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Abstract
Durum wheat (Triticum turgidum ssp. durum) suffers substantial yield losses from

yellow rust (Puccinia striiformis) and leaf rust (Puccinia triticina). In this study, we

employed genome-wide association studies (GWAS) to identify loci associated with

rust resistance and used genomic selection (GS) to evaluate the predictive accuracy

of different statistical models and phenotyping metrics (AUDPC_GDD, Angle, GDD50,

and maxVar) in a Canadian durum wheat panel. The panel was evaluated in Mexico

for yellow rust across three seasons near Toluca, and for leaf rust over two seasons

at El Batán. Our GWAS identified 36 significant marker-trait associations (MTAs),

including known loci (Yr30, Yr57, Yr82, YrU1, Lr16, Lr17, Lr18, and Lr65) and pre-

viously unreported regions. Yellow rust resistance was linked to loci on chromosomes

3A (602.7 Mbp) and 3B (243.4 Mbp), while leaf rust MTAs appeared on chromo-

somes 5A (552.8 Mbp) and 7A (570 Mbp). Candidate genes near novel MTAs encode

defense-related proteins such as serine/threonine kinases and NB-ARC (nucleotide

binding–Apaf-1, R proteins, and CED-4), F-box, and RIN4 (RPM1-interacting

Abbreviations: AAFC, Agriculture and Agri-Food Canada; APR, adult-plant resistance; ASR, all-stage seedling resistance; AUDPC, area under the disease

progress curve; BLUE, best linear unbiased estimator; BLUP, best linear unbiased predictor; CIMMYT, International Maize and Wheat Improvement Center;

DH, doubled haploid; FHB, Fusarium head blight; GBLUP, genomic best linear unbiased predictor; GDDs, growing degree days; GO, Gene Ontology; GS,

genomic selection; GWAS, genome-wide association study; LD, linkage disequilibrium; LEA, late embryogenesis abundant; LOD, logarithm of the odds;
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protein 4)-domain proteins. Among four scoring metrics tested, AUDPC_GDD consis-

tently outperformed others for yellow rust, whereas maxVar was most effective for

leaf rust, reflecting differences in phenotypic distribution and trait variance. Bayesian

GS models (BayesB) achieved the highest prediction accuracy, but including GWAS-

derived fixed effects did not improve predictions, likely due to complexities in

modeling major-effect loci. These results underscore the importance of rust-specific

phenotyping strategies and illustrate the difficulty of integrating GWAS into GS

models to dissect complex resistance traits.

Plain Language Summary
Durum wheat, a staple crop used for commodities like pasta and couscous, faces sig-

nificant yield losses from fungal diseases like yellow and leaf rust. Our study focused

on finding the best methods for the genetic analysis of rust resistance. We used a

mapping analysis (GWAS) to pinpoint 36 genetic markers–including both known

resistance genes and newly discovered regions–and then tested which of four disease-

scoring metrics was most effective. We also investigated if adding these top markers

could improve resistance predictions (Genomic Selection). Our results showed that

the ideal metric depends on the specific rust disease, and while a BayesB model was

most accurate for prediction, incorporating the markers did not enhance its perfor-

mance. This research provides clear guidance on effective methods, helping breeders

accelerate the development of more durable, rust-resistant durum wheat.

1 INTRODUCTION

Wheat (Triticum spp.) is a major staple worldwide, supply-
ing a substantial share of human caloric intake (Mottaleb
et al., 2023). Durum wheat (Triticum turgidum ssp. durum)
is especially important for pasta and semolina, underpinning
economies in many regions (Martínez-Moreno et al., 2020).
However, prevalent fungal diseases—particularly yellow rust
(Puccinia striiformis f. sp. tritici) and leaf rust (Puccinia trit-
icina Erikss.), continue to threaten global wheat production
(W. Chen et al., 2014; Prasad et al., 2020; Savary et al., 2019;
Wellings, 2011).

In 2010, yellow rust epidemics in the Middle East and
North Africa caused yield losses of up to 80% (Solh et al.,
2012). Leaf rust typically reduces yields by 15%–50%, with
total crop failure under severe outbreaks (Dubin & Rajaram,
1996; Savary et al., 2019). Recent epidemics in North Kaza-
khstan, Iran, and Africa highlight the urgency of effective
disease management (Genievskaya et al., 2020; Talebi et al.,
2023) (https://rusttracker.cimmyt.org).

Researchers have invested extensive effort in combating
rust. Although fungicides work well, they pose environmental
risks and can hasten fungicide-resistant strains (Figlan et al.,
2020). Breeding resistant cultivars offers a more sustainable
option (Dong et al., 2017; Qiao et al., 2024; Talebi et al.,
2023), and over 80 major Yr and Lr genes have been iden-

tified to date (X. Chen, 2020; S. Huang et al., 2021; McIntosh
et al., 1995; Prasad et al., 2020).

Genetic resistance is divided into all-stage seedling resis-
tance (ASR) and adult-plant resistance (APR) (Bouvet et al.,
2021; D. Kumar et al., 2020). ASR is race-specific and gov-
erned by single major genes (e.g., Yr5, Yr15, Lr76, Lr80)
that protect plants throughout their life but often succumb to
evolving pathogen races (M. Bansal et al., 2016; S. Kumar
et al., 2021; Yao et al., 2021). By contrast, APR confers
partial, non-race-specific resistance via multiple minor-effect
genes (e.g., Yr36, Lr34/Yr18, Lr46/Yr29, Lr67/Yr46), many
encoding nucleotide-binding leucine-rich repeat (NLR) pro-
teins essential for plant immunity (Hiebert et al., 2010; Prasad
et al., 2020; Qiao et al., 2024; Singh et al., 1998).

Genome-wide association studies (GWAS) have greatly
clarified the genetic basis of rust resistance by pinpointing key
loci through historical recombination in diverse germplasm
panels (Aoun et al., 2021; Desiderio et al., 2014; Sapkota
et al., 2019). Many quantitative trait loci (QTL) for rust map
to all durum wheat chromosomes, often co-localizing with
known Lr and Yr genes or marking novel regions (Aoun et al.,
2016; Alemu et al., 2021; Aoun et al., 2021; Liu et al., 2016;
Yao et al., 2021). These findings underscore GWAS as a
powerful tool to harness genetic variation for breeding.

Combining GWAS with genomic selection (GS) can speed
resistance breeding (Mahmood et al., 2022; Spindel et al.,
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2016). GS uses genome-wide markers to predict breeding
values, enabling faster selection and shorter cycles (Heffner
et al., 2010; Isidro et al., 2016; Meuwissen et al., 2001), espe-
cially for polygenic traits (Klymiuk et al., 2023). Merging
GWAS and GS helps pinpoint and validate key loci while
boosting selection accuracy (Bernardo, 2014; Rutkoski et al.,
2014; Spindel et al., 2016).

High-quality phenotypic data are crucial for reliable GWAS
and GS, given the complexity of genotype–environment
interactions. Collaborative trial networks (e.g., Interna-
tional Maize and Wheat Improvement Center (CIMMYT),
Borlaug Global Rust Initiative, and WheatSustain) gather
multiyear, multilocation data, creating robust datasets for
accurate modeling. Yet, standardizing protocols remains chal-
lenging (Akdemir et al., 2020), as assessment frequency and
timing can skew measurements. Rigorous scoring methodolo-
gies are therefore vital for consistent cross-trial comparisons.

