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Abstract: The nutritional composition and overall quality of maize kernels are largely determined by the key chemical components: protein, oil, and starch. Nevertheless, the genetic basis underlying these nutritional quality traits during grain filling remains poorly understood. In this study, the concentrations of protein, oil, and starch were studied in 204 recombinant inbred lines resulting from a cross between DH1M and T877 at four different stages post-pollination. All the traits exhibited considerable phenotypic variation. During the grain-filling stage, the levels of protein and starch content generally increased, whereas oil content decreased, with significant changes observed between 30 and 40 days after pollination. Quantitative trait locus (QTL) mapping was conducted and a total of 32 QTLs, comprising 14, 12, and 6 QTLs for grain protein, oil, and starch content were detected, respectively. Few QTLs were consistently detectable across different time points. By integrating QTL analysis, global gene expression profiling, and comparative genomics, we identified 157, 86, and 54 differentially expressed genes harboring nonsynonymous substitutions between the parental lines for grain protein, oil, and starch content, respectively. Subsequent gene function annotation prioritized 15 candidate genes potentially involved in regulating grain quality traits, including those encoding transcription factors (NAC, MADS-box, bZIP, and MYB), cell wall invertase, cellulose-synthase-like protein, cell division cycle protein, trehalase, auxin-responsive factor, and phloem protein 2-A13. Our study offers significant insights into the genetic architecture of maize kernel nutritional quality and identifies promising QTLs and candidate genes, which are crucial for the genetic enhancement of these traits in maize breeding programs.
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1  Introduction

Maize ranks among the world’s key food crops, providing around 5% of the global intake of dietary calories and proteins [1]. Additionally, it serves as a crucial component in animal feed and a valuable raw material for various industrial products, including biofuel production [2]. The starch, protein, and oil content are three main storage components that have a direct impact on the quality of maize-based food and feed. Starch, the predominant storage component, accounts for 70%–75% of the kernel weight [3]. Maize starch is a versatile food ingredient, often employed for making sauces thicker and adding sweetness to sugars. It has also become an essential chemical feedstock for ethanol production. The second largest chemical component of the kernel is protein, which comprises 8%–10% of the grain composition [3]. The nutritional value of maize as a food source is mainly dictated by the amino acid composition of its protein. Maize oil content, which ranges from 3% to 18%, is rich in energy and polyunsaturated fatty acids, making it a valuable cooking oil [4]. Thus, grasping the natural variability in starch, protein, and oil, along with identifying QTLs and candidate genes linked to this diversity, is essential for enhancing maize grain quality.

Maize kernel composition exhibits extensive phenotypic variation among inbred lines [5,6]. Substantial efforts have been made to improve the content of kernel compositions, such as oil and protein. For instance, after over 100 generations of recurrent selection, the oil and protein content has risen to approximately 20% and 27%, respectively [7]. Similarly, after 18 cycles of selection, the oil content in the Beijing High Oil (BHO) population increased from 4.71% to 15.55% [8]. Several previous studies have revealed that the content of protein, oil, and starch are quantitative traits. QTL analysis is an effective method in genetics and genomics for pinpointing specific genomic regions linked to variations in these traits. In the maize nested association mapping population, a joint-linkage mapping and genome-wide association study (GWAS) was performed to explore the genetic basis for kernel starch, protein, and oil, identifying 21–26 QTLs [6]. Subsequently, unconditional and conditional QTL analyses for the levels of oil, protein and starch indicated a strong genetic relationship among these components in maize kernels [9]. In an RIL population, the phenotypic variation in kernel starch content is mainly influenced by a few large-effect QTLs and several minor-effect QTLs [10]. In a study of 368 maize inbred lines, 26 loci significantly associated with kernel oil concentration were identified, accounting for up to 83% of the phenotypic variation. Resequencing in a diverse germplasm collection revealed causal polymorphisms in four previously identified genes (FAD2, FATB, DGAT1-2 and WRI1a) and three newly identified genes (ACP, COPII and LACS) [11]. Using a candidate gene approach, natural variation and elite haplotypes of several starch biosynthesis genes, including bt2, sh1, and sh2 were identified for starch content and pasting properties [12]. Recently, a QTL (OsGluA2) associated with grain protein content (GPC) was cloned in rice. It was found that the causal SNP in the promoter affects its transcript expression level and GPC diversity and that the variants originated from wild rice [13]. It is important to note that grain development and nutritional quality traits are dynamic processes. The developmental process of maize kernels can be divided into three primary stages. The initial lag phase (approximately 0–15 DAP [day after pollination]) involves the formation of diploid embryos and triploid endosperms, alongside differentiation within kernel tissues. This is followed by the grain-filling phase (~12–40 DAP), characterized by substantial accumulation of starches, proteins, and oils in the endosperm, and significant growth of the embryo. Finally, the maturation phase is characterized by dehydration, acquisition of tolerance to desiccation, and the completion of embryonic development leading to the onset of dormancy [14]. However, research on the genetic characteristics influencing the content of proteins, oils, and starches during seed development remains relatively limited.

