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Abstract

The use of wheat as forage remains underutilized, particularly in the southeastern U.S.,
despite its potential to fill seasonal forage gaps when warm-season forages are dormant.
Genetic improvement of forage yield traits in wheat has been limited. A genome-wide
association study on 182 soft red winter wheat lines was conducted to identify quantitative
trait loci for five forage yield traits. The panel was evaluated across four environmental-year
combinations in Georgia (2023-2025). ANOVA revealed significant phenotypic variation,
with heritability ranging from low to moderate in combined locations and from low to high
within individual locations. Correlation analysis revealed significant positive associations
between growth stages (GS), forage height (FHt), fresh forage weight (FWt), and dry forage
weight (DWt). Using 47,339 SNP markers, we identified 192 marker—trait associations.
Twenty-two major-effect QTLs explained 10% of the phenotypic variance, of which six
were multi-trait. Chromosomes 7A, 1B, and 6B harbor key regions for FHt, FWt, and
DWt. Accumulating favorable alleles showed significant increases in FHt (7 cm), FWt
(1611.2 kg/ha), DWt (58.6 kg/ha), and germination counts (G) (4.5%), while reducing GS
(0.81 units). QTLs (QFht.uga-7A, QFht.uga-4A) were possibly allelic with known loci, and
the remaining 20 QTLs appeared novel. Candidate genes were identified for 10 of 22
QTLs related to plant growth and development. This study provides promising candidates
for forage yield improvement in wheat under forage-production systems, supporting
marker-assisted selection. Upon further validation, these results can be used in breeding
for desirable plant architecture to improve wheat potential for forage yield.

Keywords: dual-purpose wheat; forage yield; GWAS; QTL; marker-assisted selection

1. Introduction

Winter wheat is a cool-season annual grass that is a valuable source of energy for
humans (grains) and for feed (forage or grain) in the U.S. Southern Great Plains. Despite
its substantial standing biomass and high nutritional value, it is less frequently used
as a pasture in the southeast (SE) U.S. states [1,2]. In the SE, perennial forage systems
such as bahiagrass (Paspalum notatum Flueggé), bermudagrass (Cynodon dactylon L.), and
tall fescue (Schedonorus arundinaceus Schreb.) are extensively utilized to fulfill the forage
needs of the beef industry [3]. Consequently, the issue arises of ensuring sufficient green
forage with high nutritional value for lactating and growing animals when warm-season
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perennial pastures grow slowly or go dormant, and biomass becomes scarce in the fall and
early spring. In fact, due to cold and freezing weather conditions, warm-season forages
like alfalfa (Medicago sativa L.) and switchgrass (Panicum virgatum L.) become completely
dormant in the winter. Meanwhile, wheat acreage has steadily declined in Georgia (GA)
due to relative commodity prices and profitability, a trend similar to that in other SE
states [4]. Therefore, winter wheat could be a promising option for producers in the SE
region because of its exceptional winter hardiness and extended growth period. This can
provide grazable forage during the period from late fall through the following spring when
all other crops are dormant [5]. In this production system, wheat can be managed solely
for either forage, for grain, or as a dual-purpose crop that supports both grazing and grain
production within the same growing season.

Forage harvest at different plant developmental stages plays a crucial role in achieving
high-yielding forage, and the right balance in this regard enables growers to enhance
profitability [6]. Forage clipping delayed until late joint (Zadoks 32) or boot (Zadoks 40)
stages typically led to a substantial increase in average forage yield from 3000 kg/ha to
5000 kg/ha [7]. Given that jointing marks the onset of vigorous plant growth, delaying
forage harvest at this developmental stage can substantially boost forage production [7,8],
but it will subsequently reduce the quality. Plant height is an important trait in forage-based
production systems as biomass accumulation is positively associated with canopy height
and can therefore serve as an indirect indicator of forage yield [9,10]. However, in the case
of dual-purpose wheat systems, a trade-off often exists between harvesting forage at later
developmental stages and maintaining forage quality and subsequent grain yield. Delayed
forage harvest can reduce nutritive value and negatively affect grain yield potential by
increasing competition for assimilates and altering developmental dynamics [6,8,11].

Despite the importance of wheat as a forage resource, improvements in forage yield
and nutritive value have received relatively limited emphasis in U.S. wheat breeding
programs. To our knowledge, no information is available on the use of genome-wide
association studies (GWAS) to identify quantitative trait loci (QTLs) governing forage yield
and related traits in wheat. However, extensive work has been performed on wheat for
other agronomic and grain and yield-related traits, such as plant height and biomass at
grain harvest [12-16]. Therefore, this GWAS was conducted to investigate the genetic basis
of forage yield and related traits in soft red winter wheat (SRWW). The ultimate goal is to
develop high-yielding cultivars with improved nutritive value available during the period
when warm-season and perennial forages go dormant and the availability of green forage
becomes scarce in the SE U.S. The specific objectives of the study were to (1) evaluate
SRWW elite germplasm for forage yield and related traits using a diverse GWAS panel
across multiple environments in the SE region, (2) utilize the GWAS to identify QTLs for
these traits, and (3) postulate candidate genes controlling major-effect QTLs that are stably
expressed in diverse environments.

2. Material and Methods
2.1. Planting Material and Experimental Method

A diverse panel composed of 182 SRWW advanced genotypes was used in this study.
The panel was developed by public breeding programs across multiple states in the SE U.S,,
thereby encompassing a broad spectrum of genotypes adapted to the diverse environmental
conditions characteristic of the SE region. The experimental trials were conducted at
three different locations in GA over two years (2023-2025): the University of Georgia
Southwestern Research and Education Center (SWREC) in Plains during the first year
(2023-2024) and the SWREC in Plains, GA (32° 2.80' N, 84° 21.98' W), the J. Phil Campbell
Sr. (JPC) Research and Education Center in Athens, GA (33° 52.2’ N, 83° 25.8' W), and the
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Iron Horse Farm (IHF) in Watkinsville, GA (33° 51.5' N, 83° 23.5' W) during 2024-2025.
They were referred to as GAP_24, GAP_25, JPC_25, and IHF_25, respectively. A randomized
complete block design with two replications was used for this study across all locations.
Each genotype of the diversity panel was planted in a plot with 7 rows, each row 3 m

long and 7 inches apart, at a seeding rate of ~140 kg ha~!.

At each location, the soil
was prepared before planting and fertilized with nitrogen, phosphorus, and potassium
according to site-specific soil test recommendations. Planting was done across years during
October and November each year, with GAP_24 (29 November), GAP_25 (22 October),
IHF_25 (24 October), and JPC_25 (25 October), respectively. All plots were sown at a seed
rate of 65 g per plot using a GPS-equipped tractor (John Deere, Moline, Illinois, USA;
Trimble Technologies, Westminster, CO, USA) coupled with an auto-trip seed drill (Hege

Equipment Inc, Salt Lake City, UT, USA).

2.2. Data Collection: Phenotypic Traits

The GWAS panel was phenotyped for five forage yield and related traits, including
germination counts (G), Zadok’s growth stages at forage harvest (GS), plant height at
forage harvest in cm (FHt), fresh/dry forage weight in kg/ha (FWt), and (DWt) for two
growing seasons (2023-2025). G was determined for each genotype by visually counting
emerged plants 2-3 weeks after planting. GS was assessed using the Zadoks GS scale [17]
at forage harvest. FHt was measured as the average length from the plant base to the
growing point in cm. Forage was clipped at 8-10 cm above the soil surface, and total
biomass was quantified immediately post-harvest. FWt was measured immediately after
harvesting the entire plot with a Swift forage harvester at the end of tillering and before
stem elongation [18]. Plot-level FWt was converted to kg/ha based on the harvested plot
area. DWt was subsequently calculated from the oven-dried forage biomass and expressed
as kg/ha. The procedure was applied consistently across all locations and years. Each
location and year combination was treated as an independent environment. For instance,
GAP, IHE and JPC had single environments: GAP_24, GAP_25, IHF_25, and JPC_25. In
addition, a combined dataset (All-combined) was created for each trait by pooling data
across all four environments. In total, there were five environments, including single and
combined environments, which were considered in the analysis. The homogeneity of
variance among the combined environments was tested using Levene’s test [19].

2.3. Data Analysis

All measured traits were analyzed using R software (v4.5.1) (RStudio, Boston, MA,
USA), separately for each environment and jointly across the environments available for
each trait, in a randomized complete block design with two replications per environment.
Each location—year combination was treated as an environment. Each trait was analyzed
separately as the response variable. By using the specific R package Ime4 (v4.5.1), analysis
of variance (ANOVA), mean trait values, standard deviation (SD), and coefficients of
variation (CV%) were determined. Pearson correlation coefficients were calculated to
assess the magnitude and direction of associations among the measured traits using the
across-environment dataset, implemented with the psych package in R (v4.5.1). For single-
environment analyses, the overall mean was treated as a fixed intercept, and genotype and
replication were modeled as random effects (Equation (1)), and genotype, environment,
and replication for the combined analysis were modeled as random effects (Equation (2))

Yij = 1+ Gi + Rj + € (1)
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where Yij represents the phenotypic response observed in the j replication for the it
genotype, W is the overall mean, Gi is the effect of the i" genotype, Rj is the effect of the j
replication, and ¢ij represents the residual error term associated with the observation Yij.

Yijk = + Gi + (GE)ij + (ER)jk + eijk )

where Yijk represents the phenotypic response observed for the i genotype in the jh
environment and kth replication, u is the overall mean, Gi is the random effect of the jth
genotype, +(GE)jj is the random genotype x environment (G x E) interaction, (ER)jk is the
random effect of replication nested within environment, and eijk represents the residual
error term associated with the observation Yijk.

Best linear unbiased predictions (BLUPs) for each trait were estimated for all single
environments and the combined dataset using the (Ime4) package in R [20] and were
subsequently used for GWAS analysis. Broad-sense heritability (H?) was estimated from
variance components separately for single environments (Equation (3)) and for a combined
environment (Equation (4)).

2
2 _ G
= 55 (3)
UG—i-(Tg/i’l
2
0,
2 G
H? = R (4)
o2 + %GE +‘7ER+U¢’
G ng NENR

where 02 represents the genetic variance, 0%, represents the variation attributed to G x E
interactions, (7% R refers to variation due to replications within each environment, (752 is the
residual variance, and ng and ng correspond to the harmonic mean number of environ-
ments assessed per genotype and the harmonic mean number of replications within each
G x E combination, respectively.

2.4. Quality Control and SNP Identification

The GWAS diversity panel was genotyped via genotyping-by-sequencing (GBS) at the
USDA-ARS lab in North Carolina. Detailed descriptions of the genotyping procedures and
quality control steps applied to this panel have been reported by Guo et al. [21]. Briefly,
genomic DNA was extracted from fresh green seedling tissue and used to construct GBS
libraries following digestion with the restriction enzymes Pst and Msel [22]. SNP discovery
and genotype calling were performed using the Trait Analysis by aSSociation, Evolution
and Linkage (TASSEL)-GBS discovery pipeline v5.2.49 [23]. SNP filtering was subsequently
applied by removing markers with a minor allele frequency below 5% and those with more
than 50% missing data, as described by Guo et al. [21].

2.5. Population Structure and Linkage Disequilibrium

Linkage disequilibrium (LD) was quantified as the squared allele frequency corre-
lation coefficient (r?) between pairs of SNP markers within chromosomes, following the
method of Hill and Weir [24], using the TASSEL software package (v5.0) [23]. LD estimates
were calculated for marker pairs located on the same chromosome. Genome-wide and
chromosome-specific LD decay patterns were visualized by plotting r?> values against
physical distance, and a critical r? threshold was used to characterize LD decay. Popula-
tion structure was assessed through principal component analysis (PCA) implemented in
the Genome Association and Prediction Integrated Tool (GAPIT) package in R, and the
resulting principal components were included as covariates in the GWAS to account for
population stratification.
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2.6. GWAS Analysis

BLUP estimates for each trait across all four environments and the All-combined
dataset (GAP_24, GAP_25, IHF_25, JPC_25, across-environment BLUP) were used in
GWAS to detect significant genomic regions associated with forage yield and related
traits in SRWW. GWAS analysis was performed using the GAPIT (v3.0) implemented in
R [25,26]. A single model was selected by running GWAS under both single-locus and
multi-locus frameworks, including the general linear model (GLM), mixed linear model
(MLM), multiple-loci mixed model (MLMM), and fixed and random model circulating
probability unification (FarmCPU). PCs derived from population structure analysis were
included as covariates, and model performance was evaluated using quantile-quantile
(Q-Q) plots and scree plots to ensure adequate control of population structure within the
diversity panel.

A significance threshold of 1 x 10~* [27] was applied to identify marker-trait asso-
ciations (MTAs), as the Bonferroni-corrected genome-wide threshold was deemed overly
stringent for the present dataset. The proportion of phenotypic variance explained (PV,
adjusted R?) by each significant marker was estimated using an ordinary least squares
regression model, with the phenotype modeled as a function of the marker genotype. Pair-
wise LD was assessed among significant MTAs on the same chromosome using TASSEL
v5.0 [23]. Markers exhibiting LD (r?) values greater than or equal to the defined critical
threshold were considered linked and grouped into the same putative QTL region. Putative
major-effect candidate QTLs were operationally defined as those explaining >10% of PV
and were retained for subsequent analysis and named according to the current standard-
ized guidelines proposed by Boden et al. [28]. A QTL’s stability was determined by the
presence of associated markers across at least 2 of the 5 tested environments.

2.6.1. Effect of Individual Favorable Allele and Additive Allele Effect of Major-Effect QTLs

To evaluate the allelic effect of the major-effect QTLs identified in this study, the diver-
sity panel was stratified into three genotype classes for each associated marker (favorable-
allele homozygous, heterozygous, and unfavorable-allele homozygous). Favorable alleles
were operationally defined as those demonstrating desirable forage yield and related phe-
notypes, specifically higher G, FHt, FWt, and DWt, along with lower GS. BLUPs for the
associated trait were subsequently compared across genotypic classes using Tukey’s Hon-
estly Significant Difference (HSD) test. This post hoc comparison procedure controls the
experiment-wise Type I error rate at o = 0.05, ensuring robust identification of significant
differences among the three genotypic groups while accounting for multiple comparisons.

For each QTL associated with a given trait, the most significant marker was selected,
and genotypes were grouped based on the number of favorable alleles present, including a
null class containing no favorable alleles. Wheat lines carrying these allele combinations
were then identified, and their BLUP values for the corresponding trait in the across-
environment BLUP were compared using Tukey’s HSD test.

