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Abstract
Background  Common wheat (Triticum aestivum L.) is one of the most widely grown and consumed cereal crops, but 
its complicated genome makes it difficult to study how genes affect important agronomic and yield-related traits. 
Genome-wide association study (GWAS) is a useful method for finding specific loci that control complex agronomic 
and yield-related traits.

Results  The present investigation revealed significant phenotypic variability across the genotypes examined for all 
traits. The broad sense heritability (H2) for all traits ranged from 0.50 to 0.71 (Env1; 2021–2022) and 0.53 to 0.81 (Env2; 
2022–2023). Using two environments’ phenotypic data, and high-throughput single-nucleotide polymorphisms 
(SNPs) genotypic data of 20,996 markers, we discovered 114 grain-yield-related quantitative trait loci (QTLs) and 300 
associated SNP markers. Eighty-five of the identified markers were stable, consistently detected across environments 
(Env1 and Env2) and combined environment (CE) data, and showed a significant association with 32 different 
QTLs. The trait with the most associated QTLs (28) was the number of fertile tillers (NFT), with 70 markers. This was 
followed by 20 QTLs for each, spike length (SL) and spikelet number per spike (SPS), with 69 and 82 SNPs, respectively. 
Conversely, six SNPs that exhibited association with multiple traits were also identified. Twenty-nine of the total 
114 identified QTLs were located in chromosomal positions where at least one marker-trait association had been 
previously identified.

Conclusion  This study has found new SNPs, and useful QTLs that may help us to understand the biological processes 
behind each studied trait. Further validation in various genetic backgrounds and environments is necessary to 
confirm the potential utility of the significant alleles found in this study for breeding wheat varieties with improved 
agronomic and yield-related traits.
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Background
Common wheat is an important source of calories, and 
nutrients; it is the principal staple food crop for around 
35% of the world’s population [1]. In the year 2023/2024, 
the estimated global production of wheat was 788.95 mil-
lion metric tonnes (​h​t​t​p​​s​:​/​​/​f​a​s​​.​u​​s​d​a​​.​g​o​​v​/​d​a​​t​a​​/​p​r​​o​d​u​​c​t​i​o​​
n​/​​c​o​m​m​o​d​i​t​y​/​0​4​1​0​0​0​0). This showed a −0.01% decrease 
when compared to the previous year’s production. Con-
versely, wheat yield must be raised by about 60% by the 
year 2050 to feed the world’s expanding population [2], 
which emphasises continuous efforts to breed wheat with 
a higher genetic gain for grain yield. Consequently, one 
of the primary objectives of wheat breeding is the devel-
opment of cultivars having higher yield potential [3]. 
Identifying QTLs related to agronomic traits, and char-
acterising their genetic makeup is important for marker-
assisted selection (MAS). GWAS, and biparental QTL 
mapping are methods used to find the specific locations 
in the genome that control important traits in crops. In 
which GWAS is more advantageous in some aspects, 
such as no need to make a biparental mapping popula-
tion for QTL mapping, and being less time-consuming 
[4, 5].

For GWAS, a collection of diverse genotypes is 
required to initiate the program by identifying QTLs/
marker-trait associations (MTAs). The new alleles that 
come from different genetic backgrounds may increase 
the grain yield significantly in old or newly developed 
genotypes of wheat to balance supply, and demand glob-
ally. Therefore, GWAS presents a viable alternative to 
biparental QTL mapping [3] for precisely dissecting grain 
yield-related traits. GWAS is purely based on the correla-
tion between the observable traits, and genotype of the 
plants. The regions that have QTLs can be identified with 
the help of the linkage disequilibrium (LD) that formed 
in a population across generations so that regions, even if 
the causal mutations are not necessarily involved among 
the set of available molecular markers [6]. The use of 
high-density genotyping that covers the whole genome 
makes GWAS an invaluable strategy for identifying loci 
linked to desirable traits [6].

Different type of models have been used in GWAS 
[7, 8]. These model broadly divided into two group’s 
i.e. single-locus model (SLM) models, and multilo-
cus (ML) models. SL methods like: (a) mixed linear 
model (MLM) [9], (b) general linear model (GLM) [10], 
(c) compressed mixed linear model (CMLM) [11], (d) 
enriched compressed mixed linear model (ECMLM) 
[12], and (e) settlement of MLM under progressively 
exclusive relationship (SUPER) [13], only utilised ordi-
nary mixed models for genome scan, and these models 
do not adequately account for large effect loci, and these 
problem may be mitigated by ML models [14, 15] such 
as (f ) Bayesian information, and linkage-disequilibrium 

iteratively nested keyway (BLINK) [16], (g) fixed and 
random model circulating probability unification (Farm-
CPU) [17] and (h) multilocus mixed model (MLMM) 
[15]. So that ML methods are considered more effective, 
and reliable than single locus SL models for the scanning 
of genomic regions because all marker effects are simul-
taneously estimated by the ML methods [7, 15, 18–22]. 
Furthermore, ML methods do not necessitate testing of 
detected correlations using strict multiple testing correc-
tions, which typically lead to the rejection of significant 
associations, in contrast to SLM [21].

Wheat breeders emphasise numerous yield-related 
traits to maximise yields per unit area [23]. However, 
recent studies show that the key traits for increasing yield 
are kernels per spike (KPS), and thousand-kernel weight 
(TKW), along with harvest index (HI), total spikelets per 
spike (SPS), spike length (SL), and number of fertile tillers 
(NFT) [24–26]. Plant height (PH) is also an important 
trait influencing kernel weight [27]. To maximise wheat 
production, optimising several agronomic traits is essen-
tial [28]. Significant efforts have been previously made to 
identify QTLs influencing these traits by utilising link-
age mapping in biparental populations for their potential 
use in marker-assisted selection [29, 30]. However, these 
studies usually have reported a few QTLs per population 
[31].

A large number of QTLs/MTAs linked with the agro-
nomic traits have been identified using GWAS under the 
normal irrigated field conditions in the different parts 
of the world. More than 30 studies in wheat related to 
the GWAS for agronomic traits have been conducted 
all over the world under different agroclimatic condi-
tions [3, 6, 32–52]. It is also well known that the yield-
related agronomic traits are highly affected by the 
specific environmental conditions. Given the complex 
and quantitative nature of yield-related traits in wheat, 
we hypothesize that these traits are controlled by mul-
tiple small- to moderate-effect loci distributed across 
the genome. Our GWAS approach using the FarmCPU 
model was designed to detect such loci while accounting 
for confounding factors. Therefore, this programmes may 
benefit more from environment-specific QTLs/MTAs.

The objective of this study was to identify QTLs for 
seven important grain-yield-related agronomic traits 
(PH, NFT, SL, SPS, KPS, TKW, and HI) using multi-locus 
GWAS. We also compared identified loci with that of 
previously published genes/QTLs, and identified high-
confidence candidate genes in each QTL region.

Results
Phenotypic variation of agronomic and yield related traits
The current study evaluated 286 wheat genotypes at 
Eternal University, Baru Sahib, India, over two consecu-
tive field seasons/environments (Env1: 2021–2022 and 

https://fas.usda.gov/data/production/commodity/0410000
https://fas.usda.gov/data/production/commodity/0410000
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Env2: 2022–2023). The broad-sense heritability (H2) 
ranged from 0.53 to 0.81, with SL having the highest 
values (0.81) followed by the SPS (0.79), both in Env2, 
whereas the SPS also had the lowest values (0.50) in 
Env1, followed by the NFT (0.53) in Env2. The value of 
H2 and descriptive statistics of the studied traits in both 
environments is given in Table  1. Analysis of variance 
(ANOVA) revealed highly significant variation among 
the genotypes for all the studied traits (Table 2). For PH, 
there was a highly significant genotype effect (p < 0.001). 
Similarly, significant genotype effects were observed for 
NFT (F = 12.6, Df = 285, p < 0.01), SL (p < 0.001), SPS) 
(p < 0.001), KPS (p < 0.001), TKW (p < 0.001), and HI 
(p < 0.001). The relative performance of genotypes for 
SPS and TKW varies with the environment due to a sig-
nificant ‘Environment × Genotype’ (Env × Gen) interac-
tion. However, the performance of different genotypes 
was the same in all environments for traits (PH, NFT, 
SL, KPS, and HI) where the interaction was not signifi-
cant. This highlights how crucial it is to take particular 

environmental factors into account when choosing geno-
types for SPS and TKW (Fig. 1; Table 2). The coefficient 
of variation (CV) ranged from 5.9 to 20.1% and from 4.8 
to 19.8% in Env1 and Env2, respectively. Traits NFT and 
KPS showed high CV in both environments. The CVs 
for NFT and KPS were 19.2% and 19.8% in Env1, respec-
tively, and 20.1% and 14.4% at Env2. The frequency dis-
tribution pattern was observed using the raincloud plot 
for evaluated traits showed a normal distribution, which 
indicates the traits are quantitative and complex in 
nature (Fig. 2). In each scenario, the NFT, SL, SPS, KPS, 
TKW, and HI traits appeared to tend towards higher val-
ues due to their positive skew. In the CE (data of com-
bined environment) context, most features exhibit a 
slight positive skew or follow a normal distribution. This 
scenario implies that certain qualities might make CE 
more advantageous (Fig.  2A-G). Overall, sufficient phe-
notypic variation has also been observed in the WAMI 
panel to support GWAS analysis. The study found strong 
negative correlations between NFT, SPS, KPS, TKW, and 

