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Abstract 

Background  Wheat (Triticum aestivum L.), a globally significant cereal crop and staple food, faces major production chal-
lenges due to abiotic stresses such as heat stress (HS), which pose a threat to global food security. To address this, a diverse 
panel of 126 wheat genotypes, primarily landraces, was evaluated across twelve environments in India, comprising 
of three locations, two years and two growing conditions. The study aimed to identify genetic markers associated with key 
agronomic traits in bread wheat, including germination percentage (GERM_PCT), ground cover (GC), days to booting 
(DTB), days to heading (DTHD), days to flowering (DTFL), days to maturity (DTMT), plant height (PH), grain yield (GYLD), 
thousand grain weight (TGW), and the normalized difference vegetation index (NDVI) under both timely and late-sown 
conditions using 35 K SNP genotyping assays. Multi-locus GWAS (ML-GWAS) was employed to detect significant marker-
trait associations, and the identified markers were further validated using Kompetitive Allele Specific PCR (KASP).

Results  Six ML-GWAS models were employed for this purpose, leading to the identification of 42 highly significant 
and consistent quantitative trait nucleotides (QTNs) under both timely and late sown conditions, controlled by 20 
SNPs, explaining 3–58% of the total phenotypic variation. Among these, noteworthy QTNs were a major grain yield 
QTN (qtn_nbpgr_GYLD_3B) on chromosome 3B, a pleiotropic SNP AX-95018072 on chromosome 7A influencing 
phenology and NDVI, and robust TGW QTNs on chromosomes 2B (qtn_nbpgr_TGW_2B), 1A (qtn_nbpgr_TGW_1A), 
and 4B (qtn_nbpgr_TGW_4B). Furthermore, annotation revealed that candidate genes near these QTNs encoded 
stress-responsive proteins, such as chaperonins, glycosyl hydrolases, and signaling molecules. Additionally, three 
major SNPs AX-95018072 (7A), AX-94946941 (6B), and AX-95232570 (1B) were successfully validated using KASP assay.

Conclusion  Our study effectively uncovered novel QTNs and candidate genes linked to heat tolerance and yield-
related traits in wheat through an extensive genetic approaches. These QTNs not only corresponded with previ-
ously identified QTLs and genes associated with yield traits but also highlighted several new loci, broadening 
the existing genetic understanding. These findings provide valuable insights into the genetic basis of heat tolerance 
in wheat and offer genomic resources, including validated markers that could accelerate marker-assisted breeding 
and the development of next-generation heat-resilient cultivars.
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Introduction
Wheat (Triticum aestivum L.) is one of the most widely 
cultivated cereal crops globally, serving as a staple source 
of food for the majority of the world’s population. It 
accounts for approximately 20% of the total dietary calo-
ries and protein consumed worldwide [1]. However, the 
increasing prevalence of abiotic stresses, particularly heat 
stress, poses a significant threat to wheat production and 
global food security. Heat stress can adversely impact 
various growth stages of wheat, leading to reduced grain 
yield, quality, and economic returns [2, 3]. This challenge 
is further exacerbated by the effects of climate change, 
which is projected to intensify the frequency and sever-
ity of heat stress events in many wheat-growing regions 
worldwide [4–7]. Climate models predict a potential rise 
in average ambient temperature beyond 1.5 °C by the end 
of the twenty-first century (IPCC report 2022). Wheat 
thrives best when temperatures during the flowering 
(anthesis) and grain-filling stages remains within the opti-
mal range of 12–22 °C. Exposure to temperatures outside 
this range can significantly reduce grain quality and yield 
[3, 8–11]. Terminal heat stress, occurring when the mean 
temperature during grain filling exceeds 31  °C, can lead 
to yield reductions of approximately 3–4% for each 1 °C 
increase above 28  °C [12, 13]. The impact of heat stress 
on wheat is multifaceted, affecting various physiologi-
cal and biochemical processes. During the reproductive 
and grain-filling stages, heat stress can cause severe yield 
reductions by hampering pollen viability, fertilization, 
and grain development [2, 14, 15]. High temperatures 
can also accelerate phenological development, leading 
to a shorter grain-filling period and ultimately reducing 
grain weight and yield [16, 17]. Additionally, heat stress 
can disrupt photosynthesis, alter membrane stability, 
and induce oxidative stress, further compromising plant 
growth and productivity [18, 19].

Developing heat-tolerant wheat varieties is an impor-
tant strategy for mitigating the detrimental effects of 
heat stress and ensuring sustainable wheat production 
to meet the ever increasing global food demand [16, 20, 
21,  22]. Genetic improvement through marker-assisted 
breeding and the exploitation of genetic diversity pre-
sent in wheat germplasm collections offer promising 
avenues for enhancing heat tolerance [23, 24]. With the 
advent of next-generation sequencing, advanced geno-
typing techniques like genotyping by sequencing (GBS) 
[25], high-throughput phenotyping [26], and advanced 
bioinformatics tools and packages [27], identifying and 
mapping genetic resources to specific traits of interest in 
various crops has become feasible.

Genome-wide association studies (GWAS) have 
become a powerful tool for dissecting complex traits and 
identifying quantitative trait nucleotides (QTNs) across 

various crop species, including wheat [28–33]. GWAS 
leverages linkage disequilibrium (LD) within diverse 
germplasm collections to pinpoint genetic markers 
linked to traits of interest [34–36]. Single-locus GWAS 
(SL-GWAS) methods detect single-marker associa-
tions but often miss important loci with smaller effects, 
despite corrections like the Bonferroni adjustment [37]. 
To overcome these limitations, multi-locus GWAS (ML-
GWAS) models, such as mrMLM, FASTmrMLM, FAST-
mrEMMA, pKWmEB, pLARmEB, and ISIS EMBLASSO 
have been developed [38–43]. These models consider the 
combined effects of multiple loci, offering higher statisti-
cal power and lower false-positive rates. Recent Studies 
have demonstrated that ML-GWAS improves the detec-
tion of marker-trait associations (MTAs) and provides 
greater insights into the genetic basis of complex traits 
compared to traditional SL-GWAS methods [44–48].

The identification of genomic regions associated with 
terminal heat tolerance using the LD mapping approach 
remains crucial, particularly when examining naturally 
occurring variations in landraces and locally adapted 
wheat cultivars. This necessity arises from the highly 
complex nature of heat tolerance, where QTNs identi-
fied for specific locations or environments may not be 
universally applicable across different environments [49]. 
In other words, the genetic markers associated with heat 
tolerance in one environment or region may not confer 
the same level of tolerance in another environment due 
to the intricate interplay between genotype and environ-
mental factors.

The validation of identified QTNs and associated 
markers is a critical step in confirming their utility for 
marker-assisted selection and breeding applications. 
Marker validation ensures the reliability and robust-
ness of the identified associations and assesses their 
transferability across different genetic backgrounds and 
environments. The KASP marker system has emerged 
as a cost-effective and flexible genotyping platform 
for marker validation and application in breeding pro-
grams [50–53]. KASP markers use allele-specific oligo 
extension and fluorescence resonance energy transfer 
(FRET) for signal generation, allowing for accurate and 
high-throughput genotyping [54]. The KASP approach 
has been successfully employed for marker validation 
and marker-assisted selection in various crop species, 
including wheat [50, 53, 55–58].

This study was conducted with the aim of mapping and 
validating genomic regions and QTNs associated with 
yield-related traits in wheat under both timely and late-
sown conditions, which subject the crop to heat stress. 
A diverse panel of wheat genotypes, primarily from 
Indian wheat germplasm, was utilized. Identifying these 
genomic regions is crucial, as they offer potential targets 
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for breeders working to develop heat-tolerant wheat 
lines. As climate change leads to more frequent and 
intense heat stress events, the development of heat-resil-
ient wheat varieties becomes increasingly important for 
sustaining production and ensuring global food security.

Materials and methods
Germplasm and phenotyping
Out of the 600 wheat germplasm lines evaluated for 
yield related traits, 126 diverse genotypes were selected 
for phenotypic assessment on the basis of their superior 
agronomic performance. The association panel mainly 
consists of landraces and exotic collections identified at 
the ICAR-National Bureau of Plant Genetic Resources 
(ICAR-NBPGR), New Delhi (Table S1). Phenotypic eval-
uation was conducted across multiple locations managed 
by the Borlaug Institute for South Asia (BISA) in India, 
including the BISA farm at Pusa, Bihar (25.9599ON, 
85.6696OE, North East Plain Zones, NEPZ), BISA farm 
at Jabalpur, Madhya Pradesh (23.2241ON, 80.0709OE, 
Central Zone, CZ), and BISA farm at Ludhiana, Punjab 
(31.267ON, 75.7686OE, North West Plain Zones, NWPZ). 
The trials spanned two consecutive crop seasons, 2020–
2021 & 2021–2022, with each season comprising two 
sowing regimes: normal sowing in mid-November under 
non-stress conditions, and late sowing in mid-December 
to induce heat stress. Overall, the evaluation covered 
twelve different environments, incorporating all combi-
nations of growing conditions, locations, and years.