2.6.2. QTLs Novelty and Candidate Gene Identification

Candidate gene identification was conducted by examining genomic regions spanning
5 kb upstream and downstream of each peak SNP using the Chinese Spring RefSeq v1.1 ref-
erence genome assembly [29] accessed through Ensembl Plants (http://plants.ensembl.org).
Gene models located within or near peak markers were extracted and subjected to func-
tional annotation. Putative gene functions were inferred using multiple complemen-
tary databases, including UniProt (https://www.uniprot.org/) for curated protein in-
formation, InterPro (https://www.ebi.ac.uk/interpro/search/sequence/, accessed on
23 March 2026) for conserved domains and functional motifs, and the Wheat Expres-

https://doi.org/10.3390/cimb48100973


http://plants.ensembl.org
https://www.uniprot.org/
https://www.ebi.ac.uk/interpro/search/sequence/
https://doi.org/10.3390/cimb48100973

Curr. Issues Mol. Biol. 2026, 48,973 6 of 30

sion Browser (http://www.wheat-expression.com/) to evaluate expression profiles across
tissues and developmental stages. To evaluate the novelty of the detected QTLs, the
physical positions of identified loci were systematically compared with previously re-
ported QTLs/MTAs in wheat and related cereals using the Chinese Spring reference and
publicly available databases, PlantBioinfoPF (https:/ /urgi.versailles.inra.fr/) and NCBI
(https:/ /www.ncbi.nlm.nih.gov /). This comparative approach enabled the assessment of
positional overlap and facilitated differentiation between previously characterized regions
and potentially novel loci.

3. Results
3.1. Phenotypic Analysis of Forage Yield and Related Traits

Significant differences were observed among the 182 SRWW for the five forage yields
and related traits evaluated across environments in GA, USA (Supplementary Table S1,
Table 1). In the All-combined dataset, G ranged from 15 to 100% (mean 80.79%, SD
11.22, CV 13.89%), with the highest mean G (89.60%) recorded for IHF_25, followed by
GAP_25 (86.33%) and JPC_25 (66.48%). However, genotypic differences were not significant
in any single environment nor in the combined analysis (Supplementary Table S1). In
contrast, GS exhibited strong evidence of genetic control and pronounced environmental
effects. While GS ranged from 23 to 37, with a relatively tight distribution in the combined
dataset (mean 29.02, SD 1.17, CV 4.03%) (Supplementary Table S1, Table 1), the single-
location mean GS ranged from 25.27 to 31.88, with the highest (31.88) mean observed
for GAP_24. Single-environment ANOVA for GS detected significant genotypic effects at
IHF_25, GAP_25, and GAP_24 (p < 0.001), while JPC_25 showed non-significant genotypic
differences (Supplementary Table S1). The All-combined analysis also showed a highly
significant genotype main effect and a significant G x E interaction (p < 0.001).

Table 1. Descriptive statistics, analysis of variance, and heritability estimation for 5 forage yield and
related traits studied in 182 SRWW.

Trait Mean Min 4 Max © SDP Ccve SEf H28
kg/ha

G 80.79 15 100 11.22 13.89 0.34 0.095

GS 29.02 23 37 1.17 4.03 0.03 0.172

FHt 33.30 13 68.1 438 13.16 0.12 0.229

FWt 6258.10 556.59 20,525.72 2129.82 34.03 55.82 0.182

DWt 1814.61 175.77 5312.08 529.86 29.20 13.89 0.002

2 Forage yield and related traits. G, germination counts; GS, Zadok’s growth stage; FHt, forage height
at harvest in cm; FWt, forage fresh weight in kg/ha; DWt, forage dry weight in kg/ha. ® SD, standard
deviation from the All-combined dataset. ¢ CV, coefficient of variation from the All-combined dataset.
d Minimum value obtained for traits from the All-combined dataset. ¢ Maximum value obtained
for traits from the All-combined dataset. { SE, standard error of mean. & Broad-sense heritability
estimates for the traits from the All-combined dataset.

FHt also showed significant variation, ranging from 13.0 to 68.1 cm, with a combined
mean of 33.3 cm (SD 4.38, CV 13.16%) (Table 1). However, the highest mean FHt was
observed at GAP_24 (48.88 cm). Genotypic effects were highly significant at IHF 25,
GAP_25, and GAP_24 (p < 0.001), whereas at JPC_25, genotypic differences were non-
significant (Supplementary Table S1). The combined ANOVA identified highly significant
genotype main effects (p < 0.001) and a G x E interaction (p < 0.001). FWt displayed the
widest relative dispersion in the combined dataset (range 556.59 to 20,525.72 kg /ha and a
mean of 6258.10 kg/ha) (Table 1), with the highest mean FWt of 8105.52 kg/ha observed at
JPC_25. Genotypic differences were significant at IHF_25 (p < 0.05), GAP_25 (p < 0.001),
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and GA24 (p < 0.01), but at JPC_25 they were non-significant (Supplementary Table S1;
Figure 1). In the All-combined analysis, FWt retained a significant genotype effect (p < 0.05)
alongside a highly significant G x E interaction (p < 0.001). Finally, DWt ranged from
175.77 to 5312.08 kg /ha (mean 1814.61 kg/ha) (Table 1; Figure 1), with the highest DWt
mean value (2724.21 kg/ha) observed at IHF_25 (Supplementary Table S1). Significant
genotypic differences were detected for DWt only at GAP_24 (p < 0.01), with non-significant
genotype effects in other environments (Supplementary Table S1). Importantly, in the All-
combined analysis, both the genotype main effect (p = 0.9604) and G X E (p = 0.5508) were
non-significant (Supplementary Table S1).

DWt (Ibs)

60

FHt (cm)
8

. >

25

20

FWt (Ibs)
3

40

35

25

20

S el e el
® &7 a 3P
a <X ® a
:,\OSO
30
el “ Sl
¥ x ¥
55 £“ >

Nl el
¥ ¥
< <

Environment

Bl o~ 2+ [ v 25 [l o 25 [ cae 25

Figure 1. Phenotypic values of five forage yield and related traits collected in 4 single environments.
Different blue-shaded violins represent different environments: GAP_24, IHF_25, JPC_25, and
GAP_25, respectively. G, germination counts; GS, Zadok’s growth; FHt, forage height at harvest in
cm; FWt, forage fresh weight in kg/ha; DWt, forage Dry weight in kg/ha.

Broad-sense heritability (H?) estimates for forage yield and related traits varied widely
among traits in the combined dataset (Table 1). Overall, H? values ranged from 0.002 to
0.229, indicating relatively low H? for forage yield and related traits across environments.
Among the evaluated traits, FHt exhibited the highest H2 (0.229), indicating a moderate
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proportion of phenotypic variation explained by genetic factors. Correspondingly, G and
GS showed lower H? estimates (0.095 and 0.172, respectively), indicating greater environ-
mental influence on these traits. Similarly, both FWt and DWt showed very low H? of
0.182 and 0.002, respectively (Table 1). This reflects the complex genetic inheritance of
these traits and the strong environmental and substantial G x E effects for these traits.
H? estimates at individual locations further demonstrated varying environmental influ-
ences, ranging from 0.01 to 0.64 for GS and FHt at GAP_24, GAP_25, JPC_25, and IHF_25.
However, H? for FWt and DWt was generally low to moderate (0-0.39) across all locations
(Supplementary Table S1).

Correlation analysis was performed using across-environment BLUPs for 182 SRWW
lines (Figure 2). Significant positive correlations (p < 0.001) were observed among all
forage yield and related traits except G, which did not show significant associations with
GS, FHt, FWt, and DWt. The strongest significant correlation was detected between GS
and FHt (r = 0.80), followed by the relationship between FHt and FWt (r = 0.66). GS also
exhibited significant positive correlations with FWt and DWt (r = 0.60 and r = 0.39, re-
spectively). In addition, FHt was significantly positively associated with DWt (r = 0.38),
and FWt showed a significant positive correlation with DWt (r = 0.50) (Figure 2). Correla-
tion among traits at single locations also revealed the same pattern, with G showing no
significant correlations across all locations (GAP_25 and JPC_25) except IHF_25, where G
showed significant positive correlations with GS, FHt, and DWt (Supplementary Figure S1).
Overall, a significant positive correlation was observed between GS and FHt, FWt, and
DWt across all environments (GAP_24, GAP_25, IHF_25) except at the JPC_25 location
(Supplementary Figure S1).

28 29 30 31 - S 6 T 8 g 10
1 1 1 1 1 1 1 1 1 1

-0.01 0.05 0.05 0.09

TTTTTI
65 75 85

30

I |

0-80*** 0-60*** 0-39***

28

45

FHt_mean

0-66*** 0-38***

T T TT
3

25

2 — FWt_mean

o —

o] A 0.50***
- —

TTTTTT

16 20 24

Figure 2. Correlation analysis of 5 forage yield and related traits among 182 SRWW lines. Combined
data from three and four environments across two years, 2023-2025, and the across-environment
BLUPs were used for correlation. G, germination counts; GS, Zadok’s growth stage; FHt, forage
height at harvest in cm; FWt, forage fresh weight in kg/ha; DWt, forage dry weight in kg/ha;
*** significant at p < 0.001 probability level.

3.2. Population Structure and LD Analysis

A total of 47,339 high-confidence SNP markers distributed among the three subgenomes
were retained for downstream analyses. The B subgenome contained the highest marker
density, with 23,679 SNPs (50%), followed by the A subgenome with 17,055 SNPs (36%),
whereas the D subgenome harbored only 6605 SNPs (14%). LD decay analysis conducted
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across the whole genome revealed an average LD half-decay distance of approximately
6.36 Mb (Supplementary Figure S2). The A genome exhibited the most rapid LD decay, with
a half-decay distance of 2.80 Mb, followed by the D subgenome at 5.13 Mb, while the B
subgenome showed the slowest LD decay, extending to approximately 10 Mb. Substantial
variation in LD decay was also observed among individual chromosomes, with the shortest
decay distance detected on chromosome 4D (41 bp) and the longest on chromosome 1D (43 Mb)
(Supplementary Figure S2). An r? threshold of 0.2 was used to define LD between marker
pairs. Accordingly, markers located on the same chromosome with pairwise r? values > 0.2
were considered linked and grouped into the same putative QTL. Population structure was
evaluated using principal component analysis (PCA) based on genome-wide SNP data. The
scree plot of the first ten PCs showed a sharp decline in the proportion of variance explained
by the first four components, followed by a gradual leveling off, indicating that these PCs
captured the major population structure within the panel. Consequently, the first four PCs
were included as covariates in the GWAS models to account for population stratification.

3.3. GWAS Results

Genome-wide association analyses were conducted using 47,339 high-confidence
SNPs and five phenotypic datasets: BLUPs estimated separately for each of the four field
environments (GAP_24, GAP_25, IHF_25, and JPC_25) and genotypic BLUPs estimated
jointly across all four environments (across-environment BLUP). The across-environment
BLUP dataset was used to examine average genetic effects across the tested environments
and was not treated as a fifth independent environment. GWAS was performed on four
different models (GLM, MLM, MLMM, and FarmCPU). FarmCPU model was then selected
based on the distribution of SNPs in Q-Q plots and the number of significant SNPs identified
by the models (Supplementary Figure S3). FarmCPU iteratively fitted associated markers
as pseudo-QTNs in its fixed-effect model and evaluated the selected pseudo-QTNs through
its random-effect component, thereby accounting for relatedness within the FarmCPU
framework [25]. All other FarmCPU parameters were maintained at their default GAPIT
version 3 settings. FarmCPU was fitted separately to each phenotypic dataset and did
not include marker x environment interaction terms; these analyses were not designed to
identify loci underlying G X E interaction directly. Differences in MTA detection among the
analyses provide descriptive evidence of environmental dependence but do not constitute
a formal statistical test of marker x environment interaction.

A total of 192 MTAs were detected across all five datasets (significance threshold of
p <1 x 107*) for the evaluated forage yield and related traits (Supplementary Table S2;
Table 2). Among the datasets, GAP_25 had the highest number of MTAs (97), followed
by across-environment BLUP (35), GAP_24 (33), and JPC_25 (20). In contrast, IHF_25
attributed the fewest MTAs (7), all of which were associated exclusively with FWt. Across
the wheat genomes, the A genome harbored the largest proportion of MTAs (109), fol-
lowed by the B genome (77), while the D genome had the fewest MTAs (6) (Table 2;
Supplementary Table S2).

Table 2. Summary of the number of MTAs for five forage yield and related traits across five envi-
ronments (four single and one combined) from two years (2023-2025) studies, and chromosomes
harboring MTAs across the wheat genome.

Trait @ Datasets P Total MTAs € Maximum PV 4 Chromosomes €
G GAP_25 6 14.5 1B, 2A, 3B
Across-environment 1 134

BLUP
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Trait 2 Datasets P Total MTAs € Maximum PV 4 Chromosomes €
1A, 1B, 2B, 2D, 4A, 6A,
GS GAP_24 11 12.8 7A. 7B
GAP_25 83 19.3
JPC_25 4 11.0
Across-environment
BLUP 5 10.1
FHt GAP_24 7 14.5 4A,4B,7A,7B
GAP_25 6 7.9
JPC_25 2 9.1
Across-environment
BLUP 0 11.7
FWt GAP_24 13 10.2 1B, 2B, 3B, 5A, 5B, 6B
GAP_25 2 27
IHF 25 7 7.2
JPC_25 13 12.8
Across-environment
BLUP 12 6.7
1B, 1D, 2B, 2D, 3A,
DWt GAP_24 2 12.0 3B, 6B
JPC_25 1 10.4
Across-environment ” 10.6

BLUP

2 Forage yield and related traits. G, germination counts; GS, Zadok’s growth stage; FHt, forage height
at harvest in cm; FWt, forage fresh weight in kg/ha; DWt, forage dry weight in kg /ha. b Datasets in
which marker-trait associations were identified for each trait. Four single environments, two Plains
and one each from JPC and IHF locations over two years (2023-2025), and one combined environment
(a combination of all four single locations). © Number of marker-trait associations (MTAs) identified
for each trait in each environment. ¢ Maximum phenotypic variance (PV) explained among the
marker—trait associations identified for each trait at each environment. © Chromosome distribution of
marker—trait associations identified for each trait.