Table 1  A statistical overview of the phenotypic variation seen in seven agronomic traits
Trait Environment Min Max Mean Median LSD CV SD H2

PH Env1 51.0 113.0 84.4 84.7 8.1 5.9 4.9 0.68
Env2 64.0 116.1 87.2 86.7 7.2 4.8 4.1 0.75
CE 57.5 114.0 85.4 84.5 5.4 7.9 6.7 0.74

NFT Env1 16.2 17.1 7.7 7.2 3.3 20.1 1.5 0.71
Env2 17.4 18.1 10.2 10.2 2.9 19.8 2.0 0.53
CE 16.8 17.5 9.0 9.2 3.5 19.1 1.7 0.45

SL Env1 6.2 12.8 10.1 10.1 1.3 8.5 8.5 0.62
Env2 6.0 12.7 9.8 9.8 1.2 6.9 6.6 0.81
CE 6.1 12.6 9.9 10.0 1.0 7.5 7.4 0.78

SPS Env1 11.0 21.5 17.4 17.5 1.8 7.4 1.2 0.50
Env2 12.7 21.7 17.6 17.7 1.5 5.0 8.8 0.79
CE 11.8 21.6 17.5 17.6 4.3 16.0 2.8 0.67

KPS Env1 18.0 69.9 43.0 45.9 14.3 20.1 8.6 0.55
Env2 23.0 70.0 48.0 50.1 11.7 14.4 6.9 0.71
CE 20.5 70.9 45.5 48.0 7.5 18.2 8.2 0.51

TKW Env1 20.0 69.1 47.2 47.8 8.2 10.5 4.9 0.68
Env2 25.7 73.2 49.7 51.3 6.2 7.1 3.5 0.75
CE 22.6 71.1 48.4 49.0 4.4 11.8 5.7 0.70

HI Env1 20.9 85.5 39.5 40.4 7.7 12.6 4.9 0.62
Env2 25.1 100.0 40.0 39.8 7.0 10.3 4.1 0.73
CE 20.9 100.0 6.8 40.1 5.1 7.1 4.8 0.76

Min = Range minimum; Max = Range maximum; LSD = Least significant difference; CV = Coefficient of variance; SD = Standard deviation; H2= 
Heritability

Table 2  ANOVA of seven agronomic traits (PH, NFT, SL, SPS, KPS, TKW, and HI) in response to environment (Env), replicate (Rep), 
genotype (Gen), and their interaction (Env × Gen)
Source Df PH NFT SL SPS KPS TKW HI
Env 1 2229.8** 1755.3 19.9** 16.7** 377.9** 150.8** 77.9
Rep 3 230.0* 0.1 0.3 100.0* 1958.0* 2.6 125.0
Gen 285 134.6** 12.6* 4.1** 5.3** 305** 106.7** 118.5**
Env × Gen 285 17.3 10.5 0.4 2.3** 1.0 1.5 14.05
Signif. codes:0.001‘**’, 0.01‘*’
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HI, while SL had a weak positive correlation with KPS. 
A significant negative correlation has also been found 
between PH and NFT. SPS, and KPS showed weak posi-
tive correlations. TKW had a strong negative correlation 
with SL, and moderate negative correlations with KPS, 
and HI. The overall correlations were consistent with 
individual observations, providing a more robust under-
standing of relationships across environments (Fig. 2H). 
Similar results were obtained in both environments (Fig. 

S1). Principal component 1 (PC1; 40.3%), and principal 
component (PC2; 18.3%) accounted for most of the data 
variance, indicating significant factors influencing vari-
ability (Fig. 2I).

Population structure and LD analysis
Principal component analysis (PCA) showed a largely 
even distribution of allele frequencies within the panel 
(Fig.  3A). The first three PCs (PC1, PC2, and PC3) 

Fig. 1  A visual depiction of the genotype-environment interaction (G × E) for each of the seven traits in WAMI panel
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accounted for 43.3%, 18.3%, and 15.4% of the total vari-
ance, respectively. So, using PC1, PC2, and PC3 together 
showed a large part of the genetic differences in the wheat 
association mapping initiative (WAMI) panel, helping 
to find, and separate different groups. The neighbour-
joining dendrogram in circular form, with 286 wheat 
genotypes, 20,996 SNPs, and 14 clusters, illuminates the 
varied genetic profiles of the examined wheat varieties, 
and provides significant insights into their common, and 
distinct genetic traits (Fig. 3B). The LD analysis was done 
with TASSEL in a 100 sliding window size for all chro-
mosomes except 3D because no MTA was found on it. 
The genome had an average squared allele-frequency 
correlations (r²) of 0.12, and LD decay began at 0.48, and 
reached half-decay at 0.23 (average for all the chromo-
some). The LD decay curve crossed the half-decay point, 

and the average standard critical point (r² D 0.3) at dis-
tances of LD, and half LD (Mb), for each chromosome 
respectively (Fig.  4). The highest LD decay distance of 
171.3 Mb was found in the 2 A chromosome, followed by 
38.8 Mb in the 4 A chromosome. However, several chro-
mosomes have the lowest LD decay distance of 10.0 Mb 
(Fig. 4). Half decay for each chromosome was computed 
independently in this study. This value sets the important 
distance across the entire genome for finding connec-
tions, and quantitative trait nucleotide (QTNs) within 
this distance are treated as one QTL [53].

Associations between traits and SNPs
The phenotypic traits at physiological maturity, and SNP 
markers underwent GWAS. In total, 300 MTAs were 
identified for seven phenotypic traits using the three 

Fig. 2  (A-G) Figure presents raincloud plots illustrating the distribution of environmental factors across two independent environments: Environment 1 
(Env1), Environment 2 (Env2), and their Combined Environment (CE) dataset. The individual data points are plotted below each density plot and box plot, 
giving a granular view of the data. A red line connects the medians of the three groups, illustrating the trend across the years. (H) This figure represents 
Pearson’s correlation coefficient among the average data of each of the seven traits. (I) The figure presents the results of a PCA analysis performed on the 
agronomic data of seven traits, demonstrating the high diversity among the investigated panel
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datasets (Env1, Env2, and CE) at P < 0.001 (Table S1-S7). 
A total of 187 SNPs demonstrated significant associations 
with the same trait across two or more datasets, while six 
SNPs exhibited significant associations with two or more 
traits (Table S8). Using half LD analysis, we found 114 
QTLs, which are linked to different traits: 11 for PH, 28 
for NFT, 20 for SL, 19 for SPS, 10 for KPS, 12 for TKW, 
and 14 for HI (Table S1-S7).

