNAprep Pure Plant Kit (TIANGEN, Beijing, China). The RNA purity was checked using a nanophotometer spectrophotometer (IMPLEN, CA, USA). The RNA integrity was assessed using an RNA Nano 6000 Assay Kit for the Agilent Bioanalyzer 2100 system (Agilent Technologies, CA, USA). Reverse transcription into cDNA was performed according to the manufacturer’s protocol.




2.4 Amplification and chromosomal localization of candidate genes

The sequence of expressed sequence tag - simple sequence repeat (EST-SSR) marker swes1079 (GenBank ID: CJ623047.1) was used as a query sequence to screen the wheat EST database on GenBank (http://www.ncbi.nlm.nih.gov). We selected the highly overlapping EST sequence with those about swes1079 and used DNAMAN software (http://www.lynnon.com/) to get the splicing sequence. Using the splicing sequence as the starting sequence to continue search the wheat EST datebase and further extension. Then, a putative gene cDNA sequence was assembled. After that, we identified the Open Read Frame (ORF) using the ORF Finder program (http://www.ncbi.nlm.nih.gov/gorf/gorf.html). Primer pairs was designed using the Primer Premier 5.0 software to produce the cDNA and gDNA sequence based the ORF. The primers were as follows:

	TaOSCA1.4-F: ATGGCGACGCTGCAGGA

	TaOSCA1.4-R: TCAATGATCGACTCCAGGGT



Genome-specific primers were designed according to the difference sites of the three gDNA sequences of TaOSCA1.4, and the chromosomal localization was carried out using Chinese Spring nullisomic-tetrasomic lines. The primers were as follows:

	TaOSCA1.4–1AF: CGCGTCTACTTCCCCAA

	TaOSCA1.4–1AR: ATCTTTTCTCAGGTTCAGTACG

	TaOSCA1.4–1BF: GAAGATGGGGTGCAGGTGA

	TaOSCA1.4–1BR: GAATACCAAGGACCATTGGAG

	TaOSCA1.4–1DF: TTCCGGTCAATGTCTCTGAT

	TaOSCA1.4–1DR: ATCAAGTTCGCTAATTCTAGCC






2.5 Knockdown of the TaOSCA1.4 gene by RNAi

The following 94 bp nucleotide sequence, located in the seventh exon, was used as the interference fragment:

	TTATGCCAGTTTCTTTTGTGACATTTGACTCAAGATGGGGTGCTGCTGTATGTGCACAGACACAACAGTCAAAGAATCCCACACAATGGCTGAC



The DNA was recovered using an agar-gel DNA recovery kit (Tiangen, Beijing, China). The BP reaction system consisted of 150 ng attB-PCR product, 150 ng pDONR Zeo vector, and 2 μl BP Clonase II enzyme mix in a 10 μl system was supplemented with RNase-free water. The mixture was incubated at 25°C for 2 h. The reaction was terminated by adding 1 μL of proteinase K and incubating at 37°C for 10 min. The reaction mixture was subsequently transformed into E. coli. Pick the clone and verify the sequence. The LR reaction mixture consisted of 150 ng of the entry-target fragment, 150 ng of the pANDA vector, 2 μl of the LR Clonase II enzyme mixture, and 10 μl of system supplemented with RNase-free water. The mixture was incubated at 25°C for 2 h. The reaction was terminated by adding 1 μL of proteinase K and incubating at 37°C for 10 min. The reaction mixture was subsequently transformed into E. coli. Pick the clone and verify the sequence. The plasmid was subsequently transformed into an Agrobacterium strain, after which the wheat genetic transformation experiment and wheat transgenic platform were established by the Crop Research Institute, Shandong Academy of Agricultural Sciences, China. The genome of transgenic wheat was extracted, gene expansion was determined by primers, and the bar gene and target gene were detected via agarose gel electrophoresis. Positive transgenic plants were detected via PCR and 1% agarose gel electrophoresis.




2.6 qRT−PCR, sequence characteristics, and bioinformatics analysis

The transcript levels of TaOSCA1.4 in Fielder organs were analyzed via qRT−PCR. The primers used were as follows:

	TaOSCA1.4–1A-qRTF: CAAAGAGTACAGTAATGTGGCC,

	TaOSCA1.4–1A-qRTR: AGATGTCGAATGGCTTGAC,

	TaOSCA1.4–1B-qRTF: GAGATTACATTTCCTGGCTTCC,

	TaOSCA1.4–1B-qRTF: CGGAAGAACTCATCAACTGC,

	TaOSCA1.4–1D-qRTF: ACCACTATCTTGGTCAGCAGT

	TaOSCA1.4–1D-qRTF: CAGGATGCCTTTCAAACTTC.



The first-strand cDNAs were synthesized from 2 µg of RNA per sample using TransScript One-Step gDNA Removal and cDNA Synthesis SuperMix (TransGen, Beijing, China). The qRT−PCR aplifications were performed as described by Zhao et al. (2020). Amplification of TaActin was used as an internal control for data normalization. The experiments were independently replicated three times under identical conditions. The complete alignment of multiple coding sequences and translations of nucleotides into amino acid sequences were performed using the DNAMAN program (version 5.2.2; Lynnon Biosoft, Canada). The prediction of the transmembrane structure was performed using DeepTMHMM (https://dtu.biolib.com/DeepTMHMM). Collinearity analysis was performed using the Triticeae-Gene Tribe (TGT, http://wheat.cau.edu.cn/TGT/).




2.7 Cytological analysis

For the Fielder and RNAi plants, the top of the first internode from the top of the main stem was taken, and 3 biological replicates were performed. Semithin sections were prepared by fixation, dehydration, paraffin impregnation and embedding, dewaxing, plant saffron stain, and then decolorization with an alcohol gradient (50%, 70% and 80%). After the plants were dyed with plant solid green dye solution and dehydrated with anhydrous ethanol, the samples were cleared in xylene and sealed with neutral gum. A Nikon Eclipse Ci-L photographic microscope was used for 400x imaging. After the imaging was completed, Image-Pro Plus 6.0 analysis software was used to count the number of cells, measure the area of cell tissue in the visual field, and calculate the number of cells per unit area = the number of cells/the area of cell tissue in the visual field.




2.8 Subcellular localization

According to the sequence structure characteristics of pBI121-GFP vector, a seamless cloning joint was designed in front of upstream and downstream primers, and a seamless cloning primer was designed:

	YXB-3-F: gagagaacacgggggactctagaATGGCGACGCTGCAGG

	YXB-3-R: cataagggacrgaccacccggGTGCTCGACTCCAT.



Synthetized Fielder cDNA was used as a template to amplify the cDNA sequences. The upstream primers anneal beginning at the start codon (ATG), and the downstream primers anneal adjacent to the stop codon (not including the stop codon). The reaction system consisted of 5 μl of buffer, 2 μl of cDNA, 0.4 μl of YXB-3-F, 0.4 μl of YXB-3-R, 1 μl of ApexHF HS DNA Polymerase CL, and 1.2 μl of RNase-free water. The PCR procedure was as follows: predenaturation at 94°C for 2 min, followed by 33 cycles of denaturation at 94°C for 30 s, annealing at 60°C for 30 s, and extension at 72°C for 3 min, with a final extension at 72°C for 5 min.

The pBI121-GFP carrier plasmid was double digested with XmaI and XbaI. The enzyme digestion reactivity was as follows: 5 μl CutSmart Buffer, 33 μl ddH2O, 1 μl XmaI, 1 μl XbaI, and 10 μl pBI121-GFP. After overnight digestion at 37°C, carrier attachment was performed according to the instructions of the LightNingTM DNA Assembly Mix Plus Kit. The GFP fusion vector was subsequently transformed into Trans1-T1 competent E. coli cells, and positive cloning detection primers were designed based on the pBI121-GFP vector sequence:

	GFP-F: GTTCCAACCACGTCTTCAAAGC;

	GFP-R: CTCGCCGGACACGCTGAACT.



