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Abstract 19 

Background: Grain shape and grain weight are major determinants of rice yield and 20 

quality. Although numerous loci controlling these traits have been identified, their 21 

stable and environment-dependent genetic components remain incompletely 22 

understood. This study aimed to dissect the genetic architecture of rice grain-related 23 

traits across years using a multi-locus 3VmrMLM algorithm. 24 

Results: A globally diverse panel of 413 rice accessions, genotyped with 1,974,377 25 

high-quality single-nucleotide polymorphisms, was evaluated for grain length (GL), 26 

grain width (GW), grain length-to-width ratio (GLWR), and thousand-grain weight 27 

(TGW) across years. 3VmrMLM, along with MLM and FarmCPU, was used to 28 

analyze their phenotypes and best linear unbiased prediction values. A total of 407 29 

nonredundant quantitative trait nucleotides (QTNs) were identified, almost each 30 

explaining small proportion of phenotypic variation. Of these, 116 were consistently 31 

detected across at least two analytical datasets, while 44 previously reported grain-32 

size genes (e.g., GS3, GW5, GS2, GW7, and GS9) were located near the QTNs 33 

detected by IIIVmrMLM. Multi-year joint analysis further identified 10 significant 34 

QTN-by-environment interactions (QEIs) for GL, GW, and GLWR, but none for 35 

TGW. Integrating common QTN/QEI positions, developmental transcriptome data, 36 

functional annotation, and haplotype analysis prioritized 14 new candidate genes for 37 

grain size or weight. Among them, OsFKII/FRK2, OsPCF5, and OsSWN3/OsNAC31 38 

were supported by multiple lines of evidence, whereas PHYA showed significant 39 

haplotype and haplotype-by-year interaction effects on GW. 40 
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Conclusions: Multi-locus GWAS identified both stable QTNs and QEIs associated 41 

with rice grain traits across years. These QTNs, QEIs, and prioritized candidate genes 42 

provide valuable genetic resources for functional validation and for marker-assisted 43 

and environment-aware breeding. 44 

Keywords: Rice; Grain shape; Grain weight; 3VmrMLM; QTN-by-environment 45 

interaction; Candidate genes 46 

 47 
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Introduction  48 

Rice (Oryza sativa L.) is grown nearly worldwide and provides the staple food 49 

for more than half of the global population. Grain size (GS), as an important 50 

determinant of grain quality and yield in rice, was subject to deliberate selection and 51 

breeding. It is generally characterized by a combination of grain length (GL), grain 52 

width (GW), and length-width ratio (GLWR), whereas thousand-grain weight (TGW) 53 

is a closely related yield component. These traits have undergone strong natural and 54 

artificial selection during rice domestication and breeding [1, 2]. Genetically, rice 55 

grain size and shape are complex quantitative traits determined by cell proliferation 56 

and expansion in the spikelet hull, grain filling, and the coordinated development of 57 

maternal and filial tissues. Numerous genes and quantitative trait loci (QTLs), 58 

including GS3, GW5, GL3.1, GW8/OsSPL16, GL7/GW7, and GL10, have been cloned 59 

and functionally characterized. These genes participate in interconnected regulatory 60 

pathways involving heterotrimeric G-protein signaling, mitogen-activated protein 61 

kinase cascades, ubiquitin–proteasome-mediated protein degradation, phytohormone 62 

signaling, transcriptional regulation, and epigenetic modification [3–9]. Nevertheless, 63 

the continuing discovery of regulators such as qGW12/OsPUB23 and the GS8–GL10 64 

module indicates that the genetic and molecular architecture of grain shape remains 65 

incompletely understood [10, 11]. Although numerous grain-shape-related loci have 66 

been identified through linkage mapping and genome-wide association studies 67 

(GWAS), several limitations remain. QTLs identified in biparental segregation 68 

populations represent only the alleles segregating between two parents, and their 69 
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estimated effects may depend strongly on the parental combination and genetic 70 

background [12]. GWAS in diverse germplasm panels can exploit historical 71 

recombination and a broader range of natural allelic variation, thereby providing 72 

higher mapping resolution and greater relevance to breeding populations [13]. 73 

However, many previous studies have analyzed phenotypes from individual 74 

environments or have focused primarily on marker effects. Consequently, they cannot 75 

adequately distinguish loci with stable effects across environments from those with 76 

environment-dependent effects. Grain development is sensitive to year-specific 77 

variation in temperature, solar radiation, precipitation, and other environmental 78 

factors [14, 15]. Joint analysis of multi-year phenotypes is therefore important for 79 

distinguishing stable effect QTNs from QTN-by-environment interactions (QEIs). 80 

Stable QTNs may be useful for improving broad adaptation, whereas environment-81 

responsive QTNs may facilitate the development of varieties targeted to specific 82 

production environments. Recent multi-environment GWAS have identified both 83 

stable QTNs and QEIs for grain-size traits; however, QEIs remain much less 84 

characterized than QTNs [16–18].Conventional single-locus GWAS methods, such as 85 

general linear model and mixed linear model (MLM), test markers individually while 86 

accounting for population structure and relatedness. Although these approaches are 87 

widely used, stringent multiple-testing corrections may reduce the power to detect the 88 

numerous small-effect loci expected for highly polygenic traits [19–21]. FarmCPU 89 

improves GWAS by iteratively fitting fixed- and random-effect models [22], whereas 90 

multi-locus GWAS methods provide a complementary strategy by evaluating multiple 91 
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potentially associated markers within a unified analytical framework [23–25]. The 92 

three-variance-component multi-locus random-SNP-effect mixed linear model, 93 

3VmrMLM, was developed to identify QTNs, QEIs, and QTN-by-QTN interactions 94 

(QQIs) while accounting for all possible genetic effects and their polygenic 95 

backgrounds [26]. Applications of 3VmrMLM to rice yield and grain-size traits have 96 

demonstrated its potential to identify both QTNs and QEIs and to facilitate candidate-97 

gene prioritization through the integration of functional annotation, transcriptomic 98 

data, and haplotype analysis [27, 28]. 99 

In the present study, an internationally diverse panel of 413 rice accessions was 100 

resequenced and evaluated for grain-shape-related traits across years. GL, GW, and 101 