Identifying the natural variation in quality traits of maize can support efforts to enhance its nutritional value. In this study, the contents of protein (GPC), oil (GOC) and starch (GSC), were evaluated at four time points during the grain development in a RIL population. The objectives and innovative aspects included characterizing nutritional quality traits during maize grain development, identifying QTLs responsible for the contents of GPC, GOC and GSC, and identifying candidate genes related to GPC, GOC, and GSC by integrating QTL results with gene expression level and genetic variant.

2  Materials and Methods

2.1 Plant Materials, Field Experiments and Phenotyping Investigation

Using the single-seed descent method, the RIL population, comprising 204 F8 lines, was developed from a cross between DH1M and T877. In 2017, the experiment was carried out in a completely randomized block design with three replicates at Sanya (18°23′N, 109°44′E) in China. Each line had 78 plants arranged in plots of six rows, with each row being 3.0 meters long and spaced 0.5 meters apart, containing 13 plants per row. Pollination dates for individual RILs were recorded to schedule sampling times. In previous study [15], seed dry weight were recorded at 14 time points post-pollination (10, 15, 20, 25, 30, 35, 40, 43, 46, 49, 52, 55, 58, and 61 days after pollination), covering maize filling stage. We found that 30 DAP marked a period of rapid grain filling, while the period from 40 to 61 DAP exhibited significant variation in grain weight. Therefore, after 30 DAP, seed were taken approximately every 10 days (30, 40, 52 and 61 DAP) to measure content of protein, oil and starch [15]. For each sampling time, two similar ears for each line were selected, and the seeds were dried at 105°C for 1 h, then at 70°C–80°C to constant weight. Approximately 200 randomly chosen seeds were analyzed by a InfratecTM 1241 Grain Analyzer (FOSS, Hillerød, Denmark) for oil, protein and starch content [9]. The calibrations used in this study were developed by the manufacturer for maize seed, having a determination coefficient of 0.97 for protein, 0.97 for oil and 0.79 for starch based on 1661, 1436 and 955 samples, respectively. The descriptive statistics and phenotypic correlation of GPC, GOC, and GSC at four measurement times were implemented using the R software.

2.2 Construction of Genetic Linkage Maps and QTL Analysis

The RIL populations were genotyped using the MaizeSNP50 chip containing 56,110 SNPs. To remove redundant markers, a sliding-window approach [16] was employed to construct a bin map. The order of bin markers was verified with the ripple function in the qtl package [17]. Genetic distances between bin markers were calculated using the “Kosambi” function [18].

The observed GPC, GOC, and GSC at four different times were utilized for QTL analysis. QTL mapping was performed with a windows size of 10 cm and a step size of 1 cm by composite interval mapping (CIM) in R/qtl (v1.50) [17]. An empirical LOD threshold of 3.0 was set, and the support interval for each QTL was defined by a 1-LOD drop on either side of the peak. QTL were named following this format: q + trait name + chromosome + QTL number [19].

2.3 Candidate Gene Analysis

To pinpoint candidate gene, genetic and physical maps of QTL were integrated. All the potential candidate genes in QTL interval were identified. The reference genome based on the maize B73 RefGen_V3 genome. Gene functions were assigned using annotation information from the maizeGDB database (http://www.maizegdb.org, accessed on 10/05/2024).