The evaluation of selected genotypes for heat tolerance 
was conducted based on the first and second year trial 
results across all environments. The experimental design 
implemented an alpha lattice arrangement, with each 
plot measuring 3.024 square meters (2.8  m × 1.08  m). 
Each plot consisted of six rows with a row-row spacing 
of 18  cm. Five check varieties, namely RAJ3765 (CK1), 
DBW107 (CK2), DBW71 (CK3), HD2932 (CK4), and 
PBW771 (CK5), were utilized throughout the experi-
ment. Maximum and minimum temperatures were 
recorded at various wheat growth stages under both sow-
ing regimes. Standard agronomic practices were adhered 
to throughout the crop season. Disease management 
included two applications of the systemic fungicide Tilt 
(Propiconazole 25% EC), administered at 40–45 days and 
70–75  days after sowing. Harvesting was carried out in 
the first week of April for the normal sown crop and in 
the first week of May to the second week of May, depend-
ing on crop maturity and environmental conditions for 
the late-sown crop. Threshing was performed mechani-
cally to separate seeds from the plants. These proce-
dures were consistently applied across both crop seasons 
(2020–2021 and 2021–2022). For field data recording, 
the following instruments were utilized: (i) MultispeQ 

v2.0 for measuring agronomical, phenological, and yield 
component traits, (ii) Infrared thermometer for canopy 
temperature measurement, (iii) GreenSeeker crop sen-
sor for ground cover assessment, and (iv) electronic 
balance for weighing grains. A total of 3024 samples 
(126 genotypes × 2 replications × 2 conditions × 3 loca-
tions × 2 years) were collected for the final evaluation.

Data collection adhered to the standard procedures 
outlined in the manual "Wheat Physiological Breeding II: 
A Field Guide to Wheat Phenotyping" [59]. The follow-
ing 12 traits were measured: (i) Germination percent-
age (GERM_PCT): number of germinated seedlings was 
recorded in percentage at 55DAS (ii) Early ground cover 
(E_CG): Recorded as percentage at 80DAS (iii) Ground 
cover (GC): Ground cover was measured in percent-
age 95DAS (iv) Days to Booting (DTB): Recorded as the 
number of days from the date of sowing to booting stage 
of wheat (v) Days to Heading (DTHD): Recorded as the 
number of days from the date of sowing to the heading 
stage of wheat (vi) Days to Flowering (DTFL): Recorded 
as number of days from the date of sowing when 75% 
plants were in heading (vii) Days to Maturity (DTMT): 
Recorded as number of days from the date of sowing 
when 90% plants are ready for harvest i.e., at the physi-
ological maturity (viii) Plant Height (PH): Measured 
at physiological maturity in centimeters (cm) on main 
tiller from the ground level to the tip of spike excluding 
awns at the maturity on 5 plants (ix) Grain Yield (GYLD): 
Measured as grams per plot (gm/plot) and tons per hec-
tare (t/ha) and recorded from one meter row length. It 
was (x) Thousand Grain Weight (TGW): Measured as 
weight of 1000 randomly selected grains (average of 5 
observations) in grams through electronic balance (xi) 
Normalized Difference Vegetation Index (NDVI): NDVI 
was recorded at all five stages of growth i.e., at ground 
cover, heading, anthesis, grain filling and maturity and 
recorded using GreenSeeker crop sensor and (xii) Can-
opy Temperature (CT): CT was recorded also measured 
at five growth stages using Infrared thermometer.

Statistical analysis of phenotypic traits
To assess the significance of phenotypic data across vari-
ous environments, an Analysis of Variance (ANOVA) 
was conducted using SAS v9.4. The interrelationships 
among yield-related traits were examined through Pear-
son correlation analysis. To better understand the dis-
tribution of phenotypic values for the traits, Best Linear 
Unbiased Estimates (BLUEs) were computed for each 
trait. Principal component analysis (PCA) was also con-
ducted for all traits under both timely and late sown 
conditions. Furthermore, to determine genotype stabil-
ity, superiority, and identify the optimal genotypes for 
specific traits under heat stress conditions, genotype 
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and genotype-by-environment (GGE) biplot analysis and 
was performed using the R program [60, 61]. Addition-
ally, the broad-sense heritability of the traits was deter-
mined using the restricted maximum likelihood (REML) 
method by following the approach of Gilmour et  al. 
(1995) [62], accounting for genotype by environment 
interactions. All these analysis was computed by R Statis-
tical Software (v4.1.2; R Core Team 2022).

Genotyping and SNP variant calling
Genomic DNA was extracted using the CTAB method 
[63] from approximately 300  mg of leaf tissue from 
15-day-old seedlings. The quality of the DNA was 
assessed using a NanodropTM 2000 (Thermo Fisher 
Scientific, Wilmington, DE, USA), and only high-
quality DNA samples were selected for genotyping. 
The genotyping was performed using the 35 k Axiom® 
Wheat Breeders Array, following the procedure out-
lined by Affymetrix (Axiom® 2.0 Assay for 294 samples, 
P/N 703, 154 Rev. 2). Further to ensure reliable data, 
SNP markers with > 10% missing data, < 10% MAF, and 
those with monomorphic alleles were excluded from 
the analysis. A total of 15,805 polymorphic SNPs mark-
ers were utilized for association mapping and other 
downstream analyses.

Population structure, kinship and LD analysis
The population structure was determined using a model-
based clustering approach implemented in STRU​CTU​
RE v2.3.4 [64]. Ten iterations of STRU​CTU​RE were per-
formed for each specified K, with parameters including 
a burn-in period of 20,000 and 50,000 Markov Chain 
Monte Carlo (MCMC) iterations after burn-in. The 
best-fit number of clusters was determined using adhoc 
statistics ΔK [65], which was facilitated by ’Structure 
Harvester’, a web-based tool [66]. Additionally, a kinship 
matrix though NJ tree was also estimated using Tassel 
v5.0 [67], for aiding the GWAS analysis.

LD between markers was assessed using TASSEL 
v5.0 [67], with significance determined through 1000 
permutations. Background LD in the wheat AM panel 
was calculated to establish the critical distance for LD 
decay using R. LD decay distance across sub-genomes 
and the whole genome was estimated by plotting LD r2 
values against inter-SNP physical distance. The criti-
cal r2 value indicating true physical linkage was deter-
mined using the 95th percentile of transformed r2 data 
of unlinked markers [28]. The intersection of the LD 
decay curve occurred at r2 = 0.17, serving as the back-
ground threshold for LD.

Association analysis
Most single-locus GWAS (SL-GWAS) methods rely 
on identifying single-marker associations in genome-
wide scans, while accounting for population structure 
and polygenic background. To reduce false positives, 
the Bonferroni correction for multiple testing is often 
applied [37]. However, this approach requires repeated 
adjustments to critical values and overlooks the com-
bined effects of multiple loci, frequently resulting in the 
exclusion of important quantitative trait loci (QTLs) 
with smaller effects. To address these limitations, multi-
locus GWAS (ML-GWAS) models have been developed. 
ML-GWAS models offer several advantages over single-
locus approaches, including improved statistical power 
to detect small-effect variants and better accounting for 
linkage disequilibrium and epistatic interactions. These 
models reduce false-positive rates by considering multi-
ple markers simultaneously enhance the ability to explain 
missing heritability by capturing cumulative effects of 
multiple loci. Association analyses were conducted using 
six ML-GWAS models: mrMLM [38], FASTmrMLM 
[39], FASTmrEMMA [40], pKWmEB [41], pLARmEB 
[42], and ISIS EM-BLASSO [43]. These six models were 
implemented using the R package mrMLM v4.0 (https://​
cran.r-​proje​ct.​org/​packa​ge=​mrMLM) with default set-
tings. A threshold with a LOD score of ≥ 3.00 was applied 
to identify significant QTNs for downstream analysis and 
interrogation.

Marker identification and their functional annotations
In this study, we identified QTNs across all twelve envi-
ronments. To ensure precision in identifying heat stress-
related QTNs, we focused specifically on those that were 
consistently identified under both normal sowing and 
heat stress conditions. More precisely, we included only 
those QTNs that were detected in at least four environ-
ments, with at least three of those environments being 
heat stress conditions (late sowing). Furthermore, to 
increase the reliability of our findings, only those QTNs 
that were identified by five out of the six ML-GWAS 
models were taken into consideration. This rigorous 
methodology ensured that the identified QTNs were 
robust and consistently associated with heat stress toler-
ance while also taking into account their behavior in nor-
mal conditions for a more comprehensive understanding. 
In the GWAS analysis, QTNs identified by at least two 
GWAS models were considered reliable associations. 
The total number of QTNs detected by at least two mod-
els was further categorized. QTNs identified by at least 
three models within a single location/environment were 
deemed significant. Those detected by five out of six 
models across four or more environments were classified 

https://cran.r-project.org/package=mrMLM
https://cran.r-project.org/package=mrMLM
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as highly significant and consistent QTNs. This classifi-
cation facilitated the evaluation of allele performance in 
relation to yield related traits under different environ-
ments. A Manhattan plot was generated to visualize the 
LOD scores and statistical significance of marker-trait 
associations across chromosomes, highlighting highly 
significant and consistent QTNs. Additionally, to investi-
gate the genetic potential of genes linked to these QTNs 
and compare our results with previous studies, a physi-
cal map of wheat chromosomes was constructed using 
MapChart  2.3 (https://​www.​wur.​nl/​en/​show/​Mapch​art.​
htm), illustrating the SNPs and their respective genomic 
positions. Furthermore, highly significant and consist-
ent QTNs were annotated to identify potential candidate 
genes. These QTNs were compared against the Triticum 
aestivum genome assembly IWGSC-refseq version 1.0 
using the online resource Ensembl Plants (https://​plants.​
ensem​bl.​org/​Triti​cum_​aesti​vum/​Tools/​Blast). Addition-
ally, to cross-validate the results obtained from Ensemble 
Plants, the DAVID online tool (https://​david.​ncifc​rf.​gov/​
summa​ry.​jsp) was employed, offering functional annota-
tion and Gene Ontology (GO) for the identified genes. 
Highly significant and consistent QTNs were prioritized, 
as they were considered more reliable and expected to 
perform well across diverse environments. This approach 
aimed to identify robust associations between genomic 
regions and yield-related traits in wheat under heat 
stress.