GLWR were measured in three years and TGW in two, with each year considered a 102 

distinct environment. We applied 3VmrMLM to identify QTNs and QEIs for these 103 

traits and wvaluated locus stability used single-year, multi-year joint, and BLUP 104 

datasets; mixed linear model (MLM) and random model circulating probability 105 

unification (FarmCPU) were additionally used to assess the reproducibility of 106 

association signals across different GWAS methods. Known genes located near the 107 

detected QTNs and QEIs were examined, and panicle transcriptomic data from the P4 108 

and P5 developmental stages, together with Gene Ontology annotation, were 109 

integrated to prioritize candidate genes. This study aimed to dissect the stable QTNs 110 

and environment-responsive QEIs for rice grain shape traits and to provide candidate 111 

loci and genes for the breeding of high-yielding, high-quality, and environmentally 112 

adapted rice varieties. 113 
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Materials and methods 114 

Plant materials and phenotypic evaluation 115 

A total of 413 rice accessions from 53 countries were selected from a diverse 116 

collection of 1,568 accessions, based on geographic origins and genotypes at 117 

approximately 700,000 single-nucleotide polymorphism (SNP) loci [29, 30]. Seeds of 118 

all accessions were obtained from the International Rice Research Institute (IRRI). 119 

Detailed information on the accessions is provided in Table S1. The 413 rice 120 

accessions were grown in a paddy field in Guangzhou, China (23°07′ N, 113°15′ E), 121 

under standard local cultivation practices, using a randomized complete block design 122 

with three replicates and ten plants per accession per replicate for phenotypic 123 

evaluation.Grain length (GL), grain width (GW), and grain length-to-width ratio 124 

(GLWR) were evaluated in 2014, 2016, and 2018. Thousand-grain weight (TGW) was 125 

evaluated in 2016 and 2018. GL and GW were measured using a Microtek scanner 126 

with ScanWizard EZ software version 2.140 and a Wanshen grain analyzer. GLWR 127 

was calculated as the ratio of GL to GW. Each experimental year was treated as a 128 

distinct environment because all field trials were conducted at the same location but 129 

under naturally varying annual environmental conditions. Although the panel 130 

comprised 413 accessions, the number of accessions with valid phenotypic records 131 

varied among traits and years because of missing or incomplete field observations. 132 

Phenotypic data analysis 133 

We calculated descriptive statistics for each trait in each year, including the 134 

mean, range, standard deviation, coefficient of variation, skewness, and kurtosis. A 135 
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mixed linear model was also analyzed for phenotypic data: 136 

ijkikijjiijk RGEGEy  +++++= )()(  137 

Where ijky  is the phenotypic observation of genotype j in replicate k of year i;  is the 138 

overall mean; iE  is the effect of the ith year; jG  is the effect of the jth genotype; 139 

ijGE)(  is the genotype-by-year interaction; )(ikR is the effect of replicate k nested 140 

within year i; ijk  is the residual error. Year (environment) effect was treated as a fixed 141 

effect, whereas genotype, genotype-by-year interaction and replicate nested within 142 

year were treated as random effects. Variance components and genotypic best linear 143 

unbiased predictors (BLUPs) were estimated using the lme4 package in R 144 

(http://lme4.r-forge.r-project.org/). The genotypic BLUPs obtained from the random 145 

genotype effects were subsequently used as across-year phenotypic values for 146 

genome-wide association analyses. 147 
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where σg
2, σgy

2 , andσe
2 are genetic, genotype-by-environment interaction and residual 150 

error variances, respectively, r is the number of replications, and y is the number of 151 

years.  152 

whole-genome resequencing and SNP identification 153 

The 413 accessions were subjected to whole-genome resequencing using an 154 

Illumina sequencing platform [30]. Raw sequencing reads were aligned to the Oryza 155 

sativa reference genome MSU version 7 using BWA-MEM. The resulting alignment 156 

files were processed, sorted, and converted into the required formats using SAMtools 157 
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[31]. SNP calling and quality filtering were performed following the Genome 158 

Analysis Toolkit version 4.0 Best Practices workflow. SNPs with a minor allele 159 

frequency < 0.01 or a missing genotype rate >0.20 were excluded. After quality 160 

control and filtering, a total of 1,974,377 high-quality SNPs were retained for 161 

subsequent population genetic analysis and GWAS. The total length of the rice 162 

chromosomes is ~ 380 Mbp, hence, on average there was one SNP per 192.47 bp. 163 

Population Structure and Linkage Disequilibrium (LD)  164 

Population structure was evaluated using ADMIXTURE v1.3.0 [32]. The number 165 

of ancestral subpopulations, K, was evaluated across a predefined range, and the 166 

population structure inferred at K = 3 was incorporated into subsequent GWAS. A 167 

genomic kinship matrix among the 413 accessions was calculated using TASSEL 5. 168 

Principal component analysis was also performed to characterize the genetic 169 

relationships and population stratification within the diversity panel. All 1,974,377 170 

SNPs were used for linkage disequilibrium (LD) analysis with PopLDdecay 171 

(https://github.com/BGIShenzhen/PopLDdecay). LD decay was determined by 172 

plotting the r2 values against the genetic distance of a pair of loci (kb) for each 173 

chromosome.  174 

Genome-Wide Association Study for main-effect QTN and QTN-by-environment 175 

interactions 176 

GWAS were performed for GL, GW, GLWR, and TGW. The 3VmrMLM method 177 

was used to identify QTNs and QEIs by utilizing the IIIVmrMLM R package version 178 

