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A k-mer-based genome-wide association 
study approach empowering gene mining  
in polyploids
 

Shuai Chen    1,8, Xinlong Liu2,8, Shenyang Qu1, Yuhan Song1, Kun Chai1, 
Hongbo Liu2, Yuebin Zhang2, Zhongqiang Xia    1, Xiaofeng Li    1, 
Jungang Wang3, Muqing Zhang    4, Hongbo Li5, Guo-Bo Chen    6, 
Chris Maliepaard    7 & Xingtan Zhang    1 

Genome-wide association studies in complex polyploids are hindered 
by genotyping ambiguity and allele dosage complexity. Here we present 
KMERIA, a k-mer-based framework specifically designed to address these 
challenges, enabling efficient genotyping and robust association mapping 
in complex polyploid genomes. Rigorous benchmarking with simulated and 
empirical datasets demonstrates that KMERIA surpasses existing methods 
in accuracy and statistical power. By applying KMERIA to 290 wild sugarcane 
(Saccharum spontaneum) accessions and integrating a 15-accession graph 
pangenome to capture structural variations, we identified new genes 
regulating sucrose biosynthesis (SsMGT) and tillering (for example, SsERF14, 
SsNGA5, SsNAC, SsARF8, SsLOG and SsSCR). These findings elucidate the 
genetic architecture of yield-related traits and provide actionable targets for 
sugarcane breeding. Collectively, KMERIA bridges a critical methodological 
gap in polyploid genomics, while our graph-pangenome integration 
provides a powerful framework for deciphering genotype–phenotype 
relationships in crops with complex architectures.

Polyploidy, the presence of multiple sets of chromosomes, is a defin-
ing feature of many cultivated crops. Remarkably, approximately 
75% domesticated plants, including staples such as wheat, potato, 
cotton and sugarcane, are polyploids1,2. This genetic phenomenon 
has driven the development of traits that confer advantages over  
their diploid counterparts3–5, including increased vigor, larger organs 
and enhanced resilience against environmental stresses6,7. Under-
standing the genetic architecture of polyploids is therefore critical 
for advancing crop improvement and ensuring global food security.

Despite their agricultural significance, the genetic complexity of 
polyploids poses substantial challenges for traditional genome-wide 
association studies (GWASs). Conventional GWAS methods, primar-
ily developed for diploid organisms, often fail to adequately address 
the redundancy and allelic diversity of polyploid genomes, hindering 
detection of nonadditive effects and dosage-dependent phenotypic 
contributions. Although allele dosage-based GWAS using tools like 
GWASpoly has been implemented in tetraploids and hexaploids8–10, 
these approaches demand extensive computational resources for 
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accuracy of short-read alignment. High sequence similarity among 
homologous chromosomes leads to multimapping, resulting in mis-
alignments and reference bias (Extended Data Fig. 1a). Using simu-
lated data from the haplotype-resolved genome of Saccharum hybrid 
POJ2878 (2n = 118)16, we found that only 43.08% reads were high-quality 
alignments; among them, 50.51% were misaligned to incorrect genomic 
locations (Extended Data Fig. 2 and Supplementary Table 1). This intro-
duces substantial errors in variant calling.

A second challenge is polyploid genotype calling. Although  
tools like updog17, SuperMASSA18 and fitPoly19 estimate genotypes  
from read depth but require pre-identified SNPs, accurate variant  
discovery itself is difficult in polyploids. Widely used tools such as 
GATK20 rely on high-quality alignments that are often unattainable,  
and their Bayesian genotype inference becomes computationally  
prohibitive as the number of possible allele combinations  
grows exponentially with ploidy (Extended Data Fig. 1b,c and Sup-
plementary Note). Insufficient sequencing depth further obscures  
allele dosage ratios, leading to misclassification or missed 
low-frequency alleles21.

Algorithm overview of KMERIA and validation datasets
KMERIA circumvents these limitations through the following five 
integrated steps (Fig. 1): (1) ‘counting’ converts resequencing data 
into whole-genome k-mer profiles, (2) ‘matrix construction’ builds 
population-level k-mer genotype matrices that preserve dosage 
information, (3) ‘matrix pruning’ applies abundance threshold-
ing, repeat masking and ploidy-aware normalization to generate 
high-confidence dosage matrices, (4) ‘k-mer testing’ uses a linear 
mixed model (LMM) incorporating population structure and kinship 
to identify dosage-dependent associations; and (5) ‘post-GWAS’ applies 
dual correction (Benjamini–Hochberg false discovery rate (FDR) and 
modified Bonferroni) and aligns significant k-mers to a graph-based 
pangenome for precise localization in rearrangement-prone genomes. 
This structural-aware mapping facilitates precise localization of causal 
elements in rearrangement-prone polyploid genomes, facilitating the 

variant calling and genotyping. Consequently, innovative strategies 
specifically designed for the unique genetic architecture of polyploids 
are urgently needed.

GWAS can leverage k-mers derived from whole-genome sequenc-
ing data as genetic markers. Unlike traditional markers, k-mers capture 
single-nucleotide polymorphisms (SNPs), indels and structural vari-
ations (SVs), enabling comprehensive genetic analysis independent 
of a reference genome and reducing alignment biases. This approach 
can address the ‘missing heritability’ problem by uncovering genetic 
factors that conventional methods overlook11. While promising  
in diploids, k-mer-based GWAS in polyploids has been limited, as  
current implementations fail to account for allele dosage effects12,13. 
In this context, variations in k-mer copy numbers across populations 
provide a robust means of assessing allele dosage, making k-mer-based 
GWAS particularly advantageous for polyploids.

Saccharum spontaneum, a wild sugarcane species, serves as a 
valuable germplasm resource for modern commercial hybrid breeding 
due to its advantageous traits such as high tillering capacity, robust 
stress tolerance and broad environmental adaptability14. Its genome is 
characterized by high ploidy (4–16×), extensive homologous regions, 
and frequent chromosomal rearrangements15, making it an ideal 
model for studying polyploid-specific genomic methods. Here we 
present KMERIA, a k-mer-based GWAS strategy specifically designed 
for polyploids. KMERIA identifies trait-associated loci by correlating 
k-mer copy number variations with phenotypes. We also constructed 
a graph-based pangenome from 15 S. spontaneum accessions and 
290 resequenced individuals, using KMERIA to identify genes linked 
to tiller number (TN) and apparent purity (AP). We further validated 
KMERIA across crops with varying ploidy levels, demonstrating its 
broad applicability in polyploid crop improvement.

Results
Challenges in applying GWAS to polyploids
GWASs hold immense promise for polyploid crops, but substantial 
challenges remain, particularly in genotyping. A major obstacle is the 
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Fig. 1 | Overview of the KMERIA pipeline. KMERIA workflow includes five steps—
counting, matrix construction, matrix pruning, k-mer testing and post-GWAS. 
After QC of resequencing samples, k-mer abundances were quantified per 
sample. These counts were compiled into a raw k-mer abundance matrix, which 
underwent ploidy-aware filtering to remove k-mers with aberrant depth (outside 
ploidy-informed thresholds). Sequencing depth correction was then applied to 

retained k-mers. Additional filtering excluded rare k-mers (missing rate >20% 
across samples). The filtered matrix was recoded to a continuous allelic dosage 
scale (0–2) through quantile normalization, ensuring compatibility with mixed 
linear models. Finally, significantly associated k-mers or k-mer-related reads 
were mapped to a graph-based reference genome to resolve precise genomic 
coordinates. QC, quality control; PCA, principal component analysis.
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integration of haplotype-resolved gene networks and cis-regulatory 
landscape analysis for trait dissection.

To validate the performance of KMERIA, we used simulated 
phenotypes in established polyploid populations and real data-
sets from hexaploid sweet potato8, tetraploid potato9, tetraploid  
alfalfa22, tetraploid Arabidopsis23, diploid rice24 and cultivated sugar-
cane16 (Supplementary Table 2 and Supplementary Fig. 1), highlighting 

the broad applicability of KMERIA across diverse genetic characteris-
tics of species.