Validation of identified QTNs
To validate the QTNs, KASP markers were developed 
using highly significant and consistent SNPs. The KASP 
Assay workflow was conducted in Wheat Molecular 
Biology Lab, school of agricultural biotechnology, Pun-
jab Agricultural University, Ludhiana, India. To design 
markers for the identified SNPs, a 100 bp sequence sur-
rounding each SNP was extracted from the wheat refer-
ence genome (IWGSC RefSeq version 2.1). Primers for 
the KASP markers were then designed using the Poly-
marker tool (doi:https://​doi.​org/​10.​1093/​bioin​forma​tics/​
btv069). Two allele-specific forward primers were labeled 
with FAM (5’-GAA​GGT​GAC​CAA​GTT​CAT​GCT-3’) and 
HEX (5’-GAA​GGT​CGG​AGT​CAA​CGG​ATT-3’), while 
the reverse primer remained unlabeled. PCR reactions 
were set up in a 4 µl volume, consisting of 2 µl genomic 
DNA (30  ng/µl), 1.96  µl 2X KASP reaction mix, and 
0.04  µl KASP assay mix containing the primers. The 
reactions were run in a 384-well plate using an Applied 
Biosystems Veriti thermocycler. The thermal cycling 
conditions included an initial denaturation at 95  °C for 
15 min, followed by 10 touchdown cycles of 95 °C for 10 s 
and 61–57 °C for 1 min (with a 0.6 °C decrease per cycle), 
and finally 25 cycles of 95 °C for 20 s and 57 °C for 1 min 

for annealing. The primers for the KASP assays were 
ordered from Barcode Biosciences (www.​barco​debio​
scien​ces.​com). The genotypic data from the homozygous 
alleles were analyzed using the Kruskal–Wallis test to 
identify statistically significant differences between the 
alleles (Figure S7) [68].

Results
Phenotyping and correlation analysis
The ANOVA results for yield-related traits revealed sig-
nificant differences (p ≤ 0.0001) across genotype, loca-
tion, year, and growth conditions (Table 1). Additionally, 
the BLUE value indicated that several yield-related 
parameters, including GERM_PCT, GC, DTB, DTHD, 
DTFL, DTMT, PH, GYLD, TGW, GC_NDVI, H_NDVI, 
AN_NDVI, GF_NDVI, and MT_NDVI, significantly 
reduced under late-sown conditions. Conversely, traits 
such as E_GC, H_CT, AN_CT, GF_CT, and MT_CT 
enhanced under heat stress conditions (Table S2a & S2b). 
Furthermore, crops sown on time (in November) expe-
rienced a maximum canopy temperature of ≥ 23.41  °C 
and a minimum of ≤ 19.74  °C during anthesis. During 
the grain filling stage, the canopy temperature peaked 
at ≥ 34.65  °C and dipped to ≤ 27.75  °C. For late-sown 
wheat, the maximum CT at anthesis was ≥ 32.5  °C and 
the minimum was ≤ 23.9  °C. However, during the grain 
filling stage, there was a sharp increase in average tem-
perature, with maximum CT reaching ≥ 40.8  °C and 
minimum CT dropping to ≤ 21.1 °C, subjecting the wheat 
crop to severe heat stress. As a result, grain yields were 
lower in late-sown trials aimed at studying heat stress 
compared to those sown on time.

The Effect of HS on yield traits was most pronounced 
in Samastipur (Bihar), followed by Ludhiana (Punjab) 
and Jabalpur (Madya Pradesh). Moreover, mean grain 
yield was highest in Jabalpur (4.69–5.70 t/hac) followed 
by Ludhiana (3.01–5.45 t/hac) and Samastipur (1.89–5.0 
t/hac) (Table S3-a, S3-b, S3-c & S3-d; S4-a, S4-b, S4-c & 
S4-d; S5-a, S5-b, S5-c & S5-d).

Further results of correlation analysis i.e. Pearson’s cor-
relation coefficient, is calculated and presented for both 
under timely and late sown regimes (Figs.  1a and b). A 
significant positive correlation between GC and DTB 
(r = 0.32), DTHD (r = 0.32), DTFL (r = 0.32), DTMT 
(r = 0.29) and PH (r = 0.38)  was seen under timely sown 
conditions. DTB also showed a strong positive  corre-
lation with DTHD (r = 0.91), DTFL (r = 0.99), DTMT 
(r = 0.86), and PH (r = 0.49). In contrast, GYLD exhibited 
a significant negative  correlation with DTB (r = −0.52), 
DTHD (r = −0.44), DTFL (r = −0.47), DTMT (r = −0.48), 
and PH (r = −0.52). Additionally, there was a strong nega-
tive association between TGW and DTB (r = −0.37), 
DTHD (r = −0.37), DTFL (r = −0.38), and DTMT 

https://www.wur.nl/en/show/Mapchart.htm
https://www.wur.nl/en/show/Mapchart.htm
https://plants.ensembl.org/Triticum_aestivum/Tools/Blast
https://plants.ensembl.org/Triticum_aestivum/Tools/Blast
https://david.ncifcrf.gov/summary.jsp
https://david.ncifcrf.gov/summary.jsp
https://doi.org/10.1093/bioinformatics/btv069
https://doi.org/10.1093/bioinformatics/btv069
http://www.barcodebiosciences.com
http://www.barcodebiosciences.com
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(r = −0.27). The association between GYLD and TGW 
was positive (r = 0.10). In contrast, TGW and GYLD were 
the only traits that showed a positive  association with 
GF_CT.

All traits followed the same pattern under late-sown 
conditions as they did under timely-sown ones, except 
for GYLD, which shows a negative correlation with GF_
CT (r = −0.067). However, the strength of correlations 
between traits varies when compared to the timely sown 
conditions (Figs. 1a and b). Additionally, the broad-sense 
heritability values for the traits GERM_PCT, E_GC, GC, 
DTB, DTHD, DTFL, DTMT, PH, GYLD, TGW, GC_
NDVI, H_NDVI, AN_NDVI, GF_NDVI, MT_NDVI, H_
CT, AN_CT, GF_CT, and MT_CT were found to be 0.87, 
0.74, 0.78, 0.77, 0.84, 0.81, 0.92, 0.91, 0.79, 0.88, 0.74, 0.83, 
0.84, 0.76, 0.78, 0.72, 0.85, 0.93, 0.82, and 0.72, respec-
tively, suggesting that most of the phenotypic variation 
was due to genetic factors.

PCA & GGE biplot analysis
PCA was used to identify which measured param-
eter most accurately represented the response under 
stress conditions based on principal component scores 

The PCA results indicated that five factors had eigen 
values > 1 (Figure S1). Under timely sown conditions, 
the PCA biplot effectively differentiated wheat geno-
types based on their heat stress response, with the first 
two principal components explaining 52.1% of the total 
phenotypic variation (PC1: 39.8%, PC2: 12.3%) (Figure 
S1a). PC1 primarily separated genotypes based on their 
physiological performance and heat adaptation mecha-
nisms. Genotypes positioned on the positive axis of PC1 
(IC394006, IC536741, IC284000) demonstrated strong 
associations with favorable heat-adaptive traits including 
higher NDVI values (MT_NDVI, GF_NDVI, AN_NDVI) 
and plant height (PH), suggesting their superior heat tol-
erance. Conversely, genotypes clustered on the negative 
PC1 axis (IC138428, EC573974, and IC290196) showed 
stronger associations with yield-related traits (GYLD) 
and canopy temperature measurements (MT_CT, GF_
CT), indicating different stress-response mechanisms. 
PC2 further discriminated genotypes based on their early 
vigor and heat response characteristics. Genotypes in the 
positive PC2 direction (IC119814, IC130600) exhibited 
superior germination (GERM_PCT) and early ground 
cover (E_GC), while those in the negative direction 

Fig. 1  Correlation matrix that can be read from the diagonal for all pairs of the observed yield related traits in bread wheat. Every potential pairing 
is shown in the lower panel using scatter plots and smoothing splines, and the matching Pearson’s correlation coefficient is shown in the upper 
panel with text size based on absolute value. In the upper panel, the p-value obtained after testing the correlation coefficient against the null 
hypothesis is symbolically encoded at the levels of 0.1 (’), 0.05 (*), 0.01 (**), and 0.001 (***). a Timely sown, (b) Late sown



Page 8 of 27Bashir et al. BMC Plant Biology          (2025) 25:268 

(IC542070, IC273330, IC534183) were associated with 
higher heat canopy temperature (H_CT) and lower 
NDVI values, suggesting heat susceptibility under timely 
sown conditions (Figure S1a).