1.0 (https://github.com/YuanmingZhang65/IIIVmrMLM) [26, 33]. Single-year 179 
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phenotypic values and across-year BLUPs were analyzed separately to identify QTNs. 180 

In addition, the original phenotypic observations from multiple years were jointly 181 

analyzed using IIIVmrMLM to detect both QTNs and QEIs. 182 

For comparison, MLM and FarmCPU were implemented using the rMVP R 183 

package (https://github.com/xiaolei-lab/rMVP). The estimated population structure 184 

covariates and genomic kinship matrix were included in GWAS model to control for 185 

population stratification and relatedness. The significance thresholds were set to 186 

0.05/m for MLM, FarmCPU and 3VmrMLM, while suggested threshold was set to 187 

LOD >= 3 for 3VmrMLM, where m is the number of markers. The gap size of linked 188 

significant QTNs on the same chromosome less than 200 kb was regarded as a same 189 

biological QTN. 190 

Identification of known grain-size genes 191 

To evaluate the biological relevance of the detected association signals, 192 

previously cloned genes for rice grain-related traits were collected from the China 193 

Rice Data Center (https://www.ricedata.cn/) and previous studies. Known grain-size 194 

genes located within 200 kb upstream or downstream of each detected QTN/QEI were 195 

considered to colocalize with the corresponding association locus. The same genomic 196 

window was used for the results obtained from the above three methods to ensure 197 

comparability across methods. 198 

Identification and Mining of Novel Candidate Genes  199 

To identify novel candidate genes for grain size-related traits, QTNs repeatedly 200 

detected across datasets and located within a 200-kb interval were defined as common 201 
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QTNs. Genes located within the 200-kb windows around common QTNs/QEIs were 202 

extracted, and previously reported genes for grain-related traits were excluded. The 203 

remaining genes were considered putative novel candidate genes for further 204 

prioritization. 205 

Panicle expression profiles of the indica rice varieties Minghui 63 (MH63) and 206 

Zhenshan 97 (ZS97), which differ significantly in grain morphology, were obtained 207 

from the publicly available GSE19024 dataset in the NCBI Gene Expression Omnibus 208 

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE19024). Because gene 209 

expression during the P4 and P5 panicle developmental stages has been reported to be 210 

closely associated with rice grain-size determination, differential expression analyses 211 

between MH63 and ZS97 were performed separately at the P4 and P5 stages. Genes 212 

showing significant differential expression at both developmental stages were 213 

identified by taking the intersection of the P4 and P5 differentially expressed gene 214 

(DEG) sets. ·Genes with an adjusted P < 0.05 and |log2FC| > 1 were considered 215 

differentially expressed. 216 

The resulting DEGs located within the candidate QTN/QEI regions were further 217 

evaluated by haplotype analysis. SNPs within each candidate gene and its 2-kb 218 

upstream promoter region were used to define gene-level haplotypes. Haplotypes with 219 

frequencies ≥5% were retained as major haplotypes, and phenotypic differences 220 

across haplotypes were evaluated using the corresponding BLUP values. ANOVA was 221 

used to test overall haplotype effects, followed by multiple-comparison tests when 222 

having significant differences. Finally, Gene Ontology (GO) functional annotations 223 
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were obtained using eggNOG-mapper. Genes supported by replicated QTN/QEI 224 

localization, differential expression at both P4 and P5 stages, significant haplotype–225 

phenotype associations, and biological functions potentially related to grain 226 

development were prioritized as candidate genes. 227 

Results 228 

Phenotypic Variation  229 

Phenotypic variation for four grain-related traits (GL, GW, GLWR, and TGW) 230 

was evaluated in 413 rice accessions across three (GL, GW, GLWR) or two (TGW) 231 

environments. All traits exihibited broad phenotypic variation among accessions 232 

(Figure 1; Table 1). Mean values ranged from 8.22 to 8.93 mm (GL), 2.77 to 2.93 mm 233 

(GW), 3.02 to 3.12 (GLWR), and 23.97 to 24.98 g (TGW). Coefficients of variation 234 

ranged from 10.34% to 19.40%, with GLWR and TGW showing greater dispersion 235 

than GL and GW. Histogram and year-wise boxplot indicated continuous distributions 236 

and moderate year-to-year shifts, particularly for GL and TGW. Broad-sense 237 

heritability was high for all traits (95.07%–98.29%), suggesting that phenotypic 238 

variation was largely genetically controlled and suitable for genetic dissection. Trait 239 

distributions also varied among years: kurtosis ranged from 0.07 to 0.96 for GLWR 240 

and 0.28 to 0.65 for TGW, indicating that grain-related traits were influenced by 241 

annual environmental variation. 242 

Population Structure and Linkage Disequilibrium Analysis 243 

Population structure analysis indicated the inflection point for parameter 244 

estimation erroroccurred at K (number of preset groups) = 3 to 4 (Figure 2 A). PCA 245 
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further grouped the 413 accessions into three distinct clusters in a two-dimensional 246 

plot (Figure 2 B). These resulted indicated that the panel could be divided into three 247 

subgroups (K=3) for subsequent analysis. The population structure estimated by 248 

ADMIXTURE (Figure 2 C) was incoreporated as a covariate in GWAS. Genome-249 

wide linkage disequilibrium was evaluated using pairwise r2 values between SNPs. 250 

The average r2 decreased with increasing physical distance, and the genome-wide LD 251 

decay distance, defined as the distance at which r2 declined to half of its maximum 252 

value, was approximately 122.5 kb (Figure 2 D). 253 

Identification of QTNs for rice grain-related traits 254 

To dissect the genetic basis of rice grain-related traits, we applied IIIVmrMLM 255 

to single-year phenotypes, BLUP values and multi-year datasets for GL, GW, GLWR 256 

and TGW. After merging signals across datasets, 407 non-redundant QTNs were 257 

identified (100, 102, 94, and 111 for GL, GW, GLWR, and TGW, respectively; Table 258 