Plant height (PH)
Eleven QTLs linked to PH were found mainly on chro-
mosomes 1D, 2 A, 2B 2D, 3B, 4B, and 6B (Figs. 5 and 6, 
Fig. S2-S5, Table  3, and Table S1). Eight of these SNPs 
linked with QTL were regularly seen in at least one of 
the single-environment, and combined environment 
(CE) analyses. These SNPs correspond to seven QTLs: 
QPh.eu-2  A (1 SNP), QPh.eu-2D (1 SNP), QPh.eu-2D.1 
(2 SNP), QPh.eu-2D.3 (1 SNPs), QPh.eu-3B (1 SNP), 
QPh.eu-3B.1 (1 SNP), and QPh.eu-6B (1 SNP) (Figs.  5 
and 6, Fig. S2-S5, Tables 3 and 3, and Table S1). Among 
these QTLs, QPh.eu-3B.1, located on chromosome 3B 
at 783.5 Mb, is strongly associated with PH, explaining a 
substantial 12.1% of the phenotypic variation. QTL QPh.
eu-2D followed closely, accounting for 11.3% (Table  3). 
In contrast, one SNP from QPh.eu-4B on chromosome 
4B positioned at 37.9 Mb demonstrated a minimal con-
tribution, explaining only 2.7% of the phenotypic varia-
tion (Table 3). Of the eleven QTLs, six (QPh.eu-2B, QPh.
eu-2D.1, QPh.eu-2D.2 QPh.eu-2D.3, QPh.eu-3B, and 
QPh.eu-4B) appeared potentially novel, distinct from 

previously identified QTLs/MTAs (Figs.  5 and 6, Fig. 
S2-S5, Table 3 and Table S1).

Number of fertile tillers (NFT)
Seventy important SNPs (associated with 28 QTLs) were 
found to be linked to the NFT, spread out across different 
chromosomes. In particular, chromosomes 6B (26 SNPs), 
5B (12 SNPs), and 2  A (8 SNPs) had the most SNPs. 
Notably, chromosomes 6B (26 SNPs), 5B (12 SNPs), and 
2  A (8 SNPs) showed prominent numbers (Figs.  5 and 
6, Fig. S2-S5, Table  3 and Table S2). The QTLs such as 
QNft.eu-6B.2 with 21 SNPs, QNft.eu-2  A with 8 SNPs, 
and QNft.eu-5B with 7 SNPs were located on various 
chromosomes, indicating that many QTLs affect the trait 
(Table 3, and Table S2). The QTL QNft.eu-2 A was espe-
cially important, accounting for the largest share of phe-
notypic variation explained (PVE) at 9%, with QNft.eu-1B 
and QNft.eu-2B.2 both were close behind at 7.0%. On the 
other hand, the QTL QNft.eu-2B, found at 18.9 on chro-
mosome 2B, had the least impact, explaining only 1.0% 
of the phenotypic variation (Table 3). Remarkably, among 
the 28 identified QTLs associated with NFT, 24 are 
potentially novel discoveries, as no corresponding QTLs 
or markers were reported in previous studies related to 
same trait (Figs. 5 and 6, Fig. S2-S5, Table 3 and Table S2).

Spike length (SL)
A total of 69 SNPs were linked to SL, and found on chro-
mosomes 1 A (6 SNPs), 1B (1 SNP), 2 A (6 SNPs), 2B (13 
SNPs), 2D (35 SNPs), 5B (3 SNPs), 6D (1 SNP), 7  A (1 
SNP), and 7B (3 SNPs) (Figs. 5 and 6, Fig. S2-S5, Table 3 

Fig. 3  (A) Illustration of a three-dimensional scatter plot representing genotypes, with the plot based on the first three main PCs (PC1, PC2, and PC3). 
(B) A phylogenetic network was created using the ward D2 linkage method. A hierarchical clustering analysis was performed using 20,996 SNPs on 286 
genotypes from the WAMI panel and breeding lines. The labels of the breeding lines were color-coded to represent four distinct groupings
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and Table S3). Among these, 19 SNPs were consistently 
identified in two different environments, and in CE 
(Figs. 5 and 6, Fig. S2-S5, Table 3 and Table S3). Simul-
taneously, 32 SNPs were identified in one environment, 
and in CE (Table S3). These SNPs underlie 20 QTLs, spe-
cifically Qsl.eu-1  A (1 SNP), Qsl.eu-1  A.1 (5 SNPs), Qsl.
eu-1B (1 SNP), Qsl.eu-2 A (6 SNPs), Qsl.eu-2B (3 SNPs), 
Qsl.eu-2B.1 (6 SNPs), Qsl.eu-2B.2 (2 SNPs), Qsl.eu-2B.3 
(2 SNPs), Qsl.eu-2B.4 (1 SNP), Qsl.eu-2D (1 SNP), Qsl.
eu-2D.1 (12 SNPs), Qsl.eu-2D.2 (13 SNPs), Qsl.eu-2D.3 
(6 SNPs), Qsl.eu-2D.4 (3 SNPs), Qsl.eu-5B (1 SNP), Qsl.
eu-5B.1 (2 SNPs), Qsl.eu-6D (1 SNP), Qsl.eu-7 A (1 SNP), 
Qsl.eu-7B (2 SNPs), and Qsl.eu-7B.1 (1 SNP) (Table S3). 
The QTL QSl.eu-1 A showed the most significant impact 
on phenotypic variation at 6%, while QSl.eu-1  A.1, QSl.
eu-1B, QSl.eu-2  A, QSl.eu-2D.1, and QSl.eu-7B each 
accounted for 5.0% of the variation. In contrast, the QTLs 

QSl.eu-2B.4, QSl.eu-2D.2, and QSl.eu-5B had the least 
impact, explaining only 1.0% of the variation. (Table  3). 
Out of the 20 QTLs found for this trait, eight were 
located in the same or nearby areas as those found in an 
earlier study for the same trait, while the other 12 QTLs 
might be new genetic locations.

Spikelets per Spike (SPS)
A total of 82 important SNPs were linked to SPS, mostly 
found on chromosomes 1 A (54 SNPs), 2 A (1 SNP), 2B 
(7 SNPs), 4  A (7 SNPs), 4B (1 SNP), 4D (1 SNP), 5B (9 
SNPs), 5D (1 SNP), and 7D (1 SNP) (Figs.  5 and 6, Fig. 
S2-S5, Table  3 and Table S4). These SNPs collectively 
contributed to the identification of 20 QTLs: Qsps.
eu-1 A (1 SNP), Qsps.eu-1 A.1 (5 SNPs), Qsps.eu-1 A.2 (1 
SNP), Qsps.eu-1 A.3 (8 SNPs), Qsps.eu-1 A.4 (21 SNPs), 
Qsps.eu-1  A.5 (4 SNPs), Qsps.eu-1  A.6 (12 SNPs), Qsps.

Fig. 4  Scatter plot illustrating linkage disequilibrium (LD) decay on the 20 chromosomes of wheat (except 3D, where no significant MTA was found). The 
plot displays the physical distance in base pair(bp) against the LD estimate (R²) for marker pairs
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Fig. 6  Q-Q plot for grain yield related seven agronomic traits in 286 wheat accessions the combined BLUP value of two environment’s data (CE). (A) PH, 
(B) NFT, (C) SL, (D) SPS, (E) KPS, (F) TKW and (G) HI

 

Fig. 5  Manhattan plot for grain yield related seven agronomic traits in 286 wheat accessions using the combined BLUP value of two environment’s data 
(CE). (A) PH, (B) NFT, (C) SL, (D) SPS, (E) KPS, (F) TKW and (G) HI. The various chromosomes are indicated by different colours. The horizontal line is drawn 
at a specific y-value to indicate the threshold of statistical significance
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QTL No. of 
SNP 
within 
QTL

Chr Genetic 
position 
(cM)

Physical 
position 
(Mb)

Average 
PVE (%)

Environment Previously identified QTL/MTAs or 
SNP on the same or nearby location