Under late sown conditions, the first two principal 
components explained 50.1% of total phenotypic vari-
ation (PC1: 32.9%, PC2: 17.2%) (Figure S1b). PC1 dis-
tinctly separated genotypes based on their physiological 
responses and heat adaptation mechanisms, where 
genotypes positioned on the positive axis (IC394606, 
IC280872) exhibited strong associations with NDVI 
(MT_NDVI, GF_NDVI), DTB, DTHD, DTFL and plant 
height (PH), indicating superior heat tolerance. In con-
trast, genotypes clustered on the negative PC1 axis 
(IC138428, EC573974, and EC465070) showed stronger 
associations with yield-related traits (GYLD) and canopy 
temperature (CT), suggesting different stress-response 
strategies under late sown conditions (Figure S1b).

Genotypes in the positive PC2 direction (IC108637, 
IC130428) demonstrated superior germination (GERM) 
and early ground cover (E_GC), while those in the nega-
tive direction (IC290180, IC543165) were associated 
with higher heat canopy temperature (H_CT) and lower 
NDVI values, indicating potential heat susceptibility. The 
biplot revealed clear trait associations where early growth 
parameters (E_GC, GERM_PCT) clustered together, 
while NDVI measurements showed negative associations 
with canopy temperature traits. This clustering pattern 
identified four distinct groups under both timely and late 
sown conditions: heat-tolerant genotypes (upper right 
quadrant), yield-stable genotypes (left quadrants), heat-
susceptible genotypes (lower quadrants), and balanced-
performance genotypes (near origin) (Figure S1a & S1b).

Trait-wise GGE biplot analysis was conducted for 
yield component traits including GERM_PCT, E_CG, 
GC, DTB, DTHD, DTMT, PH, TGW, and GYLD to 
determine the top genotypes and their stability across 
twelve different environments (Figures  S2a–d, S3a–d). 
For GERM_PCT, genotypes EC464070 and EC576792 
emerged as the best performers across all environ-
ments. Genotypes IC111787, IC128416, and IC138426 
were specifically well-suited for E_CG, while IC321853, 
EC576930, and IC262779 were identified as the top 
performers for GC across all environments. For DTB, 
EC313710 and EC187159 were the best-performing gen-
otypes. In the case of DTHD, IC258214, EC573974, and 
IC258208 were the top performers, whereas IC128438, 
IC128416, and IC128640 excelled in DTMT. For PH, 
genotypes EC576792, EC576578, and IC258214 stood 
out, while IC258208, IC406688, and IC447520 were the 
best for TGW. Additionally, genotypes IC279335 and 
IC252668 were identified as promising for GYLD across 
all locations.

The mean vs. stability analysis results indicate that 
EC464070 had the highest mean value for GERM_PCT, 
followed by EC313710 and EC576792, all of which dem-
onstrated consistent tolerance across diverse environ-
ments. The most stable genotypes for GERM_PCT, 
showing above-average performance, were IC138589, 
IC138600, and IC138637. Similarly, IC279878 and 
IC145522 exhibited stable and above-average perfor-
mance for E_CG. For GC, genotypes EC464070 and 
EC57693 were stable and above average, while IC534929 
and IC252429 showed stability and superior performance 
for DTB. The stable genotypes for DTHD were IC384533 
and IC469480, and for DTMT, IC118722 and IC252469 
were stable. Likewise, the most stable and above-average 
performing genotypes for PH and TGW were IC345589, 
IC531183, and IC469480, IC554661, respectively. For 
GYLD, the most stable genotypes with above-average 
performance were IC393128 and IC252469.

The ranking of genotypes based on GGE biplot analy-
sis can be determined by measuring the distance from 
the ideal genotype. For GERM_PCT, EC464070 was 
identified as the most favorable genotype, followed by 
EC313710 (Figures S2a–d, S3a–d). Similarly, other geno-
types can be ranked in descending order by their distance 
from the center of the circle. IC396619 was the most 
favorable genotype for E_CG, followed by IC574388, 
while IC336751 was the most suitable for GC. For DTB, 
IC252796A was identified as the most appropriate geno-
type, followed by IC321864 and IC321853. For DTHD, 
the top-ranked genotypes were IC128388 and IC443722. 
In the case of DTMT, IC128283, IC128388, and IC116276 
were deemed the most suitable genotypes. For PH and 
TGW, IC574388, IC583383, and IC309875, IC82425A 
were identified as the most suitable, respectively. Finally, 
IC336751 was found to be the most suitable genotype for 
GYLD.

Genotyping and marker coverage
A 35 K Axiom SNP array was used in the genotyping of 
current wheat association panel, resulting in the identi-
fication of 35,143 SNPs. These SNPs were subsequently 
filtered based on various quality parameters, including 
MAF, monomorphic SNPs, and missing data. After fil-
tering, 15,805 polymorphic SNPs were retained for asso-
ciation mapping and other downstream analysis. The 
average number of SNPs per chromosome was 752.6, 
ranging from 287 on chromosome 4D to 1,140 on chro-
mosome 2B (Table  2). Sub-genome B had the highest 
number of polymorphic SNPs (6,113, 38.67%), followed 
by sub-genome A (5,096, 32.26%), and sub-genome D 
(4,596, 29.07%). The maximum number of SNPs in sub-
genome A was found on chromosome 2A (940), fol-
lowed by chromosome 1A (823). In sub-genome B, 
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chromosome 2B had the most SNPs (1,140), followed by 
chromosome 5B (1,107). For sub-genome D, chromo-
some 2D had the most SNPs (917), followed by chromo-
some 7D (694) (Tables S6-a, S6-b, & S6-c).

Population structure, diversity and LD analysis
To analyze the population structure of the association 
panel, relationship between the ΔK value and the varying 
number of hypothetical subgroups (K) is observed, which 
showed the peak ΔK value at K = 2, hence indicating the 
optimal number of subpopulations i.e. 2 Sub-groups (Fig-
ure S4). Consequently, the panel of 126 wheat genotypes 
was classified into two distinct subpopulations: SP1 and 
SP2 (Fig. 2a), of which 61 were assigned to subpopulation 
1 (SP1), and 65 to subpopulation 2 (SP2). Among these, 
81.66% of the genotypes were classified as pure lines 

(i.e., > 80% membership to SP1), with 16.4% being exotic 
collections (EC) and 83.6% indigenous collections (IC). 
The remaining 18.33% in SP1 were classified as admix-
tures. In SP2, 75% of the genotypes were pure lines (4.6% 
EC and 95.4% IC), while 25% were admixtures. The pres-
ence of two subpopulations has also been confirmed by 
phylogeny analysis through NJ tree (Fig. 2b).

LD between marker pairs was estimated as the squared 
allele frequency correlation (R2) between intra-chro-
mosomal SNPs with known chromosomal positions. 
To assess the significance of pair-wise LD, 1,000 per-
mutations were performed at a probability level of 0.01 
(Figure S5). The background LD in the wheat associa-
tion mapping (AM) panel was calculated to identify the 
critical distance at which LD decays. To assess LD decay, 
LOESS (locally weighted linear regression) curves were 
fitted for each sub-genome and the entire genome. A 
threshold for LD decay was determined based on the 
convergence of the LD decay curve at r2 = 0.17. LD 
decayed the fastest in sub-genome A, followed by sub-
genomes D and B. Specifically, LD declined at 3.16 Mb 
in sub-genome A, compared to 3.18 Mb in sub-genome 
D and 4.81  Mb in sub-genome B (Figs.  3a-d). Overall, 
LD for the entire genome decayed at 3.75  Mb. Conse-
quently, we selected a 1  Mb window size for candidate 
gene analysis, which was applied uniformly across all 
chromosomes (Figure S6). This window size was chosen 
to ensure that the candidate genes identified were within 
regions of the genome that exhibit sufficient genetic var-
iation, as indicated by the LD decay pattern. The 1 Mb 
window provides a balance between capturing a reason-
able number of genetic markers while maintaining the 
biological relevance of the candidate genes.

Table 2  Chromosome wise distribution of polymorphic SNPs

CHR No. of polymorphic 
SNPs

CHR No. of 
polymorphic 
SNPs

1A 823 4D 287

1B 861 5A 718

1D 752 5B 1107

2A 940 5D 762

2B 1140 6A 610

2D 917 6B 836

3A 636 6D 621

3B 976 7A 811

3D 563 7B 746

4A 558 7D 694

4B 447 Total 15,805

Fig. 2  Population structure and kinship analysis: (a) Structure of the AM panel showing two subpopulations viz. SP1 (red, 61 genotypes), SP2 
(green, 65 genotypes) (b) NJ tree showing genetic relationship among 126 wheat germplasm lines
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Marker trait associations (MTAs)
A comprehensive MTA analysis using six different ML-
GWAS models identified a total of 155 QTNs for twelve 
yield related traits, with a LOD score of ≥ 3 as the criti-
cal thresholds. These QTNs were selected based on con-
sensus results from at least three ML-GWAS models. 
Among these, 42 QTNs, controlled by 20 SNPs were 
highly significant and consistent across multiple models 
(≥ 5) and environments (≥ 4). The proportion of pheno-
typic variation explained (PVE) by these SNPs ranged 
from 3–58% (Table 3), indicating that wheat yield param-
eters are influenced by several loci with varying effects, 
from small to moderate.