2 and Tables S2–S5). For GL, 19, 25, 26, 17 and 51 significant QTNs were detected in 259 

2014, 2016, 2018, BLUP and multi-year joint analysis, respectively (Table S2), with 260 

LOD scores of 3.54–234.28 and r2 values of 0.06%–22.60% (mean 1.77%). For GW, 261 

the corresponding datasets yielded 20, 25, 19, 15, and 49 QTNs, giving 102 merged 262 

loci (LOD = 3.33–194.82 and r2 values of 0.09%–19.82% (Table S3). For GLWR, 22, 263 

19, 23, 22, and 53 QTNs were identified, resulting in 94 merged loci (LOD = 3.10–264 

282.98 and r2 = 0.08%–11.21%) (Table S4). For TGW, 26, 34, 27, and 50 QTNs were 265 

detected in 2016, 2018, BLUP, and multi-year joint analysis, respectively, with 111 266 

merged loci (LOD = 3.34–145.06 and r2 = 0.18%–5.50%) (Table S5). Overall, most 267 
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loci explained only a small proportion of phenotypic variance, consistent with the 268 

polygenic nature of rice grain-shape-related traits. 269 

To evaluate whether the 3VmrMLM signals captured established grain-related 270 

loci, we compared all detected QTNs with known cloned or functionally characterized 271 

grain-related genes. After merging repeated records and grouping alternative names of 272 

the same gene, 44 known grain-related genes were located within 200 kb of 273 

3VmrMLM-detected QTNs across all 12 chromosomes (Table S6). These genes were 274 

associated with one or more of the four traits, including 13, 14, 21, and 6 genes for 275 

GL, GW, GLWR, and TGW, respectively. Several well-characterized loci were 276 

detected repeatedly across traits and years. For example, QTNs near GS3 on 277 

chromosome 3 were associated with GL, GW and GLWR across single-year, BLUP 278 

and multi-year joint analyses, while QTNs near GW5 on chromosome 5 were 279 

associated with all four grain-related traits. Other known regulators, including GS2, 280 

SMG3, SSG6, GW7 and WTG1, were also located near significant QTNs. The average 281 

distance between QTNs and their corresponding known genes ranged from 9.35 to 282 

183.45 kb (mean 94.43 kb). These results indicate that 3VmrMLM successfully 283 

recovered multiple established grain-size loci, further supporting the reliability of the 284 

detected QTN set. 285 

Common QTNs stably detected across environments 286 

To identify robust loci, we screened QTNs detected within 200 kb in at least two 287 

datasets (single-year, BLUP, and multi-year). A total of 116 common QTNs were 288 

identified, including 31 for GL, 27 for GW, 27 for GLWR, and 31 for TGW (Figure 289 
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3A and Table S7). These common QTNs were distributed across most rice 290 

chromosomes and represented stable genomic regions for grain-related traits. Of 291 

these, 4, 7, 9 and 10 QTNs for GL, GW, GLWR and TGW, respectively, were also 292 

detected by MLM and/or FarmCPU. In addition, 22 common QTNs were located near 293 

cloned grain-size genes, including GS3, GW5, GS2, GW7, SSG6, SMG3, GS9 and 294 

GSN1[4, 7, 34–39], further supporting the reliability of the multi-environment 295 

3VmrMLM signals (Figures 3 B & C). 296 

Comparison of QTNs for rice grain-related traits among three GWAS methods 297 

To evaluate the consistency of association signals across different GWAS 298 

frameworks, MLM and FarmCPU were used in parallel with 3VmrMLM based on 299 

single-year datasets. After merging nearby significant associations within each 300 

method, MLM detected 6, 6, 8, and 24 loci for GL, GW, GLWR, and TGW 301 

respectively, whereas FarmCPU detected 9, 10, 15, and 11 loci (Table S8). Thus, 302 

3VmrMLM detected substantially more associations than either comparison method, 303 

especially small-effect loci with significant LOD support. Comparison with cloned 304 

grain-size genes further supported this pattern: MLM recovered 3, 1, 2 and 1 cloned-305 

gene-associated loci for GL, GW, GLWR, and TGW, respectively, whereas FarmCPU 306 

recovered 2, 1, 2 and 2 such loci. 307 

Grain width was used as a representative trait to visualize the correspondence 308 

among the three GWAS methods across single-year, BLUP, and multi-environment 309 

joint analyses (Figure 4). A prominent region on chromosome 5 containing the well-310 

characterized grain-width gene GW5 was consistently supported by 3VmrMLM, 311 
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MLM, and FarmCPU across multiple datasets, providing strong cross-model support 312 

for this locus. In addition, 3VmrMLM recovered several previously reported grain-313 

size genes, including GS3, FUWA[40], RAG2[41], OsCEP6.1[42], and OsBZR1[43], 314 

across different analytical datasets. The integrated analysis also highlighted several 315 

putative novel candidate genes near 3VmrMLM signals, such as OsPCF5, 316 

OsGA2ox11, and CYP75B3. Notably, the multi-environment joint analysis 317 

additionally identified candidate genes associated with QTN-by-environment 318 

interaction signals, including PHYA, which were distinguishable from the main-effect 319 

loci (Figure 4). Together, these results show that the three GWAS methods captured 320 

partially overlapping genetic signals, while integration of 3VmrMLM results with 321 

known-gene information, candidate-gene prioritization, and QEI analysis provided 322 

additional biological interpretation of the detected loci. 323 

Identification of QTN-by-environment interactions (QEI) for rice grain-related traits 324 

Multi-year joint analysis via IIIVmrMLM identified 10 significant QEIs for GL, 325 