Among the 192 MTAs identified, 103 were associated with GS, representing the trait
with the highest number of MTAs across four datasets (Table 2; Supplementary Table S2).
In addition, 6 other MTAs were shared with FHt. GAP_25 accounted for the majority of
GS MTAs (83), whereas no MTAs were detected for GS in IHF_25. These GS MTAs were
distributed across eight chromosomes, with chromosome 1A containing the highest number
(78 MTAs), and the single largest effect for GS, explaining up to 19.3% of PV, was attributed
to marker S7B_887145 on chromosome 7B. FWt was associated with 47 MTAs across all
five datasets, distributed across six chromosomes, including 1 MTA shared with DWt
(Supplementary Table S2). JPC_25 and GAP_24 exhibited the largest number of FWt MTAs,
each 13, explaining up to 12.8% PV, followed by across-environment BLUP with 12 MTAs
explaining up to 6.7% PV. The marker S1B_533829236, located in JPC_25 on chromosome
1B, explained the highest PV of 12.8% for FWt. Furthermore, 10 MTAs were identified
for DWt across three datasets (GAP_24, JPC_25, and across-environment BLUP). These
MTAs were distributed across seven chromosomes, with each dataset containing markers
explaining more than 10% PV (Table 2, Supplementary Table S2). No DWt MTA was
detected in more than one of the four independent single-environment analyses. Because
the across-environment BLUP was calculated from the same four field trials, detection in
this analysis was not considered independent replication. Accordingly, the DWt MTAs are
reported as dataset-specific candidate associations rather than reproducible associations
across environments. A total of 15 MTAs were detected for FHt from four datasets excluding
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IHF_25, whereas across-environment BLUP had 6 MTAs that were associated with MTAs
found for GS (Supplementary Table S2). Among these, GAP_24 and across-environment
BLUP contained markers explaining more than 10% PV (14.5% and 11.7%, respectively).
In addition, G identified 17 MTAs across two datasets (GAP_25 and across-environment
BLUP), with each dataset containing at least one marker explaining more than 10% of PV
(Table 2; Supplementary Table S2).

The MTAs for all forage yield and related traits were identified across 16 chromosomes,
but none were detected on chromosomes 3D, 4D, 5D, 6D, and 7D (Table 2; Supplementary
Table S2). Chromosome 1A had the highest number of MTAs (78), explaining up to 12.8% PV,
followed by chromosome 1B (28 MTAs, up to 13.4% PV). Subsequently, chromosomes 7A
and 6B each had 14 MTAs, accounting for 14.5% and 10.2%, respectively, and chromosome
2B (11) had 11 MTAs, accounting for 13.0%. Additionally, chromosomes 7B, 3B, 5A, 5B, and
2D each had fewer than 10 MTAs, with maximum PV values of 19.3%, 13.4%, 7.2%, 4.8%,
and 3.1%, respectively (Supplementary Table S2; Table 2).

3.4. PutativeMajor-Effect QLT for Forage Yield and Related Traits

The 192 significant MTAs were resolved into 68 putative QTLs based on the specific LD
critical value > 0.2 (Supplementary Table S2). Furthermore, we identified 22 major-effect
candidate QTLs with PV > 10% (Table 3). The QTL on chromosome 7A, QFht.uga-7A, had a
single marker and was associated with FHt (Table 3) and was identified in one environment
(GAP_24) and across-environment BLUP, explaining 10.0-10.9% PV. Another two major-
effect QTLs (QFht/Gs.uga-7A.2 and QFht/Gs.uga-7A.3) on chromosome 7A were detected
for FHt and GS, showing co-localization within the same genomic region at GAP_24 and
across-environment BLUP. QFht/Gs.uga-7A.2 was associated with one different marker
(57A_10270159) and was associated with FHt in GAP_24 and across-environment BLUP,
explaining 11.7% and 12.0% of PV, and GS in across-environment BLUP, explaining 8.6% PV
(Table 3). Whereas QFht/Gs.uga-7A.3 had two markers, in which S7A_10867659 was found
for FHt (detected in GAP_24), explaining 14.5% PV while S7A_10909138 was associated
with GS (detected in across-environment BLUP), explaining 9.4% PV (Table 3). There was
another major-effect QTL for FHt (QFht.uga-4A) on chromosome 4A, which was detected in
a single environment (GAP_24). This QTL was linked to a single marker (S4A_717822349),
explaining 12.7% of PV. Interestingly, all three major-effect QTLs on chromosome 7A were
identified for FHt; however, two major-effect QTLs were associated with multiple traits (for
FHt and GS) and were co-located in the same genomic region. Overall, four QTLs related
to FHt on chromosomes 4A and 7A explained PV of up to 14.5% (Table 3).

Table 3. Summary of 22 major-effect QTLs for five forage yield and related traits across four environ-
ments (two GAP, IHF, JPC) and across-environment BLUP over two years (2023-2025).

Protein Name i

QTLID? SNP P Trait_Datasets ¢ AlleleY  MAF* p Value f Effects  PVh Candidate Gene' - "0 "

QGs.ugn-1A4  S1A_16789687  GS_GAP_25 C/T 0.122 521764 x 1076 —0.24 12.82

%;‘”/Dw‘”g”‘ S1B_529627861  FWt_JPC_25 T/C 0.119 122631 x 105 —0.56 10.56

DWt_JPC_25 C/T 0.119 3.286 x 105 —045 9.60

%t;”w whUgA  g1p 531867384  FWt_JPC_25 A/G 0.116 42252 x 105 055 12.01

Uncharacterized
S1B_532065919  FWt_JPC_25 T/G 0.116 42252 % 1073 —045 12.01 TraesCS1B02G309100 protein

LOC123094139
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Table 3. Cont.

QTLID?

SNP®

Trait_Datasets ¢

Allele ¢

MAEF ¢

p Value f

Effect 8

PV h

Candidate Gene'!

Protein Name J
Gene Name

S1B_532396302

DWt_JPC_25

C/T

0.116

6.5413 x 107°

—0.44

TraesCS1B02G309700
TraesCS1B02G309800

Uncharacterized
protein

non-specific
serine/threonine
protein kinase,
protein
phosphorylation
LOC123136985

QGs.uga-1B

S1B_631816667

GS_GAP_25

C/G

0.497

6.75464 x 107>

—0.13

11.06

TraesCS1B02G401300

Oligopeptide
transporter

QFwt.uga-
1B.2

S1B_526750430

FWt_JPC_25

C/T

0.113

7.90363 x 1075

—0.45

12.06

QFwt/Dwt.uga-
1B.3

S1B_534667041

FWt_JPC_25

T/C

0.116

1.69826 x 107°

—0.67

11.43

TraesCS1B02G311100
TraesCS1B02G311200

TraesCS1B02G311300

Probable
zinc-ribbon
domain-
containing
protein
LOC123137053
Protein kinase
domain-
containing
rotein
LOC123137047
Thioredoxin
domain-
containing
protein

DWt_]JPC_25

c/T

0.116

45107 x 107°

-0.78

10.37

TraesCS1B02G311400

E2 ubiquitin-
conjugating
enzyme,
EC:2.3.2.23
LOC123182373

QFwt.uga-
1B.3

S1B_533829236

FWt_JPC_25

T/C

0.105

432498 x 107>

—0.82

12.82

QG.uga-1B.5

S1B_29492494

G_Across-
environment
BLUP

G/T

0.096

147 x 107°

0.62

13.43

TraesCS1B02G049800

Caffeoyl-CoA O-
methyltransferase

QG.uga-1B.6

S1B_9270181

G_Across-
environment

BLUP

C/T

0.253

6.8426 x 107°

0.34

10.64

TraesCS1B02G019800

NADH:flavin
oxidoreduc-
tase/NADH
oxidase
N-terminal
domain-
containing
protein
LOC123103353

QDwt.uga-1D

S1D_354847019

DWt_GAP_24

C/T

0.378

8.14067 x 107°

—0.04

11.95

QG.uga-2A

S2A_43287532

G_GAP_25

T/A

0.465

4.73461 x 107>

—0.45

TraesCS2A02G090400
TraesCS2A02G090500

Protein kinase
domain-
containing
protein
Protein SCAR,
Protein WAVE
LOC123184640

S2A_43254369

G_GAP_25

G/T

0.471

6.84334 x 1072

0.44

14.45

QGs.uga-2B

S2B_638968494

GS_Across-
environment
BLUP

A/G

0.177

1.9189 x 1075

—-0.16

10.05

TraesCS2B02G446000

RRM domain-
containing
protein

GS_GAP_24

G/A

0.177

7.26159 x 107°

—0.36

12.75

TraesCS2B02G446100

Uncharacterized
protein
LOC123046478

TraesCS2B02G446200

Uncharacterized
protein
LOC123046480

QDwt.uga-3B

S3B_666328969

DWt_Across-
environment
BLUP

G/C

0.041

7.9942 x 107°

0.00

10.61

QG.uga-3B.2

S3B_508983541

G_GAP_25

A/G

0.093

1.32666 x 107°

0.95

13.39

QFht.uga-4A

S4A_717822349

FHt GAP_24

G/A

0.224

261163 x 107>

—-1.78

12.66

QGs.uga-6A

S6A_606654266

GS_JPC_25

A/G

0.209

1.8762 x 107°

0.00

10.95
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Protein Name

QTLID? SNP P Trait_Datasets ¢ Allele 4 MAF ¢ p Value f Effect 8 PVh Candidate Gene !
Gene Name
CCT domain-
containing
QFwt.uga- S6B_572390420  FWt_GAP_24 G/A 0.169 277453 x 1075 —0.29 10.17 TraesCS6B02G323400 Protein,
6B.2 B-box-type zinc
finger
LOC123138142
?g ’Z"t/ Dwtuga- oop 574317560  FWt GAP_24 C/T 0.166 1.4705 x 10-5 ~0.30 10.23 -
DWt_GAP_24 T/C 0.166 5.4685 x 1073 —0.05 9.15 -
QF ’;t/ Gs.uga- g7a 10270159  FHt GAP.24  A/G 0.166 136395 x 105 —2.05 12.03 .
FHt_Across-
environment A/G 0.166 1.42987 x 1075 -1.01 11.65 -
BLUP
GS_Across-
environment G/A 0.166 9.959 x 105 —-0.15 8.55 -
BLUP
QFht.uga-7A S7A_19049097  FHt GAP_24 G/C 0.166 959246 x 10~°  —1.93 10.01 -
FHt_Across-
environment C/G 0.166 4.76177 x 107> —0.99 10.93 -
BLUP
?: ’;t/ Gsuga- g7a 10867659  FHt GAP_24 A/G 0317 328539 x 1075 —1.76 14.47 -
Pentacotripeptide-
GS_Across- repeat region of
S7A_10909138  environment C/T 0.113 1.3566 x 105 ~0.19 9.43 TraesCS7A02G027200 +RORP domain-
BLUP containing
protein
LOC123148640
USP domain-
TraesCS7A02G027300 COntaining
protein
LOC123150293
Uncharacterized
QGs.uga-7B S7B_887145 GS_GAP_25 A/C 0.035 217003 x 1075 —0.37 19.30 TraesCS7B02G002300 protein
LOC123156299

2 QTL ID, Major-effect QTL identified in this study. ® SNP associated with major-effect QTL.
¢ Trait_Datasets include trait and environment combinations: G, germination counts; GS, Zadok’s
growth stage; FHt, forage height (cm) at harvest; FWt, forage fresh weight in kg/ha; DWt, forage
dry weight in kg/ha. GAP_24, BLUP values from Plains 2024 dataset; GAP_25, BLUP values from
Plains 2025 dataset; JPC_25, BLUP values from J. Phil Campbell 2025 dataset; Across-environment
BLUP, BLUP values from All-combined dataset. 9 Allele combination for the locus. ¢ MAF, mi-
nor allele frequency. f p value. 8 Allelic effect on the trait. In GAPIT-based GWAS results, the
effect is estimated for the second marker in alphabetical order, which means it could be a minor- or
major-allele effect. ' Percentage of phenotypic variance (PV) explained by the marker. Bold values
indicate a PV explaining of >10%. ! Candidate gene for QTL.J Protein produced by the candidate
gene/Gene name.

Chromosome 2B harbored another major-effect QTL, QGs.uga-2B, which was asso-
ciated with GS (Table 3). This QTL for GS was identified in one environment (GAP_24)
and across-environment BLUP. The QTL explained 12.8% of the PV for GS in GAP_24 and
10.1% in across-environment BLUP (Table 3; Supplementary Table S2). Two single-marker
major-effect QTLs, QGs.uga-1A.4 (S1A_16789687) and QGs.uga-7B (S7B_887145) on chro-
mosomes 1A and 7B, respectively, were associated with GS and identified in the GAP_25
environment, explaining 12.8% and 19.3% of PV, respectively. Notably, the QTL on 7B had
the largest PV effect on forage yield and related traits. Another two major-effect QTLs
(QGs.uga-1B and QGs.uga-6A) located on chromosomes 1B and 6A for GS were identified at
GAP_25 and JPC_25, explaining up to 11.1% and 11.0% PV, respectively (Table 3).

A total of 7 major-effect QTLs were identified and associated with FWt. Three major-
effect QTLs, QFwt/Dwt.uga-1B.1, QFwt/Dwt.uga-1B.2, and QFwt/Dwt.uga-1B.3 on chromo-
some 1B were associated with both FWt and DWt and showed co-localization within
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the same genomic region (Table 3; Supplementary Table S2). QFwt/Dwt.uga-1B.1 and
QFwt/Dwt.uga-1B.2 were related to multiple markers, explaining respectively up to 10.6%
and 12.0% PV for FWt while up to 9.6% and 9.3% PV for DWt. However, QFwt/Dwt.uga-1B.3
was linked to one marker (S1B_534667041) controlling both FWt and DWt at JPC_25, ex-
plaining 11.4% and 10.4% of PV, respectively. Similarly, chromosome 6B QFwt/Dwt.uga-6B.2
major-effect QTL controlling both FWt and DWt explained up to 10.2% PV for FWt and
9.2% PV for DWt (Table 3; Supplementary Table S2). Chromosome 6B also harbored another
major-effect QTL (QFwt.uga-6B.2) for FWt, explaining up to 10.2% of the PV. Two other
major-effect QTLs (QFwt.uga-1B.2 and QFwt.uga-1B.3) on chromosome 1B were found to
be associated with FWt, explaining 12.1% and 12.8%, respectively, of PV (Table 3). Thus,
all 7 major-effect QTLs for FWt were located on chromosomes 1B and 6B. Chromosome
1B harbored the highest number of major-effect QTLs (8), of which 5 were associated
with FWt, and all five were identified in the JPC_25 environment; the remaining 2 major-
effect QTLs for FWt were observed in GAP_24 (Table 3; Supplementary Table S2). On the
other hand, we also identified two major-effect QTLs for DWt on chromosome 1D and
3B (QDwt.uga-1D and QDwt.uga-3B) in the GAP_24 environment and across-environment
BLUP, each harboring a single marker and explaining 12.0% and 10.6% PV, respectively
(Table 3). Although these DWt-associated loci met the operational major-effect criterion of
PV >10%, none was reproduced in at least two independent single-environment analyses.
Thus, the major-effect designation refers only to the PV threshold and does not indicate
cross-environment validation. Considering the extremely low across-environment H? of
DWt, these loci should be treated as promising candidates for marker-assisted selection
pending validation.

