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Three Decades of Genomic Change in FHB Resistance: Haplotype

Frequency Trajectories in Northern Plains Wheat (1992-2024)

ABSTRACT

Fusarium head blight (FHB) remains the most economically devastating disease of wheat in the
Northern Great Plains. Despite three decades of intensive breeding effort, the genomic architecture
underlying resistance improvement has not been characterized at the haplotype level. We analyzed
33 years of multi-environment phenotypic data from two USDA-ARS nursery systems, the
Uniform Regional Nursery (URN) and the Uniform Regional Scab Nursery (URSN), integrating
genome-wide haplotype information to track how resistance alleles moved through breeding
populations over time. The genetic architecture of FHB resistance proved highly polygenic, with
most variation residing in small-effect loci that escape detection by conventional single-marker
analysis. The haplotype-based framework identified multiple validated genomic regions that
together explain substantial phenotypic variation yet individually contribute modestly to
resistance. This study focuses on the genomic architecture and haplotype frequency trajectories
underlying three decades of resistance improvement. At the genomic level, we observed
directional selection at multiple resistance loci, including blocks overlapping known major
resistance genes and novel regions across multiple chromosomes. Resistance haplotype
frequencies increased significantly over the study period, while expected heterozygosity at these
loci remained stable, demonstrating that breeders enriched resistance alleles without local diversity
loss. A drift-control analysis confirmed that allele frequency shifts at validated resistance loci

exceeded neutral expectations, providing statistical evidence for selection rather than drift. This
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study demonstrates that haplotype-based frameworks can reveal the polygenic architecture of

quantitative disease resistance and track evolutionary responses to selection in real populations.

Abbreviations: DIS, disease index; DON, deoxynivalenol; FHB, Fusarium head blight; GS, genomic
selection; HD, heading date; He, expected heterozygosity; INC, FHB incidence; LD, linkage
disequilibrium; local GEBV, local genomic estimated breeding value; MAS, marker-assisted selection;
QTL, quantitative trait locus; RR-BLUP, ridge regression best linear unbiased prediction; SEV, FHB
severity; URN, Uniform Regional Nursery; URSN, Uniform Regional Scab Nursery; VSK, visually
scabby kernels.

INTRODUCTION

Fusarium head blight (FHB), caused primarily by Fusarium graminearum, is the most
economically devastating disease of wheat (Triticum aestivum L.) and barley (Hordeum vulgare
L.) in the Northern Great Plains of the United States and Canada (McMullen et al. 2012). The
disease causes direct yield losses through floret sterility and shriveled kernels, but the most
insidious impact is contamination of grain with mycotoxins, including deoxynivalenol (DON),
which renders grain unsuitable for food and feed use at concentrations above regulatory thresholds
(Windels 2000). Economic analyses have estimated cumulative losses exceeding $3 billion in the
Northern Plains since the 1990s (Nganje et al. 2004; Wilson et al. 2018). Epidemic years occur
sporadically when warm, humid conditions coincide with anthesis, creating a persistent challenge
for wheat producers, plant pathologists and breeders throughout the region (McMullen et al. 2012).
Resistance to FHB is quantitative, polygenic, and heavily influenced by genotype-by-environment
(GXE) interaction, making it one of the most challenging traits for wheat breeders to improve (Zhu
et al. 2019; Buerstmayr et al. 2009; Buerstmayr et al. 2020). The two most widely recognized

resistance types, Type I (resistance to initial infection) and Type II (resistance to spread within the



48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

spike) were originally defined by Schroeder and Christensen (1963); Mesterhazy (1995) later
described additional categories including resistance to kernel infection, tolerance, and DON
degradation. These resistance types are controlled by partially independent genetic regions, and
most breeding programs evaluate multiple FHB-related phenotypes including disease index (DIS,
the product of incidence and severity), Fusarium-damaged kernel percentage (VSK), and DON
concentration (Mesterhazy et al. 1999; Bai and Shaner 2004).

The major resistance locus FrbI on chromosome 3BS, originally identified in the Chinese cultivar
Sumai 3, has been the most widely deployed source of Type II resistance (Anderson et al. 2001;
Su et al. 2019; Infante et al. 2026), but dozens of additional quantitative trait loci (QTL) of smaller
effect have been mapped across the wheat genome (Buerstmayr et al. 2009; Liu et al. 2019). The
challenge of pyramiding these many small-effect loci while maintaining agronomic performance
has driven interest in genomic selection approaches to FHB resistance breeding (Meuwissen et al.
2001; Bernardo and Yu 2007; Rutkoski et al. 2012; Arruda et al. 2016; Adeyemo et al. 2020;
Adeyemo et al. 2023).

The Uniform Regional Nurseries coordinated by the U.S. Department of Agriculture, Agricultural
Research Service (USDA-ARS) provide a uniquely powerful resource for studying long-term
breeding progress against FHB. The Uniform Regional Nursery (URN) is a long-running
cooperative trial focused on agronomic evaluation of variety-release candidates from public and
private hard red spring wheat breeding programs, with a subset of locations conducting inoculated
and mist-irrigated FHB evaluation; coordinated FHB testing in the URN began in 1992. The
Uniform Regional Scab Nursery (URSN), established later in the 1990s, was developed to
facilitate FHB-resistance phenotyping of breeding lines with strong resistance but agronomic

limitations, with all URSN locations inoculated and mist-irrigated (Brault et al. 2026). Over the
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years, this system has accumulated phenotypic records for nearly a thousand breeding lines,
creating a longitudinal dataset that captures the trajectory of genetic improvement for FHB
resistance across the Northern Plains hard red spring wheat breeding programs. The inclusion of
long-term check cultivars: susceptible (e.g., Marquis, Chris, Wheaton), moderately resistant (e.g.,
Alsen, Rollag) and resistant (e.g. ND2710) enables separation of genetic trend from year-to-year
environmental variation in disease pressure.

