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Key message

Eight QTL conferring additive APR to YR were identified in wheat germplasm using GWAS. The high

accuracy of GP models supports the feasibility of accelerating breeding for YR resistance.

Abstract

Wheat yellow rust (YR), caused by Puccinia striiformis f. sp. tritici (Psf), is among the most
devastating diseases affecting wheat worldwide. Since 2000, YR has expanded into regions where it was
previously not considered an economically important disease. The deployment of YR-resistant cultivars
remains the most effective and sustainable control strategy. We assembled a diverse mapping panel (i)
identify genomic regions associated with YR resistance using genome-wide association studies
(GWAS), and (ii) assess the prediction accuracy of genomic prediction (GP) models for YR resistance.
The panel of 366 wheat lines, including germplasm from INIA-Uruguay and other breeding programs,
was phenotyped under artificial field inoculations in 2021 and 2022, and at the seedling stage using the
same two Pst races used for field inoculations. GWAS identified eight genomic regions associated with
field resistance, located on chromosomes 1B, 2B (three regions), 5B (two regions), 5D, 7B, explaining
4.9 to 21.2% of the phenotypic variability. None of these regions were identified with seedling resistance
to race Triticale2015b, the most widely virulent race, indicating that they conferred adult-plant
resistance. Moreover, these regions did not correspond to previously reported Y7 genes. Two QTL on
2D and 3A were identified at the seedling stage to race Triticale2015a but did not contribute to field

resistance. GP models achieved an average prediction ability of 0.64, highlighting their potential for
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accelerating the selection of resistant lines. These findings provide valuable insights into the genetic

basis of YR and offer robust tools for enhancing YR resistance breeding efforts in wheat.
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Puccinia striiformis, genome-wide association study (GWAS), quantitative disease resistance, genomic

prediction (GP).

Abbreviations

A-BLUP: Additive best linear unbiased prediction
AIC: Akaike information criterion

APR: Adult-plant resistance

ASR: All-stage resistance

AUDPC: Area under the disease progress curve
BIC: Bayesian information criterion

BLUESs: Best linear unbiased estimators

bp: Base pair

CTAB: cetyltrimethylammonium bromide

DNA: Deoxyribonucleic acid

DS: Disease severity

FDR: False discovery rate

G-BLUP: Genomic best linear unbiased prediction
GBS: Genotyping-by-sequencing

GP: Genomic prediction

GWAS: Genome-wide association study

INIA: National Institute of Agricultural Research
KASP: Competitive allele-specific PCR

LD: Linkage disequilibrium

MAF: Minor allele frequency

MAS: Marker-assisted selection

MSE: Mean squared error

PCoA: Principal co-ordinate analysis

Pst: Puccinia striiformis f. sp. tritici

QTL: Quantitative trait loci

RGDP: Resistant Germplasm Development Program
RR-BLUP: Ridge regression best linear unbiased prediction
SNP: Single nucleotide polymorphism

WBP: Wheat breeding program
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Introduction

Wheat (Triticum aestivum L.) ranks among the top three staple crops globally, alongside rice and
maize, serving as a critical source of nutrition not only for its caloric contribution but also for its protein,
vitamin, and fiber content, which are essential for human health (Bao and Malunga 2022). In recent
years, global wheat production has been increasingly threatened by the emergence of new, more
aggressive pathogen strains Hovmeller et al. 2008) adapted to diverse environments (Milus et al. 2006).
Of particular concern is Puccinia striiformis Westend. f. sp. tritici (Pst), the causal agent of wheat yellow
rust (YR) (Hovmeller et al. 2011; Serensen et al. 2014). Historically, Pst has posed a significant
challenge primarily in cooler climates; however, since 2000, the pathogen has shown increased
aggressiveness (Hovmeller et al. 2008) and tolerance to higher temperatures, leading to its spread in
regions previously considered too warm for its establishment (Wellings 2007; Milus et al. 2009).
Additionally, distant geographic areas have reported YR epidemics, either as new incursions in
previously unaffected regions or as re-emergences of novel, more widely virulent strains (Bahri et al.,
2009; Hovmeller et al., 2023, Riella et al., 2024). As a result, YR has become one of the most severe
and damaging diseases affecting common wheat globally, with potential yield losses reaching up to

100% under high disease pressure (Ali et al. 2014).

Genetic resistance to rust diseases is generally categorized into two types: all-stage resistance
(ASR), also known as seedling resistance, which is expressed throughout the plant's lifecycle, and adult-
plant resistance (APR) (Chen 2013). ASR is typically qualitative, conferred by one or a few major genes
with largely dominant effects and follows a “gene-for-gene” relationship between host and pathogen
(Flor 1955), in which each host gene provides resistance against pathogen races that carry the
complementary avirulence gene. This type of resistance is race-specific, mediated by hypersensitive
responses (Ayliffe et al. 2008), but generally provides short-lived effectiveness, as extensive use over
large areas selects for new, virulent Pst races. Conversely, APR is effective in post-seedling stages,
involves minor additive genes and confers partial resistance or “slow rusting” resistance, characterized
by prolonged latent periods, fewer and smaller pustules, and reduced spore production (Singh et al.
2000, 2011; Bhavani et al. 2011). APR is generally race non-specific and considered durable; the
accumulation of three to five minor APR genes can confer near-complete immunity (Singh et al. 2000).
At least 87 YR resistance genes have been reported to date, but less than 30% confer APR (MclIntosh
2024). The limited number of reported APR genes, coupled with their effects often being influenced by
environmental factors and genetic background (Silva et al. 2015; Yuan et al. 2020; Liu et al. 2022),
highlights the need to identify genomic regions associated with YR APR resistance in locally adapted
materials. The discovery of new genomic regions is essential for making better use of the genetic

diversity available and improving YR resistance effectivity and durability.
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The identification of molecular markers associated with YR resistance is a promising approach to
accelerate the development of resistant cultivars by identifying and pyramiding resistance genes within
the same genotype. Among molecular markers, single nucleotide polymorphisms (SNPs) have gained
widespread use due to their abundance across the genome and the significant reduction in genotyping
costs in recent years (Crossa et al. 2017). One of the most utilized strategies for identifying the genetic
basis of resistance to diseases is the genome-wide association study (GWAS). GWAS leverages linkage
disequilibrium within a population to investigate associations between molecular markers and
phenotypic traits. A statistically significant association suggests that the marker is linked to a genomic
region contributing to the trait of interest, known as a quantitative trait locus (QTL) (Pritchard et al.
2000; Zhu and Yu 2009). GWAS has been successfully applied in wheat, identifying over 160 QTL
across 49 regions on 21 chromosomes associated with YR resistance (Rosewarne et al. 2013; Maccaferri
et al. 2015; Yuan et al. 2018). While GWAS enables fine-scale genome mapping using genetically
diverse populations with extensive recombination histories, it also faces limitations, such as reduced
power to detect rare allelic variants and the need to control for false positives, where marker-QTL
associations are not due to physical linkage (Brachi et al. 2010; Wallace et al. 2014; Zuk et al. 2014).
Moreover, the identification of QTL is often influenced by genotype-by-environment interactions,
emphasizing the importance of detecting QTL that remain stable across different environments to ensure

their utility in breeding programs (Gutiérrez et al. 2015).

Genomic prediction (GP) models using whole-genome data generally have higher power to
capture small-effect loci compared to marker-assisted selection (MAS) (Heffner et al. 2009), particularly
for complex traits controlled by many minor genes (Bernardo 2008; Mayor and Bernardo 2009; Lorenz
etal. 2011; Cerrudo et al. 2018). GP leverages all genome-wide markers and phenotypic data to estimate
genetic values and select candidates based on predicted genetic merit (Mrode 2014; Bernardo 2016;
Crossa et al. 2017; Schmid and Bennewitz 2017). GP requires a training population that has been
genotyped and phenotyped to calibrate a model, which can then predict genetic values of a selection
population based solely on genotypic information (Bassi et al. 2016). GP is expected to reduce the time
and cost required for cultivar development since annual genetic gains using GP are predicted to be two
to three times higher than those achieved through conventional phenotypic selection due to shortened
breeding cycles and increased selection accuracy (Jannink et al. 2010; Crossa et al. 2017). GP for disease
resistance in crops has been applied in numerous studies (Poland and Rutkoski 2016), particularly for
quantitatively inherited traits, with wheat rusts being among the most studied systems (Daetwyler et al.
2014; Rutkoski et al. 2014, 2015, 2016; Muleta et al. 2017; Ornella et al. 2017). GP in wheat rust

resistance breeding could accelerate selection cycles and help pyramid APR genes (Rutkoski etal. 2011).