Refer-
ence

Plant height (PH)
Qph.eu-1D 1 1D 39 12.5 5.00 Env1 РН_AX-94,418,622  [75]
Qph.eu-2 A 1 2 A 124 716.5 4.00 Env1, CE PH_AX_95085564, qPH2A.2  [3, 45]
Qph.eu-2B 1 2B 109 571.2 10.60 Env2 PNQ
Qph.eu-2D 3 2D 77–80 571.0-574.3 10.60 Env1, Env2, CE PH_KukRi_c205_223  [44]
Qph.eu-2D.1 3 2D 80–82 608.7-612.1 9.40 Env1, Env2, CE PNQ
Qph.eu-2D.2 1 2D 78 709.8 6.60 Env2 PNQ
Qph.eu-2D.3 1 2D 80 742.5 7.10 Env2, CE PNQ
Qph.eu-3B 1 3B 117 587.0 10.20 Env1, Env2, CE PNQ
Qph.eu-3B.1 1 3B 119 783.5 12.10 Env1, Env2, CE QPH.sicau-3BL.1  [76]
Qph.eu-4B 1 4B 56 37.9 2.70 Env2 PNQ
Qph.eu-6B 1 6B 113 611.6 3.00 Env2, CE qPH6B.3, PH_Kukri_rep_c106092_300  [45, 78]
Number of fertile tiller (NFT)
Qnft.eu-1 A 1 1 A 51 25.5 3.30 Env1 PNQ
Qnft.eu-1B 1 1B 134 476.3 7.00 CE GENE-0035_150  [47]
Qnft.eu-1B.1 2 1B 134 662.5-662.6 6.40 CE PNQ
Qnft.eu-2 A 8 2 A 148–151 753.6-759.8 9.00 Env1, CE BobWhite_c11479_157  [24]
Qnft.eu-2B 1 2B 32 18.9 1.00 Env2 PNQ
Qnft.eu-2B.1 1 2B 107 637.6 2.00 Env1 PNQ
Qnft.eu-2B.2 2 2B 142 759.8-765.3 7.00 CE PNQ
Qnft.eu-2D 1 2D 11 18.8 6.00 Env2 D_F1BEJMU01DOWJ3_176  [47]
Qnft.eu-2D.1 1 2D 80 607.4 4.00 Env1 PNQ
Qnft.eu-3 A 1 3 A 153 32.9 2.00 Env1 GENE-0826_51  [47]
Qnft.eu-3B 1 3B 56 60.9 2.00 Env1 PNQ
Qnft.eu-4B 2 4B 39–44 15.2–20.7 5.00 Env1, CE PNQ
Qnft.eu-5B 7 5B 60 482.4-484.7 4.00 Env2, CE PNQ
Qnft.eu-5B.1 2 5B 60 510.9 3.10 Env2, CE PNQ
Qnft.eu-5B.2 1 5B 76 539.1 4.00 CE PNQ
Qnft.eu-5B.3 1 5B 79 559.1 4.00 Env2, CE PNQ
Qnft.eu-5B.4 1 5B 71 705.4 4.00 Env1 PNQ
Qnft.eu-6 A 1 6 A 79 234.0 4.00 CE PNQ
Qnft.eu-6 A.1 2 6 A 79 249.1-252.8 3.30 CE PNQ
Qnft.eu-6 A.2 1 6 A 79 288.4 3.30 CE PNQ
Qnft.eu-6 A.3 2 6 A 79 320.4-322.1 3.30 CE PNQ
Qnft.eu-6 A.4 1 6 A 79 367.1 3.30 CE PNQ
Qnft.eu-6 A.5 1 6 A 79 381.0 3.30 CE PNQ
Qnft.eu-6 A.6 1 6 A 79 399.9 3.30 CE PNQ
Qnft.eu-6 A.7 1 6 A 80 454.6 4.00 CE PNQ
Qnft.eu-6B 4 6B 108–109 461.9–462.0 6.00 CE PNQ
Qnft.eu-6B.1 1 6B 110 609.5 3.00 CE PNQ
Qnft.eu-6B.2 21 6B 108–113 703.2–710.0 2.00 Env1, Env2, CE PNQ
Spike length (SL)
Qsl.eu-1 A 1 1 A 95 530.2 6.00 Env2, CE qSL1A.1  [45]
Qsl.eu-1 A.1 6 1 A 118 516.9 5.00 Env1, Env2, CE AX-94,725,964  [75]
Qsl.eu-1B 1 1B 158 487.2 5.00 Env1, Env2, CE PNQ
Qsl.eu-2 A 6 2 A 122–128 716.2-722.8 5.00 Env1, Env2, CE SL_AX-94,625,204  [75]
Qsl.eu-2B 3 2B 91–93 139.8–152.0 4.00 Env1, Env2, CE SL_Ra_c27275_627  [79]
Qsl.eu-2B.1 6 2B 93–96 164.0-174.0 3.00 Env1, Env2, CE wsnp_Ex_c62844_62315607  [79]
Qsl.eu-2B.2 2 2B 96 179.4-184.3 3.00 Env2, CE PNQ
Qsl.eu-2B.3 1 2B 97 202.7 3.00 Env1, CE PNQ

Table 3  Summary of QTLs with number of SNP(s) per QTL, chromosomal location, genetic position, phenotypic variation explained 
(PVE%), and environment, along with references to previously identified qtls/mtas in proximity
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QTL No. of 
SNP 
within 
QTL

Chr Genetic 
position 
(cM)

Physical 
position 
(Mb)

Average 
PVE (%)

Environment Previously identified QTL/MTAs or 
SNP on the same or nearby location

Refer-
ence

Qsl.eu-2B.4 1 2B 99 513.5 3.00 Env1, Env2, CE RFL_Contig4718_1269  [38]
Qsl.eu-2D 1 2D 80 122.3 1.00 Env1 PNQ
Qsl.eu-2D.1 12 2D 71–76 579.5-587.7 5.00 Env1, Env2, CE PNQ
Qsl.eu-2D.2 13.0 2D 71–80 590.0-597.0 3.00 Env1, CE PNQ
Qsl.eu-2D.3 6 2D 70–76 710.9-720.6 5.00 Env1, Env2, CE PNQ
Qsl.eu-2D.4 3.0 2D 71–76 726.0-729.3 5.00 Env1, Env2, CE PNQ
Qsl.eu-5B 1 5B 61 479.7 1.00 Env1, CE wsnp_Ex_rep_c69631_68583363  [38]
Qsl.eu-5B.1 2 5B 107 577.3 4.00 Env1, CE AX-108,931,712, QSL.ta.ipbb-5B  [52, 80]
Qsl.eu-6D 1 6D 82 95.7 4.00 Env1, Env2, CE PNQ
Qsl.eu-7 A 1 7 A 80 48.1 4.00 Env1, Env2, CE PNQ
Qsl.eu-7B 2 7B 83 599.4-605.5 5.00 Env1, Env2, CE PNQ
Qsl.eu-7B.1 1 7B 113 675.3 2.00 Env1 PNQ
Spiklets per spike (SPS)
Qsps.eu-1 A 1 1 A 71 261.7 5 Env1, CE PNQ
Qsps.eu-1 A.1 5 1 A 70–71 290.4-296.4 5 Env1, Env2, CE PNQ
Qsps.eu-1 A.2 1 1 A 71 325.0 5 Env1, CE PNQ
Qsps.eu-1 A.3 8 1 A 71 335.1-341.9 5 Env1, Env2, CE PNQ
Qsps.eu-1 A.4 21.0 1 A 70–71 348.9-396.5 5 Env1, Env2, CE PNQ
Qsps.eu-1 A.5 4.0 1 A 70–74 357.2-362.9 4 Env1, Env2, CE PNQ
Qsps.eu-1 A.6 13.0 1 A 70–71 364.0-370.1 5 Env1, Env2, CE PNQ
Qsps.eu-1 A.7 1.0 1 A 70 388.0 4 Env1, Env2, CE PNQ
Qsps.eu-2 A 1 2 A 142 608.8 2.00 Env1 PNQ
Qsps.eu-2B 4 2B 10–19 2.4–6.2 3.00 Env2, CE PNQ
Qsps.eu-2B.1 3.0 2B 38–42 25.0-25.2 4.00 Env2, CE PNQ
Qsps.eu-4 A 1 4 A 95 97.6 3.00 Env1, CE PNQ
Qsps.eu-4 A.1 1 4 A 95 537.7 3.00 Env1, Env2, CE PNQ
Qsps.eu-4 A.2 4 4 A 94–95 629.9-631.9 3.00 Env1, Env2, CE IAAV4112  [56]
Qsps.eu-4 A.3 1 4 A 95 678.3 3.00 Env1, CE PNQ
Qsps.eu-4B 1 4B 101 606.6 4.00 Env2 tplb0026o15_1634  [24]
Qsps.eu-4D 1 4D 9 1.9 3.00 Env2, CE PNQ
Qsps.eu-5B 9 5B 39 40.7–40.8 2.00 Env2, CE PNQ
Qsps.eu-5D 1 5D 80 390.3 4.00 Env2 PNQ
Qsps.eu-7D 1 7D 29 16.2 6.00 Env2 AX-111,622,533  [73]
Kernels per spike (KPS)
Qkps.eu-1 A 1 1 A 130 566.5 3.00 Env1, CE PNQ
Qkps.eu-2B 1 2B 99 412.7 1.00 Env1, Env2, CE PNQ
Qkps.eu-2B.1 1 2B 104 558.3 5.00 Env1, Env2, CE PNQ
Qkps.eu-3 A 8 3 A 88–90 556.0-562.3 2.00 Env2, CE QKNS.sicau-3AL.1  [76]
Qkps.eu-3B 1 3B 25 662.0 6.00 Env2 PNQ  [43]
Qkps.eu-4 A 1 4 A 66 605.7 8.00 Env1, Env2, CE PNQ
Qkps.eu-5 A 1 5 A 82 564.2 2.00 Env2 qGN5A.2  [45]
Qkps.eu-5B 1 5B 39 40.8 1.00 Env2 PNQ
Qkps.eu-6B 1 6B 56 134.6 3.00 Env1  PNQ
Qkps.eu-7B 1 7B 113 675.3 3.00 Env1, CE PNQ
Thousand kernel weight (TKW)
Qtkw.eu-1 A 1 1 A 70 254.4 4.00 Env1, Env2, CE ExcalibuR_c6255_1119  [44]
Qtkw.eu-1B 1 1B 158 673.7 5.00 Env1, Env2, CE qTGW1B.1  [45]
Qtkw.eu-2B 2 2B 144–145 775.8-777.1 5.00 Env1, Env2, CE RAC875_c10626_2089  [24]
Qtkw.eu-2D 2 2D 80–82 610.2-613.3 9.00 Env1, Env2, CE Ex_c10068_1509  [56]
Qtkw.eu-2D.1 3 2D 80 610.2-613.3 9.00 Env1, Env2, CE PNQ
Qtkw.eu-2D.2 1 2D 82 730.6 8.50 Env1 PNQ