QTNs were identified in all twelve environments 
studied (Tables S7-a, b, c & d, S8-a, b, c & d, and S9-a, 
b, c & d). Specifically, five out of six ML-GWAS models 
found the following numbers of significant QTNs: FAST-
mrEMMA (35), mrMLM (173), FASTmrMLM (120), 
ISIS EM-BLASSO (28), and pLARmEB (77) (Fig.  4a). 
However, the pKWmEB model did not detect any QTN 
crossiing the significance threshold. The highest number 
of significant QTNs was observed for GYLD (18), fol-
lowed by GERM_PCT (15), GC (15), DTHD (15), DTMT 
(15), MT_CT (13), GC_NDVI (12), DTFL (11), MT_
NDVI (11), E_CG (10), DTB (10), TGW (10), AN_CT 
(10), GF_NDVI (9), PH (6), AN_NDVI (6), GF_CT (5), 
H_CT (4), and H_NDVI (3) (Fig.  4b). Chromosome 2D 

contained the most QTNs (29), followed by 2B (27), 3B 
(25), 1A (21), 2A (21), 6B (20), 1B (19), 7A (17), 7D (17), 
5D (16), 4B (15), 5A (14), 3D (13), 4A (13), 5B (12), 6A 
(12), 3A (11), 1D (9), 6D (9), and 4D (7) (Fig. 4c). Man-
hattan plots showing robust QTNs identified by three or 
more ML-GWAS approaches for each trait are presented 
in Figs. 5a-s.

Most significant QTNs for grain yield and its component 
traits
QTNs for GYLD and DTB: Among the total identified 
QTNs for GYLD, QTN qtn_nbpgr_GYLD_3B (3B) holds 
the most promising position explaining the phenotypic 
variation of 9.84 – 19.89% (Table 3). It exhibited the high-
est LOD score ranging from 3.28 – 3.92 and was consist-
ently identified across five GWAS models. Additionally, 
qtn_nbpgr_GYLD_3B was observed to be significant in at 
least four different environments. Nine significant QTNs 
for DTB viz., qtn_nbpgr_DTB_1B (Chr1B), qtn_nbpgr_
DTB_2B (Chr2B), qtn_nbpgr_DTB_7A (Chr7A), qtn_
nbpgr_DTB_6B (Chr6B), qtn_nbpgr_DTB_6A (Chr6A), 
qtn_nbpgr_DTB_5A (Chr5A), qtn_nbpgr_DTB_1A.1 
(Chr1A), qtn_nbpgr_DTB_1A.2 (Chr1A) and qtn_nbpgr_
DTB_7D (Chr7D), explained the variation in range of 
3–39%. These QTNs were identified in at least four envi-
ronments and in five out of six ML-GWAS methods 
(Table 3).

Fig. 3  LD decay plot with LOESS curve in red at r2 = 0.17. a Sub-genome A, LD decay plot, b Sub-genome B LD decay plot, c Sub-genome D LD 
decay plot and (d) whole genome LD decay plot
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Table 3  Highly significant and consistent QTNs detected for various yield related traits in bread wheat

aMarker Traits 
associated

QTN CHR Marker 
position (bp)

LOD score ’-log10(P)’ r2 (%) bDetection 
method

No. of 
Environments

AX-95232570 DTB
DTFL

qtn_nbpgr_
DTB_1B
qtn_nbpgr_
DTFL_1B

1B 7479810 3.57–3.92 4.30—4.68 3.54 −7.09 1,2,3,4,5 5

AX-95226270 DTB
DTFL
DTHD
MT_NDVI

qtn_nbpgr_
DTB_2B
qtn_nbpgr_
DTFL_2B
qtn_nbpgr_
DTHD_2B
qtn_nbpgr_
MTNDVI_2B

2B 310933249 3.55—9.43 4.27–10.36 15.84—36.21 1,2,3,4,5 5

AX-95018072 DTB
DTHD
DTMT
GF_NDVI
MT_NDVI

qtn_nbpgr_
DTB_7A
qtn_nbpgr_
DTHD_7A
qtn_nbpgr_
DTMT_7A
qtn_nbpgr_
GFNDVI_7A
qtn_nbpgr_
MTNDVI_7A

7A 22963445 3.24—4.17 3.95—4.93 9.02 – 18.98 1,2,3,4,5 4

AX-94946941 DTB
DTFL
DTHD
DTMT

qtn_nbpgr_
DTB_6B
qtn_nbpgr_
DTFL_6B
qtn_nbpgr_
DTHD_6B
qtn_nbpgr_
DTMT_6B

6B 50407384 3.44—10.19 4.16 −11.13 13.36 – 39.37 1,2,3,4,5 5

AX-94925147 DTB
DTFL
DTHD
DTMT

qtn_nbpgr_
DTB_6A
qtn_nbpgr_
DTFL_6A
qtn_nbpgr_
DTHD_6A
qtn_nbpgr_
DTMT_6A

6A 11555132 3.09—4.54 3.79 −5.32 16.05—36.04 1,2,3,4,5 7

AX-94876731 DTB
DTFL
DTHD

qtn_nbpgr_
DTB_5A
qtn_nbpgr_
DTFL_5A
qtn_nbpgr_
DTHD_5A

5A 569452650 3.04—6.52 3.74—7.37 7.04—21.82 1,2,3,4,5 5

AX-94867479 DTB
DTHD

qtn_nbpgr_
DTB_1A.1
qtn_nbpgr_
DTHD_1A.1

1A 592099984 3.24—4.54 4.21—5.32 9.86 – 23.09 1,2,3,4,5 4

AX-94440483 DTB
DTFL
DTHD

qtn_nbpgr_
DTB_1A.2
qtn_nbpgr_
DTFL_1A
qtn_nbpgr_
DTHD_1A.2

1A 532815438 3.51—3.55 8.24—4.28 3.45 – 7.53 1,2,3,4,5 8

AX-94436363 DTB
DTFL
DTHD
DTMT

qtn_nbpgr_
DTB_7D
qtn_nbpgr_
DTFL_7D.1
qtn_nbpgr_
DTHD_7D
qtn_nbpgr_
DTMT_7D

7D 165729745 3.29—6.96 4.00—7.82 3.01 – 14.15 1,2,3,4,5 5
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a Detected by 5 out of 6 ML-GWAS models and at ≥ 4 environments
b ML-GWAS methods (MrMLM-1, FASTMrMLM-2, FASTMrEMMA-3, pLARmEB-4, ISIS EM-BLASSO-5)

Table 3  (continued)
aMarker Traits 

associated
QTN CHR Marker 

position (bp)
LOD score ’-log10(P)’ r2 (%) bDetection 

method
No. of 
Environments

AX-94468017 DTFL qtn_nbpg_
DTFL_7D.2

7D 4026329 3.33—5.16 4.04—5.96 9.37 – 18.00 1,2,3,4,5 5

AX-94764856 DTHD qtn_nbpgr_
DTHD_6A

6A 551836106 3.31—4.99 4.02—5.79 4.55 – 7.33 1,2,3,4,5 6

AX-94773648 DTMT qtn_nbpgr_
DTMT_4D

4D 25987172 3.14—3.92 3.84—4.66 4.09 – 7.06 1,2,3,4,5 7

AX-95101968 E_GC qtn_nbpgr_
EGC_7D

7D 295311788 10.64—15.69 12.23 −16.73 46.65 – 62.59 1,2,3,4,5 5

AX-94868586 G_PCT qtn_nbpgr_
GPCT_2D

2D 293154747 3.88—6.79 4.63—7.65 14.79 – 40.12 1,2,3,4,5 5

AX-94543147 GYLD qtn_nbpgr_
GYLD_3B

3B 819897421 3.28 – 3.92 3.78—4.06 9.84 – 19.89 1,2,3,4,5 5

AX-94601648 PH qtn_nbpgr_
PH_5A

5A 637455248 3.01—5.73 3.71—6.56 4.37 – 10.37 1,2,3,4,5 7

AX-94622271 PH qtn_nbpgr_
PH_2A

2A 725344929 3.43—5.15 4.15—5.95 12.95—21.96 1,2,3,4,5 4

AX-94817182 TGW​ qtn_nbpgr_
TGW_2B

2B 58845605 3.42—4.82 4.14—5.61 15.48 –19.06 7 1,2,3,4,5 5

AX-94914663 TGW​ qtn_nbpgr_
TGW_1A

1A 498807583 3.85—4.75 5.49—5.54 16.85—23.27 1,2,3,4,5 6

AX-94930926 TGW​ qtn_nbpgr_
TGW_4B

4B 550256542 3.41—3.90 4.13—4.64 13.75 – 17.72 1,2,3,4,5 5

Fig. 4  Marker Trait Associations (a) Number of QTNs detected per ML-GWAS model, (b) No. of QTNs detected for each yield related trait per model 
across five multilocus GWAS models (c) Number of QTNs detected per chromosome for yield related traits (excluding pleiotropic QTNs)
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Fig. 5  Manhattan plot of significant QTNs (showing significant MTAs) for yield related traits with critical thresholds set at LOD score ≥ 3 (a) GERM_
PCT, (b) E_CG, (b) GC, (d) DTB (e) DTHD (f) DTFL, (g) DTMT, (h) PH, (i) GYLD (j) TGW, (k) GC_NDVI, (l) H_NDVI, (m) AN_NDVI, (n) GF_NDVI (o) MT_NDVI, 
(p) H_CT, (q) AN_CT, (r) GF_CT and (s) MT_CT
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Two significant QTNs for PH, qtn_nbpgr_PH_5A 
(Chr5A) and qtn_nbpgr_PH_2A (Chr2A) were identi-
fied in at least four environments and by multiple mod-
els, explained 4.37 – 10.37% and 12.95—21.96% of total 
phenotypic variation, respectively (Table  3). For TGW, 
three significant QTNs, qtn_nbpgr_TGW_2B (Chr2B), 
qtn_nbpgr_TGW_1A (Chr1A) and qtn_nbpgr_TGW_4B 
(Chr4B), were identified in at least four environments 
and by five out of six ML-GWAS models, explaining pro-
portions of total phenotypic variation in range of 15–23% 
(Table 3).