Area under the disease progress curve (AUDPC) is a widely
used metric that integrates disease progression with plant
growth (Jeger & Viljanen-Rollinson, 2001; Thompson & Sil-
verman, 2008). However, it has following drawbacks: (i) it
demands multiple assessments spanning the entire disease
cycle, (ii) yields unconventional units that complicate inter-
pretation, and (iii) introduces potential bias if the timing or
frequency of assessments is uneven. Consequently, identical
disease trajectories can yield starkly different AUDPC scores.

Addressing these limitations, Garcia-Abadillo et al. (2023)
developed more efficient scoring metrics that optimize infor-
mation from each assessment, reduce the burden of exhaustive
phenotyping, and enable fair comparisons across Fusarium
head blight (FHB) trials. These novel approaches have low-
ered phenotyping costs without compromising predictive
accuracy. Building on these advances, we sought to adapt sim-
ilar strategies for rust phenotyping in Canadian durum wheat,
aiming to uncover new associations and refine selection tools.
Here, we explore novel associations for yellow and leaf rust
resistance in durum wheat lines from a public Canadian breed-
ing program. Our objectives are twofold: (i) to identify new
genomic regions linked to rust resistance and (ii) to evalu-
ate and compare alternative phenotyping metrics and genomic
prediction models for breeding rust-resistant durum wheat.
By integrating GWAS findings with advanced GS, we aim to
develop more robust rust-resistant cultivars.

2 MATERIALS AND METHODS

2.1 Plant materials

This study utilized a diverse panel of durum wheat lines,
parents, and checks, consisting of 372 recombinant inbred
lines (RILs) and 98 doubled haploid (DH) lines (Table 1).
RILs were developed by Dr. Ron Knox in 2012 at Agricul-
ture and Agri-Food Canada’s (AAFC) Swift Current Research

and Development Centre via biparental crosses and single-
seed descent. Four hexaploid wheat donors, HY644-BE,
BW871, P89-77-1B, and Sumai-3, were crossed to durum
wheat parents (DT833, Transcend, DT801, DT818, and Lang-
don) (Joppa & Williams, 1988) to introgress FHB resistance.
F1 and F2 progeny were genotyped with markers flanking
the three major FHB QTL resistant loci, and lines were
advanced through to the F9 generation by single-seed descent.
The resulting RILs were then evaluated for leaf rust and
stripe rust resistance. The DH population, A0560& (A0100B-
005/A9831-DC*1), comprising 98 lines, was derived from the
F1 hybrid of durum wheat using the wheat × maize hybridiza-
tion method described by Knox et al. (2000). A0100B-005,
introduced from Germany, served as one of the parental lines.

2.1.1 Yellow rust evaluation

Yellow rust evaluations were conducted at the CIMMYT
Mexico Tuluca experimental station in 2018, 2019, and 2022
(Figure 1A), in a randomized block design with two replica-
tions (Figure 1B). The lines were grown in single rows, each
1.5 m long, with 30 seeds per row. Spreader rows were inoc-
ulated with the purified MX16-04 race, which spread onto
spreader rows of susceptible wheat varieties and across each
plot. The inoculation process involved three successive appli-
cations of highly concentrated inoculum suspended in Soltrol
during mid-August. Each year, the percentage of yellow rust-
infected area on the uppermost leaves was assessed four to
five times, with 7- to 10-day intervals between assessments
(Figure 1C).

2.1.2 Leaf rust evaluation

Leaf rust evaluations were conducted at the CIMMYT Mex-
ico experimental station, El Batán, during 2018 and 2019
(Figure 1A). Trials were arranged in single rows, each mea-
suring 1.5 m in length, following a randomized complete
block design with two replications (Figure 1B). Although
identical genotypes were sown at both sites, line failures
in Toluca and the inclusion of the parental lines Langdon
and A0100B-005 yielded a slightly different final count of
unique genotypes. Artificial inoculation using the Cirno race
(BBG/BP), which exhibits additional virulence against LrCa-
mayo (Herrera-Foessel et al., 2007), was employed to ensure
disease pressure throughout the 2 test years. All lines of the
A0560& cross demonstrated susceptibility to the Mexican
races inoculated, resulting in no variation among the lines
for QTL analysis. Consequently, the evaluations were not
repeated with RILs in subsequent years. Each year, the per-
centage (%) of leaf rust-infected area on the uppermost leaves
was assessed four to five times, with 7- to 10-day intervals
between assessments (Figure 1C).
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T A B L E 1 Summary of tested populations.

Cross Population type Pedigree Number of lines Leaf rust Yellow rust
A1290C RIL DT833//P89-77-1B/Sumai-3 3 El Batán Toluca

A1293C RIL DT833//HY644-BE/Transcend 29 El Batán Toluca

A1293D RIL DT818//HY644-BE/Transcend 43 El Batán Toluca

A1293E RIL DT844//HY644-BE/Transcend 255 El Batán Toluca

A1294C RIL DT833//BW871/Langdon 42 El Batán Toluca

A0560& DH A0100B-005/A9831-DC*1 98 El Batán Toluca

Total 470

Note∶ Description of a panel comprising recombinant inbred lines (RILs) derived from durum × hexaploid × durum crosses and a doubled haploid (DH) population of

durum wheat, evaluated for resistance to leaf rust and yellow rust in Mexico.

F I G U R E 1 Summary of phenomic data. (A) Geographical location of trials. (B) Summary tables providing key information about the trials.

(C) Disease severity (%) versus the accumulated growing degree days (GDDs; Section 2.3) for each measured year and disease.

2.2 Genotyping

Genomic data for the A129X cross were generated using
TraitGenetics 25K SNP array, while the Illumina 90K iSelect
Wheat SNP array was employed for the A0560& cross. A
total of 10,919 single nucleotide polymorphisms (SNPs) were
common to both arrays and retained for analysis. Processing
of these SNPs was performed manually using R (4.4.1) (R

Core Team, 2024), and imputation using the rrBLUP package
(4.6.3) (Endelman, 2011) with an expectation maximiza-
tion algorithm (Poland et al., 2012). Monomorphic SNPs
and those with a minor allele frequency below 0.05 were
filtered out. After filtering, 10,491 SNPs remained. For
analysis, nucleotide letters were converted into allele
dosages (0, 1, and 2), representing the dosage of the
minor allele.
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2.3 Scoring metrics

Scoring metrics and AUDPC calculation were performed as
described in Garcia-Abadillo et al. (2023). To include temper-
ature effects on plant growth and disease development and to
account for environmental variation across environments, the
AUDPC and the other alternative disease scores were com-
puted using growing degree days (GDDs) as the thermal time
units as described in McMaster (1997). Accumulated GDDs
were computed as follows per year and location:{

GDD(0) = 0
GDD(𝑡) = GDD(𝑡−1) + max

[
0,
(
𝑇max(𝑡)+𝑇min(𝑡)

2 − 𝑇base

)]
where GDD(𝑡) is the value of accumulated GDDs on the 𝑡th
day, 𝑇max(𝑡) and 𝑇min(𝑡) are respectively the maximum and min-
imum temperatures recorded on the 𝑡th day, and 𝑇base is the
fixed threshold to increment GDDs. 𝑇base was set to 0˚C in
this study for all locations.

The AUDPC was therefore measured using these GDDs as
the time dimension, so from now on we refer to this metric as
AUDPC_GDD (AUDPC normalized by GDD).