Table 3  (continued) 
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eu-1  A.7 (1 SNP), Qsps.eu-2  A (1 SNP), Qsps.eu-2B (4 
SNPs), Qsps.eu-2B.1 (3 SNPs), Qsps.eu-4 A (1 SNP), Qsps.
eu-4 A.1 (1 SNP), Qsps.eu-4 A.2 (5 SNP), Qsps.eu-4 A.3 
(1 SNP), Qsps.eu-4B (1 SNP), Qsps.eu-4D (1 SNP), Qsps.
eu-5B (9 SNPs), Qsps.eu-5D (1 SNP), and Qsps.eu-7D (1 
SNPs) (Figs.  5 and 6, Fig. S2-S5, Table  3 and Table S4). 
The QTL QSps.eu-7D explained the most variation in 
traits at 6.0%, while the QTL QSps.eu-2B, explained the 
least at 1.0%. Among the 20 identified QTLs for this trait, 
17 were likely novel discoveries, potentially represent-
ing previously unrecognised genetic loci contributing to 
spikelet numbers per spike (Figs. 5 and 6, Fig. S2-S5, and 
Table S4).

Kernel per Spike (KPS)
In a comprehensive analysis, 17 SNPs displayed statisti-
cally significant associations with the KPS. These genetic 
markers were predominantly situated across various 
chromosomes, with notable concentrations on chromo-
some 3 A (8 SNPs) (Figs. 5 and 6, Fig. S2-S5, Table 3 and 
Table S5). These SNPs were linked to 11 different QTLs, 
named Qkps.eu-1 A (1 SNP), Qkps.eu-2B (1 SNP), Qkps.
eu-2B.1 (1 SNP), Qkps.eu-3  A (8 SNPs), Qkps.eu-3B (1 
SNP), Qkps.eu-4 A (1 SNP), Qkps.eu-5 A (1 SNP), Qkps.
eu-5B (1 SNP), Qkps.eu-6B (1 SNP), and Qkps.eu-7B (1 
SNP), all of which play a role in the genetics of KPS. One 

important QTL is QKps.eu-4 A, located at 605.7 Mb on 
chromosome 4  A, which explained the most variation 
in traits at 8.0%. In contrast, QKps.eu-1B, and QKps.
eu-5B showed the least variation at 1.0%. Conversely, 
QKps.eu-2B, and QKps.eu-5B demonstrated the lowest 
phenotypic variation at 1.0%. Interestingly, Eight of the 
identified QTLs for KPS appear to be potentially novel, 
suggesting a novel genetic architecture influencing this 
trait (Figs. 5 and 6, Fig. S2-S5, Table 3 and Table S5).

Thousand kernels weight (TKW)
Nineteen significant SNPs were significantly associ-
ated with TKW. These SNPs were spread out across the 
genome, with six linked to TGW on chromosome 2D, 
five on 7B, two each on 2B, and 4  A, and one each on 
1  A, 1B, 3  A, and 3B (Figs.  5 and 6, Fig. S2-S5, Table  3 
and Table S6). These 19 SNPs collectively contributed 
to the phenotypic variation in TKW, with the PVE rang-
ing from 1.0 to 10.0% (Table 3). Additionally, these SNPs 
underlie 12 QTLs, each associated with specific genomic 
positions. The QTL QTkw.eu-3B, found at 574.7  Mb on 
chromosome 3B, had the highest PVE (10.0%), while 
QTkw.eu-7B.1, located within the 739.4 to 740.1  Mb on 
chromosome 7B, had the lowest PVE at 1.0% (Table  3). 
Importantly, seven of the 12 identified QTLs, which are.

QTL No. of 
SNP 
within 
QTL

Chr Genetic 
position 
(cM)

Physical 
position 
(Mb)

Average 
PVE (%)

Environment Previously identified QTL/MTAs or 
SNP on the same or nearby location

Refer-
ence

Qtkw.eu-3 A 1 3 A 24 13.5 1.20 Env1, CE PNQ
Qtkw.eu-3B 1 3B 70 574.7 10.00 Env1, Env2, CE PNQ
Qtkw.eu-4 A 1 4 A 29 12.2 5.00 Env1, Env2, CE PNQ
Qtkw.eu-4 A.1 1 4 A 151 737.3 5.00 Env1, Env2, CE wsnp_Ra_c22775_32274079  [24, 75]
Qtkw.eu-7B 2 7B 67 134.5-136.6 1.00 Env2, CE AX-94,761,577
Qtkw.eu-7B.1 3 7B 164 739.3-740.1 1.10 Env1 PNQ
Harvest index (HI)
Qhi.eu-1 A 5 1 A 139–140 580.4-581.8 4.00 Env2, CE BobWhite_c12960_138  [24]
Qhi.eu-1B 1 1B 39 15.3 3.00 Env2 PNQ
Qhi.eu-1B.1 1 1B 63 255.7 3.00 Env2 PNQ
Qhi.eu-1D 1 1D 32 10.7 2.00 Env1, CE PNQ
Qhi.eu-2B 1 2B 93 155.0 3.00 Env2 wsnp_Ex_c30_66389  [24]
Qhi.eu-2B.1 2 2B 99 244.5-251.8 3.00 Env1, Env2, CE PNQ
Qhi.eu-2B.2 1 2B 99 298.8 3.00 Env1, Env2, CE PNQ
Qhi.eu-2B.3 5 2B 99 438.9-439.8 3.00 Env1, Env2, CE PNQ
Qhi.eu-2D 2 2D 80–86 608.7-612.5 5.00 Env2 RAC875_c5673_1209  [24]
Qhi.eu-3 A 4 3 A 55–61 36.4–38.0 3.00 Env1, Env2, CE PNQ
Qhi.eu-4D 1 4D 69 38.3 5.00 Env2 PNQ
Qhi.eu-4D.1 1 4D 101 659.9 1.00 Env2 PNQ
Qhi.eu-5D 1 5D 204 694.2 1.00 Env1, Env2, CE PNQ
Qhi.eu-7 A 2 7 A 126 132.5 3.00 Env2 PNQ
Chr = Chromosome; PNQ = potentially novel QTL

Table 3  (continued) 



Page 12 of 19Thakur et al. BMC Plant Biology         (2025) 25:1499 

Qtkw.eu-2D, Qtkw.eu-2D.2, Qtkw.eu-3  A, Qtkw.eu-3B, 
Qtkw.eu-4 A, and Qtkw.eu-4 A.1 and Qtkw.eu-7B.1) were 
not found in earlier studies, indicating that they may be 
new discoveries.