The positive clone bacteria were screened and sent to Sangon Biotech (Shanghai) Co., Ltd for sequencing to verify the correctness of the sequence.

The GFP fusion vector and blank plasmid pBI121-GFP were subsequently transformed into Super EHA105 receptive cells. The specific procedures used referenced the manufacturer’s instructions for the Super EHA105 receptive cells. GFP-F/R was used to detect positive clones, and the strains were preserved.





3 Results



3.1 Acquisition of a candidate gene TaOSCA1.4 for PH from a QTL



3.1.1 QTL location of QPh-1B

QTL analysis was conducted using C/SN-RIL populations, and a stable QTL for PH, QPh-1B, was located on chromosome 1B under two environments (E1 and E4) and average value (AV). This QTL included three molecular markers gdm28, gwm264 and swes1079 (Figure 1A). The markers gdm28 and gwm264 was located in noncoding regions. The swes1079 is a functional EST-SSR marker developed by our research group (Chen et al., 2005).




Figure 1 | Acquisition of the candidate gene TaOSCA1.4 for PH. (A) QTL location for PH on chromosome 1B under four environments using a genetic map of DNA markers (Wang et al., 2011). (B) Full-length of cDNA sequences for TaOSCA1.4. M, Marker; 1, Wheat variety Tainong18; 2, Wheat variety Linmai6; 3, Wheat variety Chuan35050; 4, Wheat variety Shannong483. (C) Full-length of DNA sequences for TaOSCA1.4. M, Marker; 1, Wheat variety Tainong18; 2, Wheat variety Linmai6; 3, Wheat variety Chuan35050; 4, Wheat variety Shannong483. (D) Chromosome location of TaOSCA1.4 homologous genes using Chinese Spring nullisomic-tetrasomic lines. M, Marker; 1, Wheat variety Tainong18; 2, Wheat variety Linmai6; 3, N1AT1D (Nullisomic 1A-tetrasomic 1D); 4, N1BT1D; 5, N1DT1B; 6, Chinese Spring; 7, ddH2O. (E) Structure of the candidate gene TaOSCA1.4–1B (TraesCS1B02G211400) and the development of a cleaved amplified polymorphism sequence (CAPS) marker. (F) Differences of the PH in the natural population which scanned using the CAPS marker. *, P ≤ 0.05; **, P ≤ 0.01; NS, not significant.






3.1.2 cDNA and gDNA cloning and chromosomal location of TaOSCA1.4

According to the results of searching NCBI database, six wheat ESTs (GenBank ID: CJ623047.1, BJ248974.1, CJ730580, BQ238836.1, CJ726913.1, GH731252.1) were obtained and assembled into a putative cDNA sequence. The cDNA and corresponding gDNA sequences were amplified (Figures 1B, C). It is the previously cloned orthologous gene of nonselective hyperosmolality-gate calcium-permeable channel 1.4 (OSCA1.4) in rice, which was specifically downregulated by drought stress and upregulated by ABA treatment by expression profiles (Li et al., 2015b) (Supplementary Figure 1). Therefore, we named this gene as TaOSCA1.4. Based on the three genome-specific primer pairs, the TaOSCA1.4 genes were located on chromosomes 1A, 1B and 1D using the Chinese Spring nullisomic-tetrasomic lines (Figure 1D). For TaOSCA1.4–1A, the full length of gDNA is 5142 bp and cDNA is 2418 bp, encoding 805 amino acids (AAs). For TaOSCA1.4–1B, the full length of gDNA is 4975 bp and cDNA is 2406 bp, encoding 801 AAs. For TaOSCA1.4–1D, the full length of gDNA is 4961 bp and cDNA is 2409 bp, encoding 802 AAs. After the RefSeq v1.1 genome released in 2018 (IWGSC, 2018), we found that the TaOSCA1.4–1B gene is TraesCS1B02G211400. Its homologous genes on chromosomes 1A and 1D were TraesCS1A02G196800 and TraesCS1D02G200300, respectively. The DNA sequence similarities of TaOSCA1.4 in between A and B, A and D, and B and D were 84.29%, 77.18%, 79.56%, respectively. The AA sequence similarities between A and B, A and D, and B and D were 97.76%, 97.88%, 98.63%, respectively.




3.1.3 Associated analysis between TaOSCA1.4 and PH using a natural population

To further show the relationship between TaOSCA1.4 and PH, we developed a cleaved amplified polymorphism sequence (CAPS) marker from TaOSCA1.4–1B to analyze the variation across a natural population. The CAPS marker divided the natural population into two haplotypes, Hap-1 (830 bp) and Hap-2 (447 and 383 bp) (Figure 1E). PH was significantly different between the two haplotypes under most of the 12 environments and the average values of irrigation (AVI) and rainfed (AVR) conditions (Figure 1F). This result further demonstrated that TaOSCA1.4 was associated with PH.





3.2 Functional confirmation of the TaOSCA1.4 gene using RNAi technology

To obtain the conclusive evidence of the relationship between TaOSCA1.4 and PH, we performed RNA interference analysis of the TaOSCA1.4–1A, TaOSCA1.4–1B and TaOSCA1.4–1D genes using the RNAi system. We planted the WT and RNAi mutant plants of the T4 generation in the field. The qRT−PCR results showed that the expression levels of three homologous genes of TaOSCA1.4 in RNAi lines 1 (Ri-1) and 2 (Ri-2) were significantly decreased (Figure 2A; Supplementary Table 1). According to the results of field trials, the average PHs of the WT, Ri-1 and Ri-2 were 94.6, 83.6 and 79.2 cm, respectively, with significant differences between the WT and Ri-1 and Ri-2 (Figures 2B, C). Compared with those of the WT plants, the heights of Ri-1 and Ri-2 were reduced by 11.0 and 15.4 cm, respectively (Supplementary Table 2). These results indicated that the TaOSCA1.4 gene controls PH. The spike length (SL) was not significantly different between the WT and Ri-1 and Ri-2. The first, second, and third internode length from the top (ILT-1. ILT-2 and ILT-3) decreased by 6.8, 2.1, and 1.3 cm, respectively, in Ri-1; and decreased by 8.0, 3.8, and 1.8 cm, respectively, in Ri-2. These three internode lengths were significantly different from those in the WT (Figures 2D, E; Supplementary Table 2).




Figure 2 | Function confirmation of the TaOSCA1.4 gene using the RNAi system. (A), Expression levels of three homologous genes TaOSCA1.4–1A (1A), TaOSCA1.4–1B (1B) and TaOSCA1.4–1D (1D) in WT (Fielder), Ri-1 and Ri-2 by qRT-PCR. (B) Picture of the plant for WT, Ri-1 and Ri-2. (C) Boxplot of the plant height for WT, Ri-1 and Ri-2. (D) Picture of spikes and internodes for WT, Ri-1 and Ri-2. (E) Difference for the length of spikes and internodes between WT and Ri-1 and Ri-2. (F), Cell length of the first internode from top for WT and Ri-1 and Ri-2. *, P ≤ 0.05; **, P ≤ 0.01; ***, P ≤ 0.001; NS, not significant.



We observed longitudinal sections of WT and the RNAi lines using the uppermost internodes at the vegetative stage. The cell lengths of the WT, Ri-1 and Ri-2 were 0.149, 0.168 and 0.164 mm, respectively. The cell lengths between WT and Ri-1 and Ri-2 were not significantly different (Figure 2F; Supplementary Table 3).




3.3 Structure, expression, evolution and subcellular localization of TaOSCA1.4

For DNA sequences of TaOSCA1.4–1B between the parents (C35050 and SN483) of the RILs, there are two SNPs (at positions 78 and 4870 bp) and one InDel (6 bp deletion at position 4768 in SN483) in the exons; and are six additional SNPs (at positions 618, 783, 1029, 2817, 3859 and 4255 bp) and four InDels (deletion of 3 bp at position 1110, 8 bp at position 2459 and 1 bp at position 3297 SN 483; and deletion of 1 bp at position 2866 in C35050) in the introns (Supplementary Figure 2). For the AA sequences, two adjacent Q residues were deleted at positions 739 and 740 in SN 483, and an R substitution occurred in C35050 at position 759 (this residue is Q in SN 483) (Supplementary Figure 3). For TaOSCA1.4–1A and TaOSCA1.4–1D, the DNA sequences are not differences between the two parents.