The proposed three alternative scoring metrics adhere to the
following formulation: Let 𝑋 = {𝑥1, 𝑥2,… , 𝑥𝑇 } be the set
of accumulated GDDs from anthesis corresponding to the 𝑇
assessment’s dates and 𝑌 = {𝑦1, 𝑦2,… , 𝑦𝑇 } the set of 𝑇 rust
severity evaluations. The resulting scoring metric was defined
(Garcia-Abadillo et al., 2023) as a function that maps𝑋 and 𝑌
into a score to be used as the response variable in further anal-
ysis. For clarity, a graphical representation of the following
metrics is presented on Figure 2.

2.3.1 Angle

The advantage of this metric is that it can be used with as
little as one data point. It’s calculated applying the 𝑎𝑟𝑐𝑡𝑎𝑛
function on the slope computed between a single assessment
(𝑥𝑇 , 𝑦𝑇 ) and the origin (0,0) measured in degrees. Or more
precisely, between the average time value in which disease
severity reaches the final plateau and the origin:

⎧⎪⎨⎪⎩
Angle(𝑋, 𝑌 ) = 𝑎𝑟𝑐𝑡𝑎𝑛

(
𝑦𝑇

𝑥𝑝+𝑥𝑇
2

)
𝑥𝑝 = 𝑚𝑖𝑛(𝑋|𝑦 = 𝑦𝑇 )

where 𝑥𝑝 is the minimum value of𝑋 given that the maximum
value of disease severity (𝑦𝑇 ) is reached, that is, the first time
that the maximum disease reached was recorded. An earlier
and higher peak severity steepens the origin to peak trajectory,
yielding a larger angle that signifies more rapid and severe
disease progression.

2.3.2 GDD50

This metric was defined as the accumulated GDDs in which a
plot reaches 50% of the total disease severity. Also described
as the latent period in disease progression in the literature (Das
et al., 1993), this metric has also been used as a parameter to
characterize partial disease resistance. It can be calculated by
linear interpolation as follows:

⎧⎪⎨⎪⎩
GDD50(𝑋, 𝑌 ) = 50−𝑦𝐿

𝑦𝑅−𝑦𝐿
(𝑥𝑅 − 𝑥𝐿) + 𝑥𝐿{

𝐿 = argmax𝑥(𝑋|𝑦 ≤ 50)
𝑅 = argmin𝑥(𝑋|𝑦 ≥ 50)

where 𝐿 and 𝑅 are the indexes of the closest points (to the
left and right, respectively) to the target disease level (50%), so
(𝑥𝐿, 𝑦𝐿) and (𝑥𝑅, 𝑦𝑅) are the best points to linearly interpolate
GDD50.

2.3.3 Maximum variance

This score is measured as the percentage of disease severity
with the highest variability among lines in the disease severity
assessment. Mathematically, this is expressed as:

⎧⎪⎨⎪⎩
maxVar(𝑋, 𝑌 ) = 𝑦rust_max

rust_max = argmax𝑡

[
𝑁∑
𝑖=1

(
RUST𝑖𝑡 − RUST.𝑡

)2
]

where RUST is an 𝑁 × 𝑇 matrix with RUST𝑖𝑡 being the dis-
ease value for 𝑖th plot and 𝑡th assessment, RUST.𝑡 is the mean
disease value in the 𝑡th assessment, and maxVar is maximum
variance. Thus, rust_max is the highest variability assess-
ment index. This metric is easy to measure but requires the
phenotypic information of all lines before computing it.

2.4 Genome-wide association study

A mixed linear model (Equation 1) was fitted for each scor-
ing metric using the lme4 package (1.1-37) (Bates et al.,
2015) to consolidate repeated measurements across years. In
this model, a disease severity metric serves as the response
variable, with genotype, year, plant height (PH), and head-
ing date (HD) included as fixed effects, while the repetition
nested within the year was modeled as a random effect.
PH) and HD) were incorporated as covariates only when
their inclusion minimized the Akaike information criterion
value as previous work has shown that including these traits
boosts predictive accuracy via their association with disease
resistance (Garcia-Abadillo et al., 2023). For the leaf rust dis-
ease, covariates were used in all cases except for the Angle
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F I G U R E 2 Graphical representation of scoring metrics: AUDPC_GDD (top left): The area under the disease progress curve (AUDPC) calculated

based on growing degree days (GDD), shown as the shaded region. Angle (top right): The angle formed between the maximum disease severity and

the origin. GDD50 (bottom left): The GDD value at which disease severity reaches 50%. maxVar (bottom right): The disease severity value measured on

the assessment with higher variation between lines.

metric, which utilized only the HD; in contrast, for the yel-
low rust disease, only the AUDPC_GDD metric employed the
PH covariate, while the remaining metrics did not use any
additional covariates. Finally, the resulting genotype best lin-
ear unbiased estimators (BLUEs) were used as the response
variable for the subsequent genome-wide association study
(GWAS).

We employed the R package GAPIT (3.5) (R Core Team,
2024; J. Wang, 2024) to perform GWAS using the Bayesian
information and linkage-disequilibrium iteratively nested
keyway method (M. Huang et al., 2018). To correct for popu-
lation structure, a kinship matrix and principal components
(PCs) were included in the model. The optimal number of
PCs was determined by evaluating the variance explained by
each one and assessing model fit using quantile-quantile (Q–
Q) plots for models with an increasing number of PCs. We
selected the first three PCs, as they captured the majority of
the population structure and effectively controlled for p-value
inflation, with no significant improvement from including
additional components (Larsson et al., 2013). To minimize
type I error rates, p-values were adjusted using the Bonfer-
roni correction (0.05∕number of SNPs). Visualization of the
results was carried out using Manhattan and Q–Q plots, gen-

erated with the R package CMplot (4.5.1) (Yin et al., 2021),
to confirm the final model fit.

𝑦 = 𝑋𝑔 𝑔 +𝑋year year +
[
𝑋PHPH +𝑋HDHD

]
+𝑍rep year(rep) + 𝜖 (1)

where:

∙ 𝑦 is a vector of disease severity score metric values;
∙ 𝑔 is a vector of BLUEs for the fixed genotypic effect;
∙ year is a vector of BLUEs for the fixed year effect;
∙ year(rep) ∼ 𝑁(0, 𝐼𝜎2

year(rep)
) is a vector of best linear unbi-

ased predictors (BLUPs) for the random effect of the
repetition nested within the year;

∙ PH and HD are the two coefficients associated with
the effect of plant height and heading date, respectively.
Expressed between square brackets to indicate that these
terms may be included or omitted depending on the
scenario;

∙ 𝑋𝑔 , 𝑋year, 𝑋PH, 𝑋HD, and 𝑍rep are the design matrices of
their corresponding effects;

∙ 𝜖 ∼ 𝑁(0, 𝐼𝜎2
𝜖
) is the residual.
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MENOR DE GASPAR ET AL. 7 of 21The Plant Genome

2.5 Linkage disequilibrium analysis

We estimated pairwise linkage disequilibrium (LD), mea-
sured as 𝑟2, among all genotyped markers. To determine
the extent of LD decay, we identified the average physi-
cal distance at which 𝑟2 dropped below a threshold of 0.2.
This empirically derived distance was then used to define
a uniform window for interpreting GWAS results; any sig-
nificant peak located within this distance of a previously
reported signal or candidate gene was considered to tag the
same underlying locus. This strategy aligns with previous
analyses in this population, enhances reproducibility, and
avoids the parameter tuning required by haplotype-block algo-
rithms. Future studies could leverage block-calling methods
to investigate local LD structure more thoroughly. All LD
calculations were performed using the LD.decay function
implemented in the R package sommer (4.3.5) (Giovanny,
2016).