Single-marker genome-wide association studies (GWAS), while well-suited to detect medium-to-
large-effect loci that exceed multiple-testing thresholds, have limited power for the many small-
effect QTL underlying polygenic disease resistance, particularly at moderate marker densities and
moderate sample sizes (Venske et al. 2019; Buerstmayr et al. 2020). This limitation stems from
the genetic architecture of quantitative resistance: individual loci may contribute only modest
proportions of phenotypic variance and thus fail to reach genome-wide significance thresholds, yet
collectively dozens of such regions, can explain substantial variation (Corwin and Kliebenstein,
2017). The challenge is compounded by allelic heterogeneity and the presence of multiple linked
causal variants within a genomic region, which dilute single-marker associations (Yano et al. 2016;
Visscher et al. 2017). Haplotype-based approaches, which group physically linked markers into
blocks defined by linkage disequilibrium (LD) boundaries (Gabriel et al. 2002), address this
limitation by capturing multi-marker effects within functional units and reducing the
dimensionality of genomic data. Single-marker GWAS and haplotype-based local genomic
estimated breeding value (local GEBV) frameworks serve complementary purposes: GWAS is
primarily a confirmatory tool for individual large-effect loci with strong false-positive control via
kinship and structure correction, while local GEBV partitions polygenic signal across LD-defined

haplotype blocks and produces per-line, per-block breeding values that can be tracked across
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breeding cohorts (Voss-Fels et al. 2019; Tong et al. 2024; Yadav et al. 2026; Roy et al. 2025).
Local GEBVs, computed for individual haplotype blocks rather than the whole genome, enable
both the identification of regions contributing modestly but consistently to resistance and the
tracking of how selection has shaped haplotype frequencies at these regions across breeding cycles
(Bernardo 2014).

Despite this convergence of long-term phenotypic resources and genomic tools, a critical gap
remains: to our knowledge, no study has combined decades of coordinated FHB nursery data with
haplotype-level genomic analysis to track the actual allele frequency changes that underlie
breeding progress. Previous genetic gain analyses in wheat have quantified phenotypic trends over
time (del Blanco et al. 2003; DePauw et al. 2011) or examined genomic architecture at a single
time point (Arruda et al. 2016) but have not integrated longitudinal phenotypic and genomic data
to characterize the evolutionary response to selection at the haplotype level. Major resistance genes
such as Fhbl have been widely introgressed via marker-assisted selection and have contributed
substantially to resistance gains in some breeding programs; however, their effectiveness can vary
across genetic backgrounds and environments, and the contribution of accessory minor-effect loci
remains poorly characterized (Anderson et al. 2001; Buerstmayr et al. 2020). Critically, two
fundamental questions remain unanswered: do the genomic regions targeted by selection maintain
stable associations with resistance across successive breeding cycles, and does directional
selection at these loci erode genetic diversity? While broad studies of modern wheat have
suggested that intensive breeding does not necessarily deplete overall genetic variation (Reif et al.
2005; Fu and Somers 2009), this has not been characterized specifically for polygenic FHB

resistance loci over time.
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Concurrent work by Brault et al. (2026) addressed the first question for three major FHB resistance
QTL (Fhbl1, FhbS, Fhb5AS) in this nursery system, demonstrating via allele-specific markers that
resistance allele frequencies increased over 30 years and contributed to phenotypic gains. The
present study complements and expands upon this foundation by deploying a genome-wide
haplotype-based local GEBV framework to capture the full polygenic architecture of FHB
resistance. This approach enables discovery of temporally stable resistance regions beyond the
known major QTL, formal classification of genomic block stability across breeding eras,
quantification of haplotype frequency trajectories genome-wide, and assessment of diversity
dynamics at resistance loci under selection.

The objectives of this study were to: (1) deploy a genome-wide haplotype-based local GEBV
framework to identify resistance loci and compare detection power against single-marker GWAS;
(2) identify haplotype blocks under directional selection and classify their temporal stability across
eras using a per-era validation framework; and (3) track haplotype diversity trajectories at
validated resistance loci to assess whether selection has eroded standing variation for FHB

resistance in Northern Plains wheat.

MATERIALS AND METHODS

Plant Material and Phenotypic Data

A total of 943 unique hard red spring wheat (7. aestivum) lines were evaluated across 33
consecutive years (1992-2024) in the Uniform Regional Nursery (URN) and Uniform Regional
Scab Nursery (URSN) coordinated by USDA-ARS. The dataset comprised 9,649 observations
collected across 22 field locations in the Northern Great Plains, representing 279 unique location

x year environments (mean of 8.5 locations per year, ranging from one in early years to 17 at
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peak). All nursery trials were inoculated with F. graminearum isolate mixtures using corn-kernel
spawn and mist-irrigated to promote disease development; F. graminearum macroconidial
inoculum was additionally employed at all URSN locations (Brault et al. 2025).
Six traits were evaluated: FHB disease index (DIS; the product of incidence and severity,
expressed as percentage), FHB incidence (INC; percentage of infected heads), FHB severity (SEV;
percentage of infected spikelets on diseased heads), visual scab kernel rating (VSK; percentage of
Fusarium-damaged kernels), deoxynivalenol concentration (DON; parts per million), and heading
date (HD; Julian days). DIS, VSK, and DON were analyzed for haplotype validation and diversity.
INC and SEV were analyzed for temporal trends. HD served as a negative control trait.
Seventeen check lines, present for seven or more nursery-years, were included (Table S2). These
comprised eight checks with a range from resistant to moderately susceptible (Alsen, BacUp,
Boost, Brick, Linkert, McVey, ND2710, and Rollag; mean DIS range 13.7-27.6) and nine
susceptible checks (2375, Chris, Keene, Marquis, MN00269, Norm, Roblin, Verde, and Wheaton;
mean DIS range 31.9-64.1).
Phenotypic observations were modeled in ASReml-R (Butler et al. 2017) with a single mixed
model: line, year, and location as random effects and nursery (URN/URSN) as a fixed effect to
absorb systematic between-nursery mean differences:

y jkl=p+n j+gi+y k+1 1+¢ ijkl (Eq. 1)
where n_j is the fixed nursery effect, g i~ N(0,0> g) the random line effect, e k ~ N(0,6° y) the
random year effect, | 1~ N(0,06? 1) the random location effect, and ¢ _ijkl the residual. Per-line
adjusted means from this model, formally BLUPs of the line random effect, referred to as per-
line adjusted means throughout, served as the phenotypic input to the haplotype validation,

frequency-tracking, and GWAS-comparison analyses. Line was fitted as random because the
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unbalanced 33-year testing pattern (mean 10.2 environments per line, strongly right-skewed)
makes BLUP shrinkage statistically advantageous over a fixed-line specification (Piepho et al.