Harvest index (HI)
A total of 28 important SNPs were linked to HI, showing 
a wide spread across different chromosomes, especially 
on chromosomes 2B (9 SNPs), 1 A (5 SNPs), and 3 A (4 
SNPs) (Table  3, and Table S7). These SNPs collectively 
contributed to the identification of 14 QTLs. The QTLs 
QHi.eu-1  A and QHi.eu-2B.3 emerged as particularly 
noteworthy, being associated with the maximum num-
ber of SNPs (each 5), while QHi.eu-3 A followed closely 
with four associated SNPs. The PVE reached its highest 
at 5.0%, and was linked to the QTLs QHi.eu-2D, and QHi.
eu-4D, reflecting their substantial influence on the trait 
(Table 3). Conversely, the QTL QHi.eu-4D.1 exhibited the 
lowest PVE at 1.0%. Of particular interest is the potential 
novelty of the identified QTLs for HI, as 11 out of the 14 
do not align with any previously reported QTLs or MTAs 
associated with the same trait in wheat (Figs.  5 and 6, 
Fig. S2-S5, Table 3 and Table S7). This suggests that these 
QTLs may represent potentially novel genetic loci gov-
erning HI in wheat.

Traits having common associations
The dataset revealed associations between traits, the 
number of shared SNPs, and the corresponding environ-
ments (Table S8). A single SNP (Kukri_c36783_91) was 
identified for HI in Env2, and CE and for SL in Env1, and 
Env2. Another SNP (Excalibur_c18353_55) was detected 
in environments Env2, and CE for HI, and Env1, and 
Env2 for PH. A common SNP (Kukri_c11141_203) was 
found in CE, and Env2 for KPS, and Env1 for SL. Simi-
larly, a shared SNP (Excalibur_rep_c108100_149) was 
identified in Env2 for KPS, and CE, and Env2 for SPS. 
A common SNP (wsnp_Ex_c59095_60108118) was 
detected in CE, and Env1 for PH, and CE, and Env2 for 
SL. Lastly, a single SNP (TA001163-0861) was shared in 
CE, and Env1 for SL, and CE, and Env1 for TKW (Table 
S8). These connections, and shared SNPs help us under-
stand how the specific traits are related to each other in 
different environments, which adds to our knowledge of 
the genetic structure in the population we studied.

Discussion
Any crop improvement programme requires the evalu-
ation and characterisation of yield-contributing traits. 
Evaluation and characterisation lead to the identification 
of superior genotypes, which provide breeders with the 
most vital input for successful crop breeding. The study 
revealed that the wheat germplasm exhibits a higher 
degree of variation for economically significant traits like 

PH, NFT, SL, SPS, KPS, TKW, and HI. Breeders detect, 
and use new genes, and QTLs that control these essential 
traits. However, a limited number of studies were con-
ducted on wheat on this subject [52, 54–56]. The analy-
sis of agronomic traits involved data from two separate 
years, as well as a combined dataset, to pinpoint QTLs. 
We recognise the significance of broader environmental 
representation; however, our GWAS concentrated on 
replicated phenotypic data from these two specific envi-
ronments. This method enabled us to focus on and pin-
point stable QTL by taking into account only those loci 
that were consistently observed in both environments. 
We agree that including phenotypic data from various 
environments in future studies would greatly strengthen 
the robustness and validation of the identified QTL, and 
we intend to pursue that goal in subsequent research. 
This methodology is consistent with earlier investiga-
tions, including those by Malik et al. [48], which simi-
larly documented noteworthy findings using two years of 
agronomic data.

The broad-sense heritability of the agronomic trait in 
this study ranged from 53 to 81% across the environment. 
The heritability range suggests a significant influence of 
genetics on these traits, which makes them suitable for a 
breeding program. Although the environment contrib-
utes to a certain extent (4.8–20.1% CV), it is essential to 
consider both genetic, and environmental factors to max-
imise crop performance (Table  1) [57–59].During the 
Env × Gen interaction, we have found a significant envi-
ronment interaction with SPS and KPS that show a sig-
nificant interaction between environment and genotypes, 
meaning that the QTLs influencing these traits are not 
consistent. To identify broadly adapted QTLs or account 
for environmental specificity, targeted breeding strategies 
are required. However, the lack of significant interaction 
for PH, NFT, SL, TKW, and HI suggests that the QTLs 
for these traits are more stable, meaning they perform 
reliably across different conditions.

This study utilised a p value < 0.001 as a stringent crite-
rion. Nevertheless, several other GWAS studies related to 
agronomic traits in wheats also used the same criterion 
for identifying significant MTAs to avoid the risk of false 
negatives [6, 40, 60–62].

In wheat, the majority of genome-wide association 
studies focusing on agronomic and grain yield traits uti-
lise SLM for analysis [63]. Nonetheless, there is a pos-
sibility that SLM may not identify all MTAs [17]. To 
address this limitation, the sophisticated multilocus 
GWAS method known as “FarmCPU” (fixed and ran-
dom model circulating probability unification) has been 
established [17]. In this study, we utilised FarmCPU due 
to its superior statistical power and enhanced compu-
tational efficiency compared to other existing methods 
for GWAS analysis, including EMMA, EMMAX, and 
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GEMMA. FarmCPU addresses confounding issues that 
emerge from population structure, kinship, and the need 
for multiple testing correction [17, 42, 48, 64–66]. The 
analysis employs a fixed-effect model (FEM) alongside 
a test marker that incorporates pseudo QTNs as covari-
ates, as well as a random effect model (REM). The tests 
iteratively estimate pseudo QTNs [17]. In the FarmCPU 
model, PCA is treated as a fixed effect, while kinship 
is considered a random effect [17, 21]. Model overfit-
ting is mitigated through the estimation of kinship [66]. 
Furthermore, Q-Q plots validated the appropriateness 
of the multi-locus association model employed in this 
investigation.

False positives are a common limitation of GWAS, 
which require strict statistical thresholds because of the 
large number of comparisons. Genetic variations within 
populations can result in erroneous associations and 
skewed effect size estimates, which is a major concern 
with regard to population structure [10, 67, 68]. Although 
techniques MLMs [11] and principal PCA [69] are fre-
quently employed to account for these biases, they might 
not always fully eliminate the problem, particularly when 
dealing with intricate population histories [70]. Inaccu-
rate genotype calls can also increase the false-positive 
rate, especially for rare variants [71]. These elements 
emphasise the necessity of rigorous analytical methods 
like false discovery rate (FDR) [72] and cautious interpre-
tation in GWAS.

In this study, we found 214 QTLs, which include 300 
SNPs linked to traits that affect crop yield, and these were 
consistently identified in different environments. These 
QTLs were distributed across all chromosomes except 
for chromosome 3D. However, it’s noteworthy that QTLs 
affecting agronomic traits have been reported on chro-
mosome 3D in previous studies [40, 73]. The reason may 
be that chromosome 3D contains a lower marker density, 
and there was no separation for trait differences related 
to that chromosome, or the influence of a locus was too 
small to get detected [74]. We discuss in detail the stable 
loci identified across both environments, and combined 
data.A total of 11 QTLs were identified for PH, with 
five of them (QPh.eu-1D, QPh.eu-2  A, QPh.eu-2D, QPh.
eu-3B.1, and QPh.eu-6B) having been previously docu-
mented in the literature. The QTL QPh.eu-1D discov-
ered in our investigation was located at 12.5 Mb, which 
closely corresponds to a MTA (AX-94418622) reported 
at 16.4 Mb in a previous genome-wide association analy-
sis conducted by Amalova et al. [75].