2.6 Candidate gene identification and
functional annotation

We identified all SNP markers exceeding the significance
threshold (𝛼 = 0.05∕10, 492, LOD > 5.32, where LOD is
logarithm of the odds) as candidate loci. Candidate genes
located within 50 kb of these significant markers were
retrieved from the durum wheat reference genome (cv.
Svevo RefSeq Rel.1.0) (Maccaferri et al., 2019).

To investigate the biological relevance of these genes, we
queried the UniProt database (The UniProt Consortium, 2022)
using its application programming interface. This allowed us
to obtain associated protein information and predict possible
gene functions by analyzing corresponding Gene Ontology
(GO) annotations (Ashburner et al., 2000; The Gene Ontology
Consortium et al., 2023), following approaches previously
described in the literature (García-Abadillo et al., 2024;
Lebrec et al., 2009).

We calculated GO-based correlations between disease met-
rics using the Jaccard similarity index, whereas phenotype-
based correlations were computed as Pearson correlations. All
analyses were performed in R (R Core Team, 2024), using the
packages ggplot2 (3.5.1) (Wickham, 2016), ggraph (2.2.1)
(Pedersen, 2024a), tidygraph (1.3.1) (Pedersen, 2024b), and
dplyr (1.1.4) (Wickham et al., 2023) for data processing
and visualization.

2.7 GS assay

For each disease, we randomly partitioned the entire dataset
into 70% training and 30% test sets. We first performed
GWAS on the training set following the methods described

in Section 2.4. Next, we fitted three genomic prediction
models (genomic best linear unbiased predictor [GBLUP],
BayesB, and reproducing kernel Hilbert spaces [RKHS])
under three scenarios: (1) using only marker data from the
training set (without GWAS hits), (2) incorporating sig-
nificant GWAS hits identified in the training set as fixed
effects, and (3) incorporating significant GWAS hits identi-
fied from the entire dataset as fixed effects (positive control).
This approach was replicated 60 times per scenario with
different training/test splits to minimize the impact of ran-
dom variability in the results, ensuring a robust evaluation
by reporting the mean prediction accuracy across these
replicates.

We then predicted the phenotypes of the test set and
quantified the prediction accuracy as the Pearson correla-
tion between predicted values (line BLUPs plus SNP fixed
effects when included) and adjusted observed phenotypes.
The GBLUP model was fitted with the sommer package (Gio-
vanny, 2016), whereas we implemented BayesB and RKHS
models using the BGLR package (1.1.2) (Pérez & de los
Campos, 2014).

2.7.1 GBLUP model

The mixed model for GBLUP is given by Equation (2):

𝑔 =
[
𝜇 +𝑋 snps

]
+𝑍𝑢 𝑢 + 𝜖, (2)

where:

∙ 𝑔 is the vector of genotypic BLUEs computed in Equation
(1);

∙ 𝜇 is the overall intercept;
∙ snps is the vector of fixed effects for the GWAS hits;
∙ 𝑢 ∼ 𝑁(0, 𝐺𝜎2

𝑢
) is the vector of random additive genotypic

effects following VanRaden’s genomic relationship matrix
𝐺 (VanRaden, 2008);

∙ 𝑋 and 𝑍𝑔 are the design matrices for the fixed and random
effects, respectively;

∙ 𝜖 ∼ 𝑁(0, 𝐼𝜎2
𝜖
) is the residual error.

The notation
[
𝜇 +𝑋snps

]
indicates that these fixed effects

are included when GWAS hits are incorporated. When
modeling without GWAS hits, only the intercept 𝜇 is present.

2.7.2 BayesB model

The BayesB model follows a similar structure but replaces
the random additive genomic effect 𝑢 with individual marker
effects 𝛽𝑗 drawn from a prior distribution that allows most
markers to have zero effect while a subset may have large
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8 of 21 MENOR DE GASPAR ET AL.The Plant Genome

nonzero effects:

𝛽𝑗 ∼

{
0 with probability 𝜋

𝑁(0, 𝜎2
𝛽𝑗
) with probability 1 − 𝜋

with 𝜎2
𝛽𝑗

∼ 𝜒−2(𝜐, 𝑆2), and where 𝜋, 𝜈, and 𝑆2 are hyper-

parameters defined by default in the package (Pérez & de los
Campos, 2014).

2.7.3 RKHS model

For the RKHS regression model, instead of selecting a
single bandwidth parameter ℎ for the Gaussian kernel via
cross-validation or Bayesian methods (both computationally
demanding), we adopted the multi-kernel approach (kernel
averaging) suggested by De Los Campos et al. (2010). In this
approach, a sequence of kernels is defined based on a set of
reasonable values of ℎ, and then a model is fitted with all
of these kernels as random effects (Pérez & de los Campos,
2014). This procedure is equivalent to a model with a sin-
gle random effect whose distribution is a weighted average
of all the kernels used, with weights proportional to the corre-
sponding variance components. We chose the following seven
values for ℎ to cover the entire range of optimal values that we
saw were possible with our data:

ℎ =
{1
6
,
1
4
,
3
8
,
1
2
,
3
4
, 1, 3

2

}
A Gaussian kernel is defined as follows:

𝐾(𝑥𝑖, 𝑥𝑖′ ) = exp

{
−ℎ ×

∑𝑝

𝑘=1(𝑥𝑖𝑘 − 𝑥𝑖′𝑘)
2

𝑝

}

where 𝑥𝑖 and 𝑥𝑖′ are the genotype vectors for individuals 𝑖
and 𝑖′, and 𝑝 is the number of markers. This model follows
the same general structure as both previous models (Equa-
tion 2) but the random additive genotypic term (𝑢) is instead
replaced by a sum of seven random genotypic terms (

∑7
𝑙=1 𝑔𝑙)

that capture all genomic effects, not just additive, each one
following:

𝑝(𝑔1,… , 𝑔7) ∝
7∏
𝑙=1

𝑁(𝑔|0, 𝐾𝑙𝜎2𝑔𝑙 )
Variance components for the GBLUP model were esti-

mated via restricted maximum likelihood, while both BayesB
and RKHS used a Markov chain Monte Carlo approach
with 25,000 iterations, discarding the first 5000 as burn-in.
When GWAS hits were modeled as fixed effects, all models
excluded these markers from the computation of their corre-
sponding genotypic effect. This prevented the same marker

from being treated simultaneously as both a random and a
fixed effect.

3 RESULTS

3.1 Exploratory analysis

3.1.1 Disease phenotype distributions

Figure 3 shows that none of the raw disease-severity metrics
follow a standard distribution, likely reflecting strong year and
year × genotype effects. For leaf rust, GDD50 and AUDPC_GDD
are distinctly bimodal, with a dip near the population mean,
whereas Angle and maxVar are right-skewed, concentrating
density above the mean.

Figure 3 shows that for yellow rust, all metrics are skewed
below the mean. AUDPC_GDD, Angle, and maxVar share a
broadly similar left-skewed profile, while GDD50 stands out
with a pronounced high-density peak below the mean and a
smaller secondary peak above it. Compared to yellow rust,
mean values for every metric are higher in leaf rust, indicating
overall greater resistance to yellow rust, whereas yellow rust
metrics (except maxVar) exhibit higher standard deviations.