2008).

Genotypic Data and Haplotype Block Construction

A subset of 699 lines from the nursery system were genotyped using the USDA-SoyWheOatBar-
3K multi-species SNP array, a custom Illumina platform containing 3,421 SNPs. Markers were
filtered for call rate, minor allele frequency, and heterozygosity, retaining 2,825 biallelic markers.
Genotyping data has been deposited in the Triticeae Toolbox (https://wheat.triticeactoolbox.org/).
Physical positions of SNP markers and haplotype block coordinates are referenced to the IWGSC
RefSeq v2.1 wheat reference genome assembly. Linkage disequilibrium (LD)-based haplotype
blocks were defined using pairwise r* between adjacent markers (Roy et al. 2025), grouping
markers into blocks when adjacent r*> exceeded 0.5. This process identified 1,631 haplotype blocks
across the wheat genome, with an average of 1.8 markers per block. Haplotype blocks were
assigned sequential numeric identifiers in the format b00001 through b01631, ordered by
chromosomal position. Unique dosage strings across markers within a block are referred to as
'haplotype classes.! Because the advanced wheat lines in this panel are largely inbred and
homozygous, these dosage classes closely approximate classical phased haplotypes, though
heterozygous states are retained as distinct classes for statistical completeness. Of the 1,631 blocks,
1,212 blocks (74.3%) contained a single marker, 256 (15.7%) contained two markers, and 163
(10.0%) contained three or more markers. Single-marker blocks resolve two primary parental
haplotypes, whereas multi-marker blocks can resolve up to 2k combinations (where k is the number
of markers). Within-block allelic configurations are summarized into a single dosage-weighted

local GEBV per line, which integrates the joint marker-effect signal across the block while
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collapsing the multi-allelic structure into a continuous scalar suitable for downstream regression

and frequency analyses.

Local Genomic Breeding Value Framework

The local GEBV approach used here is a population-genetics framework for haplotype-block-level
partitioning of marker-effect signal, distinct from genomic-selection prediction and from single-
marker GWAS. Following Voss-Fels et al. (2019), Tong et al. (2024), Yadav et al. (2026), and
Roy et al. (2025), marker effects are estimated once on the full panel via RR-BLUP, summed
within LD-defined blocks to produce per-line local GEBVs, and ranked by haplotype-effect
variance for downstream within-population validation. Validation is by per-era stratified
regression rather than out-of-sample prediction, consistent with the population-genetics objective
of characterizing temporal allele-frequency dynamics in a closed germplasm pool. Structure-
driven inflation of marker effects is controlled by the genome-wide ridge penalty rather than by an
external kinship matrix: the ridge spreads any joint-LD-block signal across correlated markers with
each individual coefficient shrunk in proportion to the joint information, preventing over-
attribution of phenotypic variance to any single marker (Yadav et al. 2026; Shaffer et al. 2025).
Marker effects for each trait (DIS, VSK, DON) were estimated genome-wide using ridge
regression best linear unbiased prediction (RR-BLUP; Endelman 2011) across all 699 genotyped
lines. Local GEBVs were calculated for each haplotype block by summing the RR-BLUP-
estimated marker effects within the block, weighted by allele dosage. Formally, the local GEBV
at block b for line 1 is
GEBV_ib=% (me€b)a_m x x_im (Eq. 2),

where 6._m is the RR-BLUP-estimated effect for marker m and x_im is the reference-allele dosage

in line 1 (coded 0/1/2). This summed-marker-effect quantity is the additive haplotype effect under
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the framework definition (Tong et al. 2024); equivalent per-allele formulations (Tong et al. 2024)
yield identical local GEBVs under consistent allelic coding.

For the directional selection analysis, lines were classified as carrying either the resistance or
susceptibility haplotype at each block based on the local GEBV distribution. The median local
GEBYV served as the classification threshold; for traits where higher values indicate susceptibility
(DIS, VSK, DON), lines with a local GEBV at or below the median were classified as resistant.
Consistent with local GEBV frameworks established for wheat (Tong et al. 2024; Shaffer et al.
2025), this binary classification collapsed multi-allelic haplotype variation into two classes based
on the aggregate marker effect.

Haplotype blocks were prioritized in two stages. In the discovery stage, blocks were ranked by the
variance of their local GEBV distribution across lines (top 20 per trait), following Voss-Fels et al.
(2019), Tong et al. (2024), and Yadav et al. (2026). In the validation stage, each candidate block
was tested by regression of phenotype on local GEBV with FDR correction (Benjamini-Hochberg
q < 0.05); the validated set reported in Table 1 comprises blocks passing the validation criterion,

not the highest-variance blocks.

Cohort Assignment and Era Definition

Each breeding line was assigned to a single cohort based on its first year of entry into the nursery
system (entry year). Four breeding eras were defined: Era 1 (1992-1999, n = 95 breeding lines),
Era 2 (2000-2007, n = 130), Era 3 (2008-2015, n = 175), and Era 4 (2016-2024, n = 284). Long-
term check cultivars (n = 17) were excluded from all era-cohort assignments but retained for

environmental calibration. The breeding population comprised 926 lines (Table S1).

Directional Selection Response at Haplotype Blocks

10
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For each of the 35 validated haplotype blocks, the binary resistance haplotype classification was
regressed on breeding era (coded 1-4) using logistic regression. This tests whether breeders have
systematically increased or decreased the frequency of resistance alleles at each locus over the 33-
year study period. Blocks were classified based on the logistic regression results: positive selection
(resistance frequency increasing, p < 0.05), purifying selection (resistance frequency decreasing,
p <0.05), or neutral (p > 0.05). All analyses excluded check lines.