Statistical power and FDR
We assessed statistical power and FDR using a simulated hexaploid 
sweet potato population of 294 accessions under varying herit
ability (h2 = 50%, 80%) and quantitative trait locus (QTL) numbers  
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Fig. 2 | Performance of KMERIA in simulated polyploid phenotype datasets 
under different scenarios. a, The distribution of filtered k-mer numbers in 294 
sweet potato accessions. b, The distribution of total normalized KOC per k-mer 
summed from 294 sweet potato accessions. c,d, PCA of sweet potato accessions. 
PC1 versus PC2 (c) and PC1 versus PC3 (d). e–h, Statistical power at various levels 
of Type I error under four simulation scenarios: 10 QTLs with 50% heritability 
(e), 10 QTLs with 80% heritability (f), 100 QTLs with 50% heritability (g) and 100 
QTLs with 80% heritability (h). Additive effects were simulated using 10 and 
100 QTLs randomly selected from variant sites. Phenotypes with 50% and 80% 
heritability were generated by adding normally distributed residuals to genetic 
effects. Statistical power was evaluated across multiple type I error significance 
thresholds. True positives were defined as SNPs or k-mers within ±50 kb of a QTL; 
all other significant SNPs or k-mers were false positives. Four methods were used 
to test these populations—GEMMA, GWASpoly, kmersGWAS and KMERIA.  

i–l, The bar plots illustrate the FDR under the corresponding scenarios: 10 QTLs  
with 50% heritability (i), 10 QTLs with 80% heritability (j), 100 QTLs with 50% 
heritability (k) and 100 QTLs with 80% heritability (l). m, Correlation of P values  
between the top k-mers and SNPs. Individual points represent individual 
numbers (n = 691). The solid line represents the linear regression fit, and the 
shaded area indicates the 95% confidence interval. Pearson’s correlation 
coefficient R and P value are shown (two-sided t test). n, The point plot is used  
to assess the effect of k-mer size (ranging from 17 to 31) on the FDR. o, The bar 
plot indicates the statistical power in Arabidopsis populations with varying 
population sizes (100, 200, 300, 400, 500, 600). Data are presented as 
mean ± s.e.m. The heights of the blue bars represent the mean statistical power, 
with the exact values indicated above each bar. Individual gray dots represent 
independent replicates (n = 10). Red error bars denote the s.e.m.
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(10 or 100). Genetic markers were classified as residing within QTL 
regions or non-QTL regions for this assessment. We first characterized 
the genetic features of population through k-mer analysis. This yielded 
450 million nonredundant k-mers across all individuals. Only 100 mil-
lion (22.2%) of these k-mers were present in all of the genomes (Fig. 2a), 
indicating substantial interindividual k-mer variation. The distribution 
of total k-mer occurrence counts (KOCs) revealed that the vast majority 
of k-mers had low KOCs (1–6; Fig. 2b). This demonstrates that k-mer 
KOCs effectively represent allelic dosage in polyploids. Subsequently, 
principal component analysis performed on the KOC matrix produced 
population clusters consistent with published studies (Pearson correla-
tion with PC1—R = 0.966, P = 9.23 × 10−174; PC2—R = 0.735, P = 2.73 × 0−51 
(Fig. 2c,d and Supplementary Fig. 2a,b)), validating k-mer KOCs as an 
alternative for population structure study.

Phenotypic simulated datasets were designed to reflect traits 
controlled by either a few major-effect genes (10 QTLs) or multiple 
genes (100 QTLs), with heritability levels of 50% and 80%. Statistical 
power was defined as the proportion of true QTLs detected at a given 
type I error rate (α), while FDR was calculated as the proportion of  
false positives among detected association loci. KMERIA was com-
pared against three widely used GWAS methods—GEMMA25, a standard  
GWAS approach for diploids, a k-mer-based GWAS approach 
kmersGWAS12 and GWASpoly10, an algorithm specifically designed 
for autopolyploids.

For traits influenced by a small number of major-effect genes, 
we simulated ten QTLs with effects following a Gaussian distribu-
tion (Supplementary Fig. 3a,b). Across heritability levels of 50% and 
80%, KMERIA consistently outperformed GEMMA, kmersGWAS 
and GWASpoly in terms of statistical power while maintaining lower  
Type I error rates (Fig. 2e,f). These results demonstrate the higher 
power of KMERIA in detecting major-effect QTLs. In scenarios involv-
ing polygenic traits influenced by 100 QTLs (Supplementary Fig. 3c,d), 
KMERIA again exhibited higher statistical power compared to diploid 
GWAS approach (GEMMA), kmersGWAS and GWASpoly, regardless of 
heritability levels (Fig. 2g,h and Extended Data Fig. 3a–d).

To further assess statistical performance, we also compared 
FDR between KMERIA and established GWAS approach by recording 
false-positive QTLs across ten repeated tests. KMERIA consistently 
demonstrated lower FDR than GEMMA, kmersGWAS and GWASpoly 
across most scenarios (Fig. 2i–l), highlighting its robustness and  
reliability in reducing spurious associations.

Additionally, we compared the loci detected by KMERIA and 
GWASpoly to evaluate their overlap and unique contributions. KMERIA 
showed a strong correlation (R = 0.54, P = 0.00031) with GWASpoly in 
identifying significant association loci (Fig. 2m). Notably, KMERIA not 
only identified shared QTLs but also detected additional association 
signals that were missed by GWASpoly, suggesting the robustness and 
superiority of KMERIA.

Factors influencing statistical power of KMERIA
To assess the robustness of KMERIA, we systematically examined several 
factors that may influence its statistical power—(1) the proportion of 
k-mers used to infer population structure in the LMM, (2) the optimal 
k-mer size for GWAS analysis, (3) the effect of missing k-mer markers 
on polyploid GWAS outcomes and (4) the impact of population size 
on polyploid GWAS results.

KMERIA uses a random sampling strategy to select a subset  
of k-mer markers from the full k-mer genotype matrix for inferring  
population structure and relatedness in LMM. This approach reduces 
computational burden and mitigates overfitting by eliminating 
redundant information. To determine the minimum number of 
k-mers required for population structure calculation, we randomly 
selected 5%, 1% and 0.1% k-mer tags from the tetraploid potato geno-
type matrices to perform principal component analysis as a measure 
of population structure. The results showed that the first two principal 

components (PC1 and PC2) derived from the three sampling subsets 
exhibited strong correlations (R = 0.99, P = 6.7 × 10−116) and aligned 
well with the known population structure9 (Supplementary Fig. 4a–e). 
Notably, even with just 0.1% k-mer genotypes, the core features of the 
population structure were preserved. These results demonstrate that 
a small, randomly sampled subset of k-mers is sufficient for popula-
tion structure analysis, enabling computational efficiency without 
sacrificing accuracy.

The selection of k-mer size k is a potential factor influencing GWAS 
performance. Using a tetraploid potato dataset, we systematically 
evaluated k-mer sizes ranging from 17 to 31 bp, assessing their impact 
on association mapping. Statistical power and empirical FDR  
were calculated using modified Bonferroni-corrected significance  
thresholds (P < α × k

M
, where M is the total number of k-mers). Among  

the tested values, 31-mer exhibited the lowest FDR, indicating that 
larger k-mer sizes enhance signal specificity in polyploid GWAS (Fig. 2n 
and Supplementary Fig. 5a–i), suggesting that larger k-mers capture 
functional genetic variation more effectively.

We also assessed the effect of missing k-mer genotypes on GWAS 
performance using tetraploid potato datasets with increasing rates of 
genotype missingness rates (20%, 50% and 80%) under a fixed k value of 
31 bp. As the rate of missingness increased, statistical power decreased 
(Supplementary Fig. 6a–c), primarily due to reduced accuracy in  
kinship estimation. This finding highlights the importance of geno
type completeness in maintaining the reliability of polyploid GWAS.

Population size is a major determinant of GWAS statistical power. 
To investigate its impact in polyploid GWAS, we used an Arabidopsis 
population with sample sizes of 100, 200, 300, 400, 500 and 600 indi-
viduals. With a fixed k value of 31, we conducted ten replicate tests for 
each population size. Results demonstrated a clear positive correlation 
between population size and statistical power, with larger popula-
tions yielding significantly improved detection of QTLs (Fig. 2o). This 
trend aligns with findings from diploid GWAS studies26, reaffirming 
that increasing sample size is an effective strategy to enhance power 
in polyploid GWAS.

KMERIA also demonstrated substantial computational efficiency. 
On a tetraploid potato population (100 individuals), GATK (-ploidy 
mode) required ~35,413 h, while KMERIA completed the same task in 
38.9–82.3 h (~1/430 of the time), with comparable peak memory usage 
(Supplementary Table 3 and Supplementary Figs. 7 and 8a,b). The 
association module bimbamAsso reduced runtime to ~1/10 of GEMMA 
and ~1/27 of GWASpoly, using only 1/5 and 1/54 of their peak memory, 
respectively (Supplementary Fig. 8c,d). These results highlight the 
superior performance of KMERIA in handling large-scale association 
mapping with minimal computational overhead.

Application and validation of KMERIA in GWAS across crops 
with different ploidy levels
To demonstrate the versatility and effectiveness of KMERIA across 
crops with varying polyploid levels, we analyzed publicly available 
resequencing datasets from five species—diploid rice24, tetraploid 
alfalfa22 and potato9, hexaploid sweet potato8 and highly polyploid 
cultivated sugarcane16, focusing on key agronomic traits.

We first tested KMERIA in a diploid rice population comprising 
400 accessions24, focusing on amylose content, a critical determinant 
of grain quality. KMERIA successfully re-identified Waxy27 gene, a 
well-known major locus controlling amylose content. Compared to 
the conventional GWAS method and previous kmersGWAS, KMERIA 
exhibits significantly enhanced association signals for the trait  
with superior statistical validation (KMERIA—P = 6.76 × 10−27;  
ref. 24—P = 4.51 × 10−17; Fig. 3a and Extended Data Fig. 4).