Objective

With the aim of contributing to the sustainability of wheat production through the development

of YR resistant cultivars, this study focuses on two main objectives: (i) to identify genomic regions
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associated with YR resistance in diverse wheat germplasm through GWAS, and (ii) to assess the

prediction accuracy of GP models for YR resistance in wheat lines.
Materials and methods

Plant material

The GWAS and GP panel consisted of 366 diverse spring bread wheat genotypes, representing
the most currently and historically important wheat cultivars and advanced breeding lines of Uruguay.
The panel includes lines of different origin: 172 lines from the INIA Resistant Germplasm Development
Program (INIA-RGDP), developed to introgress APR to leaf rust, primarily from CIMMYT germplasm,
and to address other prevalent diseases in Uruguay prior to 2017, 117 lines from the INIA-Wheat
Breeding program (INIA-WBP), including advanced and elite lines as well as released varieties,
representing a century of wheat breeding in the country, 73 cultivars from other breeding programs sown
in Uruguay, and four check lines, selected for their diversity in maturity date and susceptibility to YR
(Table S1). For most of the lines present in the panel there was not previous YR phenotypic information
since the disease was not present prior to 2017. Cultivar Morocco was used as a susceptible check in

field and seedling trials but was not included in the GWAS and GP panel.

Phenotypic trait evaluation

Field yellow rust and heading date phenotyping

Field experiments were conducted at INIA La Estanzuela Experimental Station, (latitude
34.3°S, longitude 57.7°W, elevation 70 masl), Colonia, Uruguay, during two consecutive crop seasons
(2021 and 2022). Sowing dates were May 14™ 2021 and May 4™ 2022. The experimental design
consisted of an alpha lattice resolvable incomplete block design with three replications. Plots consisted
of single 1 m long rows 0.30 m apart. Spreader rows of a mixture of susceptible cultivars (Morocco,
Avocet S, Fuste, Algarrobo, Ceibo, and Onix) were sown perpendicular to all plots to ensure the presence
and even distribution of the disease. Artificial inoculations were performed on the spreader rows with a
mixture of the two most prevalent races in previous years (7riticale2015a and b), both races belonging
to the PstS13 genetic group (Riella et al. 2024). Three and six inoculations with a suspension of inoculum
in lightweight mineral oil Soltrol 170 (Phillips Petroleum Co., Borger, TX) were performed in 2021 and
2022 respectively, between July 20 and August 20. In 2021 the experiment was rainfed, meanwhile, in
2022, due to dry weather conditions, the trial was irrigated using a sprinkler system. Days to heading
for each plot were calculated as the days from seedling emergence to heading date. Heading date was
recorded based on the crop ontology trait CO_321:0000840 as the date when 50% of the head emerged
in 50% of the plot (https://cropontology.org).

First disease assessment took place when the susceptible check Morocco displayed a disease
severity (DS) of at least 50% and continued for six times at 7-12 days intervals. For each evaluation, DS

was visually scored as the percentage of infected tissue (0 — 100%). . The six DS obtained for each plot
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were combined in a single value as the area under the disease progress curve (AUDPC) according to
following formula:

N;—-1
AUDPC = Z w(ti+1 —t)

i=1

where AUDPC for each plot is given by y; rust DS at the time of recording ¢;, y; 4 rust infection rate at

the time of recording t;,;, N the number of records to assess the DS from 1 to 6.

Statistical analyses for field yellow rust phenotyping

The phenotypic data were analyzed using R software (R Core Team 2024). To evaluate quality of
each trial and accurately estimate the phenotypic means, the AUDPC data was analyzed independently
for each year (2021 and 2022) fitting a linear mixed model with the Ime function of the Ime4 package
(Bates et al. 2015). The statical model, followed the experimental design and including days to heading

as a covariate, was:

Yijk = U+ Ti + B + Vi) + AXije — %) + €ijie 1]

where y;jj represents the AUDPC (response variable) measured on the i-th wheat line in the j-th
complete replicate, in the k-th incomplete block, u the overall mean, t; the relative effect of the i-th
wheat line, f; the effect of the j-th complete replicate, and yy () the random effect of the k-th block
nested in the j-th complete replicate which is assumed to be random with normal distribution centered
on zero and with constant variance (af), A(xl- ik — )_() is a covariate term for days to heading correction,
where x;j is days to heading, X the mean for days to heading, and A the regression coefficient associated
with the covariate. Given that the panel consists of highly diverse lines with important variability in
maturity, days to heading was included as a covariate in the model. This adjustment aimed to minimize
potential noise that could lead to the identification of regions associated with phenology rather than YR
resistance. This model assumes that the errors (&) are independent random variables, normally
distributed with zero mean and constant variance (¢/2), and that there is no interaction between blocks

and treatments (Di Rienzo et al. 2009).

To select the best model for estimating phenotypic means while incorporating information from
the experimental design, spatial effects, and covariate (days to heading), the fit of the baseline model
(model [1]) was compared to alternative models. These alternatives included models that incorporated
the spatial position of the plot in the field as an additional factor (e.g., column effects). They also
considered models that assumed different variance-covariance structures for the experimental errors,
such as Gaussian, spherical, and exponential models, to account for potential correlations among the

experimental units. Model comparisons were conducted separately for each year using fit criteria such
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as the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC), as well as
performance indicators, including the correlation between observed and predicted values and broad-
sense heritability (H?) estimates. Broad-sense heritability was calculated for each trial, the variance
components (ag2 genotypic variance and 62, error variance) were estimated from equations [1] and
[2] with genotypes as random effects, using equation H? = agz / (G; + 0Zor/1ep). The error variance
was corrected for the number of replicates (Falconer and Mackay 1996). Due to the strong correlation
between environments and similar accuracy between the best models each year, the adjusted means
(Best Linear Unbiased Estimators, BLUESs) for AUDPC for each genotype were obtained and estimated
by fitting a combined model using data from both years. This model is similar to model [1] except that

it includes the year effect (a;) as follow:
Yijkt = L+ T+ a + Bigy + Vg + A — %) + Eija (2]

Seedling yellow rust phenotyping

Greenhouse trials were conducted to determine resistance at the seedling stage of the panel,
which indicates the presence of ASR genes. The phenotyping was conducted during 2023 at INIA La
Estanzuela Experimental Station, using two Pst races used in field inoculations, Triticale2015a and
Triticale2015b (Riella et al. 2024). Eight seeds of each genotype were sown in plastic trays with
substrate (mixture of one third soil, one third vermiculite and one third seedbed substrate: Potting mix,
Bioterra), 25 genotypes per tray, plus Morocco as the susceptible check. Fully expanded leaves (8—10
days after sowing) were inoculated by spraying urediniospores suspended in Soltrol 170, incubated at
10°C in a dew chamber overnight and then kept in the greenhouse at 15-25 °C with supplemental
lighting. Infection type (IT) was recorded for each genotype 15-20 days after inoculation based on a 0—
9 scale (McNeal et al. 1971) (crop ontology CO_321:00006006), lines with IT values of 0-3 were
considered resistant, 4-6 intermediate and 7-9 susceptible. Two complete replicates were used for each
genotype and race. The IT adjusted means for each genotype were obtained by fitting a linear model

with the Im function in software (R Core Team 2024). The statistical model used was y;; = u; + &;
where y;; represents the IT value (response variable) measured on the i-th wheat line in the j-th replicate,
u the overall mean, this model assumes that the errors (&;;) are independent random variables, normally

distributed with zero mean and constant variance (¢2).. For each inoculation, a tray with the set of YR

differential lines was included in order to corroborate the identity and purity of the race used.

Genotypic Data

The genomic DNA of the 366 wheat lines was isolated from fresh leaves of 20-day old plants
by the CTAB method (Saghai-Maroof et al. 1984). Genotyping was performed by Genotyping-by-
sequencing (GBS) using an Illumina 150 bp paired-end sequencer at the University of Wisconsin-

Madison DNA Sequencing Facility. Analysis of the genotypic data first involved SNP calling using the
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TASSEL GBSv2 pipeline (Glaubitz et al. 2014), and the cv Chinese Spring as the reference genome
(IWGSC CS RefSeq v2.1) (Zhu et al. 2021). SNPs with >80% missing data and SNPs with a minor
allele frequency (MAF) less than 0.01 were also removed. Missing data were imputed with BEAGLE
5.4 (Browning et al. 2018). Data were transformed to numerical coding (0, 1, and 2 for homozygotes for
the major allele, heterozygotes, and homozygotes for the minor allele, respectively) for analyses,

obtaining the complete matrix with a total of 156,032 SNPs.