To ensure these signals were robust to the temporal resolution of the predictor, a secondary logistic
regression was fitted for each block using entry year as a continuous variable. Concordance
between the era-based and year-continuous models was assessed to validate the observed selection

trajectories.

Drift Control Analysis

The absolute frequency change (|Afreq|, Era 1 to Era 4) at the 35 validated FHB resistance blocks
was compared against a null distribution of 200 non-associated blocks sampled genome-wide. Null
blocks were selected based on a non-significance threshold (Padj > 0.3) across all FHB traits and
classified using the same median-split approach applied to the experimental blocks. The magnitude
of frequency shifts was compared between the two sets using a Wilcoxon rank-sum test and a
permutation test (10,000 replicates) to determine if observed selection trajectories exceeded the

expectations of neutral genetic drift (Falconer and Mackay 1996; Walsh and Lynch 2018).

Per-Era Temporal Stability Validation

Haplotype block-phenotype associations were validated for temporal robustness following the
approach of Tong et al. (2025). Within each breeding era, local GEBVs, derived from the global

RR-BLUP model, were regressed on per-line adjusted means using only the breeding lines

11
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assigned to that cohort. This stratified validation tested the association of the local GEBV with
phenotype.

The top 20 blocks per trait (DIS, VSK, DON) were evaluated, encompassing 60 block-trait pairs
and 220 validation tests. Significance was determined using Benjamini-Hochberg FDR correction
(q < 0.05) within each trait-by-era combination. Blocks were classified into three stability
categories: Stable (validated in > 3 eras), Era-specific (validated in 1-2 eras), or Unvalidated
(validated in O eras). The Stable classification (validation in > 3 of 4 eras) requires significance in
at least one early-era cohort (n = 95 in Era 1) combined with replication across multiple later
cohorts, providing a temporal-replication test rather than a power test driven solely by the larger

FEra-4 cohort.

Haplotype Diversity Analysis

For each of the 35 validated haplotype blocks, the frequency of the resistance haplotype (p) was
calculated within each breeding era. Genetic diversity was quantified as expected heterozygosity
(He=2p(1 - p)), which is equivalent to Nei’s gene diversity (h) for biallelic loci (Nei 1978). While
He and polymorphism information content (PIC) are highly correlated in biallelic systems, He was
utilized to maintain consistency with established wheat diversity literature (Reif et al. 2005; Fu
and Somers 2009; Gill et al. 2025). Given the per-era sample sizes (n = 95-284), the small-sample
bias in He is negligible (correction factor n/(n—1) < 1.011) and was therefore omitted from the
final calculations. Mean He was averaged across blocks within each era to track the trajectory of

genomic diversity across the 33-year study period.

Genome-Wide Association Analysis and Block-Centric Comparison

12
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Genome-wide association studies (GWAS) were conducted for DIS, VSK, and DON using the
rmBLUP R package (Endelman 2011), with the first three principal components and a marker-
derived kinship matrix as covariates. The significance threshold was set at -logio(p) = 4.67 (0.05 /
n markers) as the Bonferroni corrected threshold and the suggestive threshold at -logio(p) > 4.0.

Following the block-centric framework of Roy et al. (2025), the top 20 haplotype blocks per trait
were categorized based on GWAS overlap. A block was classified as GWAS-supported if any
marker within its physical boundaries reached the suggestive threshold; otherwise, it was classified
as GWAS-missed. Per-block significance was determined by regressing local GEBVs on per-line
adjusted means, with Benjamini-Hochberg FDR correction applied per trait (q <0.05). Cumulative
phenotypic variance explained (R? cumulative) was estimated by sequentially adding validated
blocks in descending order of local GEBV variance into a multi-locus regression, rather than by
stepwise selection, to avoid inflation associated with data-driven variable selection (Whittingham

et al. 2006).

Statistical Software

All analyses were conducted in R (R Core Team 2024). Key packages included data.table (Dowle
and Srinivasan 2023) for data manipulation, rrBLUP (Endelman 2011) for RR-BLUP marker
effect estimation, ASReml-R (Butler et al. 2017) for mixed model analysis, and ggplot2 (Wickham

2016) for visualization.

RESULTS

Temporal Stability of Block-Phenotype Associations

13
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The per-era validation analysis tested 220 block-trait-era combinations, of which validation rates
varied by trait and era. After FDR correction, DIS yielded two Stable (validated in >3 eras), 12
Era-specific (1-2 eras), and six Unvalidated blocks (Figure 1). DON yielded one Stable, 12 Era-
specific, and seven Unvalidated blocks. VSK yielded no Stable, 10 Era-specific, and 10
Unvalidated blocks.

The two Stable DIS blocks were b00559 on chromosome 3B (12.4 Mb; mean R? =0.075, 3/4 eras
validated, consistent effect direction) and b01209 on chromosome 6A (240.3 Mb; mean R?=0.038,
3/4 eras validated) (Table S4). The single Stable DON block was b00562 on chromosome 3B (23.5
Mb; mean R? = 0.048, 3/3 eras validated, consistent direction). Block b00559 directly overlaps the
Fhb1/TaHRC region (Table S3).

The stability classification for block-trait pairs is shown in Figure 1, with supporting metrics (eras

validated, direction consistency, mean R?) in Table S4.
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Figure 1. Stability classification for all 60 block-trait pairs, colored by category (Stable, Era-specific, Unvalidated).

Directional Selection Response at Haplotype Blocks

Thirty-five haplotype blocks were validated for significant association with FHB resistance traits
through linear regression of block-level local GEBV on adjusted phenotypic values (at FDR <
0.05). These 35 validated blocks were subsequently tested for directional selection across breeding
eras. Of these, 12 showed significant positive selection (increasing resistance haplotype frequency
over time, p < 0.05), six showed significant purifying selection (decreasing frequency, p < 0.05),

and 17 were neutral (p > 0.05) (Table 1). No blocks reached complete fixation; all 35 maintained

segregating variation throughout the 33-year study period.