To investigate the expression profiles of candidate genes within QTL, we systematically collected seed samples from T877 and DH1M lines at developmental stages of 10, 20, 30, 40, and 50 DAP. Seeds from the central portion of two comparable ears were selected for RNA isolation and subsequent RNA-seq analysis [15]. RNA-seq library was constructed using a TruSeq RNA sample preparation kit (Illumina). By removing adapters, low-quality reads, and reads containing poly-N from the raw data, the clean data were then aligned to the sequence of B73 RefGen_V3 reference genome using HISAT2 (V2.1.0). Read counts mapped to each gene were determined using FeatureCounts in the Subread package (v1.6.5). The FPKM (fragments per kilobase of exon model per million mapped reads) of each gene was calculated. Differentially expressed genes (DEGs) were identified using the R package ‘edgeR’, with criteria set at an adjusted p value < 0.05 and |log2(fold change)| ≥ 1.

Whole genome sequencing of two parental line were conducted using Illumina HiSeq 2000 [20]. Clean reads were aligned to the B73 reference genome (ftp://ftp.ensemblgenomes.org/pub/plants/release-24/fasta/zea_mays/dna/, accessed on 10/05/2024) using the BWA-MEM aligner (v0.7.17), which provides accurate alignments for both short and long reads. SNP calling was performed by SAMTools (v1.14). After filtering out low-quality SNPs, SNPs were annotated using snpEff (v4_5) and 19,155 nonsynonymous SNPs in exons were identified between T877 and DH1M. Differentially expressed genes in QTL interval with nonsynonymous variants were selected as candidate genes.

3  Results

3.1 Phenotypic Variation of Grain Quality Traits in Maize

Three grain compositions, including protein (GPC), oil (GOC) and starch content (GSC), were determined by near-infrared (NIR) spectroscopy in the RIL population during the grain filling stage. Significant differences between the two parents were observed at 30, 40, 52 and 61 DAP: DH1M showed higher GPC and GOC, but lower GSC than T877 (Table 1). Within the RIL population, considerable phenotypic variations of the three grain quality traits were observed, with the coefficient of variation (CV) ranging from 5.84% to 6.73%, 8.37% to 12.30% and 1.63% to 2.24% for GPC, GOC and GSC, respectively. During the grain filling stage, GPC and GSC generally increased, while GOC decreased, with a significant change observed from 30 to 40 DAP (Fig. 1). A significant positive correlation was observed between different time points for the same trait. Additionally, protein and oil content exhibited a significant positive correlation, while starch content showed a significant negative correlation with both protein and oil content (Fig. 2).
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Figure 1: Phenotypic distribution of GPC, GOC and GSC in the kernel of the RIL population at 30, 40, 52, and 61 days after pollination. The abbreviations used in the figure are as follows: GPC, grain protein content; GOC, grain oil content; and GSC, grain starch content
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Figure 2: Heatmap for phenotypic correlation among GPC, GOC and GSC in the RIL population at 30, 40, 52, and 61 days after pollination. Significant correlations between traits are indicated by “**” (p < 0.01) and “*” (p < 0.05)

3.2 Genetic Linkage Map and QTL Mapping

Between the two parental lines, 9780 high-quality polymorphic SNPs were allocated to 3227 bin markers. These markers were used to construct a genetic linkage map of the DH1M × T877 RIL population (Fig. S1). The genetic map spanned a total length of 2450 cm with an average marker interval of 0.76 cm. The number of markers per chromosome ranged from 111 on chromosome 2 to 503 on chromosome 1. The sizes of the linkage groups varied, with chromosome 2 being 102.29 cm and chromosome 1 extending to 373.06 cm (Table S1). This genetic map provides a foundation for mapping QTLs associated with grain quality traits in the RIL population.

Across all 10 maize chromosomes, a total of 32 QTLs related to the traits studied during the grain filling stage were identified, including 14, 12 and 6 QTLs for GPC, GOC and GSC, respectively (Table 2 and Fig. 3). These QTLs could explain 1.59% to 19.39% of the phenotypic variation, with 8 QTLs having a phenotypic contribution exceeding 10%. The number of QTLs identified on each chromosome varied between one and five. Chromosome 1 had the most QTLs with a total of five, whereas chromosomes 3, 6, and 10 each contained four QTLs. Chromosomes 2, 7, 8, and 9 each harbored three QTLs, while chromosome 4 had two, and chromosome 5 had only one QTL.
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Figure 3: QTL mapping of GPC, GOC and GSC at 30, 40, 52 and 61 DAP. DAP 30, 40, 52 and 61 are indicated by red, green, blue and purple. GPC, GOC and GSC are indicated by rectangle, triangle and inverted triangle