To evaluate the performance of KMERIA in tetraploid crops, we 
applied it to two economically important species—alfalfa and potato. In 
alfalfa, we analyzed 176 accessions for the stem-to-leaf ratio, a key trait 
influencing forage quality and plant morphology. KMERIA identified 
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two new QTLs on chromosomes 3 and 5, containing MsTUB5 (ref. 28), 
KINESIN-like29 and MsKEG30 (KEEP ON GOING) genes known to regulate 
plant morphogenesis (Fig. 3b and Extended Data Fig. 5a). Notably, 
k-mers associated with these genes exhibited significant differences 
in dosage across phenotypic groups, demonstrating that KMERIA 
effectively captures allelic dosage variation in a tetraploid context 
(Extended Data Fig. 5b,c). In potato, we analyzed 137 accessions with  
an average sequencing depth of 67×, focusing on several key agro-
nomic traits. For tuber maturity, KMERIA successfully recaptured 
established QTLs (or genes), such as sga3.1 (ref. 31) and StCDF1  
(ref. 32). Beyond these known loci, KMERIA identified a series of new  
genes involved in starch and sucrose metabolism, such as StINV3 
(ref. 33) and StBGLu34. Furthermore, we identified several genes asso
ciated with tuber skin color (StUGP2 (ref. 35), StOPR36, StDOX37) and  
tuber flesh color—a primary objective in potato quality breeding. For 
flesh color, KMERIA not only detected previously reported QTLs on 

chr3 (ref. 38) and chr6 (ref. 9) but also uncovered new QTLs on chr4 
and chr9, harboring functional genes StAUR39 and St3GT40 involved 
in root development and flavonoid biosynthesis, respectively (Fig. 3c 
and Extended Data Fig. 6a–c). While traditional SNP-based GWAS failed 
to detect many of these new loci, the previous kmersGWAS approach 
yielded several QTLs colocalized with KMERIA. Furthermore, k-mer 
dosage analysis suggested that these specific traits are relatively insen-
sitive to allele dosage (Extended Data Fig. 6d,e). However, for traits sig-
nificantly influenced by allele dosage, kmersGWAS exhibited a higher 
false-positive rate (Extended Data Fig. 6b,f). Collectively, these results 
underscore the superior detection power and robustness of KMERIA 
in the complexities of autopolyploid genomes.

In the sweet potato population, we applied KMERIA to 294  
accessions with published whole-genome resequencing data,  
achieving an average sequencing coverage of 167× relative to the mono
ploid genome8. We identified 472 million nonredundant k-mers present 
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Fig. 3 | Application performance of KMERIA methods across multiple ploidy 
crop mapping populations. Manhattan plots displaying GWAS results for 
different ploidy crop populations using KMERIA. a–d, The GWAS association 
results for various traits—amylose content of diploid rice (a), stem-leaf ratio 
of tetraploid alfalfa (b), flesh color of tetraploid potato (c) and leaf shape of 
hexaploid sweet potato (d). Left, a schematic of each crop and its corresponding 
genome ploidy, with the Manhattan plot in the center. The regions highlighted 
by vertical dashed lines indicate significant QTLs, with black arrows representing 
QTLs previously reported in the literature and red arrows indicating new 

QTLs identified in this study. Genes significantly associated with the traits are 
highlighted in red within the QTLs. P values were calculated using a two-sided 
Wald test. The horizontal dashed lines indicate the GWAS significance threshold, 
adjusted for multiple comparisons using BH-FDR method. Right, the QQ plot for 
each GWAS result. Owing to the prohibitively large number of k-mers in the full 
dataset, a random sample of 25,000,000 k-mers was used to construct the QQ 
plot. BH-FDR indicates the false discovery rate controlled using the Benjamini–
Hochberg procedure.
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in at least 50 accessions. Among the significant QTLs detected, we 
successfully re-identified IbFbox, a previously reported gene associ-
ated with leaf shape8,41 (Fig. 3d and Extended Data Fig. 7a), and a new 
leaf shape-associated gene encoding cup-shaped cotyledon (IbCUC3), 
which is a cell growth inhibitor42 (Fig. 3d). Notably, the leading k-mer 
identified by KMERIA exhibited lower P value than those obtained using 
the GWASpoly10 and kmersGWAS (Extended Data Fig. 7a). Similar supe-
riority was observed for two additional traits (Extended Data Fig. 7b–f), 

highlighting the ability of KMERIA to detect both known and new 
associations in hexaploidy genomes.

To further validate the utility of KMERIA in highly complex 
genomes, we tested KMERIA in cultivated sugarcane, one of the most 
genomically complex crop species due to its high polyploidy and ane-
uploidy. This population consisted of 603 individuals with an average 
sequencing depth of 118× (ref. 16). While SNP-GWAS and kmersGWAS 
failed to detect any leading signals exceeding the threshold, KMERIA 
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identified multiple QTLs linked to key agronomic traits, including 
tiller angle, plant height, soil-plant analysis development and TN 
(Extended Data Fig. 8a–d). This stark contrast highlights the ability of 
KMERIA to overcome the limitations of traditional SNP-based methods.

Construction of S. spontaneum graph pangenome
S. spontaneum has made substantial genetic contributions to mod-
ern sugarcane breeding, providing key genetic factors for enhanced 
tillering, improved sucrose synthesis and higher photosynthetic effi-
ciency, all of which contribute to increased yield, sugar accumulation 
and biomass production14. To maximize the improvement of genetic 
diversity in S. spontaneum, we selected 14 representative accessions 
based on k-mer-based phylogenetic relationships of 290 S. spontaneum 
accessions (Fig. 4a and Extended Data Fig. 9). These accessions span 
across 11 counties and geographical regions (Supplementary Table 4). 
Given the difference in genomic ploidy among the S. spontaneum acces-
sions, we estimated the ploidy levels of these 14 accessions using 
resequencing reads. The results indicated that ploidy levels ranged 
from 8 to 11, with decaploid constituting 11 of 14 selected samples 
(Supplementary Table 4). Notably, decaploids also dominated among 
the 290 resequenced S. spontaneum accessions, accounting for 68.9% 
(200/290) of these samples. Consequently, we generated an average 
of 183 Gb HiFi reads and 225× genome coverage on average for the 14 
accessions (the S. spontaneum monoploid genome size of ~800 Mb; 
Supplementary Table 5). These HiFi reads were assembled at the contig 
level with heterozygous regions retained. The assembly size ranged from 
6.52 Gb (Ss09) to 9.32 Gb (Ss02), with the average contig N50 of 1.63 Mb 
(Table 1 and Supplementary Table 6). The completeness of assemblies 
was supported by using 1,614 benchmarking universal single-copy 
orthologs (BUSCO)43, with a completeness of 99.4% on average (Table 1). 
Merqury quality value (QV; 64.3 on average, QV 30 represents 99.9% 
base accuracy) evaluation also suggested that the base accuracy and 
completeness of assemblies arrived a high quality. The long terminal 
repeat (LTR) Assembly Index (LAI)44 of the assembled genomes are from 
14.47 to 16.43, indicating that these assemblies have reached a reference 
level (Fig. 4b and Table 1). This suggests high quality of the assembled 
genomes. We predicted 231,354 (Ss09, ploidy =8 ) to 332,535 (Ss02, 
ploidy = 11) protein-coding genes (including allelic genes) through 
integrating ab initio-based, homology-based and RNA-seq prediction 
(Supplementary Tables 7 and 8). BUSCO43 evaluation for gene consist-
ently scored above 98%, indicating a high level of completeness and rep-
resentation of core genes in these assemblies (Supplementary Table 7).

Due to the absence of Hi–C data, we performed genome dedu-
plication for each S. spontaneum assembly to meet the require-
ments for graph pangenome construction. These deduplicated 
genomes were scaffolded using the Sspon82-114 monoploid refer-
ence genome, yielding 14 monoploid assemblies with sizes ranging 
from 760 Mb to 772 Mb. BUSCO completeness assessment revealed 
an average score of 93.5%, confirming their suitability for graph 
pangenome construction (Supplementary Table 9). We subsequently 
built a graph-based pangenome incorporating these 14 monoploid 
genomes and the telomere-to-telomere Sspon82-114 monoploid 
assembly (Supplementary Table 9). This comprised ~3 Gb genome 
size spread across 142,571,025 nodes and connected by 193,033,606 
edges, with nonreference nodes spanning 2,029 Mb (Fig. 4c–f). We 
detected SVs (≥50 bp) in the graph-based genome using the bubble 
popping algorithm and retained 277,133 SVs (70.1% < 1 kb, 21.5% < 10 kb  
and 8.4% > 10 kb) that could be genotyped in the S. spontaneum  
monoploid reference genome or at least one other genome (Fig. 4c 
and Supplementary Table 10). These SVs were either biallelic (42.7%, 
insertions, deletions and divergent alleles) or multiallelic (57.3%, 
spanning 2.51 Gb) with more than one nonreference path (Fig. 4d and 
Supplementary Table 11). For genes present in the reference genome, 
we found that 118,552 biallelic SVs are in potential expression  
regulatory regions or CDS in the S. spontaneum genome. We also  
discovered multiallelic SVs influencing 63.1% reference genes 
(Fig. 4d and Supplementary Table 11). These results indicate large effects  
of SVs on the integrity and gene expression.