Table 1. Directional selection response at 35 validated FHB resistance haplotype blocks. Logistic
regression of binary resistance haplotype classification on breeding era (1-4). Categories:
Positive_selection (frequency increasing, p < 0.05), Purifying_selection (frequency decreasing, p < 0.05),

Neutral (p = 0.05). Full haplotype distributions are in Table S7.

Block

b00266

b00559

b00654

b00260

b00562

b01209

b00024
b01489
b01606
b00315
b00104
b01492
b01403

b00582

Chr

Chr2A

Chr3B

Chr3D

Chr2A

Chr3B

Chr6A

Chr1A
Chr7A
Chr7D
Chr2B
Chr1B
Chr7A
Chr7A

Chr3B

Trait

DIS

DIS

DIS

DON

DON

DIS

DIS
DON
DIS
DON
DIS
VSK
DON

DON

Freq
Era1

0.537
0.074
0.621
0.242
0.232

0.326

0.474
0.179
0.358
0.400
0.463
0.579
0.642

0.453

Freq
Era4

0.887
0.475
0.926
0.623
0.542

0.616

0.623
0.306
0.546
0.553
0.563
0.690
0.373

0.271

Afreq
0.350
0.402
0.305
0.381
0.311
0.290

0.150
0.127
0.188
0.153
0.100
0.111

-0.269

-0.182

16

P (era)

9.41e-13
6.66e-12
2.54e-10
5.24e-10
2.00e-09
3.15e-07

0.0019
0.0020
0.0042
0.0084
0.0394
0.0403
8.79e-07

0.0002

Category

Positive_selection
Positive_selection
Positive_selection
Positive_selection
Positive_selection
Positive_selection

Positive_selection
Positive_selection
Positive_selection
Positive_selection
Positive_selection
Positive_selection
Purifying_selection

Purifying_selection
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320

321

322

323

324

325

326

327

328

329

b00876
b01438
b00698
b01334
b00089
b01139
b01307
b01207
b01016
b01293
b00573
b00872
b01202
b00455
b01054
b00512
b00039
b00903
b00036
b01047
b01170

The strongest positive selection signal was observed at block b00266 on chromosome 2A (DIS;
53.7% — 88.7%, p = 9.41 x 1073; Table 1), followed by b00559 on chromosome 3B (DIS; 7.4%
— 47.5%, p = 6.66 x 107'?) and b00654 on chromosome 3D (DIS; 62.1% — 92.6%, p = 2.54 x
107'9). Block b00559, which directly overlaps the Fhbl/TaHRC region, showed a dramatic
increase from near absence (7.4%) in Era 1 to intermediate frequency (47.5%) in Era 4 (Figure 2).
Among the 12 positively selected blocks, seven were validated for DIS, four for DON, and one for
VSK, spanning chromosomes 1A, 1B, 2A, 2B, 3B, 3D, 6A, 7A, and 7D (Table 1). Six blocks
showed purifying selection (decreasing resistance frequency), five validated for DON and one for

VSK: b01403 (Chr7A), b00582 (Chr3B), b00876 (Chr4D), b01438 (Chr7A), b00698 (Chr4A),

Chr4D
Chr7A
Chr4A
ChréB
Chr1A
Chr5D
Chr6B
Chr6A
Chr5B
Chr6B
Chr3B
Chr4D
Chr6A
Chr3A
Chr5B
Chr3A
Chr1A
Chr5A
Chr1A
Chr5B
Chr5D

VSK
DON
DON
DON

DIS
VSK

DIS
VSK

DIS
DON
DON
VSK
VSK
DON

DIS
VSK
DON
DON
VSK

DIS
VSK

0.768
0.716
0.495
0.653
0.589
0.411
0.495
0.611
0.337
0.463
0.579
0.663
0.463
0.179
0.758
0.621
0.589
0.179
0.663
0.463
0.495

and b01334 (Chr6B) (Table 1).

0.634
0.609
0.394
0.482
0.715
0.518
0.609
0.535
0.282
0.560
0.489
0.743
0.553
0.176
0.761
0.634
0.620
0.208
0.697
0.496
0.507

-0.135
-0.107
-0.100
-0.170
0.125
0.107
0.114
-0.075
-0.055
0.097
-0.090
0.080
0.090
-0.003
0.003
0.013
0.030
0.029
0.034
0.033
0.012

17

0.0013
0.0107
0.0222
0.0280
0.0537
0.0624
0.0628
0.0884
0.0955
0.1055
0.2078
0.2594
0.2789
0.3458
0.5457
0.6363
0.6409
0.7769
0.9139
0.9702
0.9851

Purifying_selection
Purifying_selection
Purifying_selection
Purifying_selection
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
Neutral
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Year-continuous logistic regression strongly supported the era-based results. All 12 positively
selected blocks and all six purifying-selected blocks remained statistically significant (p < 0.05)

when entry year was used as a continuous predictor.
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x
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I
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1992-1999 2000-2007 2008-2015 2016-2024

Breeding Era

Figure 2. Resistance haplotype frequency progression across breeding eras for the 15 selected haplotype blocks. Color
intensity represents the frequency of the resistance haplotype in each era. Blocks are labeled with chromosome and
physical position.

Drift Control

The mean absolute frequency change (|Afreq|) at 35 FHB-validated blocks (0.134) was
significantly greater than at 200 non-associated control blocks (0.061), confirmed by both a
Wilcoxon rank-sum test (p = 9.72 x 10°) and a permutation test (p < 0.0001; 10,000 replicates)

(Figure S4).
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GWAS versus Haplotype Block Comparison

Single-marker GWAS identified four Bonferroni-significant and one suggestive association for
DIS and six Bonferroni-significant and one suggestive association for VSK, while no markers
reached significance for DON (Figure 3, Table S5). The strongest GWAS peaks for DIS were on
chromosomes 1D (210.3 Mb, —logie(p) = 6.26), 1A (422.3 Mb, 5.83), and 2A (55.9 Mb, 5.53). For
VSK, the same loci on 1D and 1A showed the strongest signals (—logio(p) = 10.9 and 10.7,
respectively).