For DTFL, eight QTNs, qtn_nbpgr_DTFL_1B (Chr1B), 
qtn_nbpgr_DTFL_2B (Chr2B), qtn_nbpgr_DTFL_6B 
(Chr6B), qtn_nbpgr_DTFL_6A (Chr6A), qtn_nbpgr_
DTFL_5A (Chr5A), qtn_nbpgr_DTFL_1A (Chr1A), qtn_
nbpgr_DTFL_7D.1 (Chr7D) and qtn_nbpg_DTFL_7D.2 
(Chr7D), were identified in at least four environments 
and by five out of six ML-GWAS models, explaining 
proportions of total phenotypic variation in the range of 
3–39%. For DTHD, nine QTNs, qtn_nbpgr_DTHD_2B 
(Chr2B), qtn_nbpgr_DTHD_7A (Chr7A), qtn_nbpgr_
DTHD_6B (Chr6B), qtn_nbpgr_DTHD_6A (Chr6A), 
qtn_nbpgr_DTHD_5A (Chr5A), qtn_nbpgr_DTHD_1A.1 
(Chr1A), qtn_nbpgr_DTHD_1A.2 (Chr1A), qtn_nbpgr_
DTHD_7D (Chr7D) and qtn_nbpgr_DTHD_6A (Chr6A) 
expressed the significant associations in multiple envi-
ronments and GWAS models, explaining the phenotypic 
variation in range of 3–39%. Five significant QTNs on 
chromosomes 4D, 6B, 6A, 7D, 7A (qtn_nbpgr_DTMT_7A, 
qtn_nbpgr_DTMT_6B, qtn_nbpgr_DTMT_6A, qtn_
nbpgr_DTMT_7D and qtn_nbpgr_DTMT_4D), was found 
to be associated with DTMT, explaining the PVE in range 
of 3–39% (Table 3).

The association qtn_nbpgr_MTNDVI_2B (Chr2B), 
qtn_nbpgr_GFNDVI_7A (Chr7A) and qtn_nbpgr_
MTNDVI_7A (Chr7A) were significantly associated to 
NDVI. Moreover, the qtn_nbpgr_EGC_7D (Chr7D) and 
qtn_nbpgr_GPCT_2D (Chr2D) were significantly asso-
ciated with E_CG and G_PCT, explaining the total PVE 
of 46.65 – 62.59% and 14.79 – 40.12% respectively. All 
these QTNs were detected in multiple environments and 
by five out of six ML-GWAS models which explains the 
reliability of these identified genomic regions for further 
analysis (Table 3).

Furthermore, to compare our findings with previous 
studies, a comprehensive chromosome map was con-
structed, integrating both the highly significant and con-
sistent markers identified in this study and those reported 
in earlier research (Fig.  6). This approach provides a 
broader genomic perspective, facilitating the identifica-
tion of overlapping regions and potential candidate genes 
associated with key traits.

Pleiotropic SNPs for more than one trait
In plants, the association of the same genomic region 
with multiple traits, known as pleiotropy, is quite com-
mon. In our study, we have identified a total of 9 SNPs 
associated with more than one yield related trait 
(Table  4). Among these, SNP AX-95018072 on chro-
mosome 7A was linked to the highest number of 
traits (5), including DTB, DTHD, DTMT, GF_NDVI, 
and MT_NDVI. The markers AX-95226270 (Chr2B), 
AX-94436363 (Chr7D), AX-94925147 (Chr6A), and 
AX-94946941 (Chr6B) were each associated with four 
traits. Additionally, markers AX-94440483 (Chr1A) and 
AX-94876731 (Chr5A) were linked to three traits each, 
while AX-94867479 (Chr1A) and AX-95232570 (Chr1B) 
were associated with two traits each. Notably, chromo-
some 1A had the highest number of pleiotropic SNPs, 
with two such SNPs (Table 4).

Allelic effects of significant pleiotropic SNPs on respective 
phenotypes
On the basis of favorable allele analysis, three key pleio-
tropic SNPs (1A: AX-94867479; 5A: AX-94876731; and 
7D: AX-94436363) were identified using three or more 
ML-GWAS methods to evaluate phenotypic variations 
across all traits (Fig.  7). It was found that each SNP 
had a significant effect on their corresponding traits 
(p ≤ 0.01). The SNP AX-94867479 had a notable impact 
on DTB (qtn_nbpgr_DTB_1A) and DTHD (qtn_nbpgr_
DTHD_1A). The SNP AX-94876731 influenced DTB 
(qtn_nbpgr_DTB_5A), DTFL (qtn_nbpgr_DTFL_5A), 
and DTHD (qtn_nbpgr_DTHD_5A). Similarly, the SNP 
AX-94436363 significantly affected DTB (qtn_nbpgr_
DTB_7D), DTFL (qtn_nbpgr_DTFL_7D), DTHD (qtn_
nbpgr_DTHD_7D), and DTMT (qtn_nbpgr_DTMT_7D). 
These associations highlight their possible role in manag-
ing multiple yield-related traits under heat stress in bread 
wheat.

Putative candidate gene identification and in‑silico 
analysis
To identify potential candidate genes associated with the 
identified QTNs, we performed BLAST analysis against the 
IWGSC reference genome (IWGSC-refseq version 1.0) of 
Triticum aestivum (https://​plants.​ensem​bl.​org/​Triti​cum_​
aesti​vum/​Tools/​Blast) using the online resource Ensembl 
Plants. This analysis revealed candidate genes flanking the 
identified QTNs. To strengthen validation and enrich our 
results, we conducted an additional Gene Ontology (GO) 
annotation analysis using the DAVID online tool. This cross-
validation approach confirmed our findings and provided 
deeper insights into the functional roles of the candidate 
genes (https://​david.​ncifc​rf.​gov/​summa​ry.​jsp) (Table  S10). 
Most of the SNPs were located near transcripts coding for 

https://plants.ensembl.org/Triticum_aestivum/Tools/Blast
https://plants.ensembl.org/Triticum_aestivum/Tools/Blast
https://david.ncifcrf.gov/summary.jsp
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various proteins or transcription factors, except for SNPs 
AX-95232570 and AX-946016. The SNPs were located 
near genes coding for various proteins, including Chap-
eronin Cpn60/GroEL/TCP-1 family, Glycosyl hydrolase, 
five-bladed beta-propellor domain superfamily, Chloroplast 
envelope membrane protein (CemA), GTP cyclohydrolase 
1, Target SNARE coiled-coil homology domain, Papain-
like cysteine peptidase superfamily, SNW/SKI-interacting 
protein, Signal transduction response regulator (receiver 
domain), and KRR1 interacting protein 1, among oth-
ers (Table  5). SNP AX-94876731 was found in a protein-
coding region where the protein is still unknown. Among 
the eighteen identified genes, TraesCS7D02G208200, 
TraesCS1A02G346200, TraesCS1A02G444100, 
TraesCS5A02G369100, TraesCS6A02G023100, 
TraesCS6B02G073900, TraesCS7A02G049300, and 
TraesCS2B02G257800 were pleiotropic, supposed to be 
associated with multiple traits (Table 5).

Validation of QTNs through KASP marker approach
KASP primers (Table  S11) have been designed from 51 
QTNs of which 33 found to be polymorphic on panel of 
101 lines consisting of heat stress tolerant and susceptible 

lines (Tables S12a & b). We prioritized QTNs that were 
consistently identified by at least three ML-GWAS mod-
els used in our study and demonstrated high statisti-
cal significance (low p-values and high r2 values) across 
multiple environments. The panel has been procured 
from BISA, Ludhiana. The validation set was parti-
tioned into two categories (Tolerant and Susceptible). 
Among the 101 genotypes, 66 were classified as Tolerant 
(0–49%), while 35 genotypes were identified as Suscepti-
ble (29–76%). The three pivotal KASP markers, denoted 
as AX-95018072 (associated with DTB, DTHD, DTMT, 
GF_NDVI, and MT_NDVI), AX-94946941 (associated 
with DTB, DTFL, DTHD and DTMT) and AX-95232570 
(associated with DTB and DTFL) were found to be asso-
ciated with respective QTNs in this panel (Table  6). 
These markers, situated on distinct chromosomal loca-
tions, namely 7A, 6B and 1B respectively, manifested 
remarkable statistical significance in the context of QTNs 
concerning heat stress. Notably, the alternative alleles 
of these markers exerted discernible and substantial 
impacts on the phenomenon of heat stress, signifying 
tolerance.

Fig. 6  Comprehensive chromosome map, integrating both the highly significant and consistent markers identified in this study and those reported 
in earlier research. Red color indicates our study; green color indicates previous studies
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In the subsequent validation phase, the study metic-
ulously identified specific allelic variants correlated 
with the attributes of heat tolerance. Moreover, allelic 
variant G of markers AX-95018072, AX-94946941 
and AX-95232570 exhibiting a statistical significance 
(p-value < 0.001), emerged prominently associated with 
heat stress tolerance (Fig. 8).