Four major-effect QTLs were identified for G, two of which were located on chromo-
some 1B (QG.uga-1B.5 and QG.uga-1B.6) in the across-environment BLUP, explaining 13.4%
and 10.6% PV, respectively. The other two QTLs were identified on chromosomes 2A and
3B (QG.uga-2A and QG.uga-3B.2) from the GAP_25 environment and explained up to 14.5%
and 13.4% of PV, respectively (Table 3). Overall, we identified 22 major-effect QTLs for all
studied forage yield and related traits (Table 3). Among them, six were multi-trait QTLs,
co-located in the same genomic regions. In addition, we identified another small-effect
but stable QTL (>2 environments) on chromosome 7A, QGs/Fht.uga-7A.1 (with LD critical
value >0.2 threshold) explaining up to 8.2% PV. Small-effect QTLs QGs/Dwt.uga-2D and
QDwt/Fwt.uga-3B were also found to be associated with multiple traits, including GS, FWt,
and DWt, and explained up to 7.4% PV (Supplementary Table S2).

3.5. Effect of Individual Alleles

Markers associated with eight of the major-effect QTLs, QGs.uga-1A.4, QFwt.uga-1B.2,
QFwt/Dwt.uga-1B.3, QFwt.uga-1B.3, QDwt.uga-1D, QG.uga-2A, QFht.uga-4A, and QGs.uga-
7B, were examined for their allelic effects (Table 4). Genotype-class sizes were highly
unbalanced for several markers, particularly for some heterozygous and low-frequency
homozygous classes. Therefore, genotype classes represented by fewer than 10 wheat
lines were retained in Table 4 to describe the observed genotype distribution and mean
BLUP values but were treated as descriptive only and were not used to support robust
biological inference regarding allelic effects. For markers with adequately represented
homozygous genotype classes, differences in BLUP values between favorable and unfa-
vorable homozygotes supported the direction of the allelic effects identified in the GWAS
(Table 4). Consequently, interpretation focused primarily on adequately represented ho-
mozygous classes rather than sparsely represented heterozygous classes. The lines with
the homozygous state of the favorable allele “C” (CC, 19 lines) for the QTL QFwt.uga-
1B.2 (S1B_526750430) had 302.71 kg/ha higher FWt mean values than the lines with the

https://doi.org/10.3390/cimb48100973


https://doi.org/10.3390/cimb48100973

Curr. Issues Mol. Biol. 2026, 48,973

15 of 30

homozygous unfavorable allele “T” (TT, 162 lines). Similarly, for QTL QFwt.uga-1B.3 as-
sociated with FWt (51B_533829236), the difference between the homozygous state of the
favorable allele (TT, 17 lines) and the unfavorable allele (CC, 153 lines) was 322.24 kg/ha
(Table 4). A multi-trait QTL (QFwt/Dwt.uga-1B.3) with a single marker (51B_534667041) had
a favorable allele “T” for both FWt and DWt, where the homozygous favorable allele (TT,
19 lines) had 341.77 kg/ha higher FWt and 48.82 kg/ha higher DWt means in comparison
to the homozygous unfavorable allele (CC, 151 lines). In addition to that, QTL QDwt.uga-
1D (S1D_354847019) for DWt, where the lines carrying the homozygous favorable allele
(CC, 63 lines) had a mean DWt value 78.12 kg/ha higher than that of lines carrying the
homozygous unfavorable allele (TT, 112 lines) (Table 4).

Table 4. Allelic effect of significant markers associated with major-effect QTLs identified in this study.

QTL? Trait ¢ MAF ¢ Genotype® Nf 1];%8111, g :Illsk];}:FSest h
QGs.uga-1A.4 SIA_16789687  GS 0.122 cC 9 30.59 b
CT 25 29.82 a
T 148 30.07 a
QFwt.uga-1B.2 S1B_526750430 FWt 0.113 ccC 19 836848 b
TC 1 9081.31 b
T 162 806577  a
Qrul/Dwhugs  s1p 53667041 FW 0.116 cc 151 805600  a
CT 2 850519  ab
T 19 839777 b
DWt 0116 cC 151 142567  a
CT 2 149402 ab
T 19 147449 b
QFwt.uga-1B.3 S1B_533829236 FWt 0.105 cc 153 806577  a
CT 2 877860 b
T 17 838801 b
QDuwt.uga-1D SID_354847019 DWt  0.378 cC 63 98625 b
CT 7 100578 ab
T 112 90813  a
QG.uga-2A S2A_43254369 G 0.471 GG 78 85.87 a
G 6 85.19 a
T 88 86.78 b
QFht.uga-4A S4A_717822349 FHt 0.224 AA 37 51.88 b
GA 3 48.94 ab
GG 132 48.24 a
QGs.uga-7B S7B 887145  GS 0.035 AA 3 31.26 b
CA 6 30.04 a
ccC 163 30.11 a

2 Major-effect QTL identified in this study. ® SNP associated with major-effect QTL. ¢ Forage yield and
related traits. G, germination counts; GS, Zadok’s growth stage; FHt, forage height (cm) at harvest;
FWt, forage fresh weight in kg/ha; DWt, forage dry weight in kg/ha. ¢ MAF, minor allele frequency.
¢ Homozygous and heterozygous genotypes for each SNP. The allele in bold is the favorable allele for
the trait. f N, number of wheat lines having respective genotype class for each marker. 8 Mean BLUP
value of traits in GAP_24, GAP_25, IHF_25, JPC_25, and All-combined. h Tukey’s HSD test results
where different letters represent significant differences at p < 0.05.

The QTL QGs.uga-7B (S7B_887145) exhibited the largest allelic effect for GS, where the
homozygous state of its favorable allele (CC, 163 lines) contributed to the decrement of
GS by 1.15 mean value in comparison to the homozygous unfavorable allele (AA, 3 lines)
(Table 4). Similarly, QGs.uga-1A.4 (S1A_16789687) had the favorable allele “T” (TT, 148 lines),
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contributing to a 0.52-unit decrement in GS compared to the homozygous unfavorable
allele (CC, 9 lines) (Table 4).

QTL for G (QG.uga-2A) was associated with marker S2A_43254369 (Table 4). The lines
homozygous for the favorable alleles (TT, 88 lines) exhibited an increase in mean G by
0.91% compared to the lines with homozygous unfavorable alleles (GG, 78 lines) (Table 4).
For FHt, QFht.uga-4A showed the largest allelic effects across three markers. The marker
S54A_717822349 was associated with the favorable allele “A,” where homozygous lines
for the favorable allele (AA, 37 lines) had a mean FHt 3.64 cm higher than those with the
homozygous unfavorable allele (GG, 132 lines) (Table 4). However, the heterozygous class
(GA) contained only three lines and was not used to infer a heterozygous effect.

3.6. Favorable-Allele Accumulation of Major-Effect QTLs

The genotypes included in the association panel originated from multiple breeding
programs and were not developed through targeted strategies to combine specific loci.
As a result, the allele configurations detected at the significant QTL represent naturally
occurring combinations within the germplasm. The favorable-allele analysis was there-
fore conducted as an allelic-effect evaluation within the GWAS discovery population to
characterize phenotypic differences associated with the accumulation of favorable alleles.
Because the QTLs and the direction of their favorable effects were identified using the same
phenotypic dataset, this analysis does not represent independent validation or establish
causal effects of allele accumulation, and the magnitude of the observed differences may
be subject to selection-related inflation. The analysis therefore characterizes associations
between naturally occurring favorable-allele combinations and trait expression within
the present panel rather than deliberate QTL pyramiding through controlled crosses. We
evaluated favorable-allele accumulation at major-effect QTLs associated with DWt, FHt,
FWt, G, and GS to characterize potentially useful allelic patterns for forage or dual-purpose
wheat breeding. Based on the number of favorable alleles accumulated, we identified four
groups each for DWt and G, five groups each for FHt and FWt, and six groups for GS
(Figure 3). For all traits examined, wheat lines carrying the highest number of favorable
alleles exhibited significantly (p < 0.05) greater trait values compared with lines lacking
favorable alleles.

For GS, there were no wheat lines lacking favorable alleles (null). Lines carrying a
single favorable allele exhibited higher GS, whereas stacking two to six favorable alleles
resulted in a significant reduction in GS (Figure 3). Within the discovery population,
accumulation of favorable alleles at QTLs QGs.uga-1A.4, QGs.uga-1B, QGs.uga-2B, QGs.uga-
6A, and QGs.uga-7B was associated with an observed reduction of 0.81 GS units across the
corresponding favorable-allele classes. Similarly, no wheat lines were identified with no
favorable alleles for G. Lines carrying four favorable alleles exhibited higher G relative to
those with only one favorable allele. The combined effect of favorable alleles from QTLs
QG.uga-1B.5, QG.uga-1B.6, QG.uga-2A, and QG.uga-3B.2 resulted in a 4.5% increase in G
(Figure 3).

For FHt, the highest values were observed in lines with all four favorable alleles
stacked, whereas reduced FHt was observed in the null allele group. Favorable alleles
from QTLs QFht.uga-4A, QFht/Gs.uga-7A.2, QFht.uga-7A, and QFht/Gs.uga-7A.3, collectively
increased FHt by approximately 7 cm (Figure 3). Similarly, no wheat line was identified
with either 1 or 3 favorable alleles for FWt. However, by stacking seven favorable alleles for
major QTLs (QFwt/Dwt.uga-1B.1, QFwt/Dwt.uga-1B.2, QFwt/Dwt.uga-1B.3, QFwt.uga-1B.2,
QFwt.uga-1B.3, QFwt.uga-6B.2, and QFwt/Dwt.uga-6B.2) significantly increased FWt by
1604.60 kg /ha (Figure 3). Furthermore, seven wheat lines carrying three stacked favorable
alleles exhibited significantly higher DWt values than the null group. The combined
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favorable alleles from QTLs QFwt/Dwt.uga-1B.1, QFwt/Dwt.uga-1B.3, QDwt.uga-1D, and
QDwt.uga-3B resulted in an increase of 59.81 kg/ha in DWt on average (Figure 3).

o

p=1.445x10"°
5 60- a.
ab
b
a & l ab 5
5 E———— 50- = mean= 52.72

- _ mean= 1487.64 7S n=1 oar= 54,10
£ - .

e w s mean=50.8

q n=15
71 woan= 50.4
mean= 1471.15 mean= 50
n=a1
40- =
moan= 1427.66
n=104
mean= 1432.54
1300-
300 s
[ 1 2 1 2 3 a
Number of Favorable Alleles Number of Favorable Alleles
p<22x10

a a
92-

mean= 8276.86
n=5

6000+ mean= 6905.4

mean= 6672.26 n=25
n=136

0 2 a

Number of Favorable Alleles
e
p=6.303x10"
32- a
ab
- b
31-
b -
@a . ot
o = =
. ok
30- - I . :—.:I To

mean= 30.73 < mean=30.16
=4 n=26

mean=30.22 mean= 30.12
n=54

mean= 85.88
n=40 n=57

2 3 a
Number of Favorable Alleles

mban=30.05
n=65
mean= 29.92
n=12

a 5 6

Number of Favorable Alleles

Figure 3. Boxplots with overlaid jittered points showing the relationship between the number of
favorable alleles and the BLUP values of (a) dry forage weight in kg/ha (DWt), (b) forage height
in cm (FHt), (c) fresh forage weight in kg/ha (FWt), (d) germination counts (G), and (e) Zadok’s
growth stage (GS). Boxes represent the distributions of BLUP values for wheat lines with the indicated
numbers of favorable alleles. Inddividual points represent BLUP values of individual wheat lines.
Mean values are shown below each box, and the associated letter above the box shows the Tukey’s
HSD results, where different letters indicate significant difference (p < 0.05). The value ‘N’ below
each box indicates the number of wheat lines within each favorable allele class.

3.7. Candidate Gene Identification

Positional candidate genes were identified within the specified £5 kb search win-
dows around peak SNPs representing 10 of the 22 major-effect QTLs. These QTLs are
QFwt/Dwt.uga-1B.2, QGs.uga-1B, QFwt/Dwt.uga-1B.3, QG.uga-1B.5, QG.uga-1B.6, QG.uga-2A,
QGs.uga-2B, QFwt.uga-6B.2, QFht/Gs.uga-7A.3, and QGs.uga-7B (Table 3). QTLs cluster
on chromosome 1B (QFwt/Dwt.uga-1B.2, QGs.uga-1B, QFwt/Dwt.uga-1B.3) associated with
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FWt, DWt, and GS was co-localized with genes encoding regulatory and catalytic pro-
teins. These regions were associated with genes annotated as Oligopeptide transporters,
zinc-ribbon/protein kinase /Thioredoxin domain-containing proteins, and histone-related
proteins (Table 3). Other loci on chromosome 1B (QG.uga-1B.5, QG.uga-1B.6) associated
with G were linked to a Caffeoyl-CoA O-methyltransferase and oxidase N-terminal domain-
containing protein. However, proteins associated with candidate genes for two FWt and
DWt MTAs (S51B_532065919, S1B_532396302) have not yet been characterized (Table 3).
The QTL QG.uga-2A for G was associated with candidate genes TraesC52A02G090400 and
TraesCS2A02G090500, which encode protein kinase domain-containing proteins and Sup-
pressor of cAMP receptor (SCAR)/WASP family verprolin-homologous complex-associated
proteins (WAVE). The QTL on chromosome 2B for GS (QGs.uga-2B) was associated with
candidate genes (TraesCS2B02G446000, TraesCS2B02G446100, TraesCS2B02G446200) encod-
ing an RNA recognition motif (RRM)-containing protein; however, the proteins associated
with the latter two candidate genes were not characterized yet (Table 3). FWt-associated
QTL on 6B (QFwt.uga-6B.2) harbored TraesCS6B02G323400, which encodes a B-box-type
zinc finger and CCT domain-containing protein (Table 3). A multi-trait QTL on chromo-
some 7A (QFht/Gs.uga-7A.3), which was associated with FHt and GS, the MTA linked
to GS harbored candidate genes (TraesCS7A02G027200 and TraesCS7A02G027300), which
encode a Pentacotripeptide-repeat-containing protein of the PRORP family and a USP
domain-containing proteins, respectively. Lastly, proteins associated with the candidate
gene (TraesCS7B02G002300) for GS on chromosome 7B (QGs.uga-7B) have not yet been
characterized (Table 3).