Of the 35 FDR-corrected validated haplotype blocks (q < 0.05), 33 contained no internal SNP
reaching even the suggestive threshold (—logio(p) > 4.0; 95% non-overlap), demonstrating that the
per-block validation criterion identifies signals invisible to single-marker analysis at any standard
threshold, despite the same kinship- and PC-corrected GWAS being run on the same per-line
adjusted means. In contrast, direct per-block phenotypic regressions validated 14 of 20 DIS blocks,
13 of 20 VSK blocks, and 18 of 20 DON blocks at FDR < 0.05, even though the median strongest
single-marker signal within these blocks remained well below the Bonferroni threshold (median -
logio(p) = 1.2-1.6 vs. threshold of 4.67). The top 20 blocks jointly explained 12.0% (DIS), 18.5%
(VSK), and 14.2% (DON) of phenotypic variance when stacked sequentially (Table S5). GWAS
missed 95-100% of these blocks and 96-100% of their cumulative local variance (Figure 4, Table

S5 & S6).
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Figure 3. Genome-wide haplotype-based local GEBV variance (top row) and single-marker GWAS -logio(p)
(bottom row) for (A) DIS, (B) VSK, and (C) DON. Horizontal lines mark the Bonferroni-corrected threshold (-
logio(p) = 4.67, dashed) and a suggestive threshold (-logio(p) = 4.0, dotted).
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Figure 4. Per-block phenotypic R? (local GEBV vs. DIS) for the top 20 haplotype blocks ranked by local GEBV
variance. Point size = local GEBV variance; color indicates validation status (FDR < 0.05). Block labels show

chromosome and physical position.

Haplotype Diversity Across Breeding Eras

Mean expected heterozygosity (He) at the 35 validated resistance haplotype blocks was essentially

stable across the four breeding eras: 0.438 (Era 1, n =95 lines), 0.447 (Era 2, n = 130), 0.454 (Era

3,n=175), and 0.439 (Era 4, n = 284) (Table 2). No blocks were effectively fixed (He <0.01) in

any era. Mean resistance allele frequency increased from 0.479 to 0.549 across eras (Table 2).

Table 2. Expected heterozygosity at 35 validated FHB resistance haplotype blocks across breeding eras.
Per-cohort assignment: only lines entering in each era are included.

Era N lines Mean p Mean He
1992-1999 95 0.4791 0.4379
2000-2007 130 0.5330 0.4466
2008-2015 175 0.5455 0.4538

21

Median He Min He Max He
0.4707 0.1365 0.4999
0.4830 0.2912 0.5000
0.4863 0.2841 0.5000
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2016-2024 284 0.5491 0.4387 0.4713 0.1370 0.5@07

DISCUSSION

Temporal Stability: Identifying Robust Markers

The per-era validation analysis provides a temporal stress test for block-phenotype associations,
distinguishing signals that are robust across decades from those that are era-specific. Only 5% of
block-trait pairs achieved Stable classification (validation in > 3 of 4 eras), underscoring the
difficulty of identifying temporally robust targets in a quantitatively inherited trait. The Stable
criterion is a temporal-replication test rather than a power test (Methods); cohort-size variation
across eras is therefore not the dominant determinant of the low Stable rate.

The three Stable associations: b00559 (DIS, Chr3B/Fhbl region), b01209 (DIS, Chr6A), and
b00562 (DON, Chr3B), represent the highest-confidence targets for marker deployment. It is
notable that two of the three Stable blocks map to chromosome 3B: b00559 directly overlaps the
Fhb1/TaHRC locus, and b00562 at 23.5 Mb may capture additional resistance variation in the
broader 3B region. The temporal robustness of the FhbI-region signal across breeding era cohorts
confirms that this major QTL has maintained its predictive relationship with phenotype throughout
the study period. Two non-exclusive mechanisms can generate this pattern: a stable biological
effect of the TaHRC resistance allele across genetic backgrounds, and sustained marker-assisted
selection on Fhbl diagnostics, which maintains the association by construction. The b00559
frequency trajectory (7.4% — 47.5%; Table 1) is direct evidence of the latter. Brault et al. (2026),
analyzing the same dataset with KASP-based major-QTL genotyping, partitioned the Fhbl effect

into resistance-allele, genetic-background, and genetic-trend components, finding a significant
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resistance-allele effect for DIS, VSK, and DON, supporting both mechanisms operating
simultaneously. Fhbl Era-specific associations should not be deployed as fixed MAS targets
without contemporary revalidation, but may contribute usefully to genomic prediction with

appropriate down-weighting.

Selection Response: Genomic Confirmation of Breeding Progress

The identification of 12 haplotype blocks under significant positive selection provides direct
genomic evidence that long-term phenotypic selection has translated into measurable allele
frequency shifts (Table 1). The drift control analysis (Figure S4) confirmed that frequency changes
at validated blocks significantly exceeded neutral expectations, attributing the observed shifts to
selection rather than drift (Falconer and Mackay 1996; Walsh and Lynch 2018).

The strongest positive selection signal was at b00266 on chromosome 2A (Table 1), a region
repeatedly involved in FHB resistance (Gervais et al. 2003; Semagn et al. 2007; Giancaspro et al.
2019). The second-strongest signal, at b00559 overlapping the Fhb1/TaHRC locus (Figure 2), is
consistent with the progressive introgression of Sumai 3-derived resistance documented by Brault
et al. (2026), who reported Fhbl frequency increasing from near zero in 1995 to approximately
59% in the URSN by 2024. Two analytical frameworks applied to largely overlapping data,
haplotype-based local GEBV (this study) and KASP-based major-QTL genotyping (Brault et al.
2026), detect the same Fhbl frequency trajectory, supporting the robustness of the signal to
analytical choice.

The six blocks under purifying selection were all associated with DON or VSK (Table 1), and
declining resistance frequency at these loci may reflect repulsion-phase linkage with favorable
agronomic alleles or hitchhiking effects, consistent with documented growth-defense tradeoffs in

wheat (Brown 2002; Kolb et al. 2001; Miedaner and Korzun 2012). The strong VSK-DON
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phenotypic correlation in this population is consistent with Gaire et al. (2022a), and the overall
progress in reducing disease severity mirrors trends observed in other North American winter

wheat nurseries (Gaire et al. 2022b).