The expression levels of TaOSCA1.4 in different tissues and at different periods determined by qRT-PCR showed that TaOSCA1.4 is a constitutively expressed gene. For TaOSCA1.4–1A, the highest expression is in the spike at the joining stage. For TaOSCA1.4–1B, the highest expression is in the stem at the joining stage. For TaOSCA1.4–1D, the highest expression is in the stem at milk grain stage (Figure 3A).




Figure 3 | Characteristics of the TaOSCA1.4. (A) Expression levels in different tissues and periods for the three homologous genes TaOSCA1.4–1A, TaOSCA1.4–1B and TaOSCA1.4–1D in WT by qRT-PCR. (B) Phylogenetic tree for three homologous genes TaOSCA1.4–1A, TaOSCA1.4–1B and TaOSCA1.4–1D. (C) Collinearity analysis of TaOSCA1.4. (D) Result of subcellular localization for TaOSCA1.4–1B.



A phylogenetic tree generated using Ensemble (http://plants.ensembl.org/Triticum_aestivum/) revealed that TaOSCA1.4–1B (TraesCS1B02G211400), TaOSCA1.4–1A (TraesCS1A02G196800) and TaOSCA1.4–1D (TraesCS1D02G200300) were on different branches (Figure 3B). TaOSCA1.4–1B is closely related to TRITD1Bv1G124480 of Triticum turgidum and TRIDC1BG035390 of Triticum dicoccoides. TaOSCA1.4–1A is closely related to TRITD1Av1G128960 of Triticum turgidum and TRIDC1AG029900 of Triticum dicoccoides. TaOSCA1.4–1D is closely related to AET1Gv20509300 of Aegilops tauschii. A collinearity analysis using Triticeae-GeneTribe (http://wheat.cau.edu.cn/TGT/) revealed that the TaOSCA1.4–1B region was conserved between genomes A, B, D, and E, but an inversion occurred in Secale cereale (genome R) (Figure 3C).

Subcellular localization was predicted with a transmembrane domain hidden Markov model, which suggested that the TaOSCA1.4–1B protein is a typical transmembrane protein with eight transmembrane domains. According to the subcellular localization results, the green fluorescence presented by the protein encoded by the target gene TaOSCA1.4–1B had a strong signal only on the cell membrane, and no signal was detected in the rest of the cell. This result suggested that the TaOSCA1.4 protein localizes to the cell membrane (Figure 3D).





4 Discussion

Wheat is an allohexaploid species with a large and highly complex genome that severely restricts the isolation of genes via the classical method of map-based cloning. Only a few genes for PH, including Rht8 (Chai et al., 2022; Xiong et al., 2022), Rht13 (Borrill et al., 2022), Rht23 (Zhao et al., 2018) and Rht24 (Tian et al., 2022), have been cloned via map-based cloning. On the other hand, a great number of QTLs for PH have been identified (Saini et al., 2022; Singh et al., 2022). However, the intervals of these QTLs detected using a high-density genetic map of DNA markers are usually include dozens of genes or even more (Choulet et al., 2014). Due to these DNA markers being mainly located in noncoding regions, determining how to use QTLs to clone genes is a challenge. We previously developed EST-SSR markers (Chen et al., 2005), which represent a partial sequence of a gene. We mapped these markers to construct a genetic map (Wang et al., 2011). In this study, we found that the QTL QPh-1B included the EST-SSR marker swes1079, which provided the possibility for identifying the related gene TaOSCA1.4. We then proved this possibility by identifying candidate genes in populations with natural variation. Finally, we validated that TaOSCA1.4 regulate PH via RNAi technology. By the above process, we successfully produced a cloned gene from a QTL. This provides a method for gene cloning. Based on this idea, we constructed a map of unigenes using an RIL population and cloned seven yield component trait genes, TaIFABPL, TaDdRp, TaRLK, TaTD, TaTFC3, TaKMT and TaSPL17 (Zhang et al., 2024), a plant height gene TaDHL (Guo et al., 2022), and a quality gene XIP (Sun et al., 2022) from QTLs. This approach could be an effective method for isolating genes originally from wheat.

The studies of OSCA gene family were focused the expression profiling under osmotic stress in Arabidopsis, rice, wheat and barley, etc. (Li et al., 2015b; Zhai et al., 2020; Tong et al., 2021; Kaur et al., 2022; She et al., 2022). In wheat, Tong et al. (2021) identified 42 OSCA members. The expression profiles showed that 15 TaOSCA members responded to PEG treatment, while TaOSCA12/-39 responded simultaneously to PEG and ABA. Kaur et al. (2022) also identified 42 OSCA genes. They found that a total of 31 TaOSCA genes displayed differential expression in response to the drought, heat, and combined heat–drought stress conditions, and 29 TaOSCA genes showed differential expression in response to salt stress. No report was found that OSCA genes regulating the plant height. Using RNAi technology, we obtained the conclusive evidence that TaOSCA1.4 regulate PH. So, we regard that the TaOSCA1.4 is novel reduced-height (Rht) gene in wheat.

OSCA genes regulate intracellular Ca2+ concentration and play a key role in sensing exogenous and endogenous osmotic changes and regulating plant growth and development. In Arabidopsis, the osca1 mutant exhibited a decreased calcium (Ca2+) concentration under sorbitol or mannitol treatment, inhibited stomatal closure and root growth, indicating that OSCA1 is a plant osmoreceptor (Yuan et al., 2014). In rice, OsOSCA1.1 mediates OICIcyt and SICIcyt in roots, which are critical for stomatal closure, plant survival, and gene expression in shoots, in response to hyperosmolality and the salt stress treatment of roots (Han et al., 2022). When plants are subjected to external stress, Ca2+ flows from high concentrations of extracellular and intracellular calcium reservoirs into the cytoplasm, resulting in an instantaneous increase in the concentration of Ca2+ in the cytoplasm and the generation of calcium signals. The calcium signal is then recognized by three major Ca2+ receptor proteins: calmodulin (CaM) (Dong and Zhang, 2001), calcineurin B-like protein (CBLS) (Desikan et al., 2006; Shabala et al., 2018), and calcium-dependent protein kinases (CDPKs) (Cheng et al., 2002; Chen et al., 2013) and triggers a series of physiological activities. We hypothesized that knock down mutants of TaOSCA1.4 gene reduced regulatory ability of Ca2+, thus reducing the plant height.

Among the cloned Rht genes, Rht-B1 and Rht-D1 (Peng et al., 1999), Rht8 (Chai et al., 2022; Xiong et al., 2022), Rht12 (Buss et al., 2020), Rht18 (Ford et al., 2018), Rht24 (Tian et al., 2022) are involved in GA signaling or metabolism pathway. Rht13, an NB-LRR gene, is not directly involved in GA pathway, and the same mutation in the tomato protein I-2, which impeded ATP hydrolysis and promoted an ATP-bound active form of the protein (Borrill et al., 2022). ZnF-B acts as a brassinosteroid (BR) signaling activator to facilitate proteasomal destruction of the BR signaling repressor TaBKI1, and loss of ZnF stabilizes TaBKI1 to block BR signaling transduction. The deletion of ZnF-B induced the semi-dwarf trait in the absence of the Rht-B1b and Rht-D1b alleles through BR perception (Song et al., 2023b). We previous cloned an Rht gene TaDHL is not directly hormone pathway (Guo et al., 2022). In this study, TaOSCA1.4 gene regulates intracellular Ca2+ concentration. Furthermore, the cell lengths of the knock down mutants is not significantly different than that of WT. We speculate that TaOSCA1.4 gene is not directly associated with GA, which should be a novel mechanism for a wheat Rht gene.
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Female parent Male parent Seed setting Haploid Number of Number of Frequency for

rate (%) induction normal grains embryo- embryo-less
rate (%) less grains grains (%)
mtl-a ® 323 32 200 32 160
mil-b ® 582 0 180 16 80
mil-ab ® 205 206 220 48 218
Kronos mtl-a 38.1 0 80 15 18.8
Kronos mtl-b i 56.6 0 75 i 9 12.0
Kronos mtl-ab 244 18.3 102 20 19.6