4. Discussion
4.1. Phenotypic Analysis of Forage Yield and Related Traits

We evaluated five forage yield and related traits (G, GS, FHt, FWt, and DWt) in a
GWAS study with 182 SRWW lines conducted across two years and four environments and
the All-combined dataset. The analysis revealed significant phenotypic variation (Table 1,
Supplementary Table S1), providing a strong foundation for selecting and improving
forage yield in SRWW. G showed considerable variation and diversity across environments,
though no significant genotypic differences were detected in either single-environment or
combined analyses, with very low H2. This suggests that G is predominantly influenced by
environmental factors such as seedbed quality, soil temperature, and moisture, rather than
by genetic differences. This finding is consistent with the work of Lollato et al. [30], who
noted that wheat varieties exhibit varying abilities to germinate under hot soil conditions.
This is true for our study at the GAP experiment station, located further south in GA,
where different climatic conditions, including higher temperatures, prevailed during the
growing seasons (https://www.wunderground.com/). Our results partly corroborate
this, as the mean G at IHF_25 was higher than at GAP_24 and GAP_25, aligning with
the environmental factors influencing seasonal growing conditions. In the case of GS,
significant genotypic variation was observed across environments, indicating that GS is
primarily influenced by genotype, although environmental factors also play a crucial role,
as reflected by the significant G x E interaction in the combined analysis. The higher
GS observed at GAP_24 showed that this environment was favorable for the growth of
many lines. The variation in GS across environments shows that, while genetic differences
between genotypes govern GS, factors such as temperature and moisture significantly
influence it. These findings align with Hoffman et al. [31], who underscored the significant
effect of environmental factors on GS. The lack of significant genotypic differences observed
at JPC_25 suggests that this environment limited the expression of maturity differences,
most likely due to overall suboptimal growth conditions. Given that GS affects forage
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harvest timing, the strong genotype effect and significant G x E interaction emphasize
the need to tailor phenological selection to specific production systems/environments as
reported by Wang et al. [32].

Significant phenotypic variability and genotypic and G x E interactions were observed
for FHt, consistent with previous research reporting plant height as a highly variable trait
with moderate to high H? contributing significantly to biomass accumulation [33]. The
highest mean FHt was observed at GAP_24, where we also observed higher GS, which can
be a major factor of higher FHt in this environment. Similar results were reported by Bo
et al. [34] and Jungers et al. [10], who described the relationships between GS and FHt and
their subsequent effects on forage FWt and DWt. Interestingly, we observed the largest
relative inconsistent environmental variation (CV > 34%) for FWt. This probably highlights
the combined effects of stand establishment, tillering, plant height, and tiller density, all
of which vary substantially among genotypes and environments in winter wheat [30]. At
JPC_25, we observed the highest mean FWt (8105.52 kg /ha) despite no significant geno-
typic differences being observed, suggesting that favorable environmental factors at this
location, including soil fertility, management and moisture, likely enhanced biomass pro-
duction for all genotypes. Our results were consistent with the findings reported by Islam
et al. [35], Kim and Anderson [36], and Atis and Akbar [37], who observed significantly
higher forage production across different environments due to different soil types and
significantly lower soil nutrients. However, under high-yielding environments, limited
differences among genotypes have been observed for grain yield in multi-environmental
trials [38]. DWt was moderately variable overall but, unlike FWt, did not show significant
genotype or G x E effects in the combined dataset; it did express a significant difference in
only one environment (GAP_24). This decoupling of FWt and DWt responses is consistent
with studies that showed that dry matter yield in winter cereals is strongly influenced
by GS and drying conditions and may thus be more environmentally driven than fresh
biomass [34-36]. The high DWt mean at IHF_25, despite non-significant genotypic effects,
suggests that conditions at this site favored higher dry matter concentration across geno-
types, possibly due to delayed forage harvest timing caused by climatic conditions. Similar
environment-driven differences in dry matter yield have been reported in cereal-legume
forage systems, where harvest at later stages or under drier conditions increases DWt with
limited change in genotypic ranking [36,39]. Given the apparent environmental dominance
for DWt in this population, selection for dry biomass may be more effective if based on
correlated traits with high genetic control, such as FHt or FWt, or if trials are conducted
under standardized moisture conditions [40].

Overall, our results confirm that forage yield in SRWW is a complex polygenic trait
influenced by both genotype and environment, with significant G x E interactions. In
addition, traits such as GS and FHt showed consistent genetic effects across environments,
which are promising for selection using genomic prediction models. In contrast, traits
mainly affected by environmental conditions, such as G and DWt, may demonstrate their
potential through appropriate agronomic management.

4.2. Correlation Between Forage Yield and Related Traits

Correlations among across-environment genotype BLUPs showed a highly significant
GS-FHt association (r = 0.80) and significantly positive FHt-FWt and GS-FWt associations
(r = 0.66 and 0.60, respectively). However, G showed no significant association with the
other traits in the across-environment analysis. Relationships varied among environments:
at JPC_25, the GS-FHLt correlation was weak and non-significant (r = 0.20), whereas FWt
and DWt were highly correlated (r = 0.97). Our results were consistent with coordinated
development and biomass accumulation. Wheat and triticale studies have shown that
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flowering-time loci can influence biomass and its partitioning among vegetative and repro-
ductive structures [41-43]. A higher Zadoks score denotes more advanced development
at assessment; it does not itself demonstrate delayed heading or maturity. The consistent
positive correlations between these traits highlight the expected biological coupling of
height and biomass accumulation. Taller plants often exhibit higher leaf area index and
stem mass, which contribute to both FWt and DWt, a pattern also observed in a study by
Jing et al. [44]. Accordingly, the FHt/GS co-associations on chromosome 7A in the present
study are consistent with developmental or architectural effects and do not, by themselves,
demonstrate direct biomass effects. The FWt/DWt co-associations on chromosomes 1B
and 6B involve measured biomass traits, but their independence from phenology remains
unresolved. Moreover, the strong positive association between FHt and FWt aligns with
the biomass partitioning concept: greater structural growth typically translates into higher
fresh biomass yields [45]. Despite these general trends, variation in correlation magnitudes
suggests genotype-specific growth dynamics. For example, traits in some germplasm
sets exhibited more moderate associations, possibly reflecting differences in growth habit,
resource allocation patterns, or environmental interactions. Similar trait variability has
been reported in oat germplasm studies, in which correlations between plant height and
yield components varied among genotypes depending on adaptation and phenological
stages [46].

For dual-purpose breeding, higher forage biomass must be considered alongside
nutritive value and subsequent grain production. Heading-to-dough harvests of winter-
wheat hay have shown increased dry biomass together with lower crude protein and more
undigested fiber [47]; separate cutting-time experiments demonstrate that later forage
removal can reduce subsequent grain yield [11]. Grain responses nevertheless depend on
defoliation management and growing conditions [48]. Subsequent grain yield after forage
harvest was not evaluated in the present study, and these analyses do not establish the
effects of the biomass-associated alleles on forage nutritive value. Forage nutritive value
and subsequent grain yield after forage harvest were evaluated separately and are reported
in a companion manuscript submitted for publication [49], Ali et al., submitted].

4.3. Nowvelty of PutativeMajor-Effect QTLs

The primary objective of this study is to quantify the contribution of key forage yield-
related traits in wheat and to provide a basis for mapping genomic regions associated with
these traits, including forage yield. The QTLs identified in this study provide promising
candidate genomic regions for further investigation; however, their utility for marker-
assisted selection must be established through validation in independent populations and
additional environments. Based on the operational criterion of PV >10%, we identified
22 putative major-effect QTLs for forage yield and related traits across the four single-
environment and across-environment BLUP analyses. To evaluate whether these QTLs
corresponded to previously reported genomic regions, we compared their LD-supported
physical intervals, rather than lead-marker positions alone, with published QTLs and
MTAs after harmonizing positions to a common IWGSC Chinese Spring reference assembly.
A locus was considered previously reported when its physical/LD-supported interval
overlapped a published QTL/MTA interval for the same or a closely related trait. Loci for
which no such overlap was detected under these operational criteria are described here
as “putatively novel” rather than definitively novel. This distinction is important because
variation among studies in marker density, LD structure, population background, trait
definition, and reference assembly can cause biologically related loci to be represented by
different physical coordinates. Accordingly, putative novelty in the present study refers
to the absence of an identified overlapping locus under our stated comparison criteria
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and does not establish the presence of a previously unknown causal gene. Among our
most noteworthy QTLs, a cluster of major-effect QTLs for FHt and GS on chromosome 7A
mapped at 19.0 Mb (QFht.uga-7A), 10.3 Mb (QFht/Gs.uga-7A.2), and 10.9 Mb (QFht/Gs.uga-
7A.3). The latter two QTLs were co-located and associated with both FHt and GS, suggesting
that this genomic region may contribute to the genetic relationship between plant height
and developmental stage. Together, these loci explained significant PV for FHt (up to
14.5% individually) and 9.4% PV for GS in the across-environment BLUP analysis. This
highlights that chromosome 7A is a key genomic region for controlling FHt and GS for
forage production. Similar regions on chromosome 7A have been reported to play a
significant role in plant height in recent grain-focused QTL studies by Zhang et al. [15] and
Liu et al. [16]. However, the study was not specifically evaluated under forage management
or for fresh biomass traits. The authors identified a stable QTL for plant height on 7A
across multiple environments. Similarly, the study by Liu et al. [16] reported that loci
affecting PH often co-localize with phenology genes and canopy architecture QTL in wheat,
reflecting shared hormonal and developmental pathways. But our current study extends
this evidence to a forage-oriented context, where these loci directly influence harvestable
biomass at an early GS. In addition, previous studies have shown that reduced height
QTL have been mapped on nearly all wheat chromosomes, including 7A, indicating that
the 7A region can play an important role in the genetic control of plant height [15]. The
QTL mapped at 10.3 Mb (QFht/Gs.uga-7A.2) and 10.9 Mb (QFht/Gs.uga-7A.3) did not show
direct overlap with previously reported FHt/GS loci under our interval- and trait-based
comparison criteria and are therefore considered putatively novel candidate regions for FHt
and GS. Because these two peak positions are separated by only 0.6 Mb, their designation
as independent QTLs was based on their LD relationship under the QTL-grouping criterion
used in this study; markers meeting the stated LD threshold should instead be interpreted
as representing a shared QTL region. In contrast, QFht.uga-7A, located at 19.0 Mb, co-
localized with the previously reported MQTL.F2.7A.2 for thousand kernel weight interval
spanning 17.4-36.9 Mb [50]. The chromosome 4A locus QFht.uga-4A, with a lead-marker
position at 717 Mb, mapped in close proximity to the previously reported 700-717 Mb
region associated with Sr22 for stem rust [51]. We therefore treat these regions as previously
implicated genomic regions rather than as novel loci; however, physical co-localization
does not by itself establish that the same causal variant controls the traits reported in the
different studies.

A GS QTL on chromosome 2B (QGs.uga-2B), together with QTLs on 1A, 1B, 6A, and
7B, further highlights the polygenic but tractable nature of forage development in wheat.
QGs.uga-2B accounted for up to 13% of the PV of GS. Previous wheat studies have mapped
developmental-stage associations and evaluated flowering-time loci [43,52], providing a
basis for comparison with the forage-stage GS regions identified here. The 7B major-effect
QTL on GS mapped at 0.88 Mb (QGs.uga-7B), which accounted for 19.3% of the PV, is also
noteworthy. Major-effect loci on 7B have been reported for heading date and thousand
kernel weight [53], but not for forage-related traits. This region may therefore harbor
forage-relevant allelic variation affecting developmental timing; however, its novelty can-
not be established from the lead-marker position alone. Under our interval- and trait-based
comparison, QGs.uga-7B is considered a putatively novel candidate for GS only where its
LD-supported interval does not overlap previously reported loci for the same or closely
related developmental phenotypes. The presence of previously reported heading-date or
yield loci on chromosome 7B also means that pleiotropy or linkage with known devel-
opmental regions cannot be excluded without higher-resolution mapping. Collectively,
these GS QTLs provide candidate genomic regions for investigating the synchronization of
plant development with optimal forage harvest windows, extending previous work that
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has focused primarily on heading, maturity, and grain production rather than biomass
harvested at the forage stage.

A total of seven putative major-effect QTLs for FWt on 1B and 6B were identified
in our study. Four of these (QFwt/Dwt.uga-1B.1, QFwt/Dwt.uga-1B.2, QFwt/Dwt.uga-1B.3,
mapped at 529-534 Mb and QFwt/Dwt.uga-6B.2 mapped at 574 Mb) were associated with
both FWt and DWt, with individual PV explaining up to 12.0% for FWt and 10.0% for
DWt, respectively. However, there were two major-effect QTLs (QDwt.uga-1D mapped at
354 Mb and QDwt.uga-3B mapped at 666 Mb) on chromosomes 1D and 3B, respectively,
that explained up to 12.0% PV. Our results were aligned with Soriano et al. [12] and Qaseem
et al. [14], who reported genomic regions on chromosomes 1B, 3B, and 6B for above-ground
biomass but not for forage fresh biomass. Based on our results, we also observed a strong
correlation between FWt and DWt, indicating complex and biologically relevant QTL archi-
tecture, where loci co-located in the same genomic regions contribute to the control of both
traits. This emphasizes the genetic interrelationship between forage FWt and DWt in wheat.
Our study therefore provides a detailed characterization of candidate loci associated with
biomass measured at the forage harvest stage and supports shared genetic control of FWt
and DWt at several co-located regions. After comparing the LD-supported intervals of these
loci with previously published QTLs and MTAs, we did not identify directly overlapping
loci specifically reported for forage-stage FWt or DWt for several of these regions. We
therefore describe loci meeting this criterion as putatively novel candidate QTLs for forage
biomass rather than as completely novel genomic regions. This distinction is particularly
important because broader QTLs for yield and developmental traits have previously been
mapped to some of the same chromosomal regions. For example, QFwt/Dwt.1ga-6B.2, with
a peak at approximately 574 Mb, falls within the broad 506-617 Mb MQTL6B.1 interval
previously reported for grain weight, heading date, maturity, and spike-related traits [54].
This physical overlap does not establish that the same causal locus controls forage biomass
and these grain-related traits, but it precludes an unqualified claim of absolute genomic
novelty and raises the possibility of pleiotropy, linkage, or multiple functional variants
within the broader region. We concluded from our results that chromosome 1B alone
harbored eight major-effect QTLs, including five for FWt. This confirms that our study on
yield and related traits repeatedly highlighted that the 1B chromosome harbors major QTLs
for forage yield and related traits, including plant height, demonstrating its importance for
early wheat biomass accumulation in forage production [13]. The low across-environment
DWt H? does not make the detection of a marker association mathematically impossi-
ble because H? summarizes the aggregate genotypic contribution across environments,
whereas the separate GWAS analyses test the effect of each marker within a particular phe-
notypic dataset. An allele could therefore exhibit an environment-dependent association
that contributes little to repeatable variation across all environments. However, statistical
significance within one dataset does not demonstrate a robust or transferable genetic effect.
None of the DWt loci were detected in at least two independent single-environment analy-
ses, and the across-environment BLUP analysis does not provide independent replication
because it was derived from the same field trials. Accordingly, the DWt loci identified
in this study should be considered provisional, dataset-specific candidates. Their effects
must be evaluated in independent populations and additional multi-environment trials
before their usefulness for marker-assisted selection can be determined. Future studies
should also employ multi-environment GWAS models that explicitly test marker main
effects and marker x environment interactions to distinguish persistent marker effects
from environment-dependent or crossover effects.