In addition, the presence of APR genes Yr18 (TCCIND, Rasheed et al. 2016), Yr29 (SNP1G22,
Lagudah et al., pers. comm.), and Yr46 (csSNP856, Forrest et al. 2014) within the wheat panel was
verified based on competitive allele-specific PCR (KASP) assays. These assays were performed at

INIA-Las Brujas lab following CIMMYTT protocols (Dreisigacker et al. 2016).

Population structure and Linkage disequilibrium (LD)

The genetic structure of the population was studied using the Admixture program (Alexander et
al. 2009) to determine the number of subpopulations (K). The AK was observed as the number of
subpopulations increased (K = 0 to K = 20). Additionally, with the SNP matrix obtained in the previous
step, Euclidean genetic distances were calculated between the panel lines, from which a principal co-
ordinate analysis (PCoA) and a genetic distance plot were created using the R package ade4 (Dray and
Dufour 2007). The extent of linkage disequilibrium (LD) in this association panel was calculated
according to (Zhang et al. 2018), based on pairwise squared LD correlation coefficients (r?) for all
intrachromosomal SNP loci. Nonlinear model, described by Remington et al. (2001), was fitted to study
the relation between r? and physical distances. To fit the non-linear model nls function in R was used (R
Core Team 2024). The physical distance at which LD fell below the r? thresholds determined according
to Zhang et al. (2018)Haga clic o pulse aqui para escribir texto. was used to define the confidence

intervals of the QTL detected in the GWAS analysis.

Genome-wide association analysis between phenotype and genotype

GWAS was performed to identify genomic regions associated with YR resistance, using a matrix
of 156,032 SNPs and 366 genotypes. The R package GWASpoly (Rosyara et al. 2016) was used to
conduct the GWAS. GWAS was performed using mixed model with best linear unbiased estimates
(BLUE) for AUDPC (from join analysis of both years) as response variable, SNP coded as 0,1,2 as fixed
effect and random polygenic effect to control for population structure, commonly known as the K model
(Yuetal. 2006). This method uses a covariance matrix, effectively treating all markers as random effects.
However, as this can lead to "proximal contamination" (Listgarten et al. 2012), where markers tested as
fixed effects are also included as random effects, reducing model performance. The leave-one-
chromosome-out (LOCO) approach (Yang et al. 2014) was used to improve accuracy by calculating
covariance matrices for each chromosome using markers from other chromosomes. The results were

summarized with Manhattan plots to visualize associations between SNPs and traits, utilizing functions
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in GWASpoly. Population structure was controlled by incorporating a kinship matrix, as implemented
in GWASpoly, to avoid spurious associations. Quantile—quantile (QQ) plots were used as a visual
criterion for assessing the model fit of the GWAS. To minimize the risk of false positives, GWASpoly
applies corrections such as the false discovery rate (FDR). In this study, a significance threshold of

FDR=0.1 was used.

QTL identified in this study were named following (Boden et al. 2023), using the prefix "Q" for
QTL, "Yr" for yellow rust, and "uy" to indicate Uruguay, followed by a hyphen and the corresponding
chromosome number and genome and the chromosome arm (short: S, long: L). When more than one
QTL were identified on the same chromosome arm, an additional number was added after a decimal

point (Boden et al. 2023). Additionally, the chromosome arm (short: S, long: L) was also specified.

A region was considered a QTL if it contained at least two markers in LD above the threshold.
All significantly associated markers within each region were considered to define haplotypes. The
physical position of the first and last markers above the threshold was defined as the start and end of the
QTL, respectively. The p-value, effect, and percentage of explained variance for each QTL were
obtained by fitting a separate linear regression model for each QTL. The regression model includes
BLUE of AUDPC as the response variable. It is regressed on a dichotomous variable where one (1) was
assigned to the favorable more resistant haplotype (lower AUDPC) and two (2) to the more susceptible
haplotype (higher AUDPC).

To determine whether the significant SNPs detected in this study were located in the same
position as previously reported Y7 genes and resistance QTL, the physical locations of the identified
genomic regions were compared with positional data from the most updated database of wheat rust

resistance genes and QTL currently available in the literature (MclIntosh 2024; Tong et al. 2024).

To determine the effect of accumulation of favorable YR QTL alleles on AUDPC, wheat lines
were grouped according to their number of favorable QTL alleles. The AUDPC means for each group

were compared using a Tukey multiple comparisons test (P < 0.05).

Genomic prediction (GP)

We assessed the predictive ability of seven genomic prediction models with different
assumptions regarding marker effect distributions. The first model, additive best linear unbiased
predictor (A-BLUP), used only the pedigree-based relationship matrix without including genetic marker
data. The pedigree matrix was created using the prepPed and makeA functions of the nadiv package
(Wolak 2012) based on parental information from INIA-WBP, however, information was missing for 44
of the commercial lines present in the panel (12% of the total). Subsequently, other models incorporating
genetic information in different ways and assuming different marker effect distributions were tested.
The models compared included two mixed models: ridge-regression best linear unbiased predictor (RR-

BLUP), which uses information from all markers, genomic best linear unbiased predictor (G-BLUP),
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which leverages genetic distance between lines for predictions, and four types of Bayesian models:

Bayesian A (BA), Bayesian B (BB), Bayesian C (BC), and Bayesian Lasso (BL).

To conduct the comparisons, a 10-fold cross-validation with 100 iterations was performed. This
validation strategy involves randomly dividing the panel lines (366 lines) into 10 groups (with 36 or 37
lines); nine groups were used to train the model, and predictions were made for the lines in the tenth
group. This process was repeated for each of the 10 groups over 100 iterations. All analyses were

conducted in R software, using the BGLR package (Pérez and De Los Campos 2014).

Predictive ability was estimated as the Pearson’s correlation between observed and predicted
values in each iteration. The mean squared error (MSE) was calculated as the difference between
observed and predicted values. Additionally, in a second phase, identified QTL from the previous GWAS
were sequentially added to the genomic prediction model as fixed effects, ordered by the amount of
variance they explained. The performance of these models was then compared with the model excluding

these fixed effects.
Results

Phenotypic Traits

Field trials in both years had uniform infection levels, with high infection levels in check lines.
The AUDPC values for the check cultivar Morocco in 2021 ranged between 5075 and 5260 among reps,
and in 2022, between 6125 and 6475. The panel of 366 wheat lines displayed a continuous distribution
of YR AUDPC values over the two years (Fig. S1), ranging from 0 to 5491 (Table 1). The average
AUDPC for INIA-RGDP lines was the lowest with value of 2624 followed by the cultivars from other
breeding programs with 2908, while INIA-WBP lines presented an average AUDPC of 3433. The
proportion of phenotypic variance attributed to genetic factors, as estimated by broad-sense heritability
(H?) was 0.98 (Table S2). Seedling tests also showed high and uniform infection, with the check cultivar
Morocco consistently exhibiting IT scores of 8 or 9. In seedling tests with race Triticale2015a, 30.6%
of genotypes showed resistant reactions (IT = 0-3), 42.6% displayed intermediate reactions (IT = 4-6),
and 26.8% were susceptible (IT = 7-9). For the more widely virulent race 7riticale2015b, 18.3% of

genotypes were resistant, 41% showed intermediate reactions, and 40.7% were susceptible (Fig. S2).

Table 1. Average (Mean), minimum (Min), maximum (Max), and standard deviation (SD) and
heritability (H?) of field yellow rust area under the disease progress curve (AUDPC) and seedling
infection type (IT) of the 366 wheat lines of the genome-wide association study (GWAS) panel evaluated
in field conditions during 2021-2022, and under greenhouse conditions in the seedling stage after

inoculation with two locally prevalent Pts races.

Resistance type  Trait Trial Mean Min Max SD H?
Field evaluation =~ AUDPC 2021 2949 0 4973 1293 0.98

10
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2022 3234 0 6468 1793 0.98

Both years 2955 0 5491 1423 0.92

Seedling stage IT Triticale2015a  4.24 0 9 2.18 0.95
Triticale2015b  5.17 0 9 2.08 0.98

The BLUESs for YR AUDPC values obtained from field trials were calculated for each year using
the best-fitting statistical model. In addition, all models evaluated showed similar accuracy and fit
indicators (AIC, BIC, heritability and correlation between observed and predicted values). For 2021, the
model base was selected, as it showed lower AIC and BIC values, minimal differences in heritability
and correlation between observed and predicted values compared to the same model but including the
column effect (Table S2), and a homogeneous and normal residual distribution (Fig. S3). In contrast,
for 2022, the model including the random column effect provided a better fit, evidenced by lower AIC
and BIC values, higher heritability and correlation between observed and predicted values (Table S2),
and a more uniform residual distribution (Fig. S3). In both years, incorporating a spatial correlation

structure for the residuals did not improve model fit (Table S2).