®, self-cross.
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Primers Primer sequence (5'- 3')

Bar-F ACCATCGTCAACCACTACATCG
Bar-R GCTGCCAGAAACCACGTCATG
TtMTL-4A-F GCCGAGACTTCACTTACGCT
TtMTL-4A-R CCATCGTCTGCGTTTGTCAC
TtMTL-4B-F TGAACTCAACATGGGGCGTC
TtMTL-4B-R TCAGTTGGTCAGTGTGCTCG
ZmR-F ATGGCGCTTTCAGCTTCCC

ZmR-R TCACCGCTTCCCTATAGCTTTGC
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Genotypes

Combined Combined

N61(Recurrent) 100.0 100.0 953 95 135 10.9
Syn32 (Donor) 50.0 100.0 ‘ 83.5 17 120 7.8
BW 100.0 100.0 953 115 150 12.0
BIL1 0.0 933 ‘ 702 0.0 1 93 6.4
BIL3 267 16.7 655 11 55 5.5
BIL10 53.3 86.7 ‘ 8Ll 23 10.0 7.4
BIL1§ 20.0 100.0 76.4 18 13.5 8.4
BIL20 6.7 86.7 70.2 0.1 10.5 6.8
BIL25 267 86.7 749 11 87 6.6
BIL32 933 0.0 702 83 0.0 6.1
BIL46 100.0 0.0 717 7.0 0.0 57
BIL48 0.0 200 623 16 15 14
BIL49 53.3 73.3 78.0 29 75 6.8
BIL54 0.0 53.3 702 18 80 6.6
BIL77 60.0 100.0 | 859 27 13.0 8.5
BIL81 333 933 78.0 16 95 7.0
BIL85 133 26.7 57.6 07 25 44
BIL86 0.0 20.0 52.9 0.0 25 42
BIL8S 86.7 133 | 717 6.8 15 6.1
BIL94 86.7 533 811 73 50 7.4
BIL127 86.7 6.7 79.6 39 50 6.3
BIL128 933 0.0 79.6 5.0 35 6.1
BIL129 0.0 53.3 702 18 45 5.4
BIL139 100.0 333 | 796 63 1 28 6.3
BIL141 100.0 167 827 59 45 6.8
BIL164 133 20.0 ‘ 56.1 13 20 4.5
Mean | 91.2 9.7
SD 167 23

P-value <0.001 <0.001
Heritability 047 0.65

BW, black wheat.
The overall mean, standard deviation (SD), and the probability (P-value) of the combined analysis are also included.
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No.

Ghromosore pac Chromosome Average distance Chromosome Average distance
rsiliers length (cM) between markers (cM) length (Mb) between markers (Mb)
1A 51 180.65 361 591.38 11.87
2A 105 23172 222 77427 7.44
3A 90 247.39 277 748.88 8.41
4A 110 [ 179.25 179 711.39 Zn
5A 103 256.54 25k 704.37 6.90
6A 70 216.42 313 618.23 8.95
7A 50 216.61 442 73241 14.90
1B 101 ‘ 162.03 1.62 652.67 652
2B 150 ‘ 284.98 191 792.61 531
3B 146 251.39 173 825.90 5.69
4B 121 197.56 1.64 665.15 5.45
5B 141 337.99 241 709.75 5.06
6B 23 96.94 440 712.88 6.68
7B 59 118.67 204 740.06 12.70
1D 1 188 323.33 172 1 49140 262
2D 250 375.97 1.50 647.61 2.60
3D 276 460.61 1.67 597.00 217
4D 194 301.36 1.56 505.70 2.60
5D 174 268.54 1.55 560.44 323
6D » 219 395.63 181 47240 210
7D 261 42534 1.63 62220 239
Total 2882 5528.90 226 13876.69 6.22
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A sub-genome B sub-genome D sub-genome

Chromosome Marker Chromosome Marker Chromosome
Chromosomes length number Chromosomes length number Chromosomes length

1A 18065 51 1B 16203 101 D 32333 188

24 2172 105 28 28498 150 20 37597 250

3A 24739 %0 3B 25139 16 3D 46061 276

4A 17925 10 4B 197.56 121 4D 30136 194

5A 25654 103 5B 33799 141 5D 26854 74

6A 21642 70 6B 96.94 2 6D 39563 219

7A 21661 50 7B 11867 59 7D 42534 261
Total 152858 579 1449.55 741 255077 1562
Average 21840 827 207.10 1059 36440 231
% in genome 276 201 262 257 46.1 542

Marker density 264 196 163
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Seaso Trait

N G%
G%
S2
GI
G%
combined
GI

QTLs osome  Posi (cM)  Left Marker = Right Marker D PVE(%) Add
QSd.arle-5D 5D 72 AMP0017090 AMP0004316 103436 26.4674 14.494
1D 134 AMP0000577 AMP0024860 40755 31939 55217
Qsd.alre5D1 5D 43 AMP0013081 AMP0024991 292586 | 335783 17.8987
QSd.arle-5D2 5D 49 AMP0031012 AMP0032707 12,677 11.3921 -10.42
QSd.arle-5D 5D 74 AMP0020940 AMP0025926 171079 159853 115551
5B 257 AMP0005269 AMP0036949 35827 7.9631 0.811
QSd.arle-5D3 5D 33 AMP0027328 AMP0032656 68755 16.3094 1.3658
QSd.arle-5D 5D 74 AMP0020940 AMP0025926 12.4475 31449 17951
5D 72 AMP0017090 AMP0004316 190615 419494 15.5069
QSd.arlc-5D
5D 72 AMP0017090 AMP0004316 116362 | 27.8412 14874

LOD, logarithm of odds; PVE, phenotypic variance explained; ADD, additive effect.
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QTL position Closest marker

BLUP LOP  Heritability of mapped QTL

QTL titles Ere (Pary) (support intezval) (physical .
(Unit: cM) map position)
LW._dlo_ch10 LW_do 10 >1565° 051 o 3_?2153_ ) Zg:;:j;;;
LW_clo_2019_ch10 LW._clo_2019 10 >1565° 0.54 (32'32; i cz’z(i?ﬂ”
LW._clo_2020_ch10 LW._clo_2020 10 >15.65° 0.42 (35.:1);252.32) cz,z(ia)m”
LW_clo_2020_ch06 LW_clo_2020 6 476 0.14 (28_:75:1‘:_62) (Z]‘;T:;
VA_clo_ch10 VA_clo 10 51565 047 (33:;1’1:_ i9) C(:;ZZ:Z; 4‘;
VA_clo_2019_ch10 VA_dlo_2019 10 >1565° 0.45 & 4;:353. 5 cz,z?)n !
VA_clo_2020_ch10 VA_clo_2020 10 >1565° 047 o 4"1’23: ) c“ﬁf’)ﬂ !
VA_clo_cho4 VA_do 4 5.49 0.12 (45;:;‘;:_13) P“:;mﬁ?"
VA_clo_2019_cho4 VA_do_2019 4 5.07 011 “ 5»;:;‘;:_ » P°'V“'(?;]75u4
VA_clo_2020_cho4 VA_clo_2020 4 5.60 0.13 i 47;:;‘;:.1 3 va"(?;mu"
WD_clo_cho2 WD_dlo 2 572 035 @ 9'2231232_ © (;'5:;:?7’)
WD_clo_2019_ch02 WD_clo_2019 2 5.95 0.35 (29.223;2‘;.83) cz_?“l)gso
WD_clo_2020_cho2 WD_clo_2020 2 542 034 o 9;:;23‘;_ 0 Cz’;.l)%o
SG_dlo_cho3 5G_clo 3 413 0.18 . 3:;7_25 5 (Cll ;()3()3 :;; ;
5G_clo_2020_cho3 $G_clo_2020 3 440 0.18 © 5177:245. o) d's(f;ls 7
TW._clo_2020_ch05 TW._dlo_2020 5 456 022 (47;:‘;‘;_ - (22_7?2;::)

“The names of the BLUP datasets used for each QTL analysis.
“Chromosome numbers.