A total of 14 QTLs associated with GPC were detected in maize grain. Among these QTLs, six were identified at 30 DAP and located on chromosomes 3, 5, 6, 8, 9, and 10. Notably, qGPC30-6 exhibited the highest phenotypic variation, explaining 15.41% of variance, while the other five were small-effect QTLs. Notably, the favorable alleles of these five QTLs identified at 30 DAP originated from DH1M. Four QTLs were detected at 40 DAP, including one large-effect QTL (qGPC40-1) and three small-effect QTLs. Two QTLs were detected at 52 DAP, located on chromosomes 2 and 9, which explained 10.73% and 3.86% of the phenotypic variation respectively with all favorable alleles originating from DH1M. Additionally, two QTLs were detected at 61 DAP, located on chromosomes 3 and 8, with the highest PVE of 9.93% (Table 2 and Fig. 3). For GOC, twelve QTLs were identified, explaining between 2.91% and 12.23% of the total phenotypic variation. Only one QTL was associated with GOC at 30 DAP. However, six QTLs were detected at 40 DAP, with five carrying favorable allele originating from DH1M. At 40 DAP, GOC was controlled by two large-effect QTLs and four small-effect QTLs. At 52 DAP, three QTLs were identified for GOC, with qGOC52-6 explaining 14.62% of the total phenotypic variation. All favorable alleles of QTLs for GOC at 61 DAP were derived from DH1M. Regarding GSC, six QTLs were identified and explained 2.59%–19.39% of the total phenotypic variation. Two major QTLs, qGSC40-2 and qGSC52-4, explained 15.94% and 19.39% of the total phenotypic variation, respectively. Four QTLs carried the favorable allele originating from T877. Hardly any QTLs could be detected across different time points for GPC, GOC and GSC.

3.3 Integrated Multi-Omics Analysis to Identify Candidate Genes

To further investigate the genetic basis of nutritional quality traits, we integrated the QTL mapping results with transcriptome and genome variation data to identify candidate genes associated with GPC, GOC, and GSC. A total of 4035 candidate genes were identified within the confidence interval of the QTLs (Fig. 4a, Table S1). Furthermore, multi-omics data were used to narrow down the list of candidate genes. In a previous study, we compared global gene expression of T877 and DH1M at 10, 20, 30, 40, and 50 DAP, detecting 1465 (DAP10) to 6980 (DAP40) DEGs [15,20]. Additionally, whole genome resequencing was conducted for T877 and DH1M, resulting in the annotation of 8598 nonsynonymous substitutions. By integrating QTL mapping, gene expression profiles, and comparative genomics data, we identified 157, 86, and 54 DEGs with nonsynonymous substitutions between parental lines associated with GPC, GOC, and GSC, respectively (Fig. 4a, Tables S2–S4). Subsequently, we performed gene function annotation, which resulted in the identification of 15 candidate genes potentially involved in regulating grain quality traits (Table 3).
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Figure 4: Identification of candidate genes by integrating QTL mapping, gene expression, co-expression analysis and comparative genome for GPC, GOC and GSC. (a) The QTL candidate gene prediction process. (b) The expression level of candidate gene for content of protein (GPC); content of oil (GOC); content of starch (GSC) in different accessions
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GRMZM5G813651, the candidate gene for qGPC30-3 associated with GPC at 30 DAP (Table 3), encodes a NAC transcription factor. The expression level showed a significant difference between T877 and DH1M at 50 DAP, and one nonsynonymous SNP was observed in the third exon. The candidate genes for qGPC30-5 and qGPC30-6, GRMZM2G178753 and GRMZM2G474777, encode Leucine-rich repeat protein kinases. These genes showed significant differential expression between T877 and DH1M at 10 and 40 DAP, respectively (Fig. 4b and Table 3), with each containing a nonsynonymous SNP in exon 1. GRMZM5G814279, associated with qGPC30-9, encodes a MADS-box transcription factor. The expression level showed a significant difference between T877 and DH1M at 10 and 30 DAP, with a nonsynonymous SNP observed in the seventh exon. For qGPC30-10, GRMZM2G123633 encodes a cell wall invertase, showing significantly different between T877 and DH1M at 30 DAP. Additionally, BURP domain-containing protein GRMZM2G108422, and two transcription factors GRMZM2G073427 and GRMZM2G051256 were associated with GPC at 40 DAP. GRMZM2G169820, the candidate gene for qGOC40-1 associated with GOC at 40 DAP (Fig. 4b and Table 3), encodes an auxin response factor, and the expression level showed a significant difference between T877 and DH1M at 40 and 50 DAP. One nonsynonymous SNP was observed in the 13th exon of GRMZM2G169820. GRMZM2G173759 and GRMZM2G147966 were located in qGOC52-7 and encode Cellulose-synthase-like and Riboflavin synthase-like superfamily protein, respectively. GRMZM2G149994, the candidate gene for qGSC30-10 associated with GSC at 30 DAP (Fig. 4b and Table 3), is involved in the cell division cycle, and the expression level showed a significant difference between T877 and DH1M at 30 and 40 DAP. One nonsynonymous SNP was observed in the eighth exon of GRMZM2G149994. GRMZM2G162690, GRMZM2G060257 and GRMZM2G040743 were located in qGSC40-1 and encode trehalase, phloem protein 2-A13 and Calcium-dependent protein kinase family protein, respectively.