Pearson correlation analysis of the AUDPC BLUESs from the selected models for 2021 and 2022
revealed a strong correlation between the two years (r = 0.74), and similarly high correlations among
replicates within each year (Fig. S1). Based on these results, the data from both years were combined
into a single dataset and AUDPC BLUEs were obtained using the model [2] which includes effects for
experimental design, days to heading as covariate and the year effect for the combined data from 2021

and 2022 (Table S2).

Genotypic Data

SNP calling using TASSEL identified 237,282 SNPs for all lines. SNPs with >80% missing data
(~38,000) and those with a minor allele frequency (MAF) <0.01 (~43,000) were removed. The final
dataset included 366 wheat lines and 156,034 SNPs, with missing data imputed using BEAGLE. The
detected SNPs provided good coverage of all chromosomes, with a low marker saturation in the D
genome (Fig. S4). Heatmap with cluster analysis using the Euclidean distance matrix revealed no
distinct groups (Fig. S5 A). Similarly, no clear clustering was observed in the PCoA, where the two
principal components explained only 0.020 and 0.022 of the variances, respectively, with no relationship
to YR AUDPC values or the panel lines’ origins (Fig. S5 B and C). The admixture analysis also provided
no significant evidence of population stratification (Fig. S5 D). Together, these results indicated that
including subpopulation effects was unnecessary for subsequent analyses. Linkage disequilibrium (LD)
analysis showed rapid LD decay along the chromosomes, with average r? values falling below 0.2 within

0.12 Mb.
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Genome-Wide Association Study (GWAS)

Eight genomic regions associated with field YR resistance were identified (Fig. 1) using a false
discovery rate (FDR) threshold of -logio(p), P < 0.1 resulting in a value of 3.7. These regions were
located on chromosomes 1BL, 2BL (three regions), 5B (one in 5BS and the other in 5BL), 5SDL and 7BL
(Table 2). The three regions identified on chromosome 2BL (as well as the two on chromosome 5B)
were considered independent because their physical distance was larger than the 0.12 Mb distance
estimated by the LD analysis. Regions with at least two markers above the significance threshold were
classified as quantitative trait loci (QTL). When we analyzed all significantly associated markers within

each QTL region together to define haplotypes, we found only two haplotypes in each QTL region.

The QTL explaining the highest proportion of the phenotypic variance was QYruy-2BL.3
(21.24%), followed by Qyruy-2BL.2 (12.1%), Qyruy-5BS, Qyruy-5BL, Qyruyt-SDL, Qyruyt-7DL,
Qyruyt-2BL.1 and Qyr.uy-1BL explained progressively lower proportions of the phenotypic variance
(Table 2). The effect of each QTL on AUDPC is illustrated by the boxplots in Fig. 2. The favorable QTL
allele (associated with lower AUDPC values) was assigned the value "1", while the less favorable QTL
was assigned the value “2”. Furthermore, Fig. 2 represents the distribution of the number of lines
according to their YR AUDPC values for each allele of each QTL, based on the width of the surface

surrounding each boxplot.

The proportion of lines carrying the favorable YR resistant QTL varied according to their origin
(INIA-WBP, INIA-RGDP, and cultivars from other breeding programs). Qyr.uy-5BL was present in 84%
of all lines, Qyruy-1BL in 80%, Qyruy-5DL in 75%, Qyruy-7BL in 61%, Qyruy-5BS in 36%, Qyruy-
2BL.1 in 35%, Qyruy-2BL.3 in 27%, and Qyruy-2BL.2 in 18%of the lines. Qyruy-1BL, Qyr.uy-2BL.3,
QOyr.uy-5BS, Qyruy-5BL, and Qyr.uy-7BL were found in a higher percentage of lines from INIA-RGDP,
in contrast, Qyruy-2BL.1 and Qyruy-2BL.2 were more frequent in cultivars from other breeding

programs (Table 3).

Figure 1. Manhattan plot for yellow rust (YR) resistance based on area under the disease progress curve
(AUDPC) values from 2021 and 2022 field trials combined in 366 wheat lines of the panel. The

horizontal line indicating the genome-wide significance threshold

Table 2. Summary of significant Quantitative trait loci (QTL) associated with yellow rust (YR)
resistance. The table includes QTL identified for field resistance based on area under the disease progress
curve (AUDPC) combined values from 2021 and 2022, and seedling resistance based on infection types

(IT) for Pst race Triticale2015a of 366 wheat lines of the panel.

Trait QTL Chr.? Physical position of P value Effect  PVE (%)°
flanking markers
(Mb)°
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400
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403
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405
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408
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Field Ovruy-1BL 1B 540.16 - 541.70 2.7e5  -848.82 4.9

AUDPC OYruy-2BL.1 2B 400.34 - 464.32 556 -706.7 5.7
OYruy-2BL2 2B 5644756482 9.0e  -12682  12.1
OYruy-2BL.3 2B 690.94 — 709.24 e’ 14252 212
OYruy-5BS 5B 69.74 — 74.92 35610 L9732 10.6
OYruy-5BL 5B 537.95 — 538.48 13 -1156.8 8.6
OYruy-SDL 5D 548.10 — 552.03 21¢7  -898.4 7.3
OYruy-7BL 7B 617.83 — 657.05 1.5¢® 7772 6.6
Seedling IT ~ QYruy-2DS 2D 1534 - 18.30 22¢1 23 19.1
Triticale2015a 340 34 488.45 - 490.15 5.4¢* -1.4 7.9

“Chromosome, °Physical positions (Mb) of flanking markers are based on the Chinese Spring reference
IWGSC RefSeq v1.0; °PVE, phenotypic variance explained.Figure 2. The effects of quantitative trait
loci (QTL) identified for yellow rust (YR) resistance based on area under the disease progress curve
(AUDPC) combined values from the 2021 and 2022 field trials. The AUDPC value for the 366 wheat
lines of the GWAS panel are shown based on their haplotype for each QTL, with (1) being the more

favorable resistant allele, and (2) being the more susceptible allele.

Table 3. Percentage of lines carrying the favorable allele for each quantitative trait loci (QTL) associated
with area under the disease progress curve (AUDPC) in field trials and infection type (IT) in seedling
tests for the Triticale2015a race, within each group of lines according to their origin and the full panel

of 366 wheat lines.

Line origin

et T i Full panel
Q INIA-RGDP INIA-WBP Other breeding p

programs

OYr.uy-1BL 84 80 68 80

OYr.uy-2BL.1 19 33 77 35

OYr.uy-2BL.2 14 12 38 18

, QYr.uy-2BL.3 30 21 27 27
Field AUDPC

OYr.uy-5BS 44 23 38 36

QYr.uy-5BL 89 82 77 84

QYr.uy-5DL 78 80 62 75

OYr.uy-7BL 67 54 62 61

Seedling IT  QYr.uy-2DS 20 25 14 20

Triticale2015a QYr.uy-3AL 25 26 32 27
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The lines were grouped into six categories based on the number of favorable QTL alleles for
YR AUDPC determined in the field trials, ranging from zero to eight favorable QTL. A pronounced in
AUDPC values was observed as the number of favorable QTL increased (Fig. 3).

Figure 3. Effect of the number of quantitative trait loci (QTL) associated with yellow rust (YR)
resistance based on area under the disease progress curve (AUDPC) combined values from 2021 and
2022 field trials of 366 wheat lines. The number of lines in each group according to their origin is
indicated below each boxplot. Different letters above the boxplots indicate significant differences (P <
0.05) in AUDPC between groups, as determined by Tukey’s test. Boxplots show the distribution of a
dataset through five key summary statistics: minimum (lower whisker), first quartile (bottom of the
box), median (line inside the box), third quartile (top of the box), and maximum (upper whisker). Points

beyond the whiskers are values outside 1.5 times the interquartile range from the quartiles.

Two genomic regions associated with YR seedling resistance to race Triticale2015a were
identified (Fig. S6 A). Haplotype analysis revealed two haplotypes for each identified region. The QTL
on chromosome 2D explained 19.1% of the phenotypic variance, while another QTL on chromosome
3A accounted for 7.9% (Table 2). The favorable allele for QYruy-2DS was present in 20% of all lines,
while the favorable allele for QYruy-34L was found in 27%. The favorable allele of QYruy-34L was
present in a higher proportion in INIA-WBP lines while the favorable allele of QYr.uy-2DS was present
in a higher proportion of cultivars from other breeding programs (Table 3). GWAS for the more widely
virulent race Triticale2015b did not identify any genomic regions significantly associated with YR

resistance (Fig. S6 B).