“The bold figures indicate the locations of the mapped QTL peaks and numbers in the parentheses showing ranges of their support intervals. The unit is centiMorgans (cM).

“The most adjacent SNPs to each QTL peak were presented in this column; “solcap_snp_” was omitted at the beginning of all the SNP marker names beginning with either “c1” or “c2.”
The numbers inside the parentheses represent physical map locations of each SNP (PGSC v4.03).

“The maximum LOP score, which can be reported by QTLpoly software, is 15.65. As a result, “>15.65” represents a higher number than the 15.65 LOP scores in this table.

D-21f more than one SNP marker are located at the same position, the rest of the SNPs are written below.

Dsolcap_snp_c2_25471 (48808404), solcap_snp_c2_25469 (48808653), solcap_snp_c1_8021 (48862950), solcap_snp_c1_8020 (48863048), and solcap_snp_c1_8019 (48863165).

The numbers inside the parentheses represent physical map locations of each SNP (PGSC v4.03).

solcap_snp_c1_3348 (16008572), solcap_snp_cl_10725 (16833849), solcap_snp_c1_10734 (16843656), PotVar0121932 (16887160), and PotVar0121927 (16887361).

The numbers inside the parentheses represent physical map locations of each SNP (PGSC v4.03).
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Random effect ‘ Var component® l Std error® Random effect ‘ Var component® ‘ Std error®
Clone* v 7.76E-02 0.008448 Clone® 1.81E-03 0.000214
Block (year] 3.18E-05 5.79E-05 Block (year) 2.83E-05 325E-05
Rep (year) 2.03E-04 0.000111 Rep (year) 2.01E-06 7.76E-06
Clone*year 6.73E-03 0.000948 Clone*year 1.0SE-04 5.29E-05
Residual 491E-02 0.000821 Residual 8.05E-03 0.000134
Total 1.34E-01 0.008484 Total 9.99E-03 0.000251
Fixed effect ’ Estimate Std error ° Fixed effect Estimate \ Std error °
Intercept 1791115 0.021178 Intercept 1.180968 | 0.004242
Year (2019) 0.005394 0.006501 Year (2019) ~0.00251 0.002917
Visual assessment of tuber shape Specific gravity
Random effect ‘ Var component® ‘ Std error® Random effect ‘ Var component® ‘ std error®
Clone* 3.54E-01 0.04566 Clone® 3.88E-05 5.61E-06
Block (or rep) (year) 5.02E-03 0.006272 Block (or rep) (year) 1.01E-06 1.18E-06
Clone*year 471E-02 0.018894 Clone*year 1.15E-05 3.16E-06
Residual 232E-01 0.016988 Residual 3.30E-05 242E-06
Total 6.38E-01 0.046798 Total 843E-05 5.86E-06
Fixed effect ‘ Estimate ‘ Std error® Fixed effect ‘ Estimate ‘ Std error®
Intercept 4.151442 0059528 Intercept 1.09405 0.000728
Year (2019) 0.151507 0.041089 Year (2019) 0.001636 0.000571
Random effect ‘ Var component® ‘ Std error®
Clone® v 1044186 v 0.143557
Block (year) 0.012721 0014236
Rep (year) 0.053949 0.020485
Clone*year 0.4879 0.065381
Residual 2.842145 0.047492
Total I 4.4409 0.15232
Fixed effect Estimate Std error ° ‘
Intercept 7.396286 0.114016
Year (2019) -0.28423 0.086792

#Variance component.
"Standard error.
““Clone” indicates a genetic effect of a clone.
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Approach

Platform/instrument

Nelgdlale] Accuracy

time

Advantages

Limitations
and challenges

Color optical
images '

Near-infrared
spectroscopy
using SIMCA
analysis *

Near-infrared
spectroscopy
using SVSKLPP
analysis *

Fluorescence
imaging *

Multispectral
imaging >

Computer
vision with
deep
convolutional
network
(DeepSort) 7

Computer
vision with
convolutional
neural
Networks
(CNN) *2

A set of feeding devices, image acquisition,
sorting, and control units.

Image acquisition using visible

RGB camera.

« NIR spectra: A fiber-optic cable and
transmitted to a Carl-Zeiss NIR
spectrometer (Model MCS-611 NIR).
« Algorithm for classification: Soft
Independent Modeling of Class
Analogy (SIMCA).

« NIR spectra: MicroNIR-1700
spectrometer.

« Algorithm for classification: Supervised
Virtual Sample Kernel Locality Preserving
Projection (SVSKLPP).

« Fluorescence spectra: A 532-nm Sapphire
SF laser, a HoloSpec spectrometer, and a
Newton 940 CCD camera.

« Fluorescence imaging: The Typhoon FLA
9500 biomolecular imager.

« Fluorescence and spectra: The
VideometerLab 3 system with 19 different
wavelengths.

« Image segmentation: Canonical
Discriminant Analysis (CDA).

Image-based CNN models with two
convolutional layers, two densely
connected layers, and an output layer.

Tmage-based CNN models with a transfer
learning ® and scratch ® approaches.

Kernel oil content

Single-kernel
near-infrared

spectroscopy
(skNIR) '

Near-infrared
hyperspectral
imaging *

Time-domain
nuclear
‘magnetic
resonance
(TD-NMR) "

NMR

spectrum and
manifold

learning '°

NMR-based
method

with oil content
double
thresholds '

« NIR spectra: skNIR platform. '
« Algorithm: Partial least squares linear
discriminant analysis (PLS-LDA).

« NIR spectral camera: Image-A-N17E
“spectrum and image” near-infrared
improved hyperspectral camera.

« Algorithm: Biomimetic Uncorrelated
Locality Discriminant Projection (BULDP)
and biomimetic pattern recognition (BPR).

« A prototype with five functional modules.
+ NMR measurements: a minispec mq20.

« NMR measurements: MRI analyzer
(NMI120-015V-I model).

« Algorithm: single- and multiple-
manifold learning.

« NMR (model No.: Online MR20-015 V).

« Two thresholds, T1 and T2, which are the

upper and lower limits of the oil
content, respectively.

Upto0.12s 87% — 94%

per kernel.

1.0-1.3 min
per kernel.

85%

0.016 s 97.1%

per kemnel.

12 min per 80% — 90%
2400 kernels
03s

per kernel).

Manual: 10-
20 s per
kernel.

40% — 100%

Automation:
4-5 min per
300 g
kernel
sample.

N/A 96.8%

93.4% ®
94.4% °

N/A

10 kernels 25% - 97%
per second
(0.1s

per kernel).

N/A 99%

600 kernels
perh (0.1s
per kernel).

>99%

N/A 93% — 100%

4s 97.8%
per kernel.

« Multiple kernels per scan.
« No manual handling for
positioning kernels.

« Acceptable rates of seed
unloading (>85%).

« Multiple kernels per scan.
« No manual handling for
positioning kernels.

« Multiple kernels per scan.

« No manual handling for
positioning kernels.

« High accuracy (97.1%),
sensitivity (98.8%), and
specificity (95.4%).

« High stability and robustness
(>70% consistently for a month).
« Capability to handle non-linear
data.

« Improving the

classification effect.

« Multiple kernels per scan.

« High selectivity and accuracy.
+ Acceptable

misclassification rates.

« Multiple kernels per scan.

« The instrument is well
established and proven in
different seed phenotyping.