GW, and GLWR, but none for TGW (Table 3). Two GL QEIs were located on 326 

chromosomes 1 and 9, with LOD scores of 29.45 and 22.61, respectively. Five GW 327 

QEIs were distributed on chromosomes 3, 9 and 10; among these, the locus at 328 

14,674,801 bp on chromosome 10 showed both additive-by-environment and 329 

dominance-by-environment interaction effects, whereas the remaining four showed 330 

additive-by-environment interaction effects only. Three GLWR QEIs were located on 331 

chromosomes 3, 5, and 10. The GLWR QEI at 17,058,771 bp on chromosome 3 332 

showed both additive-by-environment and dominance-by-environment interaction 333 
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effects and was located near OsMYB3/SMG3 (cited reference), a cloned gene reported 334 

to coordinately regulate rice grain size, grain number per panicle, and grain weight. 335 

This colocalization suggests that natural variation at or near OsMYB3/SMG3 may 336 

contribute to environment-dependent variation in grain shape, although further 337 

functional validation is required. Across all QEIs, LOD scores ranged from 14.13 to 338 

93.42 and r2 values ranged from 0.28% to 2.35%, indicating that environmental 339 

interactions contributed modest but detectable effects to grain-trait variation. 340 

Prediction of new candidate genes for grain size and weight 341 

To prioritize candidate genes underlying rice grain-size variation, we integrated 342 

genes located within ±200 kb of replicatedly detected QTNs and QEIs with 343 

differentially expressed genes between the P4 and P5 panicle developmental stages of 344 

MH63 and ZS97. After excluding previously cloned grain-size genes, we used 345 

differential expression analysis, functional annotations, and haplotype–phenotype 346 

associations to prioritize candidate genes. Fourteen genes met these criteria, including 347 

three associated with GL, four with GW, four with GLWR, two with TGW, and one 348 

located within a GW-QEI region (Table 4). These genes were annotated in biological 349 

processes potentially related to grain development, such as carbohydrate metabolism, 350 

seed development, phytohormone responses, protein phosphorylation, secondary cell-351 

wall biosynthesis, and light signaling.Among these candidates, OsFKII/FRK2, 352 

OsPCF5, and OsSWN3/OsNAC31 emerged as particularly promising genes. To further 353 

characterize natural allelic variation at these loci, SNPs spanning the gene body and 354 

the 2-kb upstream promoter region were used to reconstruct gene-level haplotypes 355 
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and mapped to the corresponding gene structures (Figure 5A, C, E). After retaining 356 

haplotypes with frequencies ≥5%, three major haplotypes were identified for 357 

OsFKII/FRK2, three for OsPCF5, and six for OsSWN3/OsNAC31. The haplotype-358 

defining variants were distributed across the upstream promoter and transcribed 359 

regions, revealing substantial gene-level sequence variation at these candidate loci. 360 

OsFKII/FRK2 (Os08g0113100), encoding a fructokinase involved in 361 

carbohydrate metabolism and starch accumulation, was located near a replicatedly 362 

GL-associated QTN and was significantly differentially expressed between MH63 363 

and ZS97 (adjusted P=2.99×10-5, log2FC=1.61). Its three major haplotypes showed 364 

significant differences of GL BLUP values (P=3.99×10-6) (Table 4, Figure 5A, B).  365 

OsPCF5 (Os01g0213800), a plant-specific transcription factor and miR319 target 366 

located near a GW-associated QTN, also showed significant differential expression 367 

(adjusted P=1.22×10-6, log2FC=2.63), and its three major haplotypes differed 368 

significantly (P=3.07×10-4) in GW BLUP values (Table 4, Figure 5C, D). 369 

OsSWN3/OsNAC31 (Os08g0103900), a NAC transcription factor involved in 370 

cellulose synthesis and secondary cell-wall biosynthesis, was located close to a TGW 371 

QTN, and its major haplotypes differed significantly (P=8.22×10-9) in TGW BLUP 372 

values (Table 4, Figure 5E, F). Together, the concordance among QTN localization, 373 

expression variation, gene function, and structure-resolved haplotype effects further 374 

supported these three genes as candidates for grain-related trait variation. 375 

In addition, PHYA (Os03g0719800), encoding the red/far-red-light photoreceptor 376 

phytochrome A, was identified near a GW-associated QEI on chromosome 3. PHYA 377 
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was significantly differentially expressed between MH63 and ZS97(adjusted 378 

P=7.02×10-5, log2FC=-1.32). Gene-structure-based haplotype analysis identified eight 379 

major PHYA haplotypes defined by multiple variants across the gene body and 2-kb 380 

upstream region (Figure 5G). These haplotypes differed significantly in grain width, 381 

and their phenotypic effects varied across 2014, 2016, and 2018 (Figure 5H). A 382 

significant haplotype-by-year interaction further indicated that the effects of natural 383 

variation at the PHYA locus were dependent on year-environment, supporting PHYA 384 

as a promising candidate underlying environment-responsive variation in rice grain 385 

width. 386 

Discussion 387 

Grain shape and weight are key determinants of rice yield and are shaped by both 388 

genetic factors and environmental variation. Therefore, the simultaneous detection of 389 

main-effect QTNs and QTN-by-environment interactions (QEIs) is important for 390 

understanding the genetic basis of grain size and for identifying loci with potential 391 

breeding value [18, 44]. In this study, we applied the multi-locus GWAS method 392 

IIIVmrMLM to dissect four grain-related traits across multiple environments. 393 

Compared with MLM and FarmCPU, IIIVmrMLM detected a larger number of 394 

QTNs, while most QTNs identified by MLM and FarmCPU were also recovered by 395 

IIIVmrMLM. Notably, a relatively large number of previously reported grain size-396 

related genes were located within or near the QTN regions detected by IIIVmrMLM, 397 

further supporting the reliability of this method in identifying trait-associated loci. 398 