Figure 8C shows no correlation between the two diseases.
Within each disease, AUDPC_GDD, Angle, and maxVar are
positively correlated, and GDD50 is inversely correlated with
the others. Leaf rust traits consistently display lower coeffi-
cients of variation (CV) and broad-sense heritabilities (𝐻2)
than their yellow rust counterparts. Across both diseases,
GDD50 has the lowest CV and 𝐻2, while Angle and maxVar
yield the highest heritabilities (with yellow rust’s AUDPC_GDD
heritability matching that of Angle). AUDPC_GDD shows the
highest CV in both pathosystems.

3.1.2 Population structure and genetic
relationships

The principal component analysis plot (Figure 4A) clearly dis-
tinguishes DH cross A0560& from the rest of the population, a
result further supported by clustering analysis. Based on hier-
archical clustering, we separated the remaining groups into
seven clusters.

The first PC separates cross A0560& and parent A0100B-
005 from the rest of the groups, accounting for 14.9% of
the variability.

Clusters 5, 6, 7, and 8 collectively represent cross A1293E.
These clusters share a similar Euclidean genetic distance,
comparable to that observed among Clusters 2, 3, and 4.

Specifically, Cluster 2 contains exclusively individuals
from cross A1293C. Cluster 3 primarily comprises individ-
uals from cross A1294C. Cluster 4 includes all individu-
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980.73 — 2550.83
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0.82

0.89
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19171.13

1814.75

55.49

0.99 0.51

0.65

0.87

0.10

0.49

180.58

27.34

200 — 48102.65

1 — 100

1332.22 — 2251.12

0.03 — 3.61

12389.83 0.69

0.51

0.88

H2

F I G U R E 3 Distribution and statistics of calculated scoring metrics: density plot of standardized Z-scores (left) and summary statistics (right)

for yellow rust (A) and leaf rust (B). The accompanying statistics summarize the mean, standard deviation (Std), range, coefficient of variation (CV),

and broad-sense heritability (𝐻2) (calculated using the Cullis method) for each metric. Correlations between them are available in Figure 8C.

F I G U R E 4 Principal component analysis and genomic relationship matrix. (A) Scatter plot showing each individual as a point, positioned

based on their marker data. Points are colored according to their respective cross, allowing visual differentiation among them. (B) Heat map

displaying the additive correlations between all individuals, with values represented on a color gradient from white (lowest correlation) to dark red

(highest correlation). Individuals are arranged along both rows and columns using agglomerative hierarchical clustering, applying the Euclidean

distance metric and Ward’s agglomeration method. Distinct colors along the rows and columns indicate each individual’s cross and cluster. The

number of clusters was chosen to represent the patterns observed in the heatmap. Clustering is more clearly displayed in Figure S1.

als from cross A1293D, some individuals from A1293E,
approximately half from A1293C, and two individuals from
A1294C.

Figure S1 provides additional visualizations of the popula-
tion structure, including a PC plot color-coded by cluster and
a dendrogram illustrating the hierarchical clustering results.

In addition, the LD analysis showed that the average corre-
lation (𝑟2) between markers decayed below 0.2 at a physical
distance of approximately 12.5 Mbp (Figure S2), consistent

with previous reports on LD decay in wheat (Somers et al.,
2007).

3.2 Genome-wide association analyses

We identified 36 significant associations surpassing the
Bonferroni threshold (𝛼 = 0.05∕10, 492, LOD > 5.32), com-
prising 20 associations for yellow rust and 16 for leaf rust,

 19403372, 2025, 4, D
ow

nloaded from
 https://acsess.onlinelibrary.w

iley.com
/doi/10.1002/tpg2.70124 by C

ochrane M
exico, W

iley O
nline L

ibrary on [22/10/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



10 of 21 MENOR DE GASPAR ET AL.The Plant Genome

T A B L E 2 Genome-wide association study (GWAS) results: Significant marker-trait associations (MTAs) including the disease (yellow rust and

leaf rust), the chromosome (Chr), the marker position, the logarithm of the odds (LOD: − log10 of the p-value), minor allele frequency (MAF), slope

estimated by the model (Effect), and captured genotypic variance (𝑅2). The metric column indicates which scoring metric do the following statistics

(LOD, Effect, and 𝑅2) belong to. For a complete list with the statistics of all metrics and associated genes, see Table S2.