« Built-in software.

« Compatible with the existing
inducers and marker system.

« The sorting output is similar to
manual sorting by human
experts.

« Relatively robust under diverse
lighting conditions, seed shapes,
embryo orientation, and

genetic backgrounds.

« Superior to machine learning-
based methods and manual
visual selection.

« High selectivity and accuracy.

« High throughput.

+ No manual handling for
positioning kernels.

« High accuracy to dissect D/H
having overlapping oil content.

« Fully automated process.

« High accuracy and
repeatability.

« High stability and robustness.
« Compatible with different
NMR devices.

« Sorting classes can be up to six
classes.

« Real-time visualization of data
(histograms and summary
statistics) during operation.

« High accuracy even when non-
high oil inducers are used.

+ Enabling to distinguish
embryo-aborted kernels from the
haploids.

+ Reducing FDR and

sorting cost.

« a specific threshold is
necessary for a specific
genotype.

« Unable to identify outcross
seeds (colorless endosperm)
from the progeny (H and D)
seeds.

« The accuracy claimed may
be overrated.

« Further validations in a wider
germplasm.

« A specific spectra and model
for a specific genotype.

« Low throughput.

« The performance of
algorithm depends on the
kernel matrix distance (k).

« Manual handling for
positioning the kernels is still
required.

« Thresholds in fluorescence
intensity, wavelength, and area
are genotype dependent.

« A specific wavelength for a
specific genotype.

« Intra-group variation
increases when the non-
optimum wavelength is used.
« Due to an irregular kernel
shape, the positioning of the
kernels onto a Petri dish is not
a high-throughput method.

« Huge data storage from the
imaging protocol (1 image ~
1.24 Gb).

« Deep learning algorithms and
modern powerful GPUs are
required.

« The number of layers or the
depth of networks determines
the sorting accuracy.

« A large-scale resource for
CNN models is required.

« A serious complexity and
computational cost.

« A large-scale resource for
CNN models is required.

« Testing with the machine for
automated sorting is required.
« Modern powerful GPUs are
required to shorten the
training times.

« Specific models for specific
genotypes.

« High FDR (>50%) but
acceptable FNR (16%).

« High accuracy depends on
KOC of haploid inducers.

« Robustness and sorting speed
is still unknown.

« Further validations in a wider
germplasm are required.

« High accuracy depends on
KOC of haploid inducers.

« Robustness and sorting speed
is still unknown.

« Sorting accuracy depends on
the oil content thresholds and
the xenia effects of high

oil inducers.

! Song et al., 2018; 2 Jones et al., 2012; > Yu et al., 2018;* Boote et al., 2016; * De La Fuente etal., 2017; ® Videometer.com, 2023; 7 Veeramani et al., 2018;® Altuntag et al., 2019; ° Sabadin etal., 2021;
19 Gustin et al., 2020; ' Armstrong and Tallada, 2012; '2 Spielbauer et al., 2009; ' Wang et al., 2018; ' Melchinger et al., 2017; ' Ge et al., 2020; *® Qu et al., 2021; N/A, not available.
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Biomarker

Known
gene or
protein

Hvs. D
determination

Advantages

Limitations

Navajo purple kernel !

Kernel oil content
(KOC)

Fluorescence protein *

Red root *

Purple stem, sheath,
husk, and culm *

Monogenic

Polygenic

Monogenic

Bigenic

Rl-nj

DGATI-2,
OBAPI, WRI1

GFP,
YEP,
eGFP,
DsRED

Pl

Pl1 and BI

Additive,
dominant

Additive,
dominant

Dominant

Dominant

Dominant

H: purple crown
endosperm and colorless
scutellum embryo.

D: purple both crown
endosperm and
scutellum embryo.

H: lower KOC than the
thresholds ().

D: higher KOC than the
thresholds ().

+ 3.86% vs. 5.26%
+2.6-4.3% vs. 4.6-6.1%
©2.0-4.0% vs. 5.0-6.2%

« GFP marker

H: GFP negative.

D: green fluorescence in
emerged radicle and
coleoptile.

« YFP marker

H: yellow signal in
endosperm only.

D: yellow signals in both
endosperm and embryo.
« DFP (eGFP + DsRED)
markers

H: red fluorescence in
endosperm and no
fluorescence in embryo.
D: red fluorescence in
endosperm and green
in embryo.

« H: colorless seedling
roots.

« D: red or purple
seedling roots.

« H: colorless stem,
sheath, husk, and culm.
« D: purple stem, sheath,
husk, and culm.

+ Early detection at the
seed stage

« Available in most
current inducers

« Practical

« Non-destructive

« Possible for automation

« Early detection at the
seed stage

+ Compatible with most
source germplasm

« Time and labor savings
« Flexible to adjust the
thresholds

« Could be highly
accurate (+ 96%) and low
errors (FDR and FNR ~
<4%)

« Possible for automation

« Robust

« Early detection at the
seed and seedling stages
« Suitable to any source
germplasm

« Compatible with
genome-editing platform

« Early detection at the
seedling stage

« Alternative method in
progenies with either
complete RI-nj
suppression or masking
RI-nj expression

« Stratified identification
methods for eliminating
false positives following
the RI-nj-based selection

« Alternative method in
progenies with either
complete RI-nj
suppression or masking
RI-nj expression

« Stratified identification
methods for eliminating
false positives following
the Ri-nj-based selection

! Chase and Nanda, 1965; Nanda and Chase, 1966; Prigge et al., 2011; Chaikam et al., 2016; Melchinger et al,, 2016; Dermail et al., 2023; Silva et al., 2023.
2 Curtis et al., 1956; Laurie et al., 2004; Wassom et al., 2008; Zheng et al., 2008; Li et al,, 2009; Shen et al., 2010; Méro et al., 2012; Melchinger et al., 2013; Dong et al., 2014; Lopez-Ribera et al., 2014;

Melchinger et al,, 2014; Liu et al., 2022.

3 Zhao et al,, 2013; Yu and Birchler, 2016; Dong et al., 2018; Qi et al, 2023.
* Emerson, 1921; Briggs, 1966; Coe et al., 1988; Chaikam et al,, 2016; Vanous et al,, 2017; Trentin et al., 2020.
® Chandler et al., 1989; Coe, 1994; Chaikam et al., 2016.

« Ineffective in source
germplasm carrying CI
anthocyanin inhibitor
genes

« Ineffective in source
germplasm with natural
anthocyanin kernels

« High errors (MCR up
to 80%; FDR ~ 9-43%;
FNR ~ 16-28%)

« Sensitive to
environmental and
physiological factors

« Time consuming

and laborious

+ Only few inducers
equipped with high
KOC

« Ineffective in high oil

source germplasm

« High investment for
automation

« Environmental effects
« Xenia effects

« Measurement errors

+ Transgenic (GMO)
issues

« Sophisticated
equipment and skilled
labor for

fluorescence detection

« Ineffective in source
germplasm with natural
purple/red roots

« Resource intensive for
seed germinations

« Light independent,
which prone to
increased false negatives

« Incompatible with the
subsequent steps in DH,
which is colchicine
treatments

« High occurrence of
natural purple sheath in
source

germplasm worldwide
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Principal Levels of workload

differentiation

Labor Equipment

Chloroplast Haploid has lower Moderate Low Low Low 2.54vs.3.60
number per CN than diploid 241vs. 347
stomata (CN) 250 vs. 3.40°
Stomatal guard cell Haploid has shorter Moderate Low Low Low 30.00 pum vs. 40.00
length (SGCL) SGCL than diploid pm *