Lastly, we identified four major-effect QTLs for G, despite limited genotypic variance at
the phenotypic level, two on 1B (QG.uga-1B.5 mapped at 29.4 Mb and QG.uga-1B.6 mapped
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at 9.2 Mb), one on 2A (QG.uga-2A mapped at 43.2 Mb), and one on 3B (QG.uga-3B.2 mapped
at 508.9 Mb), each explaining 10.6-14.5% PV. Given the weak evidence for repeatable
genotypic variation in G, unstable or false-positive associations cannot be excluded, and
these regions should be regarded as provisional candidates requiring confirmation in
independent populations and replicated trials. Our results were consistent with Francki
et al. [55] and Czyczylo-Mysza et al. [56], who reported a significant role of the B genome
in seedling germination. No previously reported QTL/MTA specifically for G or a closely
related germination/establishment phenotype was identified as directly overlapping these
loci under our interval-based comparison criteria; therefore, loci meeting this criterion are
described as putatively novel for G. This designation is trait-specific and should not be
interpreted as evidence that the corresponding genomic regions have never been implicated
in other wheat traits. For example, QG.uga-2A at 43.2 Mb lies within the broad 21.3-63.3 Mb
MQTL2A .3 interval reported for grain yield and related traits, with a reported MQTL peak
region of 41.3-43.3 Mb [54]. Although the phenotypes differ and biological equivalence
cannot be inferred from physical overlap alone, this comparison illustrates the need to
distinguish putative trait-specific novelty from absolute genomic novelty. An additional
novel aspect of this study is the explicit identification of multi-trait QTLs co-located in the
same genomic regions under a forage management system. Under the stated LD-supported,
reference-harmonized, and trait-based comparison criteria, 20 of the 22 major-effect QTLs
were classified as putatively novel for the focal forage-associated traits. Consequently,
the novelty classifications should be considered provisional until independent validation,
higher-resolution mapping, and, where possible, functional analyses distinguish new
causal variation from allelic variation, pleiotropy, or linkage involving previously reported
loci. These co-associated regions provide candidates for further genetic characterization of
forage traits in SRWW.

4.4. Additive Effect of Favorable Alleles from Major-Effect QTLs

The GWAS panel used in this study was not developed through deliberate QTL pyra-
miding; instead, favorable-allele accumulation across major-effect loci identified in the
present analysis was quantified as an allelic-effect validation within the discovery popula-
tion to characterize phenotypic patterns associated with naturally occurring combinations
of favorable alleles. Because the same phenotypic dataset was used both to identify the sig-
nificant QTLs and to define and evaluate favorable alleles, this analysis does not constitute
independent validation and should not be interpreted as evidence of causal QTL effects.
Moreover, selection of loci based on their associations in the discovery dataset can inflate
the apparent magnitude of their effects. Therefore, the favorable-allele results presented
here should be considered within-panel estimates that require confirmation in independent
germplasm and environments. Our results indicate that variation in forage yield and
related traits was associated with favorable alleles at multiple genomic regions distributed
across the wheat genome. The allele combinations identified here may therefore provide
candidate targets for subsequent validation and, if independently confirmed, potential
application in genomic selection and/or marker-assisted selection [57] for wheat forage
breeders. Compared with conventional phenotype-based selection, genomic selection and
marker-assisted selection offer greater efficiency and precision by enabling selection based
on genes/molecular markers closely linked to target genes controlling traits of interest,
thereby bypassing phenotyping, reducing the influence of environmental variation, and
accelerating breeding progress.

QTL pyramiding has been widely applied in wheat breeding to improve economically
important traits, particularly disease resistance [58—60], as well as agronomic and yield-
related traits [61,62]. However, studies specifically examining the pyramiding of QTLs
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associated with forage yield and related traits in wheat remain limited. In the context of
the present study, wheat lines with increased FHt were preferred, provided that develop-
ment did not exceed Zadoks GS 30, as plant height is positively associated with biomass
accumulation [61,63]. Consistent with these findings, we also observed FHt positively
associated with FWt and DWt. Previous work by Zhang et al. [61] demonstrated that
pyramiding favorable QTLs for plant height increased height by up to 15.1 cm, thereby
enhancing biomass production. Such studies support the potential value of combining
favorable alleles in breeding; however, in the present study, the observed favorable-allele
accumulation represents naturally occurring combinations within the GWAS discovery
population rather than experimentally constructed QTL pyramids. Therefore, our results
should be regarded as hypothesis-generating evidence for candidate allele combinations
requiring independent validation before their breeding effects can be confirmed.

In this study, wheat lines accumulating favorable alleles from major-effect QTLs associ-
ated with G, GS, FHt, FWt, and DWt were identified. Within the discovery population, lines
carrying favorable alleles at QFht.uga-4A, QFht/Gs.uga-7A.2, QFht.uga-7A, and QFht/Gs.uga-
7A.3 exhibited approximately 7 cm (13%) greater FHt than lines in the null favorable-allele
class. Similarly, accumulation of favorable alleles at QG.uga-1B.5, QG.uga-1B.6, QG.uga-2A,
and QG.uga-3B.2 was associated with approximately 4.5% higher G within this panel.

For FWt, lines carrying the favorable alleles at QFwt/Dwt.uga-1B.1, QFwt/Dwt.uga-
1B.2, QFwt/Dwt.uga-1B.3, QFwt.uga-1B.2, QFwt.uga-1B.3, QFwt.uga-6B.2, and QFwt/
Dwt.uga-6B.2 exhibited approximately 1611.20 kg/ha (19%) higher FWt than the corre-
sponding comparison group within the discovery population. Similarly, accumulation of fa-
vorable alleles at QFwt/Dwt.uga-1B.1, QFwt/Dwt.uga-1B.3, QDwt.uga-1D, and QDwt.uga-
3B was associated with an observed difference of approximately 4% (58.59 kg/ha) in DWt.

In contrast, increasing favorable-allele accumulation at QGs.uga-1A.4, QGs.uga-1B,
QGs.uga-2B, QGs.uga-6A, and QGs.uga-7B was associated with an observed reduction of
approximately 0.81 GS units within the discovery population. Notably, we identified
30 wheat lines combining reduced GS values with FHt values of approximately 51 cm,
a trait combination associated with increased forage yield and considered favorable for
forage production. Overall, the accumulation of favorable alleles at major-effect QTLs was
significantly associated with variation in G, GS, FHt, FWt, and DWt within the GWAS dis-
covery population. These results identify potentially useful allele combinations for further
breeding evaluation but should not be interpreted as independent confirmation of additive
or causal QTL effects. Validation in independent populations and additional environments
will be necessary to determine whether the observed allelic effects are reproducible and
sufficiently stable for application in marker-assisted selection or QTL pyramiding.

4.5. Candidate Gene Discovery

In the present study, positional candidate genes were identified for 10 of the 22 major-
effect QTLs associated with G, GS, FWt, and DWt. The positional candidate genes identified
in this study encode proteins involved in photoperiod regulation, stress response, redox
balance, hormone biosynthesis, cell wall formation, and nutrient transport. The functional
annotations of these genes provide biological context for the associated QTLs; however,
positional co-localization and predicted gene function alone do not demonstrate that these
genes control the corresponding traits in the present panel. Therefore, the genes discussed
below should be regarded as putative positional candidates rather than functionally vali-
dated causal genes. For instance, candidate gene TraesCS6B02G323400 for FWt QFwt.uga-
6B.2 encodes a CONSTANS-like (COL) protein belonging to the CCT domain family and is
characterized by one or two B-box zinc-finger domains. Members of the CONSTANS/CCT
family have been implicated in photoperiodic regulation, flowering-related processes, and
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environmental responses in plants [64]. Thus, the annotation of TraesCS6B02G323400 pro-
vides a plausible connection with developmental regulation, but its direct contribution
to FWt or forage yield was not tested in the present study. Research in wheat supports
broad associations of CCT/COL-family genes with photoperiod and flowering-related
regulation, but family-level functional information does not itself establish the function
of every individual member [65]. The multi-trait QTL QFwt/Dwt.uga-1B.3 was associated
with TraesCS1B02G311300, annotated as a probable zinc-ribbon domain-containing protein
(https://www.uniprot.org/). A recent study has reported a thioredoxin H5-like annotation
or drought-related context for this candidate [66]. Thioredoxin-related proteins participate
broadly in cellular redox and stress-response processes; however, this information should
be considered supportive functional context rather than evidence that TraesCS1B02G311300
directly determines FWt, DWt, or biomass accumulation. Functional validation of this
specific locus would be required to establish such a relationship. The candidate gene
TraesCS1B02G049800 is associated with G (QG.uga-1B.5), which encodes caffeoyl-CoA O-
methyltransferase (CCoAOMT), a key enzyme in lignin biosynthesis. CCOAOMT catalyzes
methylation steps in the monolignol pathway, influencing lignin deposition and cell wall
structure. Lignin strengthens cell walls and contributes to defense against diseases in-
cluding Fusarium graminearum, the causal agent of Fusarium head blight [67]. Similarly,
TraesCS1B02G019800, associated with G (QG.uga-1B.6), encodes a protein containing an
NADH oxidase N-terminal domain. This gene has been grouped with adjacent loci encod-
ing oxophytodienoate reductase-like proteins implicated in jasmonic acid biosynthesis. This
pathway is central to root development and stress adaptation [68], suggesting a possible
influence on germination-related traits. The candidate gene (TraesCS2A02G090500) identi-
fied for G-related QTL QG.uga-2A encodes SCAR and WAVE proteins. Members of this
protein family regulate cytoskeleton dynamics through Rac/Rop GTPase signaling and are
involved in polarized cell growth, including root hair and epidermal cell development [69].
For GS, the locus QGs.uga-1B was associated with TraesCS1B02G401300, annotated as an
oligopeptide transporter. Such transporters facilitate nitrogen remobilization, micronutrient
uptake, and detoxification processes and have been reported to be involved in tissue- and
developmental-stage-specific expression patterns during wheat grain development [70].
Another GS-associated gene, TraesCS7B02G002300, linked to QGs.uga-7B, remains function-
ally uncharacterized in public protein databases (https:/ /www.uniprot.org/). However,
recent work by Atsbeha et al. [71] classified this locus as a resistance gene analog (RGA3)
candidate in the context of yellow rust resistance.

Overall, the candidate genes identified here were prioritized based on their positions
within QTL intervals and their predicted or previously reported biological functions. These
annotations provide hypotheses regarding biological processes that could underlie the
detected associations but do not establish causal relationships between individual genes
and G, GS, FWt, or DWt. Functional validation through approaches such as gene-expression
analysis in contrasting allelic classes, fine mapping, allele-specific studies, gene editing,
complementation, or transgenic analysis will be necessary to determine whether these
genes contribute directly to the associated phenotypes.

5. Conclusions

Developing cultivars for forage production while maintaining adequate yield should
be a central objective of winter forage breeding programs. This study represents one of
the first comprehensive genome-wide investigations of forage yield and related traits in
SRWW evaluated under a forage harvest management system in the SE U.S. Substantial
phenotypic variation and significant G x E interactions were observed across environments,
underscoring the complex genetic architecture of forage biomass production and the strong
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environmental effect on studied traits. In all environments, GS, FHt, and FWt demonstrated
low-to-high H?, suggesting these traits are amenable to genetic improvement; conversely, G
and DWt showed low H?, emphasizing the importance of combining phenotypic selection
with molecular approaches. A correlation analysis revealed a highly significant positive
association between GS and fresh forage yield and related traits (FHt, FWt, DWt), highlight-
ing the importance of plant height and biomass accumulation for forage production. This
GWAS provided important insights into the genetic basis of forage yield and related traits.
We identified 192 significant MTAs, which were resolved into 22 putative major-effect
candidate QTLs. Among these, six were associated with multiple traits and co-located
in the same genomic regions. Notably, 20 of these QTLs appear to be putatively novel,
expanding current understanding of the genetic control of forage yield and related traits in
wheat. Accumulation of favorable alleles at these major QTLs was associated with signifi-
cant improvement of the studied forage yield and related traits in our breeding material.
Putative candidate genes were discovered for 10 of the 22 QTLs, including those associated
with FWt and G (e.g., TraesCS6B02G323400 and TraesCS2A02G090500) that are annotated for
roles in plant growth, development, and root hair/epidermal cell formation. The discovery
of candidate genes enhances the biological relevance of the identified major-effect QTLs and
underscores the involvement of critical regulatory and metabolic pathways in the control of
forage yield and related traits. These findings provide a set of candidate genomic regions
associated with forage yield and related traits under the tested management conditions.
However, we emphasize that no QTL was consistently detected across all environments, so
independent validation remains essential before breeding deployment. Specifically, further
research using independent populations, years, locations, and forage management systems
is needed to evaluate the stability and robustness of these loci. The resulting candidate
regions provide a basis for further genetic and agronomic evaluation of forage performance
in SRWW adapted to the southeastern U.S.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/cimb48100973 /s1.

Author Contributions: Conceptualization, M.A. and M.M.; Methodology, M.A.; Software, M.A., M.S.
and S.S.; Validation, M.A., AM., M.S,, S.S., A.B. and M.M.; Formal Analysis, M.A.; Investigation,
M.A.; Resources, A.M., A.B. and M.M.; Data Curation, M.A. and A.B.; Writing—Original Draft
Preparation, M.A.; Writing—Review and Editing, A.M. and M.M.; Visualization, M.A.; Supervision,
AM. and M.M.; Project Administration, M.M.; Funding Acquisition, M.M. All authors have read and
agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the
article and Supplementary Material. Further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

1. Carr, PM,; Bell, ].M.; Boss, D.L.; DeLaune, P,; Eberly, ].O.; Edwards, L. Using annual forages to enhance dryland wheat farming in
the Great Plains. Agron. J. 2021, 113, 1-25. [CrossRef]
2. West, M.H,; Carrell, R.C; Dillard, S.L. Evaluating Dual-purpose Wheat Varieties in the Southeastern, U.S. Anim. Sci. 2021, 99,

93-94. [CrossRef]

3. Rankins, D.L,, Jr.; Prevatt, ] W. Forage and co-product systems for stockers in the South: Have fundamental shifts in markets
changed the optimal system? J. Anim. Sci. 2012, 91, 503-507. [CrossRef] [PubMed]

https://doi.org/10.3390/cimb48100973


https://www.mdpi.com/article/10.3390/cimb48100973/s1
https://www.mdpi.com/article/10.3390/cimb48100973/s1
https://doi.org/10.1002/agj2.20513
https://doi.org/10.15232/aas.2023-02450
https://doi.org/10.2527/jas.2012-5526
https://www.ncbi.nlm.nih.gov/pubmed/23148245
https://doi.org/10.3390/cimb48100973

Curr. Issues Mol. Biol. 2026, 48, 973 27 of 30

10.