These results suggest that IIIVmrMLM can provide a useful supplement to 399 
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conventional single-locus GWAS models and improve the discovery of loci 400 

contributing to complex quantitative traits [45]. 401 

Stable loci detected across multiple datasets or environments are generally 402 

considered more reliable for candidate gene prediction [46]. In this study, QTNs 403 

repeatedly detected within 200-kb intervals were defined as common QTNs and were 404 

used for downstream candidate gene mining. Several common QTN regions 405 

overlapped with or were located near previously cloned grain size-related genes, 406 

including well-characterized regulators such as GS2, GW5, GS3, GW7, and GS9 [35, 407 

47–50]. The recovery of these known genes supports the reliability of the GWAS 408 

results and indicates that common QTNs can effectively enrich trait-relevant genomic 409 

regions. 410 

To further identify novel candidate genes, we integrated common QTN/QEI 411 

localization, differential gene expression, GO functional annotation, and haplotype 412 

analysis and finally identified 14 high-confidence candidate genes potentially 413 

involved in grain-related traits variation. Among them, OsFKII/FRK2, OsPCF5, and 414 

OsSWN3/OsNAC31 showed particularly consistent evidence. OsFKII/FRK2, located 415 

near a recurrent GL-associated locus, encodes a fructokinase associated with 416 

carbohydrate metabolism and may affect grain development through sugar utilization 417 

and starch accumulation [51, 52]. OsPCF5, located near a GW-associated locus, 418 

encodes a transcription factor potentially involved in organ growth and developmental 419 

regulation [53, 54]. OsSWN3/OsNAC31 was located particularly close to a TGW-420 

associated QTN and is functionally associated with secondary cell-wall biosynthesis, 421 
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suggesting a possible role in determining the growth capacity of the developing grain 422 

[55, 56]. Importantly, mapping haplotype-defining variants onto the gene structures 423 

provided an additional view of natural allelic diversity at these loci. Three major 424 

haplotypes were identified for both OsFKII/FRK2 and OsPCF5, whereas six were 425 

identified for OsSWN3/OsNAC31, and these haplotypes showed significant 426 

differences in their corresponding grain traits. The defining variants occurred across 427 

both upstream promoter and transcribed regions, indicating that the observed 428 

haplotype effects represent composite allelic backgrounds rather than single marker 429 

associations. Together with their differential expression between MH63 and ZS97 and 430 

their biological annotations, these results provide mutually supportive evidence for 431 

prioritizing the three genes. However, the present analyses do not distinguish causal 432 

polymorphisms from linked variants, and the haplotype associations were evaluated in 433 

the same diversity panel used for GWAS; they should therefore be regarded as gene-434 

level candidate-prioritization evidence rather than independent functional validation. 435 

In contrast to the large number of main-effect loci, only 10 significant QEIs were 436 

identified for GL, GW, and GLWR, and no significant QEI was detected for TGW. 437 

This difference does not necessarily indicate that environmental effects on grain traits 438 

are unimportant. Because all field trials were conducted at a single location, the 439 

environmental variation in this study primarily reflected differences among years 440 

rather than geographically contrasting conditions. The high heritabilities of the grain-441 

related traits and the lower statistical power for detecting interaction effects may 442 

partly explain the limited number of QEIs identified. Multi-location and multi-season 443 
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trials incorporating detailed climatic variables may reveal additional environment-444 

dependent loci. A particularly interesting candidate gene associated with 445 

environmental responsiveness was PHYA (Os03g0719800), identified near a GW-446 

related QEI region. It encodes phytochrome A, a red/far-red-light photoreceptor that 447 

participates in light perception, photomorphogenesis, gibberellin regulation, internode 448 

elongation, and photoperiodic flowering in rice; notably, its effects on flowering differ 449 

between short- and long-day conditions, indicating strong environmental 450 

responsiveness [57–60]. In the present study, the major PHYA haplotypes differed 451 

significantly in grain width and showed distinct phenotypic trajectories across years 452 

(Figure 5G, H), suggesting that natural variation in or near PHYA may contribute to 453 

environment-dependent regulation of grain width, potentially through light-responsive 454 

developmental or hormonal pathways. 455 

Overall, the present study revealed both recurrent main-effect loci and 456 

environment-dependent associations for rice grain-related traits. The recovery of 457 

known grain-size genes supports the reliability of the GWAS results, whereas the 458 

prioritized candidates provide new hypotheses concerning carbohydrate metabolism, 459 

transcriptional regulation, cell-wall development, and environmental signal 460 

perception. These loci and haplotypes may provide useful genetic resources for 461 

improving rice grain shape and grain weight through marker-assisted selection and 462 

environment-aware breeding strategies. 463 

Conclusions 464 

This study used a multi-year, multi-locus GWAS to dissect the genetic basis of 465 
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rice grain-related traits in a globally diverse panel of 413 accessions. A total of 407 466 

nonredundant QTNs were identified, including 116 common QTNs supported by at 467 

least two datasets, and 44 previously reported grain-size genes were near the 468 

3VmrMLM QTNs, including GS3, GW5, GS2, GW7, and GS9. Multi-year joint 469 

analysis further detected 10 QEIs for GL, GW, and GLWR, revealing a detectable 470 

environment-responsive component of grain-trait variation. Integration of replicatedly 471 

QTN/QEI regions with transcriptomic data, functional annotation, and haplotype 472 

analysis prioritized 14 prioritized candidate genes associated with grain size or 473 

weight, among which OsFKII/FRK2, OsPCF5, OsSWN3/OsNAC31, and PHYA 474 

showed particularly consistent supporting evidence. Together, these findings provide a 475 

more comprehensive view of both robust and year-dependent genetic variation 476 

underlying rice grain shape and weight, and offer candidate genes for further 477 

functional validation and potential use in marker-assisted and environment-aware rice 478 

breeding. 479 
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Table 1 Phenotypic characteristics of grain-related traits in 413 rice accessions across years 707 