37.36 um vs. 48.93

pm ®

14630 pm vs. 199.19

pm ©

28.29 um vs. 38.13

pm”
Chromosome Haploid has only High High Low Low 10vs.20*
count one set of the

whole genomes

Flow cytometry The peak value Low Low High High 25Cvs. 50 C°
(G1) of haploid 50 Cvs. 100 C
nuclei has half rorne
channel numbers as 100 C vs. 200 C
much as the s
diploid’s G1 200 C vs. 400 C '*7
190-210 C vs. 390-
410C”
DNA marker Haploid shows one Low Low Moderate Moderate SSR loci:
band or allele from - bnlg2259: 200 bp
maternal donor, (D) vs. 180 bp (1) **
while diploid carries — bnlg2082: 250 bp
heterozygous bands (D) vs. 200 bp (1) **
or alleles from both — chr1-275.3: 400 bp
maternal donor (D) (D) vs. 500 bp (1) 7
and paternal — chr7-20.7: 400 bp
inducer (1) (D) vs. 600 bp (1) 7

! Ho etal. (1990); > Wan et al. (1992); * Beaumont and Widholm (1993); * Sarkar and Coe (1966); > Choe et al. (2012); ® Molenaar et al. (2019); 7 da Silva et al. (2020); ® Kiesselbach and Petersen
(1925);° Liu et al. (2017); '® Wan et al. (1991); '* Ismaili and Mohammadi (2016); 2 Jiang et al. (2021); ' Couto et al. (2013); ™ Couto et al. (2015); '* Baleroni et al. (2021); *® Radi et al. (2020);
171 et al. (2021); *® Kelliher et al. (2017); ' Dong et al. (2018).
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Unpollinated or
pollinated ovules

Anthers or
microspores

Haploid x

Induction Wide
hybridization

______ Wheat x Maize

Centromere Centromeric
A . - - - - - histone H3
modification (CENH3)
_ Indeterminate
Mutation ------ gametophyte 1

\ (lg1)

' MTL/ZmPLA1/NLD
% ZmDMP
ZmPLD3
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Seed weignt
Innate differences Early seedling
Vegetative stage
Chloroplast and stomatal guard cells

Chromosome counting
Cytogenetic and Molecular

Flow cytometry

Haploid Identification DNA markers

R1-nj purple kernel

PI-1 red root
Biomarkers Integrated in Haploid Inducers

Kernel oil content

Fluorescence proteins

Kernel R1-nj-based automation

Automation

Kernel oil content-based automation





OPS/images/fpls.2024.1378421/crossmark.jpg
©

2

i

|





OPS/images/fpls.2024.1376381/table4.jpg
Trait SNP Chromosome Position p-Valu —logso(p)

1 DTM_AL2021 Ca2:31252891 2 31252891 6.90E-10 9.161034

2 HSW_DN2021 Ca2:2311917 2 2311917 9.87E-09 8.005556
3 HSW_AN2022 Ca2:2311917 2 2311917 2.70E-08 7.568951
4 HSW_AN Ca2:2311917 2 2311917 8.00E-08 7.097058
5 PY_DN2022 Ca7:41673233 7 41673233 1.09E-07 6.963979
6 DTF_AL2021 Cal:6257653 1 6257653 1.41E-07 6.852291
7 PY_DN2021 Ca4:6352125 4 6352125 1.86E-07 6.730408
8 BY_AN2021 Ca3:10159944 3 10159944 1.97E-07 6.704917
9 DTM_AL2021 Ca3:39084979 3 39084979 2.58E-07 6.588161
10 BY_N Ca6:10230657 6 10230657 3.59E-07 6.444971
11 DTM_DL2021 Ca2:18671666 2 18671666 7.33E-07 6.134748
12 HI_AN2022 Ca4:5907421 4 5907421 9.70E-07 6.013135
13 DTM_DL2021 Ca8:10963827 8 10963827 1.08E-06 5.967427
14 BY_N Ca7:41673233 7 41673233 1.38E-06 5.860313
15 DTM_AL2021 Ca5:40828566 5 40828566 1.44E-06 5.840222
16 BY_AL2022 Cal:27012660 1 27012660 2.34E-06 5.630731
17 HSW_DN2021 Ca4d:8669498 4 8669498 2.73E-06 5.564497
18 HSW_AN2022 Ca4:8669498 4 8669498 2.90E-06 5.537057
19 BY_DN2022 Ca6:10230657 6 10230657 3.83E-06 5417043
20 HI_N Ca3:37444451 3 37444451 4.51E-06 5.34594

21 BY_AN2021 Ca6:9109096 6 9109096 6.25E-06 5204069
22 BY_DN2022 Ca7:41673233 7 41673233 6.44E-06 5.190981
23 BY_AN2021 Ca6:10230657 6 10230657 7.72E-06 5.112628
24 PY_DN2021 Ca6:10230657 6 10230657 8.65E-06 5.062903
25 BY_AL Ca3:23273262 3 23273262 9.40E-06 5.027069
26 BY_AL2022 Ca3:171579 3 171579 9.92E-06 5.003348
27 DTM_AL2022 Ca8:10963827 8 10963827 1.06E-05 4.97535

DTF, days to flowering (days); DTM, days to maturity (days); PH, plant height (cm); HSW, hundred-seed weight (g); BY, biological yield (g); HI, harvest index (%); PY, plot yield (g); SNP, single-
nucleotide polymorphism.
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Chromosome NCBI CDC Frontier SNP distribution LD

size (bp) (per Mb) decay (kb)
1 755 2,546 664 48,359,943 3372185 1119
2 714 1 1516 e 36,634,854 2123249 722
3 75.1 1,960 476 39,989,001 26.09854 168.8
4 86 3,204 1,133 49,191,682 37.25581 160.1
5 87.8 2,043 342 48,169,137 23.26879 13.6
6 99.5 2,617 615 59,463,898 26.30151 306.5
7 726 2,036 579 48,961,560 28.04408 118.8
8 774 970 252 16,477,302 125323 29.4
Whole genome ~740 16,892 [ 4,530 530.8 (Mb) 2282703 140.2

SNP, single-nucleotide polymorphism; LD, linkage disequilibrium.
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Source of vari Df TF PH W BY HI PY
GENOTYPE 153 708+ 356 738+ 1,003 543,063 769*+ 67,316
TREATMENT 1 885733 | 1,556913%*  160,880** | 9,052*** 73241193 60447 12,960,302
SEASON 1 1,728 3,790 L 3020 1,179,669*** 4923 16,944*
REP 2 8,171%% 3958w L ) Lhagr 1,574,596*** 6,820%** 193,777+
LOCATION 2 38,389 17,503+ 30,586**% 105,305*** 1,210,706*** | 4,167 [ 287,329***
REP : BLOCK 12 503 95 ns JQ[re: 1ape 128,607*** 59 ns A2256"%
GENOTYPE : LOCATION 306 113 59 ns 156+ 1210 115,563*** 209*++ 19,136
GENOTYPE : TREATMENT 153 285+ 1510 3810+ 91% 288,050 4520 23,262
TREATMENT : LOCATION 2 2,176 64,570 45,287 3674 800,084+ 7496 325,546
GENOTYPE : TREATMENT : LOCATION 306 72 ns 39 ns 942+ 18 ns 53,085 100%+ 5,557+
Residuals 4,605 70 1 59 57 45 30,552 | 69 4,261

LSD 3.86 3.53 1.686352 3.08 80.76 3.82 30.16

ns, non-significant; DI, degrees of freedom; DTF, days to flowering (days); DTM, days to maturity (days); PH, plant height (cm); HSW, hundred-seed weight (g); BY, biological yield (g); HI,
harvest index (%); PY, plot yield (g).
Significance of the difference between landraces at *p < 0.0:

; *p < 0.001.
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@ [Unit; cM] ©
. 17.09 i
LB_clo_ch5 LB_clo 5 >15.65 0.56 (13.90 - 19.07) PotVar0077880
LB_clo_2019_ch5 LB_clo_2019 5 >15.65 ¢ 0.71 170 PotVar0077880 "
i =0 h - (0 -24.79)
17.09 N
LB_clo_2020_ch5 LB_clo_2020 5 6.01 0.29 PotVar0077880

(13.90 - 19.07)

17.09

LB-AUDPC_clo_ch5 LB-AUDPC_clo 5 51565 ¢ 061 PotVar0077880
(13.90 - 19.07)

LB-AUDPC_clo_2019_ch5 | LB-AUDPC_clo_2019 5 51565 © 065 17.09 PotVar0077880
RS Sl § : (13.90 - 19.07) A
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(19.69 - 73.16)

16.54
VW_clo_2020_ch5 VW_clo_2020 5 >15.65 ¢ 0.57 PotVar0026113
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"BLUP data abbreviations: LB, Late Blight Foliage Damage; LB-AUDPC, Late Blight Area Under the Disease Progress Curve; EB, Early Blight resistance; VW, Verticillium Wilt resistance;
VM, Vine Maturity; VS, Vine Size; clo, a genetic effect of clones; 2019, 2019 year effect; 2020, 2020 year effect. The details of these BLUP datasets are described in Supplementary Table 5.
Unlike the other traits, the 2019 raw early blight damage data were subjected to QTL analysis of EB.