Through GWAS, we detected one mayor QTL for days to heading on chromosome 2D, which did
not co-localized with any of the QTL associated with YR resistance in the field or seedling trials (Fig.
S6 C). Additionally, the identified QTL for YR resistance did not coincide with the location of previously

reported phenology-related genes (data not shown).

Genomic Prediction (GP)

From the seven GP models evaluated, the A-BLUP model had the lowest prediction accuracy,
with correlations between observed and predicted AUDPC values below 0.5, and the highest MSE (Fig.
S7 A). The G-BLUP and RR-BLUP models performed similarly, achieving correlations between
observed and predicted AUDPC values around 0.7 and a lower MSE compared to other models MSE
(Fig. S7 B). Bayesian models (BA, BB, and BC) demonstrated comparable prediction accuracies as G-
BLUP and RR-BLUP, with correlations near 0.7 and moderate MSE values. In contrast, the Bayesian
LASSO (BL) model exhibited poorer performance, with accuracy closer to the A-BLUP model and
higher MSE values. Overall, G-BLUP, RR-BLUP, and Bayesian (BA, BB and BC) models showed the

most robust predictive performance.
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The BL model performed worse than RR-BLUP, and the prediction ability of RR-BLUP model
was nearly identical to that of the G-BLUP model. Therefore, the G-BLUP model was selected for
further comparisons due to its simplicity and lower computational requirements. Subsequently, we
investigated whether incorporating fixed effects for the identified QTL could improve the GP accuracy.
We compared the AUDPC predictions from the G-BLUP model without fixed QTL effects and with the
sequential addition of fixed effects for the eight QTL, added in descending order of the explained
variance. The inclusion of fixed effects in the model led to an improvement in prediction accuracy, with
correlations between observed and predicted values increasing from an average of 0.64 in the G-BLUP
model without fixed effects to 0.69 in models that included GWAS-identified QTL as fixed effects.
Notably, the inclusion of QYruy-2BL.3 alone was sufficient to achieve this improvement, as no further
gains were observed when additional QTL were incorporated as fixed effects (Fig. S8 A). Moreover, the
inclusion of fixed effects also impacted the MSE, which was reduced by 10.4% when QYruy-2BL.3 was
included, compared to the G-BLUP model without it (Fig. S8 B).

Discussion

Recent outbreaks of YR in major wheat-producing regions worldwide (Bouvet et al. 2022) pose
a significant threat to wheat production and global food security. Particularly in the Southern Cone of
South America, recent epidemics (Campos et al. 2016; German et al. 2018; Campos 2020; Silva et al.
2023; Riella et al. 2024) have been linked to the incursion of new Pst¢ genetic groups and races
characterized by increased aggressiveness and improved adaptation to diverse temperature ranges
(Rajaram and Campos 1974). Argentina and Uruguay are located in the same rust epidemiological zone
(Rajaram and Campos 1974) where there are no geographical barriers for urediniospores dispersal,
which likely explains the almost simultaneous development of severe epidemics in both countries
(Rudolf and Job 1931). In Uruguay, Pst was first detected in 1929 (Rudolf and Job 1931). It caused
widespread epidemics and substantial yield losses across the Southern Cone region during 1929 and
1930 (Boerger 1934; Vallega 1938). From its initial detection until 2016, Pst outbreaks remained
sporadic, rarely reaching epidemic levels in Uruguay (German and Caffarel 1999; German et al. 2007,
2018). However, since 2017, wheat crops grown in Uruguay and Argentina have experienced
widespread epidemics, likely due to an earlier onset of the disease during the growing season, the
extensive planting of susceptible or moderately susceptible cultivars (covering more than 50% of the
wheat-growing area) (Silva et al. 2023), and the emergence of novel races in the region (Riella et al.

2024).

YR is currently the wheat foliar disease, which requires the largest number of fungicide
applications in Uruguay. Deploying resistant wheat cultivars is an economically and environmentally
sustainable strategy, significantly reducing the use of fungicides (Chen 2005, 2013). Therefore, it is

essential to identify diverse resistance sources effective under local conditions, which can be utilized in
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breeding programs to introgress and pyramid resistance genes into locally adapted germplasm. From the
perspective of resistance breeding, the most relevant phenotype is that expressed in the field (APR).
However, this must be complemented with the seedling phenotype (ASR) to determine which types of
resistance genes are effective: ASR and/or APR. Additionally, early identification of promising lines or
parental candidates for breeding crosses is crucial to accelerate the development of wheat lines with

durable YR resistance.

Despite Uruguay’s longstanding wheat breeding program at the National Institute of Agronomical
Research (INIA), which has focused on developing resistance to major regional diseases such as leaf
(Silva et al. 2015) and stem rusts (Baraibar et al. 2020), Fusarium head blight, Septoria tritici blotch and
tan spot, YR was historically considered a minor threat. Consequently, no breeding efforts specifically
targeting YR resistance were implemented, leaving the genetic basis of resistance in the local germplasm
largely unknown (Germéan and Luizzi 2018). In Uruguay, the PstS13 genetic group has been reported as
the most prevalent since the 2017 epidemics (Riella et al. 2024). Within PszS13, the two races used in
this study for field inoculations, Triticale2015(a) and its locally discovered variant, Triticale2015b, with
additional virulence to Yr/7 and Yr32, have been the most prevalent in recent years. The original PstS13
race, Triticale2015, was first reported in Europe in 2015, primarily affecting triticale and durum wheat
(Hovmeller et al. 2018). Since 2017, PstS13 has been the predominant genetic group in Argentina
(Hovmgller et al. 2018, 2019; Carmona et al. 2019), it was also detected in Chile (Hovmeller et al. 2019)

and more recently in Paraguay (Fernandez-Gamarra et al. 2023).

Phenotypic Variation for Wheat Resistance to Yellow Rust

The panel of 366 wheat lines, including INIA germplasm and other commercial varieties widely
used locally, was phenotyped in field trials over two consecutive years under artificial inoculations with
the predominant Pst races. Additionally, seedling assays were performed with the same races used for
field inoculations. Phenotypic data showed significant variation among lines for all evaluated traits.
Seedling IT exhibited a bias toward susceptibility (Fig. S2), for the broader virulent race
(Triticale2015b), conversely, field YR AUDPC showed a bias toward resistance, suggesting a low
presence of effective ASR genes in the panel and the presence of APR genes, which are more effective
in the adult plant stage. This is consistent with the panel composition, as many lines originate from
crosses with sources of leaf rust APR (generally pleiotropic for YR APR), while no intentional
introgressions of YR ASR genes have been performed in the WBP. Another evidence of absence of
effective ASR genes in the panel is the lack of significant correlation between seedling IT and field

AUDPC (12=0.46).
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The high broad-sense heritability for AUDPC across 2021 (0.98), 2022 (0.98), and combined
years (0.97), as an indicator of repeatability, coupled with strong correlations among replicates
within each year (0.94-0.95) and between BLUEs AUDPC values across years (0.74),
underscores the robustness of this phenotypic dataset for GWAS and GP analyses.Population
Structure of the Wheat Panel

Accounting for population structure is critical in GWAS to minimize false-positive marker-trait
associations (Pritchard et al. 2000; Yu et al. 2006; Zhu et al. 2008). In this study, population structure
analyses revealed no strong genetic stratification among the 366 wheat lines that would require inclusion
in subsequent GWAS analyses. Lines did not cluster based on origin (INIA-WBP, INIA-RGDP, or other
breeding programs), likely reflecting the diverse germplasm and resistance sources used by INIA.
Moreover, no clear association was observed between AUDPC values and line origin. Interestingly, lines
from the INIA-RGDP, which were selected for APR to leaf rust, exhibited lower average YR AUDPC
values than commercial varieties or advanced INIA-WBP lines. This observation suggests the presence
of potentially pleiotropic APR genes in these lines, providing a valuable genetic resource for breeding
wheat lines with enhanced YR resistance. Exploiting these genetic resources could accelerate the

development of cultivars with durable, broad disease spectrum resistance.

Genome-Wide Association Study (GWAS)

The high-quality phenotypic data collected from the GWAS panel of 366 wheat lines evaluated
in both field and greenhouse trials, combined with a dense set of SNPs distributed across the genome
(Fig. S4), provided a robust framework for identifying genomic regions associated with YR resistance.
As no strong population structure was found, the K model was enough to control for spurious

associations, as confirmed by quantile-quantile (QQ) plots (Fig. S9).