Identification of genes associated with agronomic traits in wild 
sugarcane
The complexity of the genome ploidy (4–16×) in S. spontaneum  
poses a challenge for accurate genotyping using traditional methods15, 
limiting the application of GWAS. To identify potential functional 
genetic variants associated with important agronomic traits in  
sugarcane, we used KMERIA for GWAS of two crucial traits—AP and  
TN (Fig. 5a–c and Supplementary Table 12). We constructed k-mer  
genotype matrices for 290 S. spontaneum accessions, identifying  
12.4 billion nonredundant k-mers present in at least 30% individuals.  
A significant association signal for AP was detected at chr6—8.1 Mb 
on the S. spontaneum 82–114 reference genome (Fig. 5d). This locus 
harbors a gene encoding a MAGNESIUM TRANSPORTER (MGT), which is 
hypothesized to regulate sucrose synthesis by modulating Mg2+ trans-
port, thereby influencing sugarcane quality45,46. The top-associated 

Table 1 | Summary of S. spontaneum genome assemblies and gene annotations

Accessions Accession name Species Estimated 
ploidy

Genome length 
(bp)

N50 (bp) Assemblies of 
BUSCO (%)

Number of 
genes

Annotation of 
BUSCO (%)

LAI QV

Ss01 fujian88-1-4 S. spontaneum 10 8,368,781,140 2,484,927 99.4 296,879 97.9 15.42 64.5482

Ss02 fujian89-1-7 S. spontaneum 11 9,324,246,601 1,791,182 99.4 332,535 98.3 15.49 65.1491

Ss03 guangdong8hao S. spontaneum 10 7,939,614,880 1,519,160 99.3 284,471 98.7 14.53 64.5211

Ss04 guangxi86-8 S. spontaneum 10 7,813,376,143 1,802,156 99.3 282,072 98.4 14.47 64.2456

Ss05 guangxi87-51 S. spontaneum 9 7,440,054,966 2,319,968 99.4 271,315 98.6 15.86 65.914

Ss06 hainan92-5 S. spontaneum 10 7,603,310,039 1,834,047 99.2 282,165 98.2 14.9 64.7646

Ss07 sichuan79-1-19 S. spontaneum 10 8,146,733,135 997,139 99.5 284,006 98.3 15.38 62.2023

Ss08 sichuan88-22 S. spontaneum 10 8,502,472,194 733,173 99.3 286,578 98.1 15.18 64.1903

Ss09 yunnan82-149 S. spontaneum 8 6,518,384,450 1,048,187 99.7 231,354 98.8 15.66 62.9316

Ss10 yunnan82-132 S. spontaneum 10 7,640,365,253 1,694,461 99.4 274,973 98.8 16.43 63.1965

Ss11 yunnan82-48 S. spontaneum 10 7,952,106,007 1,729,590 99.5 283,350 98.9 15.54 62.9776

Ss12 yunnan82-84 S. spontaneum 10 8,760,448,060 1,741,544 99.5 307,442 98.6 15.77 65.2838

Ss13 yunnanheqinggeshoumi S. spontaneum 10 7,900,885,789 1,668,255 99.3 280,316 99.1 15.05 65.0709

Ss14 yunnankaiyuangeshoumi S. spontaneum 10 7,763,673,639 1,388,620 99.5 283,978 98.8 14.84 65.3216
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k-mer located at the upstream of SsMGT exhibited a significant negative 
correlation with AP (R = −0.3, P = 2.0 × 10−7; Fig. 5e). Further compara-
tive genomic analysis within the S. spontaneum pangenome identi-
fied a ~7.9-Kb SV and a 7-bp indel near the transcription start site of  
SsMGT in a distinct haplotype (Fig. 5f). Consistent with this, dosage 
analysis of SV-specific k-mers at the pangenome level revealed a nega-
tive correlation with AP (R = −0.483, P = 0.0804; Fig. 5g), suggesting that 
these SVs may impair SsMGT expression by disrupting transcriptional 
initiation. Such a mechanism could subsequently hinder Mg2+ transport 
efficiency and reduce sucrose accumulation.

The high tillering capacity of S. spontaneum has been a critical 
genetic resource for modern sugarcane breeding programs. To eluci-
date the genetic architecture underlying this agronomic trait, we also 
performed GWAS using KMERIA on TN trait (Fig. 5h). Our analysis iden-
tified 598 significantly associated k-mers (P < 2.0 × 10−7), with the most 
prominent signal mapped to an 18.9 Mb locus on chr1. This genomic 
region harbors ethylene-responsive factor (SsERF) gene orthologous 
to OsEATB (OsERF)47, which modulates gibberellin metabolism through 
transcriptional repression of ent-kaurene synthase A during internode 
elongation. Notably, this regulatory mechanism explains the observed 
inverse relationship between plant height and TN, a critical yield deter-
minant, where dwarf cultivars frequently demonstrate higher pro-
ductivity. The dosage effect of the top-associated k-mer exhibited a 
significant positive correlation with TN (R = 0.38, P = 4.6 × 10−11; Fig. 5i). 
Furthermore, we identified several tiller-regulatory genes, including 
NGATHA5 (SsNGA5)48, NAC domain transcription factor (SsNAC20)49, 
auxin response factor (SsARF8)50, lonely guy (SsLOG)51 and scarecrow 
(SsSCL)52, of which orthologs in Oryza sativa and closely related spe-
cies have established roles in tiller development. Overexpression of 
SsNGA5 in rice resulted in a significant 30.6% decrease in TN (P = 0.025; 
Extended Data Fig. 10a–c). Tissue-specific expression profiling across 
six S. spontaneum organs revealed preferential transcriptional acti-
vation of these candidate genes in root and tiller tissues, with com-
paratively lower expression levels observed in leaf and stem samples 
(Fig. 5j). These findings provide potential molecular targets for breed-
ing programs aimed at improving sugarcane yield-related traits.

Using KMERIA, we not only identified key genetic determinants of 
agronomic traits in S. spontaneum but also demonstrated the critical 
utility of the S. spontaneum graph-based pangenome in resolving k-mer 
localization challenges inherent to autopolyploid genomes. In the TN 
trait, 83.4% (94,035/112,807) trait-associated k-mers (P < 1 × 10−4) were 
aligned to coordinate in the linear reference genome (S. spontaneum 
82–114). However, 16.6% k-mers absent from the reference were suc-
cessfully localized using the graph pangenome. Crucially, comparative 
analysis revealed that the graph pangenome approach enhanced asso-
ciated k-mer mappability by 11.6 percentage points compared to linear 

reference-based alignment (Supplementary Table 13), effectively recov-
ering previously inaccessible loci in nonreference genomic regions.

Our study demonstrates that KMERIA effectively overcomes the 
inherent challenges of GWAS in complex autopolyploid genomes, 
offering a robust framework to pinpoint genetic loci underlying 
agronomic traits.

Discussion
The inherent complexity of polyploid genomes poses substantial chal-
lenges for traditional SNP-based GWAS methodologies. To address 
these limitations, we developed KMERIA, a k-mer-based GWAS  
framework specifically optimized for complex polyploid population. 
Its key innovation is circumventing conventional genotyping pipe-
lines, where traditional alignment-based approaches20 often struggle  
with allele combination complexity and multilocus genotyping in  
polyploids, KMERIA eliminates the need for error-prone read align-
ments and reference-dependent genotyping. This not only enhances 
genotyping efficiency but also minimizes reference bias, an advan-
tage that is particularly critical when high-quality reference genomes 
are absent.

A pivotal strength of KMERIA is its capacity to quantify allele dos-
age, a parameter with profound phenotypic implications in polyploids. 
Unlike diploid k-mer GWASs that use binary (0 or 1) presence–absence 
k-mers encoding12, KMERIA leverages k-mer abundance variations 
to resolve dosage states, thereby capturing genetic architecture of 
autopolyploid traits. This dosage-aware framework enables more 
precise genotype–phenotype associations compared to traditional 
SNP-based methods.

Furthermore, KMERIA provides a distinct advantage in genotyping 
non-SNP variants, including SVs and complex allelic variations, which 
are frequently overlooked by standard, SNP-centric approaches. By 
incorporating a graph-based pangenome into its downstream analysis, 
KMERIA enhances its capability to decipher complex variants. This 
underscores the importance of transitioning from linear reference 
genomes to graph-based representations, particularly for uncovering 
large-scale SVs that remain inaccessible through traditional methods. 
The ability to anchor previously unmappable k-mers, such as the 7.9-kb 
SV we identified in the promoter of SsMGT in sugarcane, enables the 
detection of genetic signals that would otherwise remain obscured, 
bridging the gap between association testing and the discovery of 
functionally relevant structural rearrangements. This capability is 
especially relevant for polyploid species, where such rearrangements 
are evolutionarily prevalent.