Colocalization with Named FHB Resistance QTL

Physical comparison of the 35 validated blocks with formally designated FHB resistance genes
provides context for the observed selection signals.

Fhbl region (chromosome 3BS, ~12 Mb). Block b00559 (Chr3B, 12.4-14.0 Mb; Table 1)
directly overlaps the Fhb1/TaHRC locus, where a deletion mutation in the histidine-rich calcium-
binding protein confers Type II resistance (Su et al. 2019; Li et al. 2019). This block showed one
of the strongest positive selection signals in the dataset (Table 1) and achieved Stable classification
for DIS in the temporal validation analysis (Table S4). The near-absence of the resistance
haplotype in Era 1 followed by its increase to intermediate frequency aligns closely with the
KASP-based frequency trajectory of Brault et al. (2026), who reported FAb1 increasing from near
zero in 1995 to approximately 59% in the URSN and 38% in the URN by 2024. Brault et al. (2026)
further demonstrated that the phenotypic advantage of Fhb I+ over Fhbl— genotypes has narrowed
over time, consistent with the accumulation of minor resistance alleles in non-Fhb1 backgrounds,
a pattern our genome-wide haplotype analysis corroborated by identifying 11 additional loci under
positive selection beyond the Fib1 region. A second block on chromosome 3B, b00562 (23.5 Mb
on Chr3B; 2 markers), showed strong positive selection for DON and achieved Stable
classification (Table 1, Table S4). It is ~10 Mb distal to TaHRC and in low LD with b00559 in our
panel, supporting interpretation as an independent DON-resistance QTL rather than a tag for the

TaHRC haplotype. That b00559 was Stable for DIS and b00562 for DON is consistent with the
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pleiotropic effects reported for the Fhbl region on both disease spread and mycotoxin
accumulation (Buerstmayr et al. 2009; Lemmens et al. 2005).

Chromosome 2A resistance region. Two blocks mapped to chromosome 2A under strong
positive selection (Table 1). Block b00266 (244.6-507.9 Mb on Chr2A; 8 markers showed the
strongest selection signal in the dataset for DIS, and b00260 (82.0-86.9 Mb) showed strong
positive selection for DON. Chromosome 2A harbors QFhb.mgb-2A, mapped to ~600-620 Mb
(Giancaspro et al. 2019), distal to b00266 (244.6-507.9 Mb). The two are on the same chromosome
but in different physical intervals, suggesting either an independent Chr2A signal or a long-range
LD relationship our 3K density cannot resolve. Block b00260 (82.0-86.9 Mb on Chr2A; 5 markers)
overlaps the resistance interval of Gervais et al. (2003) and partially overlaps Semagn et al. (2007),
while b00266 (244.6-507.9 Mb) is more distal and not reported by either. The independent DIS
(b00266) and DON (b00260) signals at different Chr2A positions suggest the chromosome carries
multiple resistance determinants rather than a single pleiotropic locus.

Chromosome 3D. Block b00654 (Chr3D, 29.9-41.7 Mb; Table 1) showed the third-strongest
positive selection for DIS. Although no formally designated FHB gene maps to this interval,
chromosome 3D has been implicated in FHB resistance in multiple mapping populations
(Buerstmayr et al. 2009). That the resistance haplotype was already at moderate frequency in Era
1 suggests this region may harbor native resistance alleles that preceded the systematic
introgression of exotic sources such as Sumai 3, and the near-fixation by Era 4 indicates continued
selection has acted on this locus throughout the 30-year period.

Chromosome 5A (Fhb5 region). Block b00903 (Chr5A, 50.3-106.9 Mb) was validated for DON
but showed no directional selection (Table 1). The Fhb5 locus resides within this block in the

pericentromeric region of chromosome 5A (Xue et al. 2011; Steiner et al. 2019) and is associated
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with Type I resistance and anther extrusion. The low and stable frequency of the resistance
haplotype at this block indicates that Fhb5-region resistance has not been systematically selected
in this germplasm, consistent with the slower frequency increase for Fhb5 relative to Fhb1 reported
by Brault et al. (2026). Brault et al. (2026) also tracked a third QTL, Fhb5AS from PI 277012,
which showed stable frequency since 2010 and significant associations with DON reduction, a
pattern not directly captured by our haplotype framework but complementary to our genome-wide
results.

Chromosomes 6B and 4B (Fhb2 and Fhb4 regions). No validated blocks mapped to the Fhb2
core region on chromosome 6BS (~15-45 Mb; Cuthbert et al. 2007) or to the Fhb4 region on
chromosome 4BL (~640-650 Mb; Xue et al. 2010). Three blocks were validated on chromosome
6B, but all mapped to the long arm far from the 6BS location of Fhb2. This absence likely reflects
limited SNP coverage of these regions on the 3K array rather than an absence of these QTL in the
germplasm. Higher-density genotyping platforms would potentially detect selection signals at
these loci.

The colocalization results reveal a stratified architecture of resistance deployment. The Fhbl
region on 3BS has undergone the most dramatic frequency shift, from near absence to intermediate
frequency, consistent with active introgression. Chromosome 2A carries the strongest overall
selection signal across multiple resistance determinants. The 3D region shows near-fixation of a
resistance haplotype not linked to any named gene. In contrast, Fhb5-linked variation on 5A
remains at low frequency, and Fhb2/Fhb4 were not captured by the marker platform. This
heterogeneous landscape underscores the complementary value of targeted KASP panels for
named QTL (Brault et al. 2026) alongside the broader haplotype framework deployed here, which

identifies additional loci under selection that would be missed by targeted approaches.
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Haplotype-Based Detection of Resistance Loci Beyond GWAS Resolution

The block-centric comparison with single-marker GWAS exposes a fundamental limitation of
SNP-by-SNP analysis for dissecting polygenic FHB resistance. Of the top 20 haplotype blocks
ranked by local GEBV variance, GWAS failed to detect 95-100% across the three traits (Table S5,
Figure 4). The haplotype framework validated 14-18 blocks per trait (FDR < 0.05) that were
entirely invisible to single-marker analysis, while GWAS identified strongly tagged peaks on
chromosomes 1A, 1D, 2A, and 5D that did not overlap with any of the top haplotype blocks for
DIS. The two approaches thus recover largely non-overlapping fractions of the resistance
architecture.