*Chromosome numbers.

“Bold figures indicate locations of mapped QTL peaks; numbers in parentheses indicate ranges of support intervals.

“The most adjacent SNPs to each QTL peak were presented in this column; “solcap_snp_” was omitted at the beginning of all the SNP marker names beginning with either “c1” or “c2”.
“Maximum LOP score reported by QTLpoly software is 15.65.

D) 1f more than one SNP marker is located at the same position, the rest of the SNPs are written below.

1 PotVar0078045, PotVar0078222, PotVar0078411, and PotVar0078439.

2 solcap_snp_c2_37571.

 solcap_snp_c1_11120.

¥ solcap_snp_c2_11923, PotVar0025440, PotVar0025527, PotVar0025554, solcap_snp_c2_11896, and PotVar0025817.
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No. Mapped SNPs ? Map Length (cM) ® Map Coverage ©

ND028673 ND028673 ND028673
Total Palisade Russet B-2Russ Palisade Russet B-2Russ Palisade Russet B-2Russ

1 505 362 404 13801 138.02 1 1

2 454 ‘ 371 353 11415 114.15 1 1

3 384 344 317 88.44 88.44 1 1

4 384 275 300 105.75 105.75 : X 1

5 296 215 217 83.93 83.93 1 1

6 314 247 244 98.04 98.04 1 1

7 294 | 242 218 82.64 68.83 1 094

8 317 262 240 81.58 76.28 1 098

9 273 203 228 90.38 90.38 1 1

10 258 [ 231 201 : 79.73 79.73 1 1 1

11 318 259 230 ‘ 78.53 78.53 1 1

12 243 206 201 80.99 82,03 099 1
Total 4040 3217 3153 1122.17 1104.11 b 0.99

“The number of mapped single nucleotide polymorphisms.
®Linkage group lengths in centiMorgans (cM).

“Map coverage relative to PGSC Version 4.03 pseudomolecules.
4Chromosome number.
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Late blight foliage damage Area Under the Disease Progress Curve

(The third reading point only) (LB-AUDPC)
Random Effect Var * Component Std Error ® Random Effect Var * Component Std Error °
clone © 2.1306651 0.3184543 clone © 138439.75 22678.298
rep[year] 0.010144 00116243 rep|year] 260.1653 384.04509
clone*year 1.5782682 0.1763395 clone*year 130865.87 14632.559
Residual 0.2841269 0.0205587 Residual 23764.867 1719.5654
Total 4.0032041 0.3188287 Total 293330.66 22697.5
Fixed Effect Estimate ’ Std Error ® ‘ Fixed Effect ‘ Estimate Std Error °
Intercept 7.1276042 0.134585 Intercept 1165.2826 34.02678
year[2019] 03958333 0.083762 year[2019] 358.07682 20.89932
Random Effect Var * Component ‘ Std Error ® ‘ ‘
clone © 1.238304 0151373 ‘
rep[year] 0.002336 0.006218
clone*year 0.046156 0.04973
Residual 0.715723 0.052804
Total 2.002519 0.153703
Fixed Effect Estimate ‘ Std Error ® ‘ ‘
Intercept 2724957 0.091294
year[2019) 1.001949 0.040953
Random Effect Var @ Component ‘ Std Error ® ‘ Random Effect ‘ Var ® Component Std Error °
clone © 1.584096 0.182213 clone © 0.655115 0.082612
rep[year] 0.002099 0004952 rep[year] 3.99E-05 0.001504
clone*year 0.054202 0.03847 clone*year 0.121411 0.028914
Residual 0.525865 0.03883 Residual 0.269235 0.019999
Total 2.166261 0.183208 Total 1.0458 0.083182
Fixed Effect Estimate Std Error ® Fixed Effect Estimate Std Error °
Intercept 4.878051 0.099494 Intercept 4.461094 0.064988
year[2019) -0.48061 0.037182 year[2019] -021075 0.026481

“Variance component.
“Standard error.
“clone” indicates the genetic effect of a clone.
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Number of plants Number of cp4 positive Positive occupancy

Combination tested plants ratio Tmecp4
4120 x Y3380 5 2 10.0% 06219 | -0.7704 | 0.1209
0068A x Y3380 25 0 0% -0.4697 -0.8126 0.0736
3496 x Y3380 13 0 0% —0.0848 -0.7770 0.1439
Total 43 2 4.65%

Tigeps Tepresents the correlation between the average temperature change and the probability of seed containing cp4-EPSPS genes in different time periods. rynscps represents the correlation
between the seed mortality in F, seeds and the probability of seed containing cp4-EPSPS genes in different time periods. r.g, represents the correlation between the average temperature change in
induced F, seeds and the changes in seed mortality in different time periods.
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Positive values indicate that alleles from Qingxinmai increase the trait scores, and negative values indicate that alleles from line 041133 increase the trait scores. CP, BJ, and QS indicate field

disease nurseries at sites Changping, Beijing, and Qingshui, respectively.

PVE, phenotypic variation explained; LOD, logarithm of the odds; Add, additive effect; BLUE, best linear unbiased estimate.
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Parents
Field test

Qingxinmai 041133 Kurtosis Skewness

Powdery mildew

2019CP 40 0 0-87.50 0.24 1.03 0.85 0.94

2020CP 35 0 0-90.00 -047 091 0.94
I 2021CP 45 10 0-100.00 -0.49 0.88 0.96
2022B] 35 5 0-80.00 4.92 191 L1l
2023B] 45 5 0-100.00 0.27 119 1.09
BLUE 40 7.74 0-86.96 0.22 1.00 0.84
Stripe rust
2019Q8 70 0 5-100.00 -0.84 034 077 0.72
2020Q8 60 0 0-100.00 ~1.04 0.07 0.60
2021Q8 80 5 1-92.50 -124 053 0.80
BLUE 75 252 2.75-90.74 -1.09 032 0.56

CP, BJ, and QS indicate field disease nurseries at sites Changping, Beijing, and Qingshui, respectively.

CV, coefficient of variation; H?, broad-sense heritability; BLUE, best linear unbiased estimate.
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Model CPU cores GPU requires 26

rkers * 1000 markers **

GBLUP 12 No ~3 minutes ~1 minutes
Bayesian Alphabet*** 12 No ~5 minutes ~1 minutes
GWAS**** 12 No ~2 minutes N/A

RF 12 No <1 minute <1 minute
MLP Trmss Yes ~1 minute ~1 minute
CNN 1 Yes ~1 minute ~1 minute
Attention network 1 Yes ~1 hour 2-5 minutes

*: Modelling with 26086 markers.

**; Modelling with 1000 marker subsets.

**+: BayesR model was also used for marker selection, as the first step of hybrid model.
**++. GWAS was only applied for marker selection from initial 26K markers.

#*++%; By default, CPU in DL modelling process would only work on data /0.
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Hybrid models

Parameters 26K Markers (1000 Markers)

LCL Window 10 .
LCL Step 10 | !
LCL Channel 32

Batch Size 18 &
Learning 0.001

rate (LR)

LR decay step 6000

LR decay rate 0.9
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