The pangenome approach further improved mapping ratio, con-
sistent with previous studies53,54. To systematically evaluate k-mer 
origin strategies, we compared single-reference, multireference 

Fig. 5 | KMERIA methods accelerate the identification of genes associated with 
agronomic traits in S. spontaneum. a, Morphological view of S. spontaneum 
with detailed visualization of leaf photosynthetic characteristics, rhizome 
structure and tillering traits. b, Phenotypic distribution of AP trait across the 
population. c, Phenotypic distribution of TN trait across the population.  
d, Manhattan plot displaying the GWAS results for the AP trait. Red dashed 
lines indicate the BH-FDR correction significance thresholds for k-mer-based 
GWAS. Associated QTLs and candidate genes are highlighted with red arrow and 
dashed lines. P values were calculated using a two-sided Wald test. The horizontal 
dashed lines indicate the GWAS significance threshold, adjusted for multiple 
comparisons using BH-FDR method. e, K-scatterplot showing the relationship 
between the top k-mer dosage of the major-effect QTL on chromosome 06 
and the AP trait (n = 284). Individual points represent separate samples, with 
colors indicating point density. The solid line represents the linear regression 
fit, and the shaded gray area denotes the 95% confidence interval. Pearson 
correlation coefficient R and the P value (two-sided t test) are indicated. f, Both 
a 7.9-kb SV (SV_6_8298159) and a 7-bp indel (InDel_6_8306558), highlighted by 
the red triangle, are located upstream of SsMGT (Ss82114mono.06G0005950). 
g, K-correlation analysis between the unique k-mer dosage of SV_6_8298159 

and the AP phenotype. This analysis was performed at the pangenome level 
(n = 14). Individual dots represent sugarcane accessions, with colors indicating 
point density. The solid line represents the linear regression fit, and the shaded 
gray area denotes the 95% confidence interval. Pearson correlation coefficient 
(R) and P value (two-sided t test) are shown. h, Manhattan plot displaying the 
GWAS results for the TN trait. Red dashed lines indicate the BH-FDR correction 
significance thresholds for k-mer-based GWAS. Associated QTLs and candidate 
genes are highlighted with red arrows and dashed lines. P values were calculated 
using a two-sided Wald test. The horizontal dashed lines indicate the GWAS 
significance threshold, adjusted for multiple comparisons using BH-FDR 
method. i, K-correlation analysis between the top k-mer dosage of the major-
effect QTL on chromosome 1 and the TN trait. This analysis was conducted at 
the population level (n = 286). The solid line indicates the linear regression fit, 
and the shaded gray area represents the 95% confidence interval. Individual 
points are colored by density. Pearson correlation coefficient (R) and P value 
(two-sided t test) are provided. j, Expression heatmap of TN trait candidate genes 
across different tissues (leaf, stem, root, tiller-1, tiller-2, tiller-3) in S. spontaneum 
accessions 82–114.
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and graph-based pangenome mapping using GWAS k-mers from our  
S. spontaneum dataset (Supplementary Table 14). Single-reference 
mapping achieved only 81.2–84.6% anchoring, confirming the inade
quacy of any single genome. The graph-based pangenome recovered 
95.10% k-mers, while the multireference strategy reached 98.33%. 
The higher anchoring rate of the multireference approach reflects its 
ability to retain all sequence variations present across the constituent 
genomes, making it particularly suitable when exhaustive k-mer recov-
ery is the primary goal. However, multireference mapping scatters hits 
across unlinked reference coordinates, preventing the direct assign-
ment of k-mers to specific subgenomes, which limits dosage-sensitive 
interpretation. The graph pangenome, by providing a unified coordi-
nate framework with explicit subgenomic paths, naturally resolves 
homeolog identity at the cost of a modest reduction in anchoring 
rate. The optimal choice is therefore goal dependent; multireference 
mapping excels at maximizing variant discovery, whereas the graph 
pangenome is preferable when biological interpretation demands 
precise homeolog resolution. A combined workflow can leverage the 
strengths of both approaches.

Despite these advancements, pinpointing causal variants remains 
challenging in polyploids. A key issue is the handling of k-mers map-
ping to multiple locations in pangenome. In polyploids, homeologous 
multimapping k-mers often reflect total allele dosage and should not 
be discarded. We classify significant k-mers into three interpretative 
categories. Uniquely mapped k-mers are treated at single-locus reso-
lution, while those assigned to repetitive elements are excluded from 
single-locus estimation. Homeologous multimapping k-mers, whose 
aggregate counts capture total subgenome dosage, are retained as 
dosage signals; thus, this is the category most relevant to polyploid 
GWAS. Genic multicopy k-mers falling outside these classes require 
manual curation. This classification is best applied within a pangenome 
context; without subgenome annotations, a mapping-count threshold 
may serve as a proxy but risks misclassifying gene families. Although 
graph-based pangenomes mitigate reference bias, their adoption is 
constrained by limited polyploid resources, and residual artifacts 
may persist.

In conclusion, KMERIA represents a more efficient approach for 
polyploid GWAS, addressing longstanding bottlenecks in genotyping 
accuracy, dosage estimation and variant discovery. Its application to 
high-ploidy species, as exemplified by our S. spontaneum case study, 
underscores its potential to accelerate genetic research in polyploid 
crops and wild species. Future efforts to integrate expanding pange-
nome resources and refine k-mer-to-variant mapping algorithms will 
further enhance the utility of KMERIA in deciphering the genetic basis 
of complex traits in polyploid organisms.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41588-026-02641-8.
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Methods
Association mapping with KMERIA on polyploids
We present a method for identifying genetic loci associated with  
quantitative trait in polyploid species using whole-genome rese-
quencing data, bypassing the need for read alignment to a reference  
genome. The workflow comprises the steps discussed further  
below.

Counting. Whole-genome resequencing reads from population sam-
ples were processed using our developed tool KMERIA ‘kmeria count’ 
to calculate k-mer abundances. Alternatively, the hash-based tool 
KMC3 is also supported. We used a k-mer size of 31, as this represents 
the maximum length efficiently storable using 64-bit integers. To 
enhance computational efficiency, k-mers occurring only once across 
all samples were discarded before association testing, as these likely 
represent sequencing errors.

Matrix construction. The matrix construction of the k-mer frequen-
cies from individual sample outputs is handled by a highly memory- 
efficient parallel merge algorithm. KMERIA leverages ‘a k-way merge 
strategy’ across n sorted k-mer databases, where n is the number of 
individuals. KMERIA also supports k-mer hashing database formats 
and processes sorted k-mer streams in a single pass. For each unique 
k-mer kj, the matrix entry Mj,i is defined as:

Mj,i = {
fi (kj) if kj ∈ Di
0 otherwise

while fi (kj) represents the frequency count of k-mer kj in database Di.  
At each iteration, KMERIA identifies the minimum k-mer across  
all active database readers and constructs the corresponding  
matrix row by collecting frequencies from all databases matching 
that k-mer.

To efficiently manage the large memory footprint of the initially 
constructed k-mer matrix, which is often highly sparse, KMERIA 
also implemented an adaptive compression scheme. This scheme is 
designed to maximize memory savings by automatically selecting 
the optimal encoding strategy based on the frequency distribution 
characteristics of the matrix.

Matrix pruning. Following matrix construction, k-mer frequency  
data underwent quality control and normalization to account for 
sequencing depth heterogeneity. The filtering pipeline implements 
a two-stage approach—ploidy-aware depth correction followed  
by population-level quality filtering.

Depth correction for ploidy. To account for sequencing depth vari-
ation and differences in genome ploidy across samples, raw k-mer  
counts (KMCs) were normalized to a standardized haploid depth  
scale.

The average haploid depth dhaploidi  was estimated by identifying 
the main peak in the KMC frequency distribution. This ploidy- 
aware correction adjusts k-mer copy number statistics, ensuring  
accurate representation in the genotype matrix. The calculation 
formula is:

dhaploidi = C/(g × k)

where C represents the KMC, g denotes the haploid genome size and 
k is the k-mer size.

For each sample i with sequencing depth Di and ploidy level pi, the 
haploid depth was calculated as:

dhaploidi = Di
pi

The corrected k-mer frequency f′ij for k-mer j in sample i was then 
computed as:

f ′ij = round(
fij

dhaploidi

)

where fij represents the raw observed count. This normalization enables 
direct comparison of k-mer frequencies across samples with different 
sequencing depths.

K-mer quality filtering criteria. The missing data threshold reflects the 
balance between marker density and data completeness. Extremely 
rare k-mers (present in <20% samples) may represent the de novo 
mutations or recent variants with low population frequency. While 
such k-mers may be biologically informative, their statistical power 
for GWAS is limited due to small effect-size estimation and multiple 
testing burden. To mitigate artifacts from repetitive genomic regions, 
sequencing errors (GC-content bias or PCR amplification), k-mers with 
extreme coverage were filtered. For each k-mer j, the missing rate mj 
was calculated as:

mj =
||(i ∶ f′ij = 0)||

n

where n is the total number of samples. K-mers with mj > θmiss 
were excluded.