Traits Year Mean Stdev Skew Kurt Min Max CV(%) HB2 (%) 

GL (mm) 2014 8.93 0.97 0.31 0.64 5.81 11.71 10.85 97.23 

2016 8.49 0.91 0.19 0.69 5.58 11.38 10.77  

2018 8.22 0.85 0.17 0.77 5.22 10.74 10.34  

GW (mm) 2014 2.93 0.34 -0.16 -0.09 1.93 3.85 11.54 96.21 

2016 2.77 0.32 -0.02 -0.14 1.91 3.69 11.41  

2018 2.78 0.32 0 -0.13 1.84 3.65 11.35  

GLWR 2014 3.11 0.60 0.92 0.96 1.82 5.70 19.40 98.29 

2016 3.12 0.58 0.73 0.23 1.82 5.45 18.64  

2018 3.02 0.56 0.73 0.07 1.78 5.11 18.45  

TGW (g) 2016 23.97 4.35 0.26 0.65 11.30 37.40 18.17 95.07 

2018 24.98 4.38 0.19 0.28 13.62 38.01 17.52  

 708 

 709 

Table 2 The number of QTNs identified by 3VmrMLM for grain-related traits across years 710 

Trait 2014 2016 2018 BLUP 
Multiple 

years 
Totala 

GL 19 25 26 17 51 100 

GW 20 25 19 15 49 102 

GLWR 22 19 23 22 53 94 

TGW - 26 34 27 50 111 

a: the total number is after merging the same significant associated SNPs. 711 
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Table 3 QTN-by-environment interactions (QEIs) identified by 3VmrMLM for rice grain-related traits 712 

Trait Chr 
Position 

(bp) 

LOD 

(QE) 

QTN-by-environment interaction effect 
variance r2(%) P-value 

a*e1 d*e1 a*e2 d*e2 a*e3 d*e3 

GL 1 23437725 29.4475 0.1319  -0.0481  -0.0838  0.0089 0.9719 3.58E-30 

 9 7160268 22.6117 -0.1141  0.0369  0.0772  0.0068 0.7402 2.45E-23 

GW 3 29019277 24.7692 -0.043  0.0145  0.0285  0.001 0.8742 1.71E-25 

 9 13174533 21.4598 0.0323  0.0056  -0.0379  0.0008 0.7639 3.48E-22 

 9 22395152 14.9688 0.0315  -0.0033  -0.0283  0.0006 0.5502 1.08E-15 

 10 14674801 59.9493 0.0637 -0.1117 -0.0445 -0.3338 -0.0192 0.4455 0.0025 2.3182 1.57E-58 

 10 17755647 31.0921 0.049  -0.0287  -0.0203  0.0012 1.1056 8.11E-32 

GLWR 3 17058771 14.1315 -0.027 -0.3146 0.0112 0.2025 0.0158 0.1121 0.0009 0.2788 2.48E-13 

 5 16805885 21.2216 -0.052  0.0138  0.0382  0.0014 0.428 6.01E-22 

 10 9057210 93.4224 -0.1226  0.0869  0.0357  0.0079 2.3473 3.81E-94 

Chr, chromosome; LOD (QE), logarithm of odds score for the QTN-by-environment interaction; a*e1, a*e2, and a*e3, additive-by-environment interaction effects in 713 

2014, 2016, and 2018, respectively; d*e1, d*e2, and d*e3, dominance-by-environment interaction effects in the corresponding year-environments; variance, 714 

estimated variance component of the QEI; r² (%), proportion of phenotypic variance explained by the QEI. GL, grain length; GW, grain width; GLWR, grain length-715 

to-width ratio.  716 
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Table 4 Candidate genes for rice grain size-related traits 717 

Gene gene_name Trait Chr 

QTN 

position 

(bp) 

Gene_start Gene_end 

Differential 

expression analysis 
Haplotype 

analysis P-

value 

GO_ID Gene_annotation 
Adjust P-

value 
log2FC 

Os08g0113100 OsFKII, 

FRK2 

GL 8 582071 701252 703998 0.0000299 1.61 3.98991E-06 GO:0005975 Fructokinase, Starch storage in rice 

grains ;Similar to cDNA 

clone:J023041C07, full insert 

sequence.  

Os10g0438100 OSK2 GL 10 15619785 15695559 15696486 0.000215 1.09 2.17454E-05 GO:0016567 Similar to Fimbriata-associated 

protein (Fragment).  

Os12g0562500  GL 12 23082248 23061642 23065235 0.0000197 1.53 0.004510344 GO:0010105 Similar to Protein kinase-like protein 

(Fragment).  

Os01g0213800 OsPCF5, 

PCF5 

GW 1 6256729 6221640 6224242 0.00000122 2.63 0.000307352 GO:0048316 Plant-specific transcription factor, 

miR319 target gene  

Os04g0407800 OsGA2ox11,

2ODD31, 

Os2ODD31 

GW 4 20123813 20200632 20201883 0.000722 -1.06 0.000754586 GO:0009685 Similar to H0321H01.3 protein. 

Os04g0619300 OsFbox232, 

Os_F0576, 

Ctb1, 

OsCtb1 

GW 4 31316711 31458951 31462013 0.000299 1.21 0.000180263 GO:0043161 Similar to H0114G12.4 

protein;Similar to L1332.8 protein.  

Os10g0320100 CYP75B3, 

F3'H 

GW 10 8517195 8679311 8681266 0.000876 1.58 7.98342E-06 GO:0009733 Flavonoid 3'-hydroxylase, 

Cytochrome P450 75B3, Flavone C-

glycosides biosynthesis  
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Table 4 Candidate genes of rice grain size-related traits (continued)  718 

Gene gene_name Trait Chr 

QTN 

position 

(bp) 

Gene_start Gene_end 

Differential 

expression analysis 
Haplotype 

analysis P-

value 

GO_ID Gene_annotation 
Adjust 

P-value 
log2FC 

Os04g0461000 Os-MYB39, 

OsMYB39, 

MYB39 

GLWR 4 23085234 23024212 23026644 0.000428 1.13 4.47335E-08 GO:0009739 Similar to Myb-related transcription 

factor LBM1. 