4  Discussion

Grain nutritional quality traits in maize are dynamic and complex quantitative traits, governed by numerous genes. Significant effort has been invested in developing maize varieties that meet market demands for altered kernel composition [6]. Identifying QTLs for grain nutritional quality traits will aid Marker-Assisted Selection (MAS) breeding and the identification of key genes and elite alleles from natural variations. In this study, a total of 14, 12, and 6 QTLs for GPC, GOC, and GSC during the grain-filling stage were identified, respectively. Previous QTLs studies have identified a broad range in the number of QTLs associated with kernel composition [6,10,21]. Based on the phenotypic variance, the genetic architecture of grain composition is controlled by a few large-effect QTLs (r2 > 10%) and numerous small-effect QTLs. This finding is consistent with other studies in the bi-parent populations [9,21].

QTL mapping is an effective technique for identifying natural variations in complex traits; however, its accuracy is constrained by the limited number of recombination events [22]. In this study, the average length of the QTL confidence interval is 7.74 cm (8.8 Mb); without time-consuming fine mapping, it is challenging to identify the causal gene among the thousands of candidate genes [23]. Multi-omics analysis serves as a robust approach for predicting functional genes [24,25]. Here, by combining QTL mapping, gene expression profiling, and genetic variants, 157, 86, and 54 genes were detected for the GPC, GOC, and GSC, respectively. Among the genes for GPC, four genes encoded transcription factors, including NAC, MADS-box, bZIP, and MYB. GRMZM5G813651 encoded a NAC transcription factor associated with GPC at 30 DAP. Two endosperm-specific NAC transcription factors, ZmNAC128 and ZmNAC130, regulate the accumulation of starch and protein in maize seeds [26]. In rice, OsNAC20 and OsNAC26 affect storage protein accumulation by directly controlling the expression of genes involved in storage protein synthesis [27]. The maize kernel-specific transcription factor Opaque2, a bZIP protein, controls zein synthesis [28]. Additionally, ZmMADS47 has been found to regulate zein gene transcription by interacting with Opaque2 [29]. In this study, we identified that GRMZM2G073427 encodes a bZIP transcription factor, while GRMZM5G814279 encodes a MADS-box transcription factor. GRMZM2G051256 associated with GPC at 40 DAP, encoded a MYB transcription factor. In rice, OsMYB5 could bind to the promoters of seed storage protein genes [30]. Another gene, GRMZM2G108422, encodes a BURP domain-containing protein. In Arabidopsis thaliana, the BURP domain protein AtUSPL1 is targeted to the protein storage vacuoles [31].

GRMZM2G169820, associated with GOC at 40 DAP, is predicted to encode an auxin response factor (ARF). ARFs play essential roles in the auxin signaling pathway, influencing various plant biological processes. In camelina, CsARF8 can regulate CsFAD3 expression either directly or via the ABI3-bZIP12 pathway, thereby impacting α-linolenic acid accumulation [32]. In the qGOC52-7 region, we identified two candidate genes: GRMZM2G173759, which encodes a cellulose-synthase-like protein, and GRMZM2G147966, which encodes a riboflavin synthase-like superfamily protein. In Arabidopsis, Reducing the expression of AtCESA1 resulted in approximately a 3% decrease in oil content [33]. In maize, Dek33 encodes a pyrimidine reductase that is crucial for riboflavin biosynthesis and essential for oil-body formation [34].