To eliminate the interference of abnormal k-mer abundance and 
achieve more accurate allele dosage estimation, while also optimizing 
the speed of subsequent association analyses, we re-encoded k-mer 
abundance to better suit an efficient GWAS model. Specifically, we 
introduced a quantile-based approach to handle extreme k-mer abun-
dance (outliers)—k-mer abundance values below the fifth quantile were 
converted to 0. K-mer abundance exceeding the 95th quantile was 
converted to 2. The remaining k-mer abundance values were linearly 
transformed into a range between 0 and 2. The recoding process can 
be expressed as:

y =
⎧⎪
⎨⎪
⎩

0, x ≤ x0.95
2×(x−x0.05)
x0.95−x0.05

,

2, x ≥ x0.95

x0.05 < x < x0.95

where x is the corrected k-mer abundance, x0.05 and x0.95 denote the 5th 
and 95th quantiles of the k-mer abundance distribution, respectively, 
and y represents recoded allele dosage value.

K-mer testing. To effectively control for false true positives in GWAS 
analysis, an LMM-based model was also introduced into KMERIA 
method. First, we take a random sampled 0.1% total k-mers from the 
recoded k-mer genotype matrices used for the population structure 
and kinship relatedness. By default, three PCs were used for popula-
tion stratification correction. Kinship was calculated using bimbam-
Kin (https://github.com/Sh1ne111/KMERIA/tree/main/bimbamAsso) 
or GEMMA (https://github.com/genetics-statistics/GEMMA) with 
default parameters, and association tests were conducted through  
bimbamAsso (https://github.com/Sh1ne111/KMERIA/tree/main/ 
bimbamAsso). The KMERIA association study model using a mixed 
linear model represented by the equation:

y = β0 + β1 × k-mer +
m
∑
k=1

γk × PCk + u + ε

where y represents the vector of observed phenotypic values (quantita-
tive trait measurements) for all individuals in the study population;  
β0 is fixed effect, representing the overall mean of the phenotype when 
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all other variables are zero; β1 indicates the effect size (fixed-effect 
coefficient) of the k-mer on the phenotype—the primary target of  
inference in GWAS; k-mer is the genotype vector for a k-mer across 
individuals, coded as scaled allele dosage; γk represents the fixed-effect 
coefficient for the k-th PC of population structure, correcting  
for population stratification; PCk is the PC vector capturing axes of 
genetic variation across individuals, calculated from sampling  
k-mers; u is polygenic random effects vector modeling background  
genetic relatedness between individuals, distributed as n (0,Kσ2g)   
where K is the kinship matrix; and ε is residual error vector represent-
ing environmental noise and model misspecification, distributed 
as n (0, Iσ2e).

Post-GWAS. To control false discoveries while maximizing detection 
sensitivity, we implemented a dual-correction strategy for association 
testing. First, BH-FDR correction (Padj < 0.05) was applied to account 
for multiple testing across all k-mer associations. We also proposed 
a modified Bonferroni threshold based on the effective number of 
independent tests. we derived a biologically informed significance 
threshold accounting for k-mer interdependency. The sequencing 
reads linked to significant k-mers were retrieved and mapped to graph 
pangenome reference using Minigraph (v0.21)55 with the following 
parameters: ‘minigraph -x sr’.

Phenotype simulation. We take ploidy into account to generate the 
phenotypes in polyploidy organisms, the phenotypes of the polyploids 
for itℎ individual i(yi) (equivalent equation) is simulated from:

yi =
Q
∑
j=1
kijαj + ei

αi ∼ n (0,σ2)

σ2e =
σ2α
h2

− σ2g

e ∼ n (0, Iσ2e)

where kij denotes the number of copies of the alternative allele, αj is the 
additive effect of each locus and ei is the normal residual.

Power evaluation across different type I error levels
The statistical power, type I error (α) and FDR were evaluated in 
association tests conducted on simulated datasets, which included 
predefined QTLs. The evaluation used the method56, alongside two 
approaches from our previous research57,58. A QTL was deemed suc-
cessfully detected if a positive marker fell within a specified genomic 
distance threshold; this study uses 50 kb as the detected distance. 
Statistical power was quantified as the proportion of QTLs detected 
at a given threshold of type I error. In cases where no QTL was  
present within the interval, markers were used to generate the  
null distribution for negative control. The null distribution for  
type I error was based on markers not associated with any QTL, and 
FDR was calculated as the ratio of non-QTL markers to the total 
positive markers.

Statistical significance threshold for KMERIA
To resolve the extreme multiple testing burden in KMERIA (typically 
108–1010 tests), we implemented a dual-correction strategy. Traditional 
Bonferroni correction proved overly conservative due to false nega-
tives from nonindependent tests, while standard FDR methods 
remained insufficient for this scale. This limitation arises because 
adjacent k-mers exhibit high spatial correlation (nucleotide overlap), 

violating statistical independence assumptions. We therefore applied 
BH-FDR as the primary P-value correction method to control false 
discoveries while retaining sensitivity. We also proposed a modified 
Bonferroni threshold based on the effective number of independent 
tests. We derived a biologically informed significance threshold 
accounting for k-mer interdependency. Adjacent k-mers exhibit  
high correlation due to their inherent k−1

k
 nucleotide overlap, violating 

independence assumptions underlying traditional corrections.  
We therefore calculated the effective number of independent tests. 
The formula is as follow:

Meff =
nk
k

where Meff is effective number of independent tests, nk represents 
the total unique k-mers after quality control and k is k-mer size (for 
example, 31 bp). The genome-wide significance threshold was then 
defined as:

Threshold = α
Meff

= α × k
nk

where α donates the nominal significance level (0.05). This biologically 
informed approach accounts for k-mer redundancy, where overlapping 
k-mers share bases of sequence information. The Meff adjusted thresh-
old served as a genome-wide significance benchmark complementary 
to BH-FDR.

Genome sequencing, assembly and annotation
Plant material. This study analyzed 290 S. spontaneum accessions 
provided by the Yunnan Academy of Agricultural Sciences. The plant 
materials were grown at a subtropical plateau climate at Kaiyuan,  
Yunnan (23°30′–23°58′ N, 103°04′–103°43′ E, altitude—1051 m). Before 
planting, the buds were disinfected, and standardized field manage-
ment practices, including irrigation, pest control and weed manage-
ment, ensured uniform germination.

Sample selection. We carefully selected 14 representative S. sponta-
neum accessions based on the phylogenetic relationships among 290 
accessions, aiming to capture a diverse spectrum of S. spontaneum 
germplasm resources. To establish the phylogeny of the selected acces-
sions, the phylogenetic tree among S. spontaneum was estimated 
using Mashtree59.

HiFi sequencing. High-quality genomic DNA of 14 S. spontaneum was 
extracted from fresh leaves using the DNAsecure Plant Kit (TIANGEN). 
A total of 28 Single-Molecule Real-Time bell libraries with ~20 kb DNA 
insert fragments were sequenced with the circular consensus sequenc-
ing mode on a PacBio REVIO platform at ANNOROAD. These yielded 
HiFi reads of ~180 Gb with 225× coverage on average for S. spontaneum 
haploid genome.

Estimation of genome ploidy. To estimate the genome ploidy of the S. 
spontaneum population data, we used a de Bruijn graph-based method 
ploidyfrost60, which infers ploidy levels directly from whole-genome 
sequencing datasets without the need for a reference genome. This 
method involves the following steps: (1) k-mer database construc-
tion—for each sample, a k-mer database is built using KMC, which 
computes allelic k-mer coverage. To ensure a concise and error-free 
graph, low-coverage k-mers in the reads are masked. (2) Compacted 
de Bruijn grap construction—a compacted de Bruijn graph is gener-
ated from single or multiple samples using the Bifrost API, ensuring 
efficient and accurate graph representation. (3) Graph analysis and 
variant extraction—three subalgorithms are applied to analyze the 
graph structure, with putative variant information being extracted 
and output for further analysis.
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Evaluation of genome size. The Illumina sequencing reads were 
applied to evaluate genome size based on the k-mer distribution using 
KMC (v3.2.158) and genomescope (v2.0.0; https://github.com/schat-
zlab/genomescope/) with the parameters: -k 21.

Genome assembly. Genome assembly of 14 HiFi-sequenced accessions 
uses hifiasm (v0.19.8-r603; https://github.com/chhylp123/hifiasm)61 
with default parameters. The initial output of hifiasm resulted in the 
primary assembly (p_utg), representing a mosaic polyploid assembly.