Disease SNP Chr Position (bp) MAF Metric LOD Effect 𝑹
𝟐

Yellow AX-95235178 1A 492,254,231 0.36 GDD50 7.76 18.13 0.02

Yellow wsnp_BE494527A_Ta_2_1 1A 538,665,173 0.07 AUDPC_GDD 12.53 3873.48 0.10

Yellow AX-89391029 2B 765,142,692 0.18 GDD50 6.26 −22.48 0.13

Yellow Tdurum_contig52627_726 2B 767,717,188 0.40 AUDPC_GDD 5.60 −1454.24 0.02

Yellow wsnp_Ex_c8884_14841846 3A 602,725,305 0.26 AUDPC_GDD 9.28 −2135.93 0.04

Yellow AX-94591477 3B 3,057,551 0.46 Angle 6.03 −0.13 0.14

Yellow IACX5776 3B 5,563,727 0.25 AUDPC_GDD 5.97 −1583.08 0.04

Yellow TA011763-0791 3B 72,695,676 0.35 AUDPC_GDD 5.53 1205.09 0.01

Yellow AX-158541430 3B 243,418,450 0.50 AUDPC_GDD 7.73 −2009.67 0.02

Yellow GENE−2105_409 3B 754,481,869 0.06 AUDPC_GDD 8.90 4283.06 0.15

Yellow Excalibur_c29568_163 4B 650,637,990 0.06 AUDPC_GDD 8.70 −3399.92 0.01

Yellow BobWhite_c17440_130 5A 398,114,150 0.06 AUDPC_GDD 6.07 −3315.38 0.02

Yellow Excalibur_c100531_251 5A 563,166,503 0.35 GDD50 6.03 17.56 0.00

Yellow IAAV5779 5A 607,912,328 0.20 AUDPC_GDD 9.13 −2258.63 0.04

Yellow BS00093522_51 5B 568,153,025 0.19 AUDPC_GDD 7.16 2242.05 0.07

Yellow BobWhite_c16916_658 5B 682,388,260 0.37 GDD50 19.66 −37.77 0.22

Yellow BS00097030_51 5B 684,349,754 0.38 Angle 23.00 0.36 0.34

Yellow Tdurum_contig84832_110 5B 684,351,950 0.39 AUDPC_GDD 33.08 5185.22 0.37

Yellow Excalibur_c43044_385 7A 52,378,527 0.22 AUDPC_GDD 6.28 1904.89 0.11

Yellow Excalibur_c51720_84 7A 709,197,505 0.18 AUDPC_GDD 5.45 1767.57 0.01

Leaf Tdurum_contig10208_447 2A 296,706 0.09 AUDPC_GDD 5.73 −2289.73 0.15

Leaf Tdurum_contig11802_864 2B 2,559,891 0.06 AUDPC_GDD 10.50 −3812.98 0.16

Leaf IAAV1798 2B 776,456,231 0.32 Angle 6.65 0.18 0.05

Leaf AX-158578056 3B 588,705,723 0.35 Angle 5.88 0.40 0.01

Leaf AX-94849518 3B 595,084,873 0.15 Angle 6.92 −0.46 0.07

Leaf AX-158579240 3B 795,460,650 0.05 Angle 5.52 0.21 0.01

Leaf AX-94721806 3B 828,540,070 0.10 Angle 8.60 −0.18 0.07

Leaf RAC875_c26353_719 5A 552,784,446 0.16 AUDPC_GDD 11.16 2100.9 0.01

Leaf AX-158542533 5A 552,843,755 0.15 GDD50 7.05 −21.34 0.02

Leaf TG0128 5A 552,863,415 0.16 maxVar 5.42 3.69 0.00

Leaf Kukri_rep_c72553_368 5B 588,418,161 0.15 AUDPC_GDD 14.37 −2625.16 0.14

Leaf AX-110574793 5B 592,019,656 0.16 Angle 9.34 −0.18 0.11

Leaf Excalibur_c64119_345 6B 12,380,969 0.17 Angle 6.44 0.13 0.02

Leaf AX-158590198 7A 570,120,295 0.28 AUDPC_GDD 7.81 −1237.71 0.09

Leaf Kukri_c42807_473 7A 603,303,689 0.35 Angle 7.21 −0.12 0.02

Leaf wsnp_Ra_c39394_47110214 7A 695,829,528 0.26 Angle 12.25 −0.26 0.03

Abbreviation: SNP, single nucleotide polymorphism

with no shared loci between diseases. These associations
mapped to 10 chromosomes: Chromosomes 1A, 2B, 3A, 3B,
4B, 5A, 5B, and 7A for yellow rust, and chromosomes 2A,
2B, 3B, 5A, 5B, 6B, and 7A for leaf rust (Table 2; Figure 5).
For yellow rust, five genomic regions consistently associate
across most or all disease metrics. These regions are located

at positions 538 Mbp on chromosome 1A, 767 Mbp on 2B,
754 Mbp on 3B, 684 Mbp on 5B, and 709 Mbp on 7A.

Furthermore, the AUDPC_GDD metric identifies nine unique
associations with yellow rust not detected by other metrics.
These include loci at positions 602 Mbp on chromosome 3A;
5 Mbp, 72 Mbp, and 243 Mbp on chromosome 3B; 650 Mbp
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MENOR DE GASPAR ET AL. 11 of 21The Plant Genome

F I G U R E 5 Manhattan plots for four disease metrics across two panels: (A) for yellow rust and (B) for leaf rust. Each point represents the

− log10 of the p-value for a single nucleotide polymorphism (SNP) plotted against its genomic position. The dark horizontal line indicates the

significance threshold (p-value < 0.05 after Bonferroni correction, corresponding to logarithm of the odds [LOD] = 5.32). Points above this

threshold are colored based on the disease metric they are associated with. Candidate genes detected near each hit are named in the plot pointing to

its associated hit.

on chromosome 4B; 398 Mbp and 607 Mbp on chromosome
5A; 568 Mbp on chromosome 5B; and 52 Mbp on chromo-
some 7A. Two of these associations are also detected by the
Angle metric, with one of these additionally identified by the
maxVar metric. Overall, AUDPC_GDD detects the highest num-
ber of associations, capturing nearly all associations identified
by other metrics.

For leaf rust, the Angle and maxVar metrics identify the
highest number of associations and share considerable over-
lap. Specifically, shared associations occur at positions 2 Mbp
and 776 Mbp on chromosome 2B; 588 Mbp and 595 Mbp on
chromosome 3B; 12 Mbp on chromosome 6B; and 570 Mbp,
603 Mbp, and 695 Mbp on chromosome 7A. In contrast, the
GDD50 metric identifies only a single association.

The AUDPC_GDDmetric detects three associations shared by
Angle and maxVar metrics, as well as an additional unique

association at 0.2 Mbp on chromosome 2A. Additionally, all
metrics except Angle identify a significant association at 552
Mbp on chromosome 5A with different SNPs.

Figure 6 presents Q–Q plots for all traits, illustrating devi-
ations from the null hypothesis of no association. These plots
highlight potential genomic regions linked to disease metrics
and confirm the quality of the GWAS analysis.

3.3 Genomic prediction accuracy and
model comparisons

We evaluated the impact of including GWAS hits as fixed
effects on genomic prediction accuracy by comparing the per-
formance of three models (GBLUP, BayesB, and RKHS) with
and without these significant markers (Figure 7).
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12 of 21 MENOR DE GASPAR ET AL.The Plant Genome

F I G U R E 6 Quantile-Quantile (Q–Q) plots for four disease metrics, divided into two panels: (A) for yellow rust and (B) for leaf rust. Each

point represents the − log10 of the observed p-value for an SNP plotted against its expected value under the null hypothesis of no association. The

plots help assess the deviation of observed p-values from the expected distribution, indicating potential associations.

F I G U R E 7 Summary of assay accuracies: Mean accuracy across 60 assay repetitions, comparing the performance of the tested models under

three conditions: (1) the standard model assessment without fixed effects, (2) when significant genome-wide association study (GWAS) hits from the

training population are included as fixed effects (_W, “Weighted”), and (3) when significant GWAS hits from the entire population (training and test)

are included as fixed effects (separate table) as an example of data leakage. Accuracy values are color-coded from white (lowest) to green (highest),

with coding distinct for each disease. The highest accuracy achieved on each metric, excluding the data leakage assessment, is highlighted in bold.

Lr, leaf rust; Yr, yellow rust.
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MENOR DE GASPAR ET AL. 13 of 21The Plant Genome

Since GS models should not incorporate phenotypic data
from the test set, we identified GWAS hits exclusively from
each training set, as previously mentioned (Section 2.7). To
accomplish this, we performed a GWAS separately on each
of the training sets of the 60 repetitions generated during
cross-validation, referring to this scenario as the Weighted
(“_W”) approach.

For comparison, we repeated the analysis using GWAS
hits previously reported in Section 3.2, which were identified
using the complete dataset, thus introducing data leakage from
the test population. Results from this positive control scenario
are presented separately in Figure 7 (right).

As expected, incorporating GWAS hits identified from the
entire population significantly improves prediction accuracy
across all metrics and models, confirming that our positive
control functions correctly.

In contrast, when incorporating GWAS hits identified
exclusively from the training sets, prediction accuracy gen-
erally does not improve and sometimes decreases slightly.
The only notable exception occurs for yellow rust metrics
using the RKHS model, although these improvements are not
statistically significant (Figure S3).

Among all tested models, BayesB without GWAS hits
achieves the highest overall prediction accuracy, though its
performance is also not statistically different from BayesB
with GWAS hits or the RKHS model (Figure S3).

3.4 Candidate genes and functional
annotation analyses

We identified 42 high-confidence candidate genes underlying
yellow rust resistance across eight genomic regions (chromo-
somes 1A, 2B, 3A, 3B, 4B, 5A, 5B, and 7A; Table S1). These
include multiple serine/threonine kinases and leucine-rich
repeat (LRR) proteins, key components of plant immune sig-
naling, as well as enzymes involved in secondary metabolism
(e.g., UDP-glycosyltransferases and 4-coumarate-CoA ligase)
and stress-responsive factors such as LEA-2 proteins and
superoxide dismutases. GO enrichment analysis highlighted
“protein phosphorylation,” “oxidation-reduction process,”
and related defense pathways (Figure 8A,B). Within-trait cor-
relations among yellow rust metrics (AUDPC_GDD, Angle,
maxVar) were strong, whereas cross-disease correlations were
negligible (Figure 8C).