11.

12.

13.

14.

15.

16.

17.
18.

19.

20.

21.

22.

23.

24.

25.

26.

USDA-NASS. Winter Wheat and Canola Seedings. National Agricultural Statistics Service, United States Department of
Agriculture. 12 January 2022. Available online: https://esmis.nal.usda.gov/publication/winter-wheat-and-canola-seedings
(accessed on 18 March 2026).

Hinson, P.O.; Pinchak, B.; Adams, C.B.; Jones, D.; Rajan, N.; Kimura, E.; Somenahally, A. Forage and Cattle Production during
Organic Transition in Dual-purpose Wheat Systems. Agron. J. 2023, 115, 873-886. [CrossRef]

Sadeghpour, A.; Adeyemi, O.; Reed, B.; Fry, ].; Keshavarz Afshar, R. Profitability of dual-purpose rye cover crop as influenced by
harvesting date. Agron. J. 2022, 114, 627-640. [CrossRef]

Lyon, D.J.; Baltensperger, D.D.; Siles, M. Wheat grain and forage yields are affected by planting and harvest dates in the Central
Great Plains. Crop Sci. 2001, 41, 488-492. [CrossRef]

Harrison, M.T.; Evans, J.R.; Dove, H.; Moore, A.D. Dual-purpose cereals: Can the relative influences of management and
environment on crop recovery and grain yield be dissected? Crop Pasture Sci. 2011, 62, 930-946. [CrossRef]

Habyarimana, E.; Lopez-Cruz, M.; Baloch, E.S. Genomic selection for optimum index with dry biomass yield, dry mass fraction of
fresh material, and plant height in biomass sorghum. Genes 2020, 11, 61. [CrossRef] [PubMed]

Jungers, ].M.; Schiffner, S.; Sheaffer, C.; Ehlke, N.J.; DeHaan, L.; Torrion, J.; Noland, R.L.; Franco, ].G. Effects of seeding date on
grain and biomass yield of intermediate wheatgrass. Agron. J. 2022, 114, 2342-2351. [CrossRef]

Tian, L.H.; Bell, L.W.; Shen, Y.Y.; Whish, ].P. Dual-purpose use of winter wheat in western China: Cutting time and nitrogen
application effects on phenology, forage production, and grain yield. Crop Pasture Sci. 2012, 63, 520-528. [CrossRef]

Soriano, J.M.; Malosetti, M.; Rosell6, M.; Sorrells, M.E.; Royo, C. Dissecting the old Mediterranean durum wheat genetic
architecture for phenology, biomass and yield formation by association mapping and QTL meta-analysis. PLoS ONE 2017,
12, €0178290. [CrossRef] [PubMed]

Guan, P; Lu, L, Jia, L.; Kabir, M.R.; Zhang, J.; Lan, T.; Zhao, Y.; Xin, M.; Hu, Z.; Yao, Y,; et al. Global QTL analysis identifies
genomic regions on chromosomes 4A and 4B harboring stable loci for yield-related traits across different environments in wheat
(Triticum aestivum L.). Front. Plant Sci. 2018, 9, 529. [CrossRef] [PubMed]

Qaseem, MLF; Qureshi, R.; Muqaddasi, Q.H.; Shaheen, H.; Kousar, R.; Réder, M.S. Genome-wide association mapping in bread
wheat subjected to independent and combined high temperature and drought stress. PLoS ONE 2018, 13, e0199121. [CrossRef]
[PubMed]

Zhang, Y,; Liu, H.; Yan, G. Characterization of near-isogenic lines confirmed QTL and revealed candidate genes for plant height
and yield-related traits in common wheat. Mol. Breed. 2021, 41, 4. [CrossRef] [PubMed]

Liu, Y;; Chen, Y.; Yang, Y.; Qiu, D.; Zhang, H.; Hu, J.; Guo, G.; Zhu, K,; Fu, H.; Li, H.; et al. Identification of QTL for Grain Traits
and Plant Height Using the Recombinant Inbred Line Population Derived from the Cross of Zhongke 331 x Nongda 399. Int. |.
Mol. Sci. 2025, 26, 3526. [CrossRef] [PubMed]

Zadoks, ].C.; Chang, T.T.; Konzak, C.F. A decimal code for the growth stages of cereals. Weed Res. 1974, 14, 415-421. [CrossRef]
Edwards, J.T.; Horn, G.W. First Hollow Stem: A Critical Growth Stage for Dual-Purpose Producers. Fact Sheet PSS 2147. Oklahoma
State University Cooperative Extension Service. 2010. Available online: https://extension.okstate.edu/fact-sheets/print-
publications/pss/first-hollow-stem-a-critical-wheat-growth-stage-for-dual-purpose-producers-pss-2147.pdf (accessed on 21
March 2026).

Levene, H. Robust tests for equality of variances. In Contributions to Probability and Statistics; Stanford University Press: Redwood
City, CA, USA, 1960; pp. 278-292. Available online: https:/ /cir.nii.ac.jp/crid /1573950400526848896 (accessed on 21 March 2026).
Bates, D.M. Lme4: Mixed-effects Modeling with R; Springer: Berlin/Heidelberg, Germany, 2010. Available online:
https:/ /people.math.ethz.ch/ maechler/MEMo-pages/IMMwR_2018-03-05.pdf (accessed on 19 March 2026).

Guo, J.; Khan, J.; Pradhan, S.; Shahi, D.; Khan, N.; Avci, M.; Mcbreen, J.; Harrison, S.; Brown-Guedira, G.; Murphy, ].P; et al.
Multi-trait genomic prediction of yield-related traits in US soft wheat under variable water regimes. Genes 2020, 11, 1270.
[CrossRef] [PubMed]

Poland, J.; Endelman, J.; Dawson, J.; Rutkoski, J.; Wu, S.; Manes, Y.; Dreisigacker, S.; Crossa, J.; Sdnchez-Villeda, H.; Sorrells, M.
Genomic selection in wheat breeding using genotyping-by-sequencing. Plant Genome 2012, 5, 103-113. [CrossRef]

Bradbury, PJ.; Zhang, Z.; Kroon, D.E.; Casstevens, T.M.; Ramdoss, Y.; Buckler, E.S. TASSEL: Software for association mapping of
complex traits in diverse samples. Bioinformatics 2007, 23, 2633-2635. [CrossRef] [PubMed]

Hill, W.G.; Weir, B.S. Variances and covariances of squared linkage disequilibria in finite populations. Theor. Popul. Biol. 1988, 33,
54-78. [CrossRef] [PubMed]

Liu, X.; Huang, M.; Fan, B.; Buckler, E.S.; Zhang, Z. Iterative Usage of Fixed and Random Effect Models for Powerful and Efficient
Genome-Wide Association Studies. PLoS Genet. 2016, 12, e1005767. Correction in PLoS Genet. 2016, 12, €1005957. [CrossRef]
[PubMed]

Wang, J.; Zhang, Z. GAPIT version 3: Boosting power and accuracy for genomic association and prediction. Genom. Proteom.
Bioinform. 2021, 19, 629-640. [CrossRef] [PubMed]

https:/ /doi.org/10.3390/cimb48100973


https://esmis.nal.usda.gov/publication/winter-wheat-and-canola-seedings
https://doi.org/10.1002/agj2.21284
https://doi.org/10.1002/agj2.20890
https://doi.org/10.2135/cropsci2001.412488x
https://doi.org/10.1071/CP11066
https://doi.org/10.3390/genes11010061
https://www.ncbi.nlm.nih.gov/pubmed/31948110
https://doi.org/10.1002/agj2.21083
https://doi.org/10.1071/CP12101
https://doi.org/10.1371/journal.pone.0178290
https://www.ncbi.nlm.nih.gov/pubmed/28542488
https://doi.org/10.3389/fpls.2018.00529
https://www.ncbi.nlm.nih.gov/pubmed/29922302
https://doi.org/10.1371/journal.pone.0199121
https://www.ncbi.nlm.nih.gov/pubmed/29949622
https://doi.org/10.1007/s11032-020-01196-8
https://www.ncbi.nlm.nih.gov/pubmed/37309530
https://doi.org/10.3390/ijms26083526
https://www.ncbi.nlm.nih.gov/pubmed/40331990
https://doi.org/10.1111/j.1365-3180.1974.tb01084.x
https://extension.okstate.edu/fact-sheets/print-publications/pss/first-hollow-stem-a-critical-wheat-growth-stage-for-dual-purpose-producers-pss-2147.pdf
https://extension.okstate.edu/fact-sheets/print-publications/pss/first-hollow-stem-a-critical-wheat-growth-stage-for-dual-purpose-producers-pss-2147.pdf
https://cir.nii.ac.jp/crid/1573950400526848896
https://people.math.ethz.ch/~maechler/MEMo-pages/lMMwR_2018-03-05.pdf
https://doi.org/10.3390/genes11111270
https://www.ncbi.nlm.nih.gov/pubmed/33126620
https://doi.org/10.3835/plantgenome2012.06.0006
https://doi.org/10.1093/bioinformatics/btm308
https://www.ncbi.nlm.nih.gov/pubmed/17586829
https://doi.org/10.1016/0040-5809(88)90004-4
https://www.ncbi.nlm.nih.gov/pubmed/3376052
https://doi.org/10.1371/journal.pgen.1005767
https://www.ncbi.nlm.nih.gov/pubmed/26828793
https://doi.org/10.1016/j.gpb.2021.08.005
https://www.ncbi.nlm.nih.gov/pubmed/34492338
https://doi.org/10.3390/cimb48100973

Curr. Issues Mol. Biol. 2026, 48, 973 28 of 30

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

Wang, H.; Li, K,; Hu, X; Liu, Z.; Wu, Y.; Huang, C. Genome-wide association analysis of forage quality in maize mature stalk.
BMC Plant Biol. 2016, 16, 227. [CrossRef] [PubMed]

Boden, S.A.; McIntosh, R.A.; Uauy, C.; Krattinger, S.G.; Dubcovsky, J.; Rogers, W.J.; Xia, X.C.; Badaeva, E.D.; Bentley, A.R.;
Brown-Guedira, G.; et al. Updated Guidelines for Gene Nomenclature in Wheat. Theor. Appl. Genet. 2023, 136, 72. [CrossRef]
[PubMed]

IWGSC; Appels, R.; Eversole, K.; Stein, N.; Feuillet, C.; Keller, B.; Rogers, J.; Pozniak, C.J.; Choulet, F; Distelfeld, A.; et al. Shifting
the limits in wheat research and breeding using a fully annotated reference genome. Science 2018, 361, eaar7191. [CrossRef]
[PubMed]

Lollato, R.P,; Marburger, D.; Holman, J.D.; Tomlinson, P.; Presley, D.; Edwards, J.T. Dual Purpose Wheat: Management
for Forage and Grain Production. Oklahoma State University Cooperative Extension Service. 2017. Available online:
https:/ /extension.okstate.edu/fact-sheets /dual-purpose-wheat-management-for-forage-and-grain-production (accessed on
20 April 2026).

Hoffman, A.L.; Kemanian, A.R.; Forest, C.E. The response of maize, sorghum, and soybean yield to growing-phase climate
revealed with machine learning. Environ. Res. Lett. 2020, 15, 094013. [CrossRef]

Wang, T.C.; Rose, T.; Zetzsche, H.; Ballvora, A.; Friedt, W.; Kage, H.; Léon, J.; Lichthardt, C.; Ordon, E; Snowdon, R.J.; et al.
Multi-environment field trials for wheat yield, stability and breeding progress in Germany. Sci. Data 2025, 12, 64. [CrossRef]
[PubMed]

Singh, A.; Newton, L.; Schnable, J.C.; Thompson, A.M. Unveiling shared genetic regulators of plant architectural and biomass
yield traits in the Sorghum Association Panel. |. Exp. Bot. 2025, 76, 1625-1643. [CrossRef] [PubMed]

Bo, P.T,; Bai, Y.; Dong, Y.; Shi, H.; Soe Htet, M.N.; Samoon, H.A.; Zhang, R.; Tanveer, S.K.; Hai, J. Influence of different harvesting
stages and cereals-legume mixture on forage biomass yield, nutritional compositions, and quality under Loess Plateau Region.
Plants 2022, 11, 2801. [CrossRef] [PubMed]

Islam, M.A.; Obour, A K.; Saha, M.C.; Nachtman, ].J.; Cecil, W.K.; Baumgartner, R.E. Grain yield, forage yield, and nutritive value
of dual-purpose small grains in the central High Plains of the USA. Crop Manag. 2013, 12, 1-8. [CrossRef]

Kim, K.S.; Anderson, ].D. Forage yield and nutritive value of winter wheat varieties in the southern Great Plains. Euphytica 2015,
202, 445-457. [CrossRef]

Atis, 1.; Akar, M. Grain yield, forage yield and forage quality of dual purpose wheat as affected by cutting heights and sowing
date. Turk. ]. Field Crops 2018, 23, 38—48. [CrossRef]

Eltaher, S.; Baenziger, P.S.; Belamkar, V.; Emara, H.A.; Nower, A.A ; Salem, K.E; Alqudah, A.M.; Sallam, A. GWAS revealed effect
of genotype x environment interactions for grain yield of Nebraska winter wheat. BMC Genom. 2021, 22, 2. [CrossRef] [PubMed]
Ghanbari-Bonjar, A.; Lee, H.C. Intercropped wheat (Triticum aestivum L.) and bean (Vicia faba L.) as a whole-crop forage: Effect of
harvest time on forage yield and quality. Grass Forage Sci. 2003, 58, 28-36. [CrossRef]

Hartschuh, J.; Sulc, M. Harvest Timing Affects Winter Annual Forage Yield and Quality. In Agronomic Crops Net-
work, C.O.R.N. Newsletter (2022-11); Ohio State University Extension: Columbus, OH, USA, 2022. Available online:
https:/ /agcrops.osu.edu/newsletter /corn-newsletter /2022-11 /harvest-timing-affects-winter-annual-forage-yield-and-quality
(accessed on 20 April 2026).