Gene prediction. Repeats were first identified in the S. spontaneum 
genome assembly with RepeatModeler62 (v2.0.3) to create a custom 
repeat library. The repeat library was then combined with Viridiplan-
tae repeats from RepBase63 (v20150807) to generate the final repeat 
library. Repeat masking of each of S. spontaneum genome assembly 
was performed using the final CRL and RepeatMasker64 (v4.1.2) with 
the parameters ‘-e ncbi -s -nolow -no_is -gff’. S. spontaneum RNA-seq 
raw reads were processed using Trimmomatic (v1.0)65 to cut adaptor 
and remove low-quality reads and then aligned to the S. spontaneum 
genome assembly using HISAT2 (v2.2.1)66. The aligned RNA-seq reads 
were each assembled using StringTie (v2.2.1)67. Initial gene models 
were generated using BRAKER (v3.1)68 using the soft-masked genome 
assembly and RNA-seq read alignments as hints. High-confidence gene 
models were identified from the working gene model set by filtering 
out those without expression evidence, a Pfam domain match or those 
that were partial gene models or contained an interior stop codon.

Genome quality evaluation. The completeness of conserved genome 
regions in the assemblies was evaluated by BUSCOs (v5.4.1)43 using 
1,614 single-copy orthologs from the ‘embryophyta_odb10’ database. 
Assembly contiguity was assessed through the LAI44, calculated using 
LTR_retriever (v2.9.6)69 with default parameters. Briefly, the complete-
ness of LTR retrotransposons was analyzed using LTR_FINDER_parallel 
(v1.2)70 and LTR_HARVEST_parallel (v1.0)71. These tools were used to 
identify LTR elements for each genome, which were then compiled into 
a nonredundant LTR library using LTR_retriever (v2.9.6) for calculating 
the LAI. For accuracy assessment, the base-level QV was computed 
using Merqury (v1.4.1)72, based on k-mer analysis.

SNP-based GWAS in potato and sweet potato populations 
using GWASpoly
GWASs were performed using SNP dosage data, using an LMM to 
account for population structure and relative kinship. The analysis was 
carried out using the R package GWASpoly (v2.10)10. Initially, the covari-
ance matrix for the polygenic effect was calculated using the set.K 
function. After this, the GWASpoly function was used to conduct the 
GWAS under an ‘additive’ model, where the effect of each SNP was 
assumed to be proportional to the dosage of the minor allele. 
Genome-wide significance threshold was calculated based on the 
Bonferroni correction of α

M
, where α is 0.05 and M is the number of 

valid SNPs.

Construction of the S. spontaneum graph-based pangenome
To capture the genetic diversity within S. spontaneum, a graph pange-
nome was constructed using a collection of 15 monoploid genome 
assemblies. The graph pangenome was built using Minigraph-Cactus 
(v2.6.11)73 with default parameters. To ensure the accuracy and reli-
ability of the graph structure, a combination of read mapping and 
assembled alignments was used to validate the paths, edges and nodes 
within the S. spontaneum pangenome.

Functional characterization of SsNGA5
Vector construction. To generate the overexpression con-
struct, the full-length CDS of SsNGA5 was amplified through  
PCR (Supplementary Table 15) using cDNA derived from leaf of  

S. spontaneum as a template. The plant expression vector pBWA(V)
HS-ccdB-GFP was linearized by digestion with BsaI and Eco31I  
restriction endonucleases. The amplified SsNGA5 fragment was then 
inserted downstream of the CaMV 35S promoter and upstream of the 
GFP reporter gene using the Biorun 2× EasyClone seamless cloning kit, 
resulting in the 35S::SsNGA5-GFP recombinant plasmid.

Rice genetic transformation. The recombinant plasmid was 
transformed into Agrobacterium tumefaciens strain EHA105. 
Agrobacterium-mediated transformation of rice (ZH11) was per-
formed using a callus-based system. Briefly, sterilized mature rice 
seeds were placed on induction medium to generate embryonic calli. 
After 10–15 min of immersion in the Agrobacterium suspension, the calli  
were transferred to coculture medium for 2 days in the dark. Trans-
genic calli were subsequently identified through multiple rounds of  
selection on medium. Actively growing resistant calli were transferred 
to regeneration and rooting media to obtain T0 plantlets. Positive  
transformants were further validated by PCR-based screening using 
genomic DNA extracted from leaves, specifically targeting the 
SsNGA5 sequence.

Statistical analysis
Complete details of all statistical analyses for Figs. 2–5, Extended Data 
Figs. 3–10 and Supplementary Figs. 2–6 are provided in their respective 
legends and the Methods section. Statistical assessment of replicate 
data was performed using R software (v4.3.1).

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The 14 S. spontaneum genome assemblies and annotations generated 
in this study have been deposited in the figshare database under DOIs 
(https://doi.org/10.6084/m9.figshare.32251332)74 and (https://doi.
org/10.6084/m9.figshare.32142925)75. The genome assemblies, annota-
tions and raw PacBio HiFi sequencing reads are also accessible through 
the National Center for Biotechnology Information (NCBI) under Bio-
Project accession PRJNA1393212. The reference genome assembly of 
S. spontaneum 82–114 was obtained from our published study16. Pre-
viously published resequencing datasets analyzed in this study were 
obtained from NCBI Sequence Read Archive using the following Bio-
Project accessions: potato (PRJNA944441, PRJNA63145, PRJNA766763, 
PRJNA378971), sweet potato (PRJNA1089346), alfalfa (PRJNA995892), 
rice (PRJNA623686) and S. spontaneum/hybrid (PRJNA1303125).

Code availability
The KMERIA program has been released on Zenodo (https://doi.
org/10.5281/zenodo.20117337)76 and GitHub (https://github.com/
Sh1ne111/KMERIA, https://github.com/Sh1ne111/KMERIA/wiki).
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Extended Data Fig. 1 | Comparison of traditional GATK genotyping and k-mer 
based genotyping strategies in polyploid GWAS. a, A schematic illustrating  
the challenges associated with genotyping in polyploid GWAS, particularly  
when aligning resequencing data to a reference genome. b, The core principle  
of the GATK variant caller is the inference of individual genotypes through 

Bayesian algorithms. When applied to polyploid genotyping, the computational 
complexity 𝒞𝒞 increases exponentially with both genome ploidy and allele count 𝒢𝒢. 
c, A diagram depicting the complexity and computational time required for 
genotyping genomes of species with varying ploidy levels using GATK.
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Extended Data Fig. 2 | Benchmarking strategy for assessing misalignment 
rates using simulated short reads. To evaluate alignment fidelity in polyploids, 
the Saccharum hybrid (S. hybrid) was used as a reference template. Paired-end 

150 bp reads were simulated from the Ss (red) and So (blue) subgenomes and 
subsequently mapped back to the reference. The accuracy of the alignment was 
determined by calculating the statistics of incorrectly aligned reads.
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Extended Data Fig. 3 | Comparative evaluation of statistical power for 
different GWAS methods in hexaploid sweet potato using simulated 
phenotypes. a–d, Manhattan plots display the association results from 
KMERIA, kmersGWAS, GWASpoly, and GEMMA applied to a natural population. 
Phenotypes were simulated under four distinct genetic architectures varying in 

heritability (h2) and the number of QTLs: (a) h2 = 50%, 10 QTLs; (b) h2 = 50%, 100 
QTLs; (c) h2 = 80%, 10 QTLs; and (d) h2 = 80%, 100 QTLs. Red arrows indicate the 
genomic coordinates of the presimulated (true) QTLs, serving as ground truth  
to assess detection sensitivity. The horizontal dashed lines represent the 
genome-wide significance thresholds.
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Extended Data Fig. 4 | Manhattan plots of association results for rice amylose 
content. Association signals were analyzed using KMERIA, kmersGWAS, and the 
standard SNP-GWAS method. The analysis successfully identified the major gene 
OsWaxy (indicated by the black arrow) on chr6, a known QTL regulating amylose 

content. P values were calculated using a two-sided Wald test. The horizontal 
dashed lines indicate the GWAS significance threshold, adjusted for multiple 
comparisons using BH-FDR method.
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Extended Data Fig. 5 | See next page for caption.
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Extended Data Fig. 5 | Comparative GWAS analysis and validation of 
significant k-mer associations for stem-leaf ratio (SLR) in tetraploid alfalfa.  
a, Manhattan plots display the GWAS results for the SLR phenotype in the  
alfalfa population, using KMERIA, kmerGWAS, and SNP-GWAS method. Red 
solid arrows indicate potential QTLs identified by KMERIA, corresponding to 
the known genes MsTUB5 and MsKEG. Red dashed boxes highlight the genomic 
regions where the known QTLs were missed by kmersGWAS and SNP-GWAS.  
P values were calculated using a two-sided Wald test. The horizontal dashed 
lines in all Manhattan plots indicate the GWAS significance threshold, adjusted 

for multiple comparisons using BH-FDR method. b,c, Scatterplots illustrate the 
correlation between the estimated k-mer dosage and the SLR phenotype for the 
two significant candidate genes identified: (b) MsTUB5 and (c) MsKEG. The top 
left text is Pearson correlation coefficient (R), with the corresponding P-value 
(two-sided t-test) indicating the significance of the association. The number 
of accessions (n) for each k-mer dosage level is provided at the bottom of the 
plot. The solid line indicates the linear regression fit, and the shaded gray area 
represents the 95% confidence interval. Individual points are colored by density.