Eight genomic regions associated with YR resistance were identified in field trials, with stable
expression as these were consistently detected across data from both years (data not shown). Pyramiding
the identified QTL for YR resistance significantly reduced YR AUDPC (Fig. 3), aligning with findings
from other studies (Maccaferri et al. 2015; Zhou et al. 2021; Franco et al. 2022; Lin et al. 2023; Miedaner
etal. 2024; Wang et al. 2024), which also highlight additive effects improving YR and leaf rust resistance

as the number of favorable QTL increases.

GWAS analyses for seedling resistance did not identify any of the regions detected in the field.
The two regions associated with seedling resistance for one of the Pst races were ineffective to the other
race. While both races belong to the same genetic group, race Triticale2015b has additional virulence to
Yri7 and Yr32 (Riella et al. 2024) which are located in distinct genomic regions from the QTL identified
in field tests. These results confirm that the QTL identified in the field confer APR.
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Analysis of identified genomic regions associated with yellow rust resistance

Eight genomic regions associated with YR resistance were identified: one on chromosome 1B,
three on 2B separated by more than 126 Mb, two on 5B, one on 5D and one on 7B. Regions significantly
associated with YR resistance identified in this study were compared with previously mapped Yr genes
and QTL using the most updated atlas available (McIntosh 2024; Tong et al. 2024). The possibility that
these associations were due to differences in heading date was excluded, since GWAS analyses using
days to heading as the response variable revealed no overlap between the QTL associated with YR
resistance and QTL associated to heading date (Fig. S6 C). Additionally, two QTL associated with
seedling resistance to the Pst race Triticale2015a were identified on chromosomes 2D and 3A, but none
were identified to race Triticale2015b, indicating that the resistance detected in the field was expressed

after the seedling stage and is most possibly conferred by APR genes.

Adult-plant resistance QTL

Chromosome 1B

QYruy-1BL located on the long arm of chromosome 1B explained only 4.9% of the total variance,
and had the lowest effect, reducing YR AUDPC by 848.8 (Table 2), which represents an average
AUDPC reduction of 12% compared to the lines with the less favorable allele. This QTL was widely
present in the lines (80%), predominantly in germplasm from INIA (Table 3). Chromosome 1B, is
considered a hotspot for YR resistance, as at least eight Y genes have been mapped on this chromosome,
including Y79 (Lukaszewski 2000), Y710 (Liu et al. 2014), YrI5 (Klymiuk et al. 2018), Yr24/Yr26
(Mclntosh 2024), Yr29 (William et al. 2003), Yr64 (Cheng et al. 2014), and Yr65 (Cheng et al. 2014).
Numerous other temporarily designated genes, such as YrChk (Liu et al. 2007), YrExp! (Lin and Chen
2007), and YrGn22 (Li et al. 2016), are also located on 1B. However, all these genes have been mapped
far from the QYruy-1BL region detected in our study. Y729, a pleiotropic APR gene with a moderate
effect, located on chromosome 1BL at 661.86 Mb (Li et al. 2020), is the closets among these Yr genes,
but still lies more than 120 Mb away from QYruy-1BL region.. Genotyping of the panel using a KASP
marker for Y729 (Table S1) revealed that it was present in 85% of the lines. However, Y729 did not show
a significant effect on YR AUDPC. This evidence indicates that QYruy-1BL is not Yr29. In addition,
over a dozen studies have reported QTL for YR resistance on this chromosome (Alemu et al. 2021; Draz
et al. 2021). QYruy-1BL might correspond to the closest reported QTL located at approximately 8 Mb
(Rosewarne et al. 2012) (Table S3).

Chromosome 2B

Three QTL were identified on the long arm of chromosome 2B. QYr.uy-2BL.1 accounted for 5.7%
of the total phenotypic variance, with an estimated effect of 706.7, corresponding to a 45.3% reduction
in AUDPC relative to lines carrying the susceptible allele. The favorable allele of QYruy-2BL.1 was

present in 35% of the lines and was more frequently observed in germplasm from breeding programs
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other than INIA (Table 3). OYruy-2BL.2 explained 12.1% of the variance, with an estimated effect of -
1268.2, corresponding to a 49% reduction in AUDPC. The favorable allele was detected in 18% of the
lines, and was more prevalent in non-INIA cultivars (Table 3). QYruy-2BL.3 had the largest effect
among all QTL detected in this study, reducing YR AUDPC by 1425.2 (61%) and explaining 21.2% of
the total variance (Table 2). The favorable allele was present in 27% of the lines (Table 3).

Several Yr genes, including Y75, Yr7 (Marchal et al. 2018), Yr41 (Luo et al. 2008), Y43 (Feng et
al. 2015), Yr44 (Sui et al. 2009), Yr53 (Xu et al. 2013), and Y772 (Chhetri et al. 2023), along with
numerous temporarily designated genes and QTL, have been mapped to the long arm of chromosome
2B. Several loci associated with APR have also been identified on this chromosome. QYruy-2BL.1,
located between 400.34 and 464.32 Mb, overlaps with two previously reported QTL: QYr.caas-2BS.1
(Bai et al. 2012) and QYrifa-2BL (Buerstmayr et al. 2014) (Table S3). QYr.uy-2BL.2, located between
564.47 and 564.82 Mb, lies approximately 40 Mb from Y753, which has not been introgressed into INIA-
WBP germplasm. Two nearby QTL, OYr.nafu-2BL (Zhou et al. 2015) and QYrgn.nwafu-2BL (Zeng et
al. 2019a) are located 8 Mb and 15 Mb away, respectively, and confer YR APR. Due to its low frequency
in the panel QYruy-2BL.2 represents a QTL with potential from the breeding perspective.

The physical position of QYruy-2BL.3 is close to ASR genes Y75, Yr7, and Y»SP which belong to a
complex gene cluster (Marchal et al. 2018). Y77 and Y7SP are ASR genes ineffective to the Pst races
present in Uruguay (Riella et al. 2024) therefore these genes are not QYruy-2BL.3. Only ASE gene Y75
remains effective in Uruguay. Moreover, GWAS analyses of seedling ITs using the same Ps¢ races as
those used in field inoculations did not identify associations near the Y75 locus. Among lines carrying
the favorable allele for QYruy-2BL.3, both resistant and susceptible seedling responses were observed,
whereas the expected IT for Yr5 carriers is 0; to ; (Mclntosh et al. 1995). In race identification tests,
Avocet Yr5 which carries Yr5 as the sole gene consistently showed an IT of 0 or 1 for both races.
Additionally, KASP marker analysis (Marchal et al. 2018) indicated the absence of Y75 in the tested
lines, including those carrying QYruy-2BL.3 (data not shown). This evidence indicates that QYruy-
2BL.3 is not Y75, but rather a distinct QTL associated with YR APR. QTL reported in this region, includ
QYrsnb.nwafi-2BL (Zeng et al. 2019a) and Qyrgaas.2B.1 (Cheng et al. 2022), both located
approximately 10 Mb from QYruy-2BL.3 (Table S3). OYruy-2BL.3 stands out as the most promising
QTL for INIA-WBP due to its strong effect and relatively low frequency in the germplasm
panel.Chromosome 5B

Two QTL were identified on chromosome 5B: QYr.uy-5BS on the short arm and QYruy-5BL on
the long arm. QYr.uy-5BS explained 10.6% of the phenotypic variance, had an estimated effect 0f 973.2,
corresponding to a 13.9% reduction in AUDPC relative to lines carrying the susceptible allele. The
favorable allele of QYruy-5BS was present in 36% of the lines and was more frequently observed in

germplasm from the INIA-RGDP program (Table 3). QYruy-5BL reduced YR AUDPC by 1156.8 (16%)
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and accounted for 8.6% of the phenotypic variance (Table 2). It is present at high frequency (84%), with
greater representation in INIA-RGDP (Table 3).

Two YR resistance genes have been previously reported on chromosome 5B: Yr47 (Bansal et al.
2011) and Yr19 (Chen et al. 1995). However, the genomic region of Yr47 on the short arm of the
chromosome is 64 Mb from QYr.uy-5BS. Therefore, Yr47 is not any of the QTL reported in our study.
Yr19 is an ASR gene, whose physical position on chromosome 5B is not known (Chen et al. 1995).
Since both QYruy-5BS and QYruy-5BL were detected only in our field trials but not at the seedling
stage, they do not correspond Yr19.

The closest previously reported QTL to QYruy-5BS is QYrufs-5B (Agenbag et al. 2012) but is
located more than 40 Mb away (Table S3). This strongly suggests that QY7uy-5BS may represent a
novel QTL which valuable for INIA-WBP and other breeding programs. Three QTL reported on
chromosome 5BL, are located 10 Mb or less from QYruy-5BL (QYrYBZR-5BL, Deng et al. 2022;
QYrAYH-5BL, Long et al. 2021; QYrdrwgp-5BL.2, Hou et al. 2015). QYr.uy-5BL might be QYrdr.wgp-
5BL.2 which lies less than 1Mb from it.