GRMZM2G149994 participants in the cell division cycle are involved in GSC at 30 DAP. In Chlamydomonas, the two Cell Division Cycle 5 mutants, crcdc5-1 and crcdc5-2 were found to accumulate significantly higher levels of starch and oil [35]. GRMZM2G162690, GRMZM2G060257, and GRMZM2G040743 were identified as candidate genes in qGSC40-1. GRMZM2G162690 encodes a trehalase, the only enzyme that catalyzes the hydrolysis of trehalose to glucose. Trehalose, an important compatible solute in plants, may regulate carbohydrate allocation [36]. GRMZM2G040743 encodes a calcium-dependent protein kinase family protein. The calcium-dependent seed-specific protein kinase (SPK) is crucial for seed development and plays a role in the metabolic pathway that converts sucrose to storage starch in immature seeds [37]. These candidate genes have the potential to influence the accumulation of protein, oil, and starch in maize seeds. As a next step, we plan to conduct functional assays such as gene knockout or overexpression studies in maize to verify the roles of these candidate genes in regulating grain quality traits.
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Table 1: Statistical analysis of GPC, GOC and GSC in RIL populations at 30, 40, 52, and 61 days after

pollination
Trait DAP Parents RIL population
T877 DHIM Mean SD Min. Max. CV (%) Skewness Kurtosis

GPC 30 7.90  9.15%! 9.05 056 7.60 10.30 6.19 -0.31 —0.19
40 835  9.32% 9.06 061 7.70 1035 6.73 —0.08 —0.54
52 8.50  9.80** 936 057 6.50 1040 6.09 -1.38 4.05
61 8.55  9.75%* 941 055 7.87 10.63 5.84 —0.41 —0.24

GOC 30 16.60 18.75* 16.50 2.03 6.50 22.00 12.30 —-0.89 4.03
40 589  7.05% 633 053 475 740 837 -0.41 0.37
52 565  6.50% 6.15 066 420 740 10.73 —-0.35 —0.18
61 560  6.21%* 6.05 062 435 740 1025 —0.40 -0.29

GSC 30 64.80 62.51* 6525 146 60.40 68.00 2.24 —0.940 1.09
40 67.15 63.40%* 66.85 1.12 63.60 70.05 1.68 0.06 0.29
52 67.42 65.50* 67.50 1.10 6520 70.50 1.63 0.09 -0.39
61 69.10 67.75* 67.68 1.13 6395 70.25 1.67 —-0.27 0.19

Note: ! Significant differences between the two parents is indicated by “**” (p < 0.01) and “* (p < 0.05)
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Table 3: Candidate genes for GPC, GOC and GSC detected by multi-omics analysis

Trait Time Chr. QTL Candidate gene Annotation Nonsynonymous SNP Effect
GPC 30 3 qGPC30-3 GRMZM5G813651 NAC domain protein S3_170067079 (exon3) L274F
30 5 qGPC30-5 GRMZM2G178753 Leucine-rich repeat S5_19545503/ S5_19545792/  S12P
protein kinase family S5 19545864/ S5 19545889/ E108A
protein S5_19548061 (exonl) T132R
L140F
D864E
30 6 qGPC30-6 GRMZM2G474777 Leucine-rich receptor- ~ S6_88901192 S6_88901270 R763Q
like protein kinase (exonl) 1737T
family protein
30 9 qGPC30-9 GRMZM5G814279 K-box region and S9 7111756 (exon7) 1172T
MADS-box
transcription factor
family protein
30 10 qGPC30- GRMZM2G123633 Cell wall invertase S10_114308618 (exonl) T16A
10
40 1 qGPC40-1 GRMZM2G073427 Basic leucine zipper S1 170594538 (exon2) H53Y
40 1 qGPC40-1 GRMZM2G108422 BURP domain protein ~ S1_ 170735757 (exon2) A187G
40 3 qGPC40-3 GRMZM2G051256 MYB domain protein S3 54471293 (exonl) 129M
GOC 40 1 qGOC40-1 GRMZM2G169820 Auxin-responsive factor S1 190595095 (exonl3) L1067V
52 7 qGOC52-7 GRMZM2G173759 Cellulose-synthase-like S7 118616163 (exon2) T338P
52 7 qGOC52-7 GRMZM2G147966 Riboflavin synthase-like S7 121047615 (exon6) F590L
superfamily protein
GSC 52 7 qGSC30-  GRMZM2G149994 Cell division cycle S10_128047536 (exon8) P329S
10
30 10 qGSC40-1 GRMZM2G162690 Trehalase S1 80004842 (exon9) F463L
S1_ 80006205 (exon5) N324H
40 1 qGSC40-1 GRMZM2G060257 Phloem protein 2-A13 ~ S1_80510738 (exonl) N73S
40 1 qGSC40-1 GRMZM2G040743 Calcium-dependent S1 84305015 (exonl) DI144E