Os04g0528300 OsABCG9 GLWR 4 26298845 26395912 26401438 0.000473 1.05 2.18968E-06 GO:0009737 Similar to ABC transporter;Similar 

to OSIGBa0115K01-H0319F09.18 

protein;Similar to OSIGBa0115K01-

H0319F09.18 protein 

Os08g0526400  GLWR 8 26151439 26192694 26196096 0.000428 -1.18 0.000380824 GO:0006468 Defence response, Rin4 domain 

containing protein. 

Os09g0379900  GLWR 9 12746524 12802546 12805244 0.00247 1.19 5.17027E-05 GO:0044275 Similar to Beta-glucan binding 

protein. 

Os08g0103900 NAC31, 

OsSWN3 

TGW 8 217525 210422 212411 0.0211 -1.47 8.21882E-09 GO:0071365 NAC transcription factor, Regulation 

of cellulose synthesis, Regulation of 

secondary wall biosynthesis  

Os08g0157000 OsMAPK2, 

MPK2 

TGW 8 3233702 3307597 3310513 0.00108 1.04 2.33068E-08 GO:0000165 Similar to Mitogen-activated protein 

kinase 4. 

Os03g0719800 PHYA, 

PHY18, 

OsPHYA 

GW- 

QEI 

3 29019277 29168197 29176006 0.0000702 -1.32 3.8282E-05 GO:0009642 Phytochrome A, Photoreceptor  
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 719 

Figure 1 Phenotypic variation of grain-related traits across years 720 

Histograms show the overall distributions of grain length (A), grain width (B), grain length-to-721 

width ratio (C), and thousand-grain weight (D) across all evaluated accessions and years. Boxplots 722 

show year-wise phenotypic variation for each trait, with boxes indicating the interquartile range, 723 

centre lines indicating medians, whiskers representing 1.5 times the interquartile range, and points 724 

denoting outliers. The broad and continuous distributions indicate substantial phenotypic diversity 725 

for grain-related traits in the population. 726 

 727 
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 728 

Figure 2 Population structure and LD decay in the rice accession panel 729 

A, Cross-validation error across different K values, supporting the selection of the optimal 730 

population structure model. B, Principal component analysis (PCA) showing the genetic 731 

differentiation among Aus/Aro, Ind and Jap accessions. C, Population structure inferred from 732 

ancestry coefficients across K = 2 to K = 5, with vertical lines separating major genetic groups. D, 733 

LD decay estimated by plotting pairwise r² values against physical distance.  734 

735 
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 736 

Figure 3  Common QTNs for rice grain-related traits across environments 737 



 38

A, Support categories of common QTNs for GL, GW, GLWR and TGW. Numbers above the bars indicate the total number of common QTNs for each 738 

trait. B, Genomic distribution of common QTNs across the 12 rice chromosomes. C, Known grain-size genes located near common QTNs and their associated traits. 739 

 740 
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 741 
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Figure 4 Integrated genome-wide association signals for rice grain width detected by 3VmrMLM, MLM, and FarmCPU 742 

Genome-wide association results are shown for grain width in 2014 (a), 2016 (b), 2018 (c), across-year BLUP values (d), and the multi-environment joint analysis 743 

(e). Chromosomes are displayed along the x-axis. The left y-axis represents )(log10 P−  values for MLM and FarmCPU, whereas the right y-axis represents LOD 744 

scores from 3VmrMLM. The red dashed horizontal line indicates the 3VmrMLM significance threshold of LOD = 3. Black labels and vertical lines indicate grain-745 

width-related genes supported by all three GWAS methods. Red labels indicate previously reported grain-size-related genes located near QTNs detected by 746 

3VmrMLM, blue labels indicate novel candidate genes prioritized from 3VmrMLM signals, and magenta labels indicate candidate genes associated with QTN-by-747 

environment interaction signals identified by 3VmrMLM. 748 

749 
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 750 

 751 

Figure 5  Gene structures, major haplotypes, and phenotypic effects of four prioritized candidate 752 
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genes 753 

(A, B) Gene structure and major haplotypes of OsFKII/FRK2 and their effects on grain length 754 

(GL). (C, D) Gene structure and major haplotypes of OsPCF5 and their effects on grain width 755 

(GW). (E, F) Gene structure and major haplotypes of OsSWN3/OsNAC31 and their effects on 756 

thousand-grain weight (TGW). (G, H) Gene structure and major haplotypes of PHYA and their 757 

year-specific effects on GW. Haplotype-defining SNPs are connected to their corresponding 758 

physical positions within the gene body or 2-kb upstream promoter region. Only major haplotypes 759 

with frequencies ≥5% were retained. In B, D, and F, different lowercase letters indicate 760 

significant differences among haplotypes according to Duncan’s multiple range test at P<0.05. In 761 

H, points represent mean GW values for each haplotype across 2014, 2016, and 2018, and error 762 

bars indicate SE. 763 

 764 



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

TableS1S8.xlsx

https://assets-eu.researchsquare.com/files/rs-11350363/v1/d60f83fd651789326f0bef00.xlsx


   H B 2


  P=3.07×   10  -4 )


  P=8.22×   10  -9 )


  P=7.02×   10  -5


    log 2 FC=-1.32


   H B 2


   σ g 2


   σ  gy 2


   σ e 2


  P=2.99×   10  -5


    log 2 FC


  P=3.99×   10  -6 )


  P=1.22×   10  -6


    log 2 FC