Chromosome 5D

QYruy-5DL, located on the long arm of chromosome 5D, explained 7.3% of the phenotypic
variance and reduced YR AUDPC by 898.4, representing a 14% average reduction compared to lines
carrying the less favorable allele (Table 2). This QTL was detected in 75% of the lines, being been more
frequently present in germplasm from INIA (Table 3). Y770 (Pasam et al. 2017), the only nominated
gene located on this chromosome is over 200 Mb away. Two previously reported QTL, QYrdrwgp-5DL
(Hou et al. 2015) and QYrbrwpg-5D (Case et al. 2014), have been identified on SDL, at about 5 Mb
from the region where QYruy-5DL is located (Table S3). It is present in high frequency in INIA

germplasm, efforts should be made to maintain this QTL in the breeding germplasm.

Chromosome 7B

QOYruy-7BL, located on the long arm of chromosome 7B, explained 6.6% of the phenotypic
variance and reduced YR AUDPC by 777.2, corresponding to an average reduction of 12.7% compared
to lines carrying the less favorable allele (Table 2). This QTL was present in 61% of the lines, with no
major differences in frequency across germplasm origins (Table 3). Yr67 (Bariana et al. 2022) has been
reported approximately 40 Mb from the physical position of QYruy-7BL. QTL QYrhebau-7BL (Zhang
et al. 2019), QYr.niab-7B (Powell et al. 2013), and QYr.cim-7BL (Calvo-Salazar et al. 2015) colocalize
with the region where QYr.uy-7BL is located (Table S3).
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All-stage resistance QTL

OYruy-2DS
QYruy-2DS, identified for the Triticale2015a race, was the QTL with the largest effect at the

seedling stage, explaining 19.1% of the phenotypic variance. Lines carrying the favorable allele for this
QTL (20%) had an average IT of 2.4, representing a reduction of 2.3 IT units (49%) compared to the
lines lacking it (Table 2). No Yr genes have been mapped to the region where QYruy-2DS is located,
although the major QTL Yrg/ (Cao et al. 2012) colocalize with QYruy-2DS and QYrhbau-2DS
(Gebrewahid et al. 2020) is only 3 Mb away (Table S3).

OYruy-3AL

OYruy-34L was the QTL with the smallest effect in the seedling stage to race Triticale20135a,
reducing IT in 1.4 (49%) and explaining 7.9% of the phenotypic variance (Table 2). QYruy-34L was
the most frequent seedling QTL within cultivars from breeding programs other than INIA (Table 3).
QOYruy-3A4L is located on the long arm of chromosome 3A. Yr76, the only Yr gene previously mapped
on chromosome 3A (Xiang et al. 2016), is located on the short arm, indicating that QYruy-3A4L is
distinct. Several QTL for YR resistance have also been reported on 3AL; among them, QYrnmbu.34.2
(Lin et al. 2023) and QYrhbaas-3AL (Jia et al. 2020), are the closest to QYruy-34L, located
approximately 7 and 12 Mb away, respectively (Table S3).

Both, QYruy-2DS and QYruy-34L, are not effective to race Triticale2015b and were not

detected in field tests, therefore their relevance for resistance breeding is limited.

Implication of identified QTL in the breeding program context

The identification of eight genomic regions associated with YR resistance in field trials and two
regions in seedling assays highlights the value of exploring local genetic resources. Local breeding
programs represent a valuable reservoir of genetic diversity adapted to local conditions and are key
resources for breeding programs. While several ASR Yr genes remain effective to the current Pst
population, the variability of the pathogen requires the continuous exploration and introgression of new
resistance sources to increase the genetic diversity. PstS13, the predominant genetic group of Pst in local
conditions, is virulent to several widely deployed Y7 genes (Tadesse et al. 2014; Hovmeller et al. 2016).
Other races within the PstS13 group identified locally, acquired virulence to Y73, Yri7, Yr25, Yr27, and
Yr32 (Riella et al. 2024).

Among the eight QTL identified in field trials, only QYruy-2BL.3 co-localized with previously
reported ASR Yr gene cluster (Y73, Yr7, YrSP), but it was demonstrated it was not any of these genes.
QYruy-5BS appears to be a novel QTL. Other QTL identified in this study are located near (10 Mb or
less) of previously reported QTL, therefore, further confirmatory studies are required to determine

whether these QTL correspond to known loci or represent new, distinct QTL, e.g. using markers for
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QTL reported in the literature near those identified in this study as well as developing functional markers

and validating QTL through biparental populations.

The QTL identified in field trials were not detected in seedling tests (Fig. S6), indicating that
these correspond to APR genes. Their additive effects (Fig. 3) further support that these are likely race
non-specific and durable, which is expected within INIA germplasm, where ASR genes have not been
deliberately used. Many of the INIA-RGDP lines with low YR AUDPC are derived from crosses
between locally adapted materials and sources of leaf rust APR, mostly from CIMMYT. These lines
were selected for leaf rust resistance, suggesting a pleiotropic effect of the APR to both rusts. In that
sense, it would be expected that APR genes such as Yri8, Yr29, and Yr46, frequently present in
CIMMYT germplasm, or QTL for YR resistance found in this germplasm (Singh 1992; Singh and
Rajaram 1992, 1993) should have been detected in the GWAS analysis. However, genotype-by-
environment interactions involving minor APR genes might influence their expression, as previously

reported for rust diseases (Lillemo and Singh 2011; Calvo-Salazar et al. 2015; Silva et al. 2015).

KASP marker results revealed that Y»/8 was present in 28.7% of the lines (Table S1) and was
associated with a non-significant reduction in AUDPC (~307) which was not detected in the GWAS
analysis. One possible explanation is the low marker saturation of the D genome, particularly in the
region where Y718 resides (Fig. S4), which reflects the overall lower polymorphism of this genome
compared to the A and B genomes. To address this, GWAS was performed incorporating the KASP
marker for Y718 into the SNP matrix. However, the marker still did not surpass the significance threshold
in the updated models, suggesting that low marker density was not the cause of its non-detection.
Therefore, this result might be explained by the relatively small effect of Y718 in reducing AUDPC,
consistent with previous studies reporting partial resistance conferred by this gene (Wu etal. 2015; Zelba
et al. 2024). Similarly, Y729 was not detected by GWAS even after including its KASP marker in the
SNP matrix, despite showing a statistically significant AUDPC reduction (~349) (data not shown). Its
high frequency in the panel (present in 85% of lines) likely reduced the statistical power to detect
associations. Nevertheless, Y729 has been shown to have a stronger effect under Mexican field
conditions (Liu et al. 2022), suggesting that its effectiveness may be influenced by the environment. In
contrast, KASP marker results showed that Y746 was absent from the panel except for the check line
Thatcher Yr46 (Table S1). Notably, this gene had a marked effect on disease resistance: Thatcher showed
an AUDPC of 4808, whereas Thatcher Yr46 exhibited a much lower value (3315), highlighting the
potential of Y746 for introgression into INIA-WBP germplasm. However, its very low frequency in the
panel (<1%) prevented its detection in the GWAS, as it did not meet the MAF threshold used in this
study.A marked decrease in AUDPC was observed as the number of favorable QTL per line increased
(Fig. 3), indicating additive effects among the identified QTL. This highlights QTL pyramiding is a
promising strategy for breeding wheat with higher levels of durable resistance. Clearly, two of the QTL
(QYruy-1BL and QYruy-5BL) were already present at high proportion in the INIA-WBP advanced
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germplasm and in cultivars of other origin. However, the other three QTL were present at much lower
proportion and pyramiding them with those QTL already present may contribute to the development of
YR resistant cultivars. Notably, the eleven lines carrying the favorable alleles for all eight QTL showed
final disease severity values below 20%. Among them, two pre-breeding lines from the INIA program,
R15F57341 and R17F57132, exhibited near-immunity levels at the adult plant stage, making them

invaluable resources for resistance breeding and future research.