For leaf rust, we mapped five marker trait associations
(MTAs) to seven chromosomes (2A, 2B, 3B, 5A, 5B, 6B, and
7A), from which 28 candidate genes were selected (Table S1).
Prominent among these are NB-ARC (nucleotide binding–
Apaf-1, R proteins, and CED-4) and LRR-type resistance
proteins, RING (really interesting new gene)-type E3 ubiq-
uitin ligases, and serine/threonine phosphatases involved in
protein turnover, and hormone and ion-transport regulators

such as ethylene receptors and potassium/proton antiporters.
GO class distributions show a balance between biological
process and molecular function categories (Figure 8D).

Together, these results suggest that both yellow and leaf
rust resistance in this panel rely on a combination of canonical
immune receptors, signaling kinases, and metabolic enzymes.
The detailed correspondence between MTAs and candidate
genes is provided in Table S1, and gene annotations are
provided in Table S2.

4 DISCUSSION

4.1 Yellow and leaf rust MTAs revealed by
GWAS

LD analysis indicated that the correlation between markers
(𝑟2) decayed below 0.2 at an average physical distance of
12.5 Mbp. Based on this threshold, we assumed that GWAS
associations located within 12.5 Mbp of known loci likely
correspond to the same underlying genetic signal. To account
for variability in recombination rates both across and within
chromosomes, we adopted a conservative criterion: Only
associations located more than 14 Mbp from any previously
reported gene or QTL were considered potentially novel.

4.1.1 Yellow rust disease

We identified two potentially novel signals for yellow rust
resistance, both detected exclusively using the AUDPC_GDD
metric. The first is located at 602.7 Mbp on chromosome
3A, approximately 15 Mbp away from the nearest previously
reported association (Sharma et al., 2025), suggesting it may
represent a distinct locus. The second novel signal was found
at 243.4 Mbp on chromosome 3B, 23 Mbp away from the
nearest reported signal (Sharma et al., 2025).

Other MTAs coincide with known genomic regions or
resistance genes. On chromosome 1A, signals at 492 Mbp
and 538 Mbp align with signals of multiple earlier studies
(Bokore et al., 2017; Bai et al., 2022; Mahmood et al., 2022).
Chromosome 2B shows a strong association near 767 Mbp,
consistently reported in the literature (Christiansen et al.,
2006; Tong et al., 2024). On chromosome 3B, MTAs at 3 Mbp
and 5.5 Mbp are close to Yr30 and Yr57 (positioned at 1.17
and 2.51 Mbp) (J. Kaur et al., 2009; Randhawa et al., 2015),
while the MTA at 72 Mbp matches previously reported loci
(Hao et al., 2011). Similarly, the MTA at 754.5 Mbp (iden-
tified by all metrics) aligns closely with Yr82 (757 Mbp)
(Pakeerathan et al., 2019) and nearby associations (U. K.
Bansal et al., 2013; P. Zhang, Yan, et al., 2021).

We detected one MTA on chromosome 4B that matches
reported signals (Bokore et al., 2017; Cheng et al., 2022).
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F I G U R E 8 Gene ontology (GO) analysis of candidate genes. Stacked bar plots displaying the top 10 GO terms identified for (A) yellow rust

and (B) leaf rust. Bars represent the percentage contribution of each disease severity metric (Angle, AUDPC_GDD, GDD50, and maxVar) to each GO

term, categorized into biological process, cellular component, and molecular function. (C) GO-based and phenotype-based correlations among the

four metrics for both diseases. Edge thickness indicates correlation magnitude, while color denotes positive (green) or negative (red) correlations. (D)

Proportions of GO-class annotations for candidate genes detected by each metric.

On chromosome 5A, one MTA at 398.1 Mbp is 6 Mbp
away from a seedling-stage MTA found only in one study in
bread wheat (Sharma et al., 2025), suggesting it could have
the same underlying genetic factor but now detected in the
adult plant stage. An MTA at 563 Mbp on this same chro-
mosome is on the same linkage block as the known YrU1
gene (H. Wang et al., 2020) and another published MTA
(X. Chen, 2020), while a nearby signal at 607.9 Mbp was
also detected on the same linkage block in another study
(Farzand et al., 2022). Chromosome 5B has two distinct MTA
clusters, each on the same linkage blocks as earlier studies
(Aoun et al., 2021; Bokore et al., 2021; Calvo-Salazar et al.,
2015; Cheng et al., 2022; Mahmood et al., 2022; Zou et al.,
2017). Lastly, two MTAs emerged on chromosome 7A: the
first, found only by AUDPC_GDD, aligns closely with Mah-

mood et al. (2022), and the second at 709 Mbp matches
multiple prior reports (Mahmood et al., 2022; P. Zhang, Yan,
et al., 2021).

4.1.2 Leaf rust disease

Our GWAS also revealed two potentially novel MTAs for
leaf rust. The first one on chromosome 5A is detected by all
metrics except Angle at 552.8 Mbp, which is over 15 Mbp
away from known associations (Bokore et al., 2020; P. Zhang,
Yan, et al., 2021) on the same chromosome. And the sec-
ond potentially novel locus on chromosome 7A is located at
570 Mbp, about 19 Mbp away from a previously reported
signal (Lakkakula et al., 2025).
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Several other detected MTAs are on the same linkage block
as other established loci or genes. On chromosome 2A, the
MTA at 0.2 Mbp is very close to the Lr65 and Lr17a genes
(on positions 1.64 and 5.88 Mbp) (Bremenkamp-Barrett et al.,
2008; Q. Zhang, Wei, et al., 2021), suggesting one or both
of them are probably the underlying factor behind the signal.
Additional studies (Bokore et al., 2020; Talebi et al., 2023)
have found signals in the same region, probably due to the
same reason. On chromosome 2B, an MTA at 2.5 Mbp is on
the same linkage block as Lr16 (at position 5.8 Mbp) (McCart-
ney et al., 2005) and a previously known MTA (Tsilo et al.,
2014). While another MTA on this same chromosome (776
Mbp) is on the same linkage block as other signals reported
in two previous studies (S. Kaur et al., 2023; Rosa et al.,
2019). Chromosome 3B harbors MTAs at 589, 595, 795, and
828 Mbp, all of them landing on the same linkage block as
other published loci (Bokore et al., 2024; Chu et al., 2009; S.
Kaur et al., 2023; Talebi et al., 2023; P. Zhang et al., 2019).

On chromosome 5B, an MTA at 588 Mbp is on the same
linkage block as Lr18 (576.3 Mbp) (Sadeghabad et al., 2017),
while a nearby MTA (592 Mbp) can also be linked to other
published associations (Chu et al., 2009; S. Kaur et al., 2023).
The chromosome 6B MTA at 12.4 Mbp aligns with earlier
findings (Kthiri et al., 2019; S. Kaur et al., 2023) but is too
distant from Lr53 or Lr61 (Dadkhodaie et al., 2010; Herrera-
Foessel et al., 2008) to indicate direct causality. Lastly, on
chromosome 7A, MTAs at 603 Mbp and 695 Mbp land near
signals reported on multiple prior studies (Bokore et al., 2020;
Genievskaya et al., 2020; Mahmood et al., 2022; P. Zhang,
Yan, et al., 2021).

4.2 Optimizing phenotyping metrics for
rust resistance

Our analysis revealed different optimal metrics depending
on the rust disease. For yellow rust, AUDPC_GDD identi-
fied the most MTAs in GWAS and consistently achieved
the highest mean predictive accuracy across GS models.
Although its advantage over Angle was not statistically
significant (Figure S3), AUDPC_GDD routinely outperformed
other metrics, likely reflecting its elevated heritability and CV
(Figure 3), which aids in detecting genomic effects.