protein kinase family
protein
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Table 2: QTL related to GPC, GOC and GSC detected by composite interval mapping

Trait DAP QTL Chr. Position (cm) PeakMarker =~ LOD PVE' (%) Additive effect®
GPC 30 qGPC30-3 3 134.07 AX-86289640 4.81 598 0.18
30 qGPC30-5 5 41.00 AX-86271438 427 422 —-0.13
30 qGPC30-6 6 103.00 AX-86273404 9.02 1541 —0.36
30 qGPC30-8 8 66.29 AX-86296303 291 1.59 —0.09
30 qGPC30-9 9 18.94 AX-86297335 3.67 3.23 —0.11
30 qGPC30-10 10  102.81 AX-86322873 3.77 8.68 —0.22
40 qGPC40-1 1 83.03 AX-86240636 291 11.52 0.59
40 qGPC40-3 3 65.34 AX-86311121 3.75 247 —0.23
40 qGPC40-6 6 46.00 AX-86316560 3.43 227 —0.58
40 qGPC40-8 8 2.00 AX-86319100 4.62 4.10 —0.25
52 qGPC52-2 2 89.00 AX-86257922 3.07 3.86 —0.18
52 qGPC52-9 9 201.43 AX-86301819 4.12 10.73 —0.31
61 qGPC61-3 3 120.00 AX-86324721 6.73  6.38 0.33
61 qGPC61-8 8 17.00 AX-86325272 4.50 9.93 —0.28
GOC 30 qGOC30-1 1 157.00 AX-86240931 291 7.65 1.33
40 qGOC40-1 1 129.82 AX-86240821 4.82 7.35 —0.22
40 qGOC40-2 2 47.59 AX-86287885 521 347 —0.11
40 qGOC40-3 3 146.00 AX-86311725 391 6.29 0.25
40 qGOC40-4 4 201.77 AX-86314049 333 11.32 —0.30
40 qGOC40-6 6 246.00 AX-86273882 11.53 13.61 —0.22
40 qGOoC40-7 7 22.00 AX-86280240 7.34 4.88 —0.18
52 qGOC52-6 6 129.22 AX-86294208 5.14 14.62 0.39
52 qGOCs52-7 7 67.01 AX-86324325 442 746 —0.28
52 qGOC52-10 10 62.39 AX-86255663 3.84 9.05 0.31
61 qGocCe61-7 7 74.30 AX-86318617 12.23 3.88 —0.16
61 qGOC61-9 9 5.34 AX-86279944 6.25 8.02 —0.22
GSC 30 qGSC30-10 10 116.89 AX-91368418 3.08 4.79 —0.35
40 qGSC40-1 1 43.00 AX-86264950 2.89  8.60 0.41
40 qGSC40-2 2 18.94 AX-86287176 3.84 15.94 0.55
52 qGSCs52-1 1 213.31 AX-86328876 2.92 2.59 0.20
52 qGSC52-4 4 196.43 AX-86247436 3.53 19.39 —0.68
61 qGSC61-10 10 60.94 AX-86255661 10.15 5.51 2.92

Note: ' The percentage of phenotypic variation accounted for by each individual QTL; 2 Positive values indicate that the T877 carried the allele having
an positive effect on the trait, and negative values indicate that the DHI1M carried the allele having an positive effect on the trait.
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