In the current study, the position of a QTL (QPh.
eu-2  A) at 716.4  Mb was very close to the MTA QSl.
sicau-1 A (715.3–721.6 Mb) [3]. Another QTL (qPH2A.2), 
which was found at the location of 720.3–720.5  Mb by 
the Pang et al. [45]. Alemu et al. [44]found a MTA (PH_
KukRi_c205_223) at a position of 77 cM that was similar 

to the QPh.eu-2D region, which spans a genetic distance 
of 77–82  cM. Additionally, Zhang et al. [76] reported a 
previously found QTL (QPH.sicau-3BL.1) at location 
787.8 Mb, nearby the QPh.eu-3B.1 (278.3 Mb). The QTL 
QPh.eu-6B, which we identified at 113 cM and 611.6 Mb 
in our analysis, appears to be a potentially important 
genetic location. Other studies have found qPH6B.3 at 
620.9-621.3 [45], and MTA Kukri_rep_c106092_300 at 
113.7 cM [77, 78], which are near our QTL. The results 
show the importance of QPh.eu-6B in the genetic control 
of plant height.

Among the 28 QTLs identified for NFT, four had been 
previously reported near the same location. The QNft.
eu-1B was found at 476.2  Mb, close to another MTA 
(GENE-0035_150) located at 465.5 Mb [47]. The QTL 
Qnft.eu-2  A is found on the chromosome 2  A between 
753.6 and 759.8  Mb, just nearby the location of MTA 
(BobWhite_c11479_157; 764.0  Mb) found in the other 
study [24]. A QTL (Qnft.eu-2D) was located on chro-
mosome 2D at 18.8 Mb, right next to another MTA (D_
F1BEJMU01DOWJ3_176; 13.8  Mb) found in an earlier 
study [47]. Another QTL (QNft.eu-3 A; 32.9 Mb) showed 
similarity with an MTA (GENE-0826_51) present at 32.1 
Mb [47].

SL identified a total of 20 QTLs, with eight of them 
(QSl.eu-1  A, QSl.eu-1  A.1, QSl.eu-2  A, QSl.eu-2B, QSl.
eu-2B.1, QSl.eu-2B.4, QSl.eu-5B, and QSl.eu-5B.1) found 
close to where some genetic markers were already known, 
while the other 12 QTLs might be new discoveries. QSl.
eu-1 A was present at 530.2 Mb and was located nearby 
the location of QTL (qSL1A.1) at 531.6-532.1 Mb [45]. 
QSl.eu-1 A.1 has been found at the position of 516.9 Mb, 
just beside the position of MTA (AX-94725964) found in 
the previous study at 517.5 Mb [47]. Also, a QTL (QSl.
eu-2  A) spans the area from 716.5 to 722.8  Mb and is 
close to another MTA (AX-94625204) that was found 
earlier at 722.3 Mb [75]. Moreover, QSl.eu-2B (91 to 
93 cM) and QSl.eu-2B (93 to 96 cM) overlap with MTAs 
(Ra_c27275_627 and wsnp_Ex_c62844_62315607) that 
were previously identified at 89  cM and 94  cM respec-
tively [79]. Another QTL (Qsl.eu-2B.4) from the present 
study has also been identified at 99 cM on chromosome 
2B. This concurrence was also found with the [RFL_Con-
tig4718_1269] identified by Ma et al. [38] at 103 cM. The 
QSl.eu-5B locus, located at 61 cM, was close to a previ-
ously identified MTA (wsnp_Ex_rep_c69631_68583363) 
at 56.6 cM [38]. In addition, there was an overlap between 
QSl.eu-5B.1 at 107 cM with previously identified QTLs at 
87 cm and 107 cM in two different studies [52, 80].

Our study has shown a total of 20 QTLs linked to SPS, 
indicating the complex genetic nature of this trait. For 
SPS, the present investigation identified the three QTLs 
(Qsps.eu-4  A.2, Qsps.eu-4B, and Qsps.eu-7D), and their 
positions have been previously reported. Qsps.eu-4  A.2 
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was found in this study at 629.9 to 631.9  Mb which is 
very close to the location of a previously found MTA 
(IAAV4112) at 620 Mb [56]. The QTL Qsps.eu-4B is 
located at 606.6 Mb, near the position of the previously 
identified MTA (tplb0026o15_1634) at 600.0 Mb [24]. 
Another QTL (QSps.eu-7D) is located at 16.2  Mb, and 
near the location of previously identified QTL at 21.0 Mb 
[73].

A total of 11 QTLs were associated with KPS. Out of 
these, only two QTLs—Qps.eu-3  A, and QKps.eu-5  A, 
were found near other QTLs that had been identified 
before. We have found a QTL (QKps.eu-3 A) at the posi-
tion of 557.4 cM, and it was very close to the position of 
another QTL (QKNS.sicau-3AL.1b) at a position of 551.7 
Mb [76]. The QTL Qkps.eu-5 A was located at the posi-
tion of 564.2 Mb in our study, corresponding to a physical 
location of 564.1 MB. These results share the locations of 
other QTL (qGN5A.2) found by other workers within the 
interval of 555.5 to 556.6 Mb [45].

We have also identified 12 QTLs for TKW. The loca-
tions of five QTLs (Qtkw.eu-1 A, Qtkw.eu-1B, Qtkw.eu-2B, 
Qtkw.eu-2D.1, and Qtkw.eu-7B) were identified by other 
researchers in previous studies. The Qtkw.eu-1 A found 
in the present study is located at the nearby genetic posi-
tion (70 cM) of the QTL found in the previous study [44]. 
The QTL Qtkw.eu-1B was located at 673.7 Mb, which was 
nearby the location of the QTL (qTGW1B.1) identified by 
Pang et al. [45] within the interval of 667.9 to 668.1 Mb. 
Another QTL (Qtkw.eu-2B) was located between the 
intervals of 775.8 and 777.1 Mb, which is where the QTLs 
identified by some other workers were at 778.1 [24]. Safa-
dar et al. [24] found an MTA (RAC875_c10626_2089) 
at 778.6 Mb on chromosome 2B. The present investiga-
tion found a QTL (Qtkw.eu-2B) that was located in the 
interval of 775.8 to 777.1 Mb, which coincided with this 
particular region. The present investigation found Qtkw.
eu-2D within the interval of 610.2-613.3 Mb, which coin-
cided with the MTA (Ex_c10068_1509; 619  Mb) found 
in the earlier study [56]. Qtkw.eu-7B was located in the 
interval of 134.5 to 136.6  Mb, whereas Amalova et al. 
[75] found a comparable MTA (AX-94761577) nearby 
at 133.4 Mb. These findings provide important informa-
tion about how TKW is controlled by genetics, showing 
that they match and align with earlier studies on similar 
QTLs.

We also found 14 QTLs for HI, of which three were 
previously reported by other workers. The QTL Qhi.
eu-1  A is found at 580.4  Mb, and a previous study also 
identified an MTA (BobWhite_c12960_138) for the same 
trait in wheat at 584.7 Mb. Another QTL (Qhi.eu-2B) is 
located at 155.0 Mb on chromosome 2B, close to a pre-
viously found one (wsnp_Ex_c30_66389) at 157.7 Mb on 
the same chromosome [24]. Another QTL (Qhi.eu-2D) 
from this study was found between 608.7 and 612.5 Mb, 

which is right next to the MTA (RAC875_c5673_1209; 
605.8 Mb) discovered in the earlier study. The remaining 
QTLs identified in this study are potentially novel, and 
to validate the novelty, fine-mapping, cloning, and trans-
genic studies are also required.

The dataset al.so shows that some SNPs are found in 
multiple traits, which could mean that one gene affects 
many traits (pleiotropy) or that nearby genes are passed 
down together (LD) [81]. Understanding the genetic 
underpinnings of trait associations requires being able 
to distinguish between these two mechanisms. The ² sta-
tistic can be used to measure the strength of LD; higher 
values indicate a stronger association between SNPs 
[81]. For example, depending on allele frequency match-
ing and genetic distance, ² values between SNPs can 
vary from low to very high, usually decaying at distances 
greater than 200 kb [81]. The dataset included a number 
of shared SNPs, such as Kukri_c36783_91, linked to HI 
and SL in various contexts. These shared genetic mark-
ers help us better understand how traits are related in 
the population we are studying, either by directly affect-
ing different traits or being near other important genetic 
variants due to linkage LD. Each shared SNP requires 
further investigation to distinguish between pleiotropy 
and LD.