Discussion
Wheat is one of the most important staple food crops 
worldwide, providing a significant segment of the daily 
calories and protein for billions of people [1, 86]. How-
ever, wheat production is increasingly challenged by vari-
ous abiotic stresses, among which heat stress is a major 
constraint, especially in the context of global climate 
change [3, 87, 88]. Heat stress adversely affects wheat 
growth and yield, particularly when it occurs during the 
reproductive and grain-filling stages [2, 89]. Therefore, 
developing heat-tolerant wheat varieties is crucial for 
sustaining wheat productivity and ensuring food security 
in the face of changing climatic conditions. This analysis 
aimed to map QTNs and identify SNP markers linked 
to agronomic traits in timely and late-sown wheat to 

expedite marker-assisted selection (MAS) for developing 
heat-tolerant wheat varieties.

Wheat germplasm collections from various geographi-
cal regions provide a rich source of genes, alleles, and 
QTNs that contribute to heat stress tolerance [20, 90]. 
With the advent of high-throughput genotyping [25, 91], 
phenotyping [26], advanced bioinformatics tools and 
packages [27], studying these germplasm collections has 
become more feasible, enabling the effective use of their 
genetic diversity [92, 93]. A current study on a diverse AM 
panel of 126 wheat genotypes, showed significant pheno-
typic variation for the yield traits evaluated under normal 
and heat stress conditions across twelve environments. 
This indicates the suitability of this panel for AM of heat 
tolerance traits in wheat. Similar results on the presence 
of significant phenotypic variation in AM panels of wheat 
have been reported in previous studies [33, 94]. The AM 
panel tested across twelve different environments identi-
fied key heat-tolerant QTNs that can be used to broaden 
the genetic base for heat stress tolerance in bread wheat. 
AM has emerged as a powerful tool for dissecting com-
plex traits and identifying trait-associated QTLs/genes 
in many crop species including wheat [28, 31–33]. The 

Table 4  Pleiotropic SNPs associated with multiple yield related traits

Marker Traits associated QTN CHR Marker position (bp) LOD score ’-log10(P)’ r2 (%)

AX-95232570 DTB
DTFL

qtn_nbpgr_DTB_1B
qtn_nbpgr_DTFL_1B

1B 7479810 3.57–3.92 4.30—4.68 3.54 −7.09

AX-95226270 DTB
DTFL
DTHD
MT_NDVI

qtn_nbpgr_DTB_2B
qtn_nbpgr_DTFL_2B
qtn_nbpgr_DTHD_2B
qtn_nbpgr_MTNDVI_2B

2B 310933249 3.55—9.43 4.27–10.36 15.84—36.21

AX-95018072 DTB
DTHD
DTMT
GF_NDVI
MT_NDVI

qtn_nbpgr_DTB_7A
qtn_nbpgr_DTHD_7A
qtn_nbpgr_DTMT_7A
qtn_nbpgr_GFNDVI_7A
qtn_nbpgr_MTNDVI_7A

7A 22963445 3.24—4.17 3.95—4.93 9.02 – 18.98

AX-94946941 DTB
DTFL
DTHD
DTMT

qtn_nbpgr_DTB_6B
qtn_nbpgr_DTFL_6B
qtn_nbpgr_DTHD_6B
qtn_nbpgr_DTMT_6B

6B 50407384 3.44—10.19 4.16 −11.13 13.36 – 39.37

AX-94925147 DTB
DTFL
DTHD
DTMT

qtn_nbpgr_DTB_6A
qtn_nbpgr_DTFL_6A
qtn_nbpgr_DTHD_6A
qtn_nbpgr_DTMT_6A

6A 11555132 3.09—4.54 3.79 −5.32 16.05—36.04

AX-94876731 DTB
DTFL
DTHD

qtn_nbpgr_DTB_5A
qtn_nbpgr_DTFL_5A
qtn_nbpgr_DTHD_5A

5A 569452650 3.04—6.52 3.74—7.37 7.04—21.82

AX-94867479 DTB
DTHD

qtn_nbpgr_DTB_1A
qtn_nbpgr_DTHD_1A

1A 592099984 3.24—4.54 4.21—5.32 9.86 – 23.09

AX-94440483 DTB
DTFL
DTHD

qtn_nbpgr_DTB_1A
qtn_nbpgr_DTFL_1A
qtn_nbpgr_DTHD_1A

1A 532815438 3.51—3.55 8.24—4.28 3.45 – 7.53

AX-94436363 DTB
DTFL
DTHD
DTMT

qtn_nbpgr_DTB_7D
qtn_nbpgr_DTFL_7D
qtn_nbpgr_DTHD_7D
qtn_nbpgr_DTMT_7D

7D 165729745 3.29—6.96 4.00—7.82 3.01 – 14.15
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yield-related traits investigated included GERM_PCT, E_
CG, GC, DTB, DTHD, DTFL, DTMT, PH, GYLD, TGW, 
NDVI, and canopy temperature (CT).

GERM_PCT and E_CG are important traits for crop 
establishment, which can influence the final yield [95, 
96]. GC is associated with early vigor and can affect the 

Fig.7  Boxplots depicting the significant effects (p < 0.01) of three key pleiotropic SNPs on their corresponding traits, with germplasm lines 
grouped by superior and inferior allele types. The x-axis shows the two alleles for each QTN, while the y-axis represents the phenotypic values. 
Figure 6(I) illustrates SNP AX-94436363, with subfigures (A–D) showing allelic differences for DTB, DTFL, DTHD, and DTMT, where the superior 
alleles for QTNs qtn_nbpgr_DTB_7D, qtn_nbpgr_DTFL_7D, qtn_nbpgr_DTHD_7D, and qtn_nbpgr_DTMT_7D were all C. Figure 6(II) displays SNP 
AX-94867479, with subfigures (E–F) showing allelic differences for DTB and DTHD, with the superior alleles for QTNs qtn_nbpgr_DTB_1A and qtn_
nbpgr_DTHD_1A being G. Figure 6(III) shows SNP AX-94876731, with subfigures (G–I) representing allelic differences for DTB, DTFL, and DTHD, 
where the superior alleles for QTNs qtn_nbpgr_DTB_5A, qtn_nbpgr_DTFL_5A, and qtn_nbpgr_DTHD_5A were also G
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crop’s ability to suppress weeds and conserve soil mois-
ture [97, 98]. Days to booting, heading, flowering, and 
maturity are important phenological traits that deter-
mine the duration of different developmental stages and 
can affect the crop’s adaptation to various environments 
[99–101]. PH is an important agronomic trait that can 
influence lodging resistance, harvest index, and final yield 
[102, 103]. GYLD is the most important trait for wheat 
improvement, while TGW is a key component of grain 
yield [104, 105]. NDVI is a widely used vegetation index 
that can reflect the crop’s biomass, vigor, and photosyn-
thetic capacity [106, 107]. CT is an indicator of the crop’s 
transpiration efficiency and has been used as a selection 
criterion for heat and drought tolerance in wheat [108].

The yield related traits exhibited significant differ-
ences between normal and heat stress regimes, with 
traits like GERM_PCT, GC, DTB, DTHD, DTFL, DTMT, 
PH, GYLD, and TGW showed the reduced performance 
while performance of E_GC, H_CT, AN_CT, GF_CT and 
MT_CT were enhanced under heat stress. Heat stress is 
known to adversely affect wheat growth and yield traits. 
Further, high temperatures, especially during repro-
ductive stages, can lead to reduced grain number, grain 
weight and final yield [2, 3, 109, 110]. Our results are in 
agreement with these previous studies demonstrating the 
negative impacts of heat stress on wheat. Additionally, 
heritability was calculated on a line-mean basis using the 
method described by Gilmour et al. (1995) [62].

The GGE biplot analysis is a powerful tool for visualiz-
ing genotype by environment interactions and identifying 
stable and high-performing genotypes across different 
environments [61]. Trait-wise GGE biplot analysis was 
performed to identify the best-performing genotypes and 
assess their stability across the twelve environments for 
yield component traits, including GERM_PCT, E_CG, 
GC, DTB, DTHD, DTMT, PH, TGW, and GYLD. In our 
study, several genotypes were identified as the best per-
formers for specific traits across all environments. For 

example, genotypes EC464070 and EC576792 were the 
best performers for GERM_PCT, while IC279335 and 
IC252668 were the most promising for GYLD across 
all locations. Furthermore, the mean vs. stability analy-
sis revealed that some genotypes, such as IC138589, 
IC138600, and IC138637 for GERM_PCT, and IC393128 
and IC252469 for GYLD, exhibited high stability and 
above-average performance. Identifying genotypes with 
both high performance and stability is important for 
developing varieties that can perform well under diverse 
environmental conditions [60].These findings are con-
sistent with previous studies that have used GGE biplot 
analysis to identify stable and high-performing genotypes 
for various traits in wheat [111, 112].

In GWAS, population structure can be a confounding 
factor that needs to be addressed to prevent false asso-
ciations. Two popular methods for inferring population 
structure in a genome-wide association panel using high-
density SNPs are STRU​CTU​RE and kinship analysis [64, 
65]. The analysis of population structure in the current 
genotypic panel revealed the existence of two distinct 
sub-populations, designated as SP1 and SP2, consisting 
of 61 and 65 lines, respectively. Additionally, the rela-
tionships among the genotypes were investigated using 
phylogenetic tree analysis to gain further insights into 
their genetic relatedness and evolutionary history. Simi-
lar studies have been conducted in various crop species, 
such as oats [113], potato [114], rice [115], maize [116], 
wheat [117], Arabidopsis [118] and foxtail millet [119], 
highlighting the importance of population structure in 
GWAS to minimize false-positive associations and to 
identify genetic loci associated with agronomic traits of 
interest.