Genomic Prediction (GP)

Modern breeding programs, especially in a context where genotyping costs are increasingly
affordable and accessible, require the optimization of strategies not only for selecting lines but also for
efficiently identifying parents for crosses at an early stage. This is key to developing adapted and
resistant cultivars in the shortest possible time. This study aimed to determine the predictive ability of
different GP models using the genomic and phenotypic information of the panel lines. Additionally, it
sought to demonstrate whether incorporating the presence of the QTL identified through GWAS for YR
AUDPC as fixed effects could improve the GP models’ predictive ability. Seven different GP models,
which assume different distributions for marker effects, were evaluated. These models included A-BLUP
model; RR-BLUP, which uses information from all markers; G-BLUP, which uses information about
the genetic distance between lines to make predictions; and four types of Bayesian models: BA, BB,
BC, and BL. The results of the comparison between the seven models showed no significant differences
in performance between RR-BLUP and G-BLUP, with both models having correlations between
observed and predicted AUDPC values close to 0.7, which is not suppressing given that the equivalence
between these two models has been previously reported (Habier et al. 2007). No differences were
observed with the Bayesian models BA, BB, or BC. In contrast, the BL model showed worse
performance, with correlations between observed and predicted values around 0.5. BL results were
similar to the A-BLUP model, which only uses the available pedigree relationships between the panel
lines. Similar results, with minimal differences between prediction models for this disease, were reported
by Tehseen et al. (2021) and Manickavelu et al. (2016). The G-BLUP and Bayesian models investigated
in this study gave nearly identical prediction accuracies, despite assuming similar variances for all
marker effects in the G-BLUP model, as reported by Tehseen et al. (2021). However, since no significant
differences were observed between the regression-based G-BLUP and RR methods, and the Bayesian-
based models, the assumption of marker effects having equal variances proved to be effective for YR
AUDPC. Therefore, the higher computational time required for the prior densities and shrinkage of
Bayesian models may not be necessary. G-BLUP or RR models have also been reported to offer similar
prediction accuracies as the BC and BL methods for YR and stem rust (Ornella et al. 2012), stem rust

(Rutkoski et al. 2014), and Fusarium head blight in wheat (Rutkoski et al. 2012).
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GP proved to be efficient in predicting the response to YR within the GP panel, with prediction
accuracies of around 0.7 for the equivalent models RR-BLUP and G-BLUP. The inclusion of GWAS-
identified QTL as fixed effects in the G-BLUP model led to an improvement in prediction accuracy.
Notably, the inclusion of the QTL with the highest effect was sufficient to achieve this improvement, as
no further gains were observed when additional QTL were incorporated as fixed effects (Fig. S8 A).
Moreover, the inclusion of fixed effects also impacted the MSE, which was reduced by 10.4% when
QOYruy-2BL.3 was included, compared to the G-BLUP model without it (Fig. S9 B), likely due to their
high effect on the response variable. In simulation studies it was demonstrated that modeling a large-
effect locus as a fixed effect was advantageous when the heritability of the trait exceeded 0.5 and the
locus explained more than 25% of the genetic variance (Bernardo 2014). Consequently, studies with real
data have shown that G-BLUP models incorporating fixed-effect markers outperformed standard G-
BLUP for traits where the fixed-effect markers explained a substantial proportion of the variation
(Juliana et al. 2017). Similarly, Rutkoski et al. (2014) found that including fixed-effect markers in G-
BLUP increased accuracy for quantitative APR to stem rust in wheat. This approach would maximize
genetic gain only if GP was applied to the specific dataset used in their study. However, for new samples,
outcomes from GP using G-BLUP alone could be just as favorable as those obtained by including fixed-

effect linked markers.

Conclusions

The results of this study lay the foundation for understanding the genetic basis of the YR
resistance present in a diverse wheat panel and can be directly applied to the development of new locally
adapted cultivars with better YR resistance. We report eight genomic regions associated with field
resistance, none of these regions were identified at seedling stage to race Triticale2015b. All loci
conferred quantitative APR and did not correspond to known Yr genes. QYruy-5BS is most likely a
novel QTL. The positions of the other seven QTL were close to previously reported QTL, further studies
are needed to determine whether they represent known or novel QTL. Two QTL on 2D and 3 A identified
at the seedling stage to race Triticale2015a did not confer field resistance. Once validated, these QTL
could be used to develop and select varieties with high levels of YR resistance. Similarly, GP was highly
effective (with prediction ability around 0.7) in predicting disease levels, positioning GP as a valuable
tool for selecting parents in breeding programs, as well as for selecting lines. The methodology used for
analyzing both phenotypic field data and genotypic data enabled the identification of genomic regions
associated with YR resistance and the evaluation of GP models which can be applicable to projects on
other wheat diseases and crop species. Moreover, it proved to be highly robust and capable of delivering
high-quality data, which serves as the foundation for any solid breeding strategy. These findings provide
valuable insights into the genetic basis of YR and offer robust tools for enhancing YR resistance

breeding efforts in wheat.
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alleles per line, and presence/absence of Yr/8, Yr29 and Yr46 genes by KASP markers. NA, missing

information.

Table S2. Fit indicators of the area under the disease progress curve (AUDPC) data analysis models for
the 366 wheat lines from 2021, 2022, and both years combined.
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Table S3. Comparison of the physical position of the quantitative trait loci (QTL) identified as regions
associated with resistance to yellow rust and genes and QTL, based on Tong e t al. (2024) previous

review.

Figures

Figure S1. Scatter and frequency distributions and Pearson’s correlation coefficients for yellow rust
(YR) area under the disease progress curve (AUDPC) across 366 wheat lines in the panel evaluated
under field conditions. Panels represent data for: A) 2021, B) 2022, and C) combined years (2021 and
2022). Histograms along the diagonal represent frequency distributions of YR AUDPC, while scatter
plots of YR AUDPC among replicates are shown in the lower-left panels. Pearson’s correlation
coefficients for AUDPC between corresponding replicates (A&B) and years (C) are displayed in the

upper-right panels. *** Significant correlations at P < 0.001.

Figure S2. Number of lines with different seedling yellow rust infection type (IT) for the Triticale2015a
and Triticale2015b races.

Figure S3. Distribution of field yellow rust residuals' values according to the base and models with
spatial column information for 2021 (A) and 2022 (B). Histograms of residuals according to the base
model and models with spatial information for 2021 (C) and 2022 (D) for the variable area under the

disease progress curve (AUDPC) of the 366 wheat lines.
Figure S4. SNP density plot showing the distribution of the 156,034 SNPs by wheat chromosome.

Figure S5. Heatmap of Euclidean distances where lines are ordered bases on cluster analysis among the
366 wheat lines of the GWAS and GP panel (A). Principal co-ordinate analysis (PCoA) for the 366
wheat lines of the GWAS and GP panel, colors indicate the AUDPC value for each line on a temperature
scale from green (low) to red (high) (B). PCoA where colors indicate the origin of the lines (lines from
National Institute of Agronomical Research (INIA) - Resistant Germplasm Development Program
(INIA-RGDP); advanced, elite, and released lines of INIA - Wheat Breeding program (INIA-WBP);
cultivars from other breeding programs that have been grown in Uruguay and checks) (C). Values of the

delta k from Admixture (D).

Figure S6. Manhattan plots for yellow rust (YR) resistance based on infection type (IT) values for race
Triticale2015a (A) Triticale2015b (B) and for days to heading (C) in 366 wheat lines of the panel.

Horizontal line indicating the genome-wide significance threshold.

Figure S7. Predictive ability expressed as the Pearson's correlation between observed and predicted
values (A), and mean squared error (MSE, B) of seven genomic prediction (GP) models for yellow rust
(YR) resistance based on area under the disease progress curve (AUDPC) values in the field evaluations.

Models compared include Pedigree-based (A-BLUP), G-BLUP, RR-BLUP, Bayesian A (BA), Bayesian
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B (BB), Bayesian C (BC), and Bayesian LASSO (BL). Results are based on a 10-fold cross-validation
scheme with 100 iterations. Boxplots show the distribution of a dataset through five key summary
statistics: minimum (lower whisker), first quartile (bottom of the box), median (line inside the box),
third quartile (top of the box), and maximum (upper whisker). Points beyond the whiskers are values

outside 1.5 times the interquartile range from the quartiles.

Figure S8. Predictive ability expressed as the Pearson's correlation between observed and predicted
values (A), and mean squared error (MSE, B) of the G-BLUP model prediction for yellow rust (YR)
resistance based on area under the disease progress curve (AUDPC) values in the field evaluations
incorporating QTL as fixed effects. The model progressively incorporates up to five QTL identified via
genome-wide association study (GWAS) as fixed effects. Results are based on a 10-fold cross-validation
scheme with 100 iterations. Boxplots show the distribution of a dataset through five key summary
statistics: minimum (lower whisker), first quartile (bottom of the box), median (line inside the box),
third quartile (top of the box), and maximum (upper whisker). Points beyond the whiskers are values

outside 1.5 times the interquartile range from the quartiles.

Figure S9. Quantile—quantile (QQ) plots of observed vs. expected p-values, obtained from the GWAS
model used to detect QTL for the variables (A) field AUDPC, (B) seedling IT for the Triticale2015a
race, (C) seedling IT for the Triticale2015b race.
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