In the present study, we also examined the existence 
of significant genes affecting essential agronomic traits, 
including Rht genes for reduced height, Ppd genes for 
photoperiod sensitivity, Vrn genes for vernalisation 
requirements, and yield components such as TaGW2 
and TaGS5, within the panel. However, when we looked 
at our 90 K SNP dataset, we found that these important 
genes were either not included in the available SNPs or 
showed no genetic differences in this specific group. The 
lack of representation or polymorphism is likely due to 
intrinsic limitations in the SNP array design or possibly 
to little genetic variation at these specific loci within the 
germplasm of the WAMI panel.

Conclusion
The goal of this study was to identify grain yield increas-
ing loci in wheat. For this purpose, we used the GWAS to 
analyse seven agronomic traits, utilising a diverse panel 
of 286 genotypes from International Maize and Wheat 
Improvement Center (CIMMYT), Mexico. The study 
indicated that the WAMI panel had an even distribu-
tion of allele frequencies, and not much genetic stratifi-
cation. Finding 300 SNPs at 114 loci, the study mapped 
genetic loci that affect the agronomic, and yield-related 
traits. QTLs that demonstrated consistent effects across 
environments could serve as a suitable target for future 
fine-mapping, and MAS. The consistency of the iden-
tified loci/markers with previously published findings 
confirms the strength, and reliability of the results in this 
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investigation. However, it is recognised that additional 
trials are needed to validate the identified QTLs.

Methods
Plant materials
The Wheat Association Mapping Initiative (WAMI) 
panel, comprised of 286 genetically diverse, and advanced 
wheat lines, was used for the GWAS [82]. The seed of the 
WAMI panel was obtained from the CIMMYT via the 
International Wheat Improvement Network (IWIN). 
This panel contains 228 advanced or improved cultivars, 
55 breeding lines, and three genetic stocks. All the gen-
otypes were collected by CIMMYT from Mexico (267), 
India (6), and Nepal (4); two each from Afghanistan, Pak-
istan, and Bolivia; and one each from Chile, Brazil, and 
Algeria (​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​8​7​3​​0​/​​B​H​9​P​T).

Field trials and trait evaluation
The panel was planted at the Agriculture Research Farm 
(30.75° N, 77.30° E), Eternal University, Baru Sahib, Him-
achal Pradesh (India), during the 2021–2022, and 2022–
2023 wheat-growing seasons. Individual accessions were 
placed 5  cm apart in a single 2-metre-long row with a 
25  cm row-to-row distance. The experiments were rep-
licated twice using a randomised block design, and each 
replicate was randomly assigned using the Fisher and 
Yates technique [83]. The temperature during the sow-
ing of experimental material was ~ 10 °C and during har-
vesting was ~ 35 °C in both years. The texture of soil was 
sandy loam with pH 7. The standard rates of the fertil-
isers were 40 kg K₂O, 60 kg P₂O₅, and 120 kg N. Except 
for N, which was applied in three doses—50% at sowing, 
25% during the first irrigation (21 days after sowing), and 
the remaining 25% during the second irrigation (45 days 
after sowing), all fertilisers were applied at sowing time. 
Normal irrigation was also applied during all the stages 
of experimental material using the sprinkler method. All 
seven agronomic traits were measured when the plants 
were fully mature in both environments, and then the 
average values were calculated using the data from both 
places. The PH of ten identical plants, measured from the 
soil’s surface to the tips of their spikes (awns excluded), 
was averaged. Ten randomly chosen plants were used to 
determine NFT. SPS was calculated as the average of ten 
separate plants [84]. The measures of the ten primary til-
ler spikes were SL, KPS, and TKW. We calculated the HI 
for each genotype separately by dividing the grain yield 
by the aboveground biomass, and multiplying the result 
by 100 after the harvesting. The details of phenotypic 
data is given in Table S9.

Phenotypic data analysis
The best linear unbiased prediction (BLUP) values were 
derived using the R’s lme4 package [85], from the data 

of the 2021–2022 (Env1), and 2022–2023 (Env2) wheat-
growing seasons along with the combined data of both 
years (CE). Using the restricted maximum likelihood 
(REML) method, which is integrated into META-R soft-
ware v6.0.4, variance components over environments 
were estimated by considering genotypes, environments, 
and replication as random effects [86]. The Agricolae 
(version 1.2–4) package was used to analyse the descrip-
tive statistics. We used the web programme SRPLOT (​
h​t​t​p​​:​/​/​​w​w​w​.​​b​i​​o​i​n​​f​o​r​​m​a​t​i​​c​s​​.​c​o​m​.​c​n​/​s​r​p​l​o​t; accessed: 
December 2, 2023) [87] to draw correlation plots. The 
raincloud diagram was developed with the same pro-
gram. The phenotypic data of seven agronomic traits was 
used in this work to calculate PCA based on covariance 
in the context of an eigenvalue decomposition (EVD) [88, 
89], and a PCA graph was developed using the web tool 
Statistics Kingdom (​h​t​t​p​​s​:​/​​/​w​w​w​​.​s​​t​a​t​​s​k​i​​n​g​d​o​​m​.​​c​o​m​​/​p​c​​a​-​
c​a​​l​c​​u​l​a​t​o​r​.​h​t​m​l).

SNP genotyping
A dataset consisting of 20,996 high-quality SNPs was uti-
lised for GWAS. We obtained this dataset from the CIM-
MYT Mexico website (accessible on March 17, 2024; ​h​t​
t​p​​s​:​/​​/​d​a​t​​a​.​​c​i​m​​m​y​t​​.​o​r​g​​/​d​​a​t​a​​s​e​t​​.​x​h​t​​m​l​​?​p​e​​r​s​i​​s​t​e​n​​t​I​​d​=​h​d​l​:​1​1​
5​2​9​/​1​0​7​1​4). Genotyping of plant material, and data pro-
cessing were performed as described previously [90]. In 
simple terms, genotyping was conducted with the Illu-
mina 90 K Infinium iSelect assay at the USDA-ARS Small 
Grain Genotyping Centre in Fargo. A total of 26,814 
bi-allelic SNPs were found using the standard grouping 
method built into Genome Studio v2011.1. To maintain 
data quality criteria, Monomorphic SNPs, low-quality, or 
had a minor allele frequency (MAF) less than 0.05 were 
eliminated. Following a thorough screening process, 
20,996 polymorphic SNPs were selected, and utilised to 
perform the GWAS analysis.

Population structure, kinship matrix and principal 
components analyses
PCA was conducted on 20,996 high-quality SNP mark-
ers using R software (version 4.0.3) [R Core Team, 2013]. 
The Bayesian information criterion (BIC) was employed 
to identify the optimal number of PCs for further anal-
ysis [19, 91]. A scatter plot depicting the first three PCs 
was generated to illustrate the distribution of genotypes 
across the population. Additionally, a kinship matrix was 
calculated using R software (version 4.0.3) as done pre-
viously [92, 93]. Hierarchical cluster analysis was con-
ducted using dissimilarity values, and the “ward.D2” 
method within the “hclust,” as previously performed [94].

Genome-wide association analyses
Using a sliding window size of 100, the Trait Analysis by 
Association, Evolution, and Linkage (TASSEL) software 

https://doi.org/10.18730/BH9PT
http://www.bioinformatics.com.cn/srplot
http://www.bioinformatics.com.cn/srplot
https://www.statskingdom.com/pca-calculator.html
https://www.statskingdom.com/pca-calculator.html
https://data.cimmyt.org/dataset.xhtml?persistentId=hdl:11529/10714
https://data.cimmyt.org/dataset.xhtml?persistentId=hdl:11529/10714
https://data.cimmyt.org/dataset.xhtml?persistentId=hdl:11529/10714
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version 5.2.91 [95] was used to find the r² between SNP 
markers. R² values were then plotted against physical dis-
tance in base pair (bp) to evaluate the linkage disequilib-
rium (LD) between locations. The LD decay curve was 
created for the entire genome using a smoothing spline 
regression line, based on the method explained by Hill 
and Weir [96], and carried out in the R environment with 
a script that Marroni et al. [97] had used before. To iden-
tify connections between markers, and traits (MTAs), 
a method called FarmCPU was used [17]. To increase 
association mapping accuracy, FarmCPU incorporates 
both random, and fixed effects. In a two-step process, 
the population structure is first controlled using the fixed 
effect model, and relatedness between individuals is fur-
ther accounted for using the random effect model. Sta-
tistically significant MTAs were detected using p < 0.001 
(–log10(P) > 3.0) [98].
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