LD plays a significant role in determining the effec-
tiveness of marker trait association analysis [120]. 
When LD is high, it means that a smaller number of 
markers are needed to adequately cover the entire 
genome compared to situations where LD is low [121]. 

Table 6  Novelty and utility of KASP validated markers

KASP Marker Associated Gene/Protein Novelty Utility

AX-94946941 Gene: 
TraesCS6B02G073900
Protein: Papain-like 
cysteine peptidase (PLCP) 
superfamily member

First association with DTB, DTFL, DTHD, DTMT 
in bread wheat. Located on chromosome 6B

Enhances wheat resilience to stress, improving yield

AX-95018072 Gene: TraesC-
S7A02G049300
Protein: Contains Target 
SNARE coiled-coil homol-
ogy domain

First link to DTB, DTHD, DTMT, GF_NDVI, MT_NDVI 
in bread wheat. On chromosome 7A

Aids stress response, maintains homeostasis. Poten-
tial for breeding heat-tolerant wheat

AX-95232570 Gene: Unknown
Protein: Unknown

First association with DTB, DTFL in bread wheat. 
Located on chromosome 1B

Validated marker. Potential for developing heat-
tolerant wheat varieties
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This information is valuable in deciding the appropriate 
quantity of loci required for conducting a comprehen-
sive whole-genome scan. In essence, understanding the 
level of LD in a population helps researchers optimize 
the number of markers necessary for their studies, ulti-
mately saving time and resources while ensuring suffi-
cient coverage of the genome [120]. In outcrossing crop 
species like maize, LD blocks are observed at shorter 
distances, leading to faster decay. In contrast, self-
pollinated crops exhibit longer LD blocks with slower 
decay rates, as seen in wheat [31, 122]. In this study, the 
presence of population structure in the selected wheat 
germplasm led to higher LD values due to admixtures 
within both subpopulations. As a result, many distinct 
loci exhibited significant LD. The rate of LD decay var-
ied among the sub-genomes, with the A sub-genome 
showing the fastest decay, followed by the D and B 
sub-genomes, respectively. The more rapid decay of LD 
in the A sub-genome of wheat can be attributed to a 
combination of factors, including recombination rates, 
population history, and gene flow. These findings are 
consistent with the results reported in previous studies 
conducted by [45, 123–125].

AM has emerged as a powerful tool for dissecting com-
plex traits and identifying trait-associated QTLs/genes in 
many crop species [28, 29, 31, 32]. ML-GWAS are con-
sidered more advanced and effective than SL-GWAS 
for identifying genetic markers associated with complex 
traits. Recent studies by [126, 127], and [45] have high-
lighted the superiority of ML-GWAS methods for map-
ping complex traits. In the present study, a total of six 
ML-GWAS models were employed to investigate the 
association between genetic markers and the target trait. 
These models include mrMLM, FASTmrMLM, FASTm-
rEMMA, pLARmEB, ISIS EM-BLASSO, and pKWmEB, 
which have been previously described and utilized in 
various studies [38, 39, 41, 42, 45]. However, the pKW-
mEB model did not detect any QTNs above the signifi-
cance threshold. By applying these diverse ML-GWAS 
approaches, the researchers aimed to identify the most 
significant markers linked to the trait of interest, provid-
ing a robust and comprehensive analysis of the genetic 
basis of the complex trait under investigation.

A total of 155 significant QTNs for the 12 yield-related 
traits, with 42 highly significant and consistent QTNs, 
regulated by 20 SNPs, were detected by five out of six 
multi-locus GWAS models and in multiple environments 

Fig. 8  Kruskal–Wallis test confirms significant Heat Susceptibility Index (HSI) differences between alleles of three KASP validated markers (A) 
AX-94946941, (B) AX-95018072 and (C) AX-95232570
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at LOD score ≥ 3. The R2 values of the QTNs ranged from 
3 to 58%, indicating a significant range of phenotypic var-
iation observed for these parameters. These QTNs pro-
vide valuable insights into the genetic architecture of heat 
tolerance in wheat and can be useful for marker-assisted 
breeding. One of the major QTN for GYLD was located 
on chromosome 3B (qtn_nbpgr_GYLD_3B), which is 
consistent with previous reports of major yield QTLs 
on this chromosome [105, 128, 129] (Fig.  6). Notably, 
the yield QTL on 3B identified by Bennett et  al. (2012) 
[129], was also found to be associated with CT, in agree-
ment with our findings. This suggests that this region on 
3B may harbor important genes for heat tolerance that 
can influence multiple yield-related traits. Several signifi-
cant QTNs for phenological traits such as DTB, DTFL, 
and DTHD on chromosomes 1B, 2B, 6A, 6B, 7A, and 7D 
were also identified in this study. Previous studies have 
reported QTLs for heading date and flowering time on 
these chromosomes in wheat as well [130–132] (Fig. 6). 
Some of these QTLs, such as those on 2B and 7A, have 
been found to be stable across multiple environments 
[130, 132], which is consistent with our findings. For 
PH, we identified significant QTNs on chromosomes 5A 
(qtn_nbpgr_PH_5A) and 2A (qtn_nbpgr_PH_2A). PH is 
known to be controlled by major genes such as Rht-B1 
and Rht-D1 located on chromosomes 4B and 4D, respec-
tively [133]. However, several other QTLs for PH have 
been reported on various chromosomes, including 5A 
and 2A [134–136] (Fig.  6). These additional QTLs may 
represent genes that modulate PH in a more subtle man-
ner and could be useful for fine-tuning PH to optimize 
yield potential. TGW is an important yield component 
that is often affected by HS [3, 137]. We have identified 
significant QTNs for TGW on chromosomes 2B (qtn_
nbpgr_TGW_2B), 1A (qtn_nbpgr_TGW_1A), and 4B 
(qtn_nbpgr_TGW_4B). QTNs for TGW have also been 
previously reported on these chromosomes in wheat 
[138, 139]. Notably, a major QTL for TGW on chromo-
some 2B was recently identified by Jamil et  al. (2018) 
[136], which explained up to 20% of the phenotypic vari-
ation (Fig.  6). This QTL maps close to the QTN (qtn_
nbpgr_TGW_2B) identified in our study, suggesting that 
they may represent the same gene or genes.

In addition to these major QTNs, we also identified 
several multi-trait SNPs that were associated with multi-
ple yield-related traits. Multi-trait SNPs are indicative of 
pleiotropic genes or closely linked genes that can simul-
taneously influence multiple traits. Such multi-trait loci 
are highly valuable for breeding as they can potentially 
enable the simultaneous improvement of several desir-
able traits. In our study, a notable multi-trait QTN was 
identified on chromosome 7A, which was associated 
with five traits—DTB, DTHD, DTMT, GF NDVI, and 

MT NDVI. This QTN may represent a key locus for heat 
tolerance that can influence both phenological and physi-
ological traits related to yield under HS.

Putative candidate gene identification and in-silico 
analysis are important steps in understanding the bio-
logical mechanisms underlying the detected MTAs 
[31, 140]. In our study, we have identified 18 putative 
candidate genes in close proximity to the significant 
SNPs associated with the yield-related traits under 
heat stress (Table  5). These candidate genes encoded 
proteins involved in various biological processes, such 
as stress response, signaling, and protein folding. In-
silico analysis of these candidate genes using tools like 
Ensemble Plants, BLAST etc., provided insights into 
their potential functions and roles in HS response. The 
identification of candidate genes and their functional 
characterization is important for developing functional 
markers and targeted breeding strategies for heat toler-
ance in wheat [31, 140].

The validation of the identified QTNs is a critical step 
in confirming their usefulness for MAS. Three major 
SNPs, AX-95018072 (associated with DTB, DTHD, 
DTMT, GF_NDVI, and MT_NDVI), AX-94946941 
(associated with DTB, DTFL, DTHD, and DTMT), and 
AX-95232570 (associated with DTB and DTFL), were 
successfully validated using KASP markers in an inde-
pendent panel of heat-tolerant and susceptible wheat 
lines. Previous studies have also used KASP markers for 
the successful validation of QTLs and MAS in wheat. For 
example, Rasheed et  al. (2016) [50] developed and vali-
dated KASP markers for key genes associated with grain 
yield, quality, and disease resistance traits in wheat. Simi-
larly, Kumar et al., (2022) [56] and Pradhan et al., (2023) 
[57] used KASP markers to validate QTLs for various 
traits in wheat, demonstrating their potential for marker-
assisted breeding.

Conclusion
In conclusion, our study successfully identified novel 
QTNs and candidate genes associated with heat toler-
ance and yield-related traits in wheat through a com-
prehensive GWAS approach. The QTNs identified not 
only aligned with previously reported QTLs and genes 
for yield-related traits but also revealed several novel 
loci, expanding the current genetic knowledge. The vali-
dated KASP markers can now serve as valuable tools in 
marker-assisted breeding programs aimed at develop-
ing heat-tolerant wheat varieties. These findings signifi-
cantly enhance our understanding of the genetic basis of 
heat tolerance in wheat, offering practical resources for 
breeders to accelerate the development of heat-resilient 
varieties. In light of increasing global temperatures and 
unpredictable climate patterns, such advancements are 
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crucial for safeguarding wheat production and ensuring 
food security in the face of climate change. Our research 
contributes to long-term strategies to breed crops that 
can withstand environmental stresses, thus supporting 
sustainable agriculture.
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