By contrast, for leaf rust, maxVar was marginally supe-
rior, closely followed by Angle. Both metrics identified
broadly overlapping MTAs, with maxVar revealing one addi-
tional locus on chromosome 5A. Although maxVar achieved
a slightly higher mean accuracy than Angle, neither dif-
ference was statistically significant (Figure S3). In contrast,
AUDPC_GDD consistently showed lower mean accuracy for leaf
rust, albeit not at a significant level. The advantage of Angle
and maxVar for leaf rust likely reflects their relatively higher
heritability in this context (Figure 3).

No single metric excelled across both diseases. The weaker
performance of GDD50 likely arises from incomplete infection
progress, as many lines did not reach 50% disease sever-
ity (Figure 1C). This underscores how the best metric may
depend on phenotyping logistics and disease progression pat-
terns.

Each metric offers distinct benefits. GDD50 highlights
latency-period resistance (Das et al., 1993), relying on
precise timing to capture 50% infection. Angle requires
only one assessment (optimally just at disease maturity),
making it resource-efficient but vulnerable to slight tim-
ing errors. maxVar targets the time of greatest phenotypic
variance, potentially requiring just one well-chosen mea-
surement only if historical data are available. Meanwhile,
AUDPC_GDD integrates the entire epidemic trajectory, serving
as a comprehensive but more labor-intensive measure.

Phenology differences across genotypes and environments
can complicate selecting an optimal sampling window, but
reduced genetic diversity in breeding programs may ease this
challenge. In practice, breeders can balance resource avail-
ability with the specific component of rust resistance they
aim to improve. When measurements are limited, Angle
or GDD50 can be effective if disease milestones are pre-
dictable; with multiple assessments in hand, maxVar may
enhance discrimination; and if comprehensive sampling is
feasible, AUDPC_GDD remains robust. Testing multiple met-
rics and comparing their predictive accuracy or heritability
can guide the choice of phenotyping strategy for targeted rust
resistance breeding.

4.3 GS strategies for rust resistance

Having established that the best disease-scoring metric
depends on both phenotyping resources and the population
structure, we next evaluated how effectively these metrics feed
into GS frameworks for rust resistance. Specifically, we inves-
tigated whether incorporating GWAS-identified major-effect
loci as fixed effects could enhance prediction accuracy.

Although modeling known major loci often appears
promising (Bernardo, 2014; Rutkoski et al., 2014), our results
did not show improvements (Figure 7; Figure S3). In fact,
incorporating GWAS-derived fixed effects slightly, but not
significantly, reduced accuracy across GS models and metrics.
We hypothesize that trying to estimate the effect of numer-
ous large-effect loci may impede the estimation of background
low-effect loci (Bernardo, 2001, 2014). Our positive-control
analysis (Figure 7) confirmed that these models can lever-
age fixed effects effectively, but the observed gains likely
stemmed from data leakage from the validation set. Such find-
ings reinforce the need for rigorous validation of any modeling
approach similar to this one, given potential confounding from
test-set information.
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Despite these challenges, Bayesian methods, in particular
BayesB, which assumes a sparse genetic architecture (few
large effects, many small effects; De Los Campos et al., 2010),
consistently achieved the highest average predictive accuracy.
Although not a statistically significant edge, this tendency
suggests BayesB may be slightly better suited to the genetic
basis of rust resistance in our population (Bouvet et al., 2021;
D. Kumar et al., 2020).

4.4 Candidate gene identification and
functional insights

Among the 36 GWAS-detected MTAs, seven (3B, 3 and
5.5 Mbp; 3B, 3 and 5.5 Mbp; 3B, 754.5 Mbp; 5A, 607 Mbp;
2B, 2.5 Mbp; 2A, 0.2 Mbp; 5B, 588 Mbp; 2A, 0.2 Mbp)
are near established rust resistance genes (Yr30, Yr57, Yr82,
YrU1, Lr16, Lr17a, Lr18, and Lr65; Section 4.1), suggest-
ing they likely tag causal variants. The remaining MTAs
were investigated for candidate genes (Section 3.4), revealing
several harboring F-box domains (e.g., 776 Mbp on chromo-
some 2B and 72 Mbp on chromosome 3B), which have been
implicated in fungal resistance (Gidhi et al., 2022; van den
Burg et al., 2008). We also found serine/threonine kinases
near MTAs at 588.7 Mbp (3B), 602.7 Mbp (3A), and 709 Mbp
(7A), mirroring critical roles in defense signaling (e.g., Yr15)
(Anderson et al., 2006; Klymiuk et al., 2018; Tang et al.,
1999).

A notable leaf rust MTA on chromosome 5A (552.8 Mbp)
is close to an NB-ARC domain-containing gene, a hallmark
of NLR-type resistance (e.g., Yr10) (Prasad et al., 2020; Wu
et al., 2025; Yildirim-Ersoy et al., 2011). Two yellow rust
MTAs on chromosome 1A also lie near NLR genes, rein-
forcing their candidacy. An additional EF-hand protein in
this locus has been tied to defense against diverse stresses
(A. Kaur et al., 2022). On chromosome 7A, an MTA links
to a sucrose-phosphate synthase gene, potentially linking
sugar metabolism and rust susceptibility (Spanic et al., 2023).
Another pair of MTAs at 767.7 Mbp on chromosome 2B
and 602.7 Mbp on chromosome 3A associate with allan-
toinase and uricase genes, implicated in rust–host interactions
(Montalbini, 1992, 1995).

MTAs on chromosomes 3A and 3B lie near LEA
(late embryogenesis abundant) domain-2 proteins, putatively
involved in desiccation tolerance and defense (Magwanga
et al., 2018) (Table S1). Although unproven in rust, their
recurring presence suggests a novel mechanism for further
exploration. On chromosome 5A (607 Mbp), a WH2 (WASP
homology)-domain gene involved in actin nucleation (Arp2/3
complex) may relate to yellow rust resistance (Guo et al.,
2022; Qi, 2017). Additionally, MTAs on chromosome 5B
(602 Mbp) lie near a RIN4 (RPM1-interacting protein 4)-
domain protein, shown to interact with barley RPG1 for stem
rust resistance (Gill et al., 2012). Another candidate at 52 Mbp

on chromosome 7A encodes a superoxide dismutase, reported
to increase in wheat under stripe rust (Asthir et al., 2010), and
at 709 Mbp, an MTA maps near a Mediator complex subunit,
Med15, implicated in stem rust defense (Hiebert et al., 2020).

5 CONCLUSION

Our GWAS in Canadian durum wheat confirmed associa-
tions near established resistance genes (e.g., Yr30, Yr57, Yr82,
YrU1, Lr16, Lr17, Lr18, and Lr65) and revealed novel MTAs
linked to diverse candidate genes. We detect two novel MTAs
on chromosomes 3A and 3B for yellow rust, flanked by genes
for a serine/threonine kinase and a uricase enzyme. For leaf
rust, we identified additional MTAs on chromosomes 5A and
7A, including regions harboring NB-ARC domain-containing
proteins and serine/threonine kinases. These findings under-
score the genetic diversity underpinning rust resistance, where
optimal phenotyping metrics (AUDPC_GDD for yellow rust and
maxVar for leaf rust) and the BayesB model emerged as
particularly effective for enhancing breeding. Incorporating
GWAS hits as fixed effects did not enhance GS prediction
accuracies, underscoring the complex genetic basis of rust
resistance. These findings provide valuable targets for func-
tional validation and practical guidance for developing more
durable, rust-resistant durum wheat cultivars.
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