Content courtesy of Springer Nature, terms of use apply. Rights reserved

http://www.nature.com/naturegenetics


Nature Genetics

Article https://doi.org/10.1038/s41588-026-02641-8

Extended Data Fig. 6 | Comparative GWAS analysis and validation of 
significant k-mer associations for three traits in tetraploid potato. 
a–c, Manhattan plots display the GWAS results for three traits in the potato 
population: (a) UWW maturity, (b) skin color, and (c) flesh color. The results are 
compared across three GWAS methods: KMERIA, kmersGWAS, and GWASpoly. 
Black arrows indicate the genomic coordinates of known QTLs previously 
associated with the respective traits, serving as positive controls. Red solid 
arrows indicate potential QTLs identified by KMERIA, corresponding to 
candidate genes such as StSAUR, St3GT, and StLHT. Red dashed boxes highlight 
the genomic regions where the potential QTLs were missed by GWASpoly.  
P values were calculated using a two-sided Wald test. The horizontal dashed 

lines in all Manhattan plots indicate the GWAS significance threshold, adjusted 
for multiple comparisons using BH-FDR method. d–f, Scatterplots illustrate the 
correlation between the estimated k-mer dosage and the respective phenotype 
for significant candidate genes identified by KMERIA: (d) a major QTL for UWW 
maturity, (e) a major QTL for skin color, and (f) a major QTL for flesh color. 
The top left text is Pearson correlation coefficient (R), with the corresponding 
P-value (two-sided t-test) indicating the significance of the association. The 
number of accessions (n) for each k-mer dosage level is provided at the bottom 
of the plot. The solid line indicates the linear trend, surrounded by gray shading 
representing the 95% confidence interval. The color intensity of individual 
markers reflects point density.
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Extended Data Fig. 7 | Comparative GWAS analysis and validation of 
significant k-mer associations for three traits in Hexaploid sweet potato.  
a–c, Manhattan plots display the GWAS results for three traits in the sweet 
potato population: (a) leaf shape, (b) flesh color, and (c) skin color. The 
results are compared across three GWAS methods: KMERIA, kmersGWAS, and 
GWASpoly. Black arrows indicate the genomic coordinates of known QTLs 
previously associated with the respective traits, serving as positive controls. 
Red solid arrows indicate potential QTLs identified by KMERIA. Red dashed 
boxes highlight the genomic regions where the potential QTLs were missed by 
GWASpoly. P values were calculated using a two-sided Wald test. The horizontal 

dashed lines in all Manhattan plots indicate the GWAS significance threshold, 
adjusted for multiple comparisons using BH-FDR method. d–f, Scatterplots 
illustrate the correlation between the estimated k-mer dosage and the respective 
phenotype for significant candidate genes identified by KMERIA. The top left 
text represents the Pearson correlation coefficient (R), with the corresponding 
P-value (two-sided t-test) indicating the significance of the association. The 
number of accessions (n) for each k-mer dosage level is provided at the bottom of 
the plot. The solid line indicates the linear regression fit, and the shaded gray area 
represents the 95% confidence interval. Individual points are colored by density.
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Extended Data Fig. 8 | See next page for caption.
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Extended Data Fig. 8 | Comparative GWAS analysis and validation of 
significant k-mer associations for cultivated sugarcanes (S. hybrid).  
a–d, Manhattan plots display the GWAS results for three traits in the S. hybrid 
population: (a) angle, (b) plant height, (c) SPAD and (d) tiller number. The results 
are compared across three GWAS methods: KMERIA, kmersGWAS, and SNP-GWAS.  
Red solid arrows indicate potential QTLs identified by KMERIA. P values were 
calculated using a two-sided Wald test. The horizontal dashed lines in all 
Manhattan plots indicate the GWAS significance threshold, adjusted for multiple 
comparisons using BH-FDR method. e–h, Scatterplots illustrate the correlation 

between the estimated k-mer dosage and the respective phenotype for 
significant candidate genes identified by KMERIA. The top left text represents the 
Pearson correlation coefficient (R), with the corresponding P-value (two-sided 
t-test) indicating the significance of the association. The number of accessions 
(n) for each k-mer dosage level is provided at the bottom of the plot. The solid 
line represents the linear trend, surrounded by gray shading representing the 
95% confidence interval. The color intensity of individual markers reflects point 
density.
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Extended Data Fig. 9 | Phylogenetic analysis of S. spontaneum germplasm accessions. Phylogenetic relationship NJ tree of S. spontaneum germplasm accessions 
derived from Mash distance matrices of k-mer sets.
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Extended Data Fig. 10 | Phenotypic effects of SsNGA5 overexpression in rice. 
a, Comparison of CK-type (n = 11) and SsNGA5-OE (n = 9) lines after 3 months 
of growth under standard laboratory conditions. Data are presented as mean 
values ± s.e.m. The heights of the bars represent the mean tiller number for 

each group. Individual gray dots represent biological replicates. Statistical 
significance was determined by a two-sided t-test (P = 0.025). b,c, Representative 
samples showing tiller number differences between CK-type and SsNGA5-OE 
plants. Arrows indicate tillers. Scale bar, 10 cm.
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Software and code
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Data collection The sequencing reads were undertaken with PacBio REVIO and BGI DNBSEQ-T7 platforms.

Data analysis For all analyses, freely available software were used, including: hifiasm(v0.19.8-r603), RepeatModeler (v2.0.3), RepeatMasker62 (v4.1.2), 
Trimmomatic (v0.39), BWA(v0.7.17), SAMtools(v1.9), minigraph-cactus(v2.6.11),  GenomeScope (v2.0), GWASpoly(v2.10),  R (v.4.3.1), 
Merqury (v1.4.1), BUSCO (v5.4.1), LTR_retriever (v2.9.6), LTR_HARVEST_parallel (v1.0), LTR_FINDER_parallel (v1.2) , HISAT (v2.2.1), StringTie 
(v2.2.1), BRAKER (v3.1), KMC (v3.2.158), PloidyFrost (v1.0),  Minigraph (v0.21), GATK(v4.3), AlphaSimR (v1.0), GEMMA (v0.98), kmersGWAS 
(https://github.com/voichek/kmersGWAS) and our developed program KMERIA (https://github.com/Sh1ne111/KMERIA).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

The 14 S. spontaneum genome assemblies and annotations generated in this study have been deposited in Figshare database under DOIs (https://doi.org/10.6084/
m9.figshare.32251332)74 and (https://doi.org/10.6084/m9.figshare.32142925)75. The genome assemblies, annotations, and raw PacBio HiFi sequencing reads are 
also accessible via the National Center for Biotechnology Information (NCBI) under BioProject accession PRJNA1393212. The reference genome assembly of S. 
spontaneum82-114 was obtained from the public repository at the following link (https://figshare.com/s/e79249d6ce11539fa105). Previously published 
resequencing datasets analyzed in this study were obtained from NCBI Sequence Read Archive (SRA) using the following BioProject accessions: potato 
(PRJNA944441, PRJNA63145, PRJNA766763, PRJNA378971), sweet potato (PRJNA1089346), alfalfa (PRJNA995892), rice (PRJNA623686), and Saccharum 
spontaneum/hybrid (PRJNA1303125).

Research involving human participants, their data, or biological material
Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender NA

Reporting on race, ethnicity, or 
other socially relevant 
groupings

NA

Population characteristics NA

Recruitment NA

Ethics oversight NA

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size No statistical methods were used to establish sample size. The 290 Saccharum spontaneum sequencing accessions were provided by the 
Yunnan Academy of Agricultural Sciences. The plant materials were cultivated in a subtropical plateau climate in Kaiyuan City, Yunnan 
Province

Data exclusions No data were excluded

Replication For S. spontaneum phenotyping, the experiment was repeated three times. and all attempts at replication were successful. 

Randomization A randomized complete block design was used for phenotyping

Blinding No analyses required being blind to groups

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Dual use research of concern
Policy information about dual use research of concern

Hazards
Could the accidental, deliberate or reckless misuse of agents or technologies generated in the work, or the application of information presented 
in the manuscript, pose a threat to:

No Yes

Public health

National security

Crops and/or livestock

Ecosystems

Any other significant area

Hazards None

For examples of agents subject to oversight, see the United States Government Policy for Institutional Oversight of Life Sciences Dual Use Research of Concern.

Experiments of concern

Does the work involve any of these experiments of concern:

No Yes
Demonstrate how to render a vaccine ineffective

Confer resistance to therapeutically useful antibiotics or antiviral agents

Enhance the virulence of a pathogen or render a nonpathogen virulent

Increase transmissibility of a pathogen

Alter the host range of a pathogen

Enable evasion of diagnostic/detection modalities

Enable the weaponization of a biological agent or toxin

Any other potentially harmful combination of experiments and agents

Precautions and benefits

Biosecurity precautions NA

Biosecurity oversight NA

Benefits NA

Communication benefits NA
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Novel plant genotypes NA

Seed stocks NA

Authentication NA

Plants
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