Yang, J.; Lai, X.; Shen, Y. Response of dual-purpose winter wheat yield and its components to sowing date and cutting timing in a
semiarid region of China. Crop Sci. 2022, 62, 425-440. [CrossRef]

Xue, F; Xu, C.; Zhao, Y.; Pu, X;; Wang, J.; Wei, X.; Wang, W. The Impact of Varieties and Growth Stages on the Production
Performance and Nutritional Quality of Forage Triticale in the Qaidam Basin. Plants 2025, 14, 2942. [CrossRef] [PubMed]
Dreisigacker, S.; Burguefio, J.; Pacheco, A.; Molero, G.; Sukumaran, S.; Rivera-Amado, C.; Reynolds, M.; Griffiths, S. Effect of
flowering time-related genes on biomass, harvest index, and grain yield in CIMMYT elite spring bread wheat. Biology 2021,
10, 855. [CrossRef] [PubMed]

Jing, E; Shi, S.; A, Y,; Guan, J.; Lu, B.; Wu, B.; Wang, W.; Ma, R.; Nan, P. Analysis of phenotypic and physiological characteristics of
plant height difference in alfalfa. Agronomy 2023, 13, 1744. [CrossRef]

McCarthy, M.C.; Enquist, B.J. Consistency between an allometric approach and optimal partitioning theory in global patterns of
plant biomass allocation. Funct. Ecol. 2007, 21, 713-720. [CrossRef]

Zhao, T,; Lu, H.; Zhang, F; Zheng, Y.; Tang, L.; Zhang, C.; Ma, Y.; Cai, R.; Xie, W. Evaluation of forage production performance
and prediction of introduction adaptability for different Avena sativa germplasms in the southeast edge of the Qinghai-Tibet
plateau. Front. Plant Sci. 2025, 16, 1564278. [CrossRef] [PubMed]

Ronga, D.; Dal Pra, A.; Immovilli, A.; Ruozzi, F,; Davolio, R.; Pacchioli, M.T. Effects of harvest time on the yield and quality of
winter wheat hay produced in Northern Italy. Agronomy 2020, 10, 917. [CrossRef]

Virgona, ].M.; Gummer, EA].; Angus, ].E. Effects of grazing on wheat growth, yield, development, water use, and nitrogen use.
Aust. ]. Agric. Res. 2006, 57, 1307-1319. [CrossRef]

https:/ /doi.org/10.3390/cimb48100973


https://doi.org/10.1186/s12870-016-0919-9
https://www.ncbi.nlm.nih.gov/pubmed/27769176
https://doi.org/10.1007/s00122-023-04253-w
https://www.ncbi.nlm.nih.gov/pubmed/36952017
https://doi.org/10.1126/science.aar7191
https://www.ncbi.nlm.nih.gov/pubmed/30115783
https://extension.okstate.edu/fact-sheets/dual-purpose-wheat-management-for-forage-and-grain-production
https://doi.org/10.1088/1748-9326/ab7b22
https://doi.org/10.1038/s41597-024-04332-7
https://www.ncbi.nlm.nih.gov/pubmed/39809815
https://doi.org/10.1093/jxb/eraf012
https://www.ncbi.nlm.nih.gov/pubmed/39798149
https://doi.org/10.3390/plants11202801
https://www.ncbi.nlm.nih.gov/pubmed/36297825
https://doi.org/10.1094/CM-2012-0154-RS
https://doi.org/10.1007/s10681-014-1325-8
https://doi.org/10.17557/tjfc.419124
https://doi.org/10.1186/s12864-020-07308-0
https://www.ncbi.nlm.nih.gov/pubmed/33388036
https://doi.org/10.1046/j.1365-2494.2003.00348.x
https://agcrops.osu.edu/newsletter/corn-newsletter/2022-11/harvest-timing-affects-winter-annual-forage-yield-and-quality
https://doi.org/10.1002/csc2.20634
https://doi.org/10.3390/plants14192942
https://www.ncbi.nlm.nih.gov/pubmed/41095085
https://doi.org/10.3390/biology10090855
https://www.ncbi.nlm.nih.gov/pubmed/34571732
https://doi.org/10.3390/agronomy13071744
https://doi.org/10.1111/j.1365-2435.2007.01276.x
https://doi.org/10.3389/fpls.2025.1564278
https://www.ncbi.nlm.nih.gov/pubmed/40880863
https://doi.org/10.3390/agronomy10060917
https://doi.org/10.1071/AR06085
https://doi.org/10.3390/cimb48100973

Curr. Issues Mol. Biol. 2026, 48, 973 29 of 30

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Ali, M.; Missaoui, A.M.; Brown-Guedira, G.; Saha, U.K.; Mergoum, M. Dissecting the genetics of forage quality traits in soft red
winter wheat in the US southeast region. Front. Plant Sci. 2026, 17, 1893113. [CrossRef] [PubMed]

Tan, C.; Guo, X; Dong, H.; Li, M.; Chen, Q.; Cheng, M.; Pu, Z.; Yuan, Z.; Wang, ]. Meta-QTL mapping for wheat thousand kernel
weight. Front. Plant Sci. 2024, 15, 1499055. [CrossRef] [PubMed]

Megerssa, S.H.; Sorrells, M.E.; Ammar, K.; Acevedo, M.; Bergstrom, G.C.; Olivera, P.; Brown-Guedira, G.; Ward, B.; Degete, A.G.;
Abeyo, B. Genome-wide association mapping of seedling and adult plant response to stem rust in a durum wheat panel. Plant
Genome 2021, 14, €20105. [CrossRef] [PubMed]

Condorelli, G.E.; Maccaferri, M.; Newcomb, M.; Andrade-Sanchez, P.; White, J.W.; French, A.N.; Sciara, G.; Ward, R.; Tuberosa, R.
Comparative aerial and ground based high throughput phenotyping for the genetic dissection of NDVI as a proxy for drought
adaptive traits in durum wheat. Front. Plant Sci. 2018, 9, 893. Erratum in Front. Plant Sci. 2018, 9, 1885. [CrossRef] [PubMed]
Ward, B.P.; Brown-Guedira, G.; Kolb, FL.; Van Sanford, D.A.; Tyagi, P.; Sneller, C.H.; Griffey, C.A. Genome-wide association
studies for yield-related traits in soft red winter wheat grown in Virginia. PLoS ONE 2019, 14, €0208217. [CrossRef] [PubMed]
Saini, D.K; Srivastava, P.; Pal, N.; Gupta, PK. Meta-QTLs, ortho-meta-QTLs and candidate genes for grain yield and associated
traits in wheat (Triticum aestivum L.). Theor. Appl. Genet. 2022, 135, 1049-1081. [CrossRef] [PubMed]

Francki, M.G.; Stainer, G.S.; Walker, E.; Rebetzke, G.J.; Stefanova, K.T.; French, R.]. Phenotypic evaluation and genetic analysis of
seedling emergence in a global collection of wheat genotypes (Triticum aestivum L.) under limited water availability. Front. Plant
Sci. 2021, 12, 796176. [CrossRef] [PubMed]

Czyczylo-Mysza, I.; Marciniska, L.; Skrzypek, E.; Cyganek, K.; Juzon, K.; Karbarz, M. QTL mapping for germination of seeds
obtained from previous wheat generation under drought. Cent. Eur. J. Biol. 2014, 9, 374-382. [CrossRef]

Ashikari, M.; Matsuoka, M. Identification, isolation and pyramiding of quantitative trait loci for rice breeding. Trends Plant sci.
2006, 11, 344-350. [CrossRef] [PubMed]

Hu, W,; Fu, L,; Gao, D.; Zhang, Y.; Zhang, C. Pyramiding Three QTL Improved Fusarium Head Blight Resistance in Wheat
(Triticum aestivum L.). Res. Sq. 2022. [CrossRef] [PubMed]

Sakr, N. Erosion of quantitative resistance in wheat and barley to Fusarium head blight: Gene pyramiding achieves and durability
study. Open Agric. . 2022, 17. [CrossRef]

Wang, J.; Zhao, X.; Gao, F. Molecular Breeding Strategies for Pyramiding Disease Resistance in Wheat. Triticeae Genom. Genet.
2025, 16, 184-194. [CrossRef]

Zhang, B.; Shi, W.; Li, W.; Chang, X.; Jing, R. Efficacy of pyramiding elite alleles for dynamic development of plant height in
common wheat. Mol. Breed. 2013, 32, 327-338. [CrossRef] [PubMed]

Wang, Z.; Dhakal, S.; Cerit, M.; Wang, S.; Rauf, Y; Yu, S.; Maulana, F; Huang, W.; Anderson, ].D.; Ma, X.E; et al. QTL mapping
of yield components and kernel traits in wheat cultivars TAM 112 and Duster. Front. Plant Sci. 2022, 13, 1057701. [CrossRef]
[PubMed]

Xu, X,; Feng, G.; Li, P; Yu, S.; Hao, F,; Nie, G.; Huang, L.; Zhang, X. Genome-wide association analysis reveals the function of
DgSAUR?1 in plant height improvement. BMC Plant Biol. 2025, 25, 240. [CrossRef] [PubMed]

Li, Y,; Yu, S.; Zhang, Q.; Wang, Z.; Liu, M.; Zhang, A.; Dong, X.; Fan, J.; Zhu, Y,; Ruan, Y.; et al. Genome-wide identification and
characterization of the CCT gene family in foxtail millet (Setaria italica) response to diurnal rthythm and abiotic stress. Genes 2022,
13, 1829. [CrossRef] [PubMed]

Zhang, H.; Jiao, B.; Dong, F; Liang, X.; Zhou, S.; Wang, H. Genome-wide identification of CCT genes in wheat (Triticum aestivum
L.) and their expression analysis during vernalization. PLoS ONE 2022, 17, €0262147. [CrossRef] [PubMed]

Bouard, W.V.D. ETUDE FONCTIONNELLE D’UN GENE DE LA FAMILLE DE PROTEINES A DOIGT DE ZINC C2H2 CHEZ LE
BLE TRITICUM AESTIVUM. Doctoral Dissertation, Université du Québec, Quebec, QC, Canada, 2024.

Yang, G.; Pan, W.; Zhang, R.; Pan, Y.; Guo, Q.; Song, W.; Zheng, W.; Nie, X. Genome-wide identification and characterization of
caffeoyl-coenzyme A O-methyltransferase genes related to the Fusarium head blight response in wheat. BMIC Genom. 2021, 22,
504. [CrossRef] [PubMed]

Gabay, G.; Zhang, J.; Burguener, G.F.; Howell, T.; Wang, H.; Fahima, T.; Lukaszewski, A.; Moriconi, J.I.; Santa Maria, G.E.;
Dubcovsky, J. Structural rearrangements in wheat (1BS)-rye (1RS) recombinant chromosomes affect gene dosage and root length.
Plant Genome 2021, 14, €20079. [CrossRef] [PubMed]

Brumm, S.; Gavrin, A.; Macleod, M.; Chesneau, G.; Usldander, A.; Schornack, S. Functional divergence of plant SCAR/WAVE
proteins is determined by intrinsically disordered regions. Sci. Adv. 2025, 11, eadt6107. [CrossRef] [PubMed]

https://doi.org/10.3390/cimb48100973


https://doi.org/10.3389/fpls.2026.1893113
https://www.ncbi.nlm.nih.gov/pubmed/42718753
https://doi.org/10.3389/fpls.2024.1499055
https://www.ncbi.nlm.nih.gov/pubmed/39737382
https://doi.org/10.1002/tpg2.20105
https://www.ncbi.nlm.nih.gov/pubmed/34145776
https://doi.org/10.3389/fpls.2018.00893
https://www.ncbi.nlm.nih.gov/pubmed/29997645
https://doi.org/10.1371/journal.pone.0208217
https://www.ncbi.nlm.nih.gov/pubmed/30794545
https://doi.org/10.1007/s00122-021-04018-3
https://www.ncbi.nlm.nih.gov/pubmed/34985537
https://doi.org/10.3389/fpls.2021.796176
https://www.ncbi.nlm.nih.gov/pubmed/35003185
https://doi.org/10.2478/s11535-013-0273-y
https://doi.org/10.1016/j.tplants.2006.05.008
https://www.ncbi.nlm.nih.gov/pubmed/16769240
https://doi.org/10.21203/rs.3.rs-1200823/v1
https://www.ncbi.nlm.nih.gov/pubmed/36284789
https://doi.org/10.2174/18743315-v16-e221117-2022-HT14-3623-3
https://doi.org/10.5376/tgg.2025.16.0020
https://doi.org/10.1007/s11032-013-9873-5
https://www.ncbi.nlm.nih.gov/pubmed/23976874
https://doi.org/10.3389/fpls.2022.1057701
https://www.ncbi.nlm.nih.gov/pubmed/36570880
https://doi.org/10.1186/s12870-025-06246-x
https://www.ncbi.nlm.nih.gov/pubmed/39987023
https://doi.org/10.3390/genes13101829
https://www.ncbi.nlm.nih.gov/pubmed/36292714
https://doi.org/10.1371/journal.pone.0262147
https://www.ncbi.nlm.nih.gov/pubmed/34986172
https://doi.org/10.1186/s12864-021-07849-y
https://www.ncbi.nlm.nih.gov/pubmed/34218810
https://doi.org/10.1002/tpg2.20079
https://www.ncbi.nlm.nih.gov/pubmed/33463018
https://doi.org/10.1126/sciadv.adt6107
https://www.ncbi.nlm.nih.gov/pubmed/40397725
https://doi.org/10.3390/cimb48100973

Curr. Issues Mol. Biol. 2026, 48, 973 30 of 30

70. Kumar, A.; Kaur, G.; Goel, P; Bhati, KK.; Kaur, M.; Shukla, V.; Pandey, A K. Genome-wide analysis of oligopeptide transporters
and detailed characterization of yellow stripe transporter genes in hexaploid wheat. Funct. Integr. Genom. 2019, 19, 75-90.
[CrossRef] [PubMed]

71. Atsbeha, G.; Mekonnen, T.; Brhane, H.; Kebede, M.; Haileselassie, T.; Tesfaye, K. Genome-wide association study of seedling—plant
resistance to stripe rust in bread wheat (Triticum aestivum L.) genotypes. Front. Plant Sci. 2025, 16, 1554216. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/cimb48100973


https://doi.org/10.1007/s10142-018-0629-5
https://www.ncbi.nlm.nih.gov/pubmed/30120602
https://doi.org/10.3389/fpls.2025.1554216
https://www.ncbi.nlm.nih.gov/pubmed/40385230
https://doi.org/10.3390/cimb48100973

	Introduction 
	Material and Methods 
	Planting Material and Experimental Method 
	Data Collection: Phenotypic Traits 
	Data Analysis 
	Quality Control and SNP Identification 
	Population Structure and Linkage Disequilibrium 
	GWAS Analysis 
	Effect of Individual Favorable Allele and Additive Allele Effect of Major-Effect QTLs 
	QTLs Novelty and Candidate Gene Identification 


	Results 
	Phenotypic Analysis of Forage Yield and Related Traits 
	Population Structure and LD Analysis 
	GWAS Results 
	PutativeMajor-Effect QLTs for Forage Yield and Related Traits 
	Effect of Individual Alleles 
	Favorable-Allele Accumulation of Major-Effect QTLs 
	Candidate Gene Identification 

	Discussion 
	Phenotypic Analysis of Forage Yield and Related Traits 
	Correlation Between Forage Yield and Related Traits 
	Novelty of PutativeMajor-Effect QTLs 
	Additive Effect of Favorable Alleles from Major-Effect QTLs 
	Candidate Gene Discovery 

	Conclusions 
	References