The multi-marker composition of our validated blocks is not a byproduct of the discovery method;
it is its point. Multi-marker blocks (3+ markers) constitute only 10% of the 1,631 genome-wide
blocks but 88% of the top-60-by-variance set and 80% of the 35 validated blocks (an ~8-fold
enrichment; Fisher p = 6.5%107'7). These blocks dominate the top-hit set because the local GEBV
sums marker effects across the block, capturing the distributed within-block signal that single-
marker GWAS misses by construction. This is precisely the polygenic architecture that SNP-by-
SNP analysis fails to resolve (Roy et al. 2025; Sallam et al. 2020; Bernardo 2014). For single-
marker blocks, the local GEBV instead reduces to the genome-wide ridge-fitted marker effect,
itself shrunk and integrated with neighboring markers across the genome (Voss-Fels et al. 2019;
Tong et al. 2024). This pattern is consistent with Roy et al. (2025), who demonstrated that
haplotype-based local GEBVs captured disease resistance QTL in barley that single-marker
GWAS failed to detect, and with broader evidence that block-level aggregation recovers
biologically relevant signals missed by single-marker analysis in wheat and other crops (Brinton

et al. 2020; Venske et al. 2019). Shaffer et al. (2025) showed the same empirically: single-SNP
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GWAS (FarmCPU, BLINK) detected only the largest-effect QTL (VRS1) in barley row-type,
while local GEBV at the same stringency additionally identified VRS3, VRSS, and other annotated
loci. Yadav et al. (2026) further showed that haplotype-based variance partitioning captured ~80%
of total genetic variance for stripe rust resistance, with the SNP-only model recovering less and
the combined model adding only redundant information.

Critically, several of these GWAS-invisible blocks were also under significant positive selection
(Table 1), providing independent evidence that breeders have been selecting at these loci through
phenotypic evaluation. For example, b00036 (ChrlA, 44-52 Mb; 5 markers) had a validation
R? val = 0.070 for VSK (Table S5) as the joint signal across its 5 markers, while the strongest
single-marker GWAS -logio(p) within the block was only 0.98, consistent with single-marker
GWAS at moderate density failing to resolve a joint-marker signal that the haplotype framework
captures, rather than with structure-driven inflation (which our drift-control analysis empirically
rules out for the validated set). Similarly, b00654 (Chr3D, 30-42 Mb), discussed above as a region
harboring putative native resistance alleles approaching fixation, explained 4.8% of phenotypic
variance (Table S5) while remaining invisible to single-marker analysis. The validated blocks
jointly explained a substantial proportion of phenotypic variance (Table S5), yet GWAS missed
nearly all of it. From a breeding perspective, relying solely on GWAS-significant markers for
marker-assisted selection would target a small fraction of the available resistance architecture,
whereas the haplotype framework provides a more comprehensive set of validated, breeder-

actionable genomic targets (Table S5, Figure 4).

Diversity Maintenance: No Bottleneck Detected

At the 35 validated FHB-resistance haplotype blocks, expected heterozygosity remained stable

across breeding eras (Table 2), indicating that directional selection at these specific loci has not
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produced a local diversity bottleneck. Genome-wide diversity in this germplasm has been
characterized separately by Gill et al. (2025), who reported no reduction in genome-wide diversity
in North American spring wheat over a comparable period, consistent with our locus-specific
observation (Reif et al. 2005; Fu and Somers 2009).

The non-monotonic He trajectory, increasing from Era 1 to Era 3, then declining slightly in Era 4
(Table 2), is readily explained by the mathematical relationship between allele frequency and
heterozygosity. As initially low-frequency resistance alleles increased toward 0.5 under selection,
He necessarily increased. The slight Era 4 decline reflects alleles that have been pushed past 0.5,
beginning to reduce He as they approach higher frequencies. This is the expected population
genetic signature of a system undergoing sustained directional selection with alleles at varying
starting frequencies.

From a practical standpoint, the absence of fixation at any validated block means that all 35 loci
retain selection potential. Breeding programs should monitor frequency trajectories and consider
incorporating diversity metrics into parent selection, for example, by tracking haplotype
frequencies at validated resistance blocks and prioritizing crosses that increase resistance
haplotype frequencies, particularly at blocks where current frequencies remain low and the largest
selection response is attainable.

The haplotype-based local GEBV framework combines two analytical choices, block-level
aggregation of marker effects (vs single-marker testing) and ridge-shrinkage marker-effect
estimation (vs GWAS-style mixed models). Yadav et al. (2026) provide the cleanest
disentanglement of these contributions in wheat at comparable marker densities, demonstrating
that haplotype-based aggregation captures variance that SNP-only ridge regression does not, with

the marginal SNP contribution being negligible. Second, the stability classification can inform
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marker deployment decisions: Stable blocks (validated across > 3 breeding eras) carry the strongest
temporal evidence and are immediately deployable for active tracking and parent selection,
whereas Era-specific blocks should be revalidated in contemporary germplasm before being
assigned the same operational status. The per-era validation framework could be applied to any
long-term coordinated-trial system to assess whether genomic-selection marker effects remain
stable over breeding generations, distinguishing temporally-stable signals worth deploying as
fixed targets from era-specific signals that should be down-weighted or revalidated periodically.
Third, local GEBVs at validated blocks can guide complementary parent selection by identifying
lines with non-overlapping resistance haplotype profiles to maximize transgressive segregation
potential, an application formalized in the Optimal Haplotype Stacking framework of Villiers et
al. (2024), where selecting parent sets on haploblock-level breeding values maintains useful
diversity over long-term recurrent selection. For practical haplotype tracking in breeding nurseries,
the minimum marker set required to distinguish resistant from susceptible haplotypes depends on
the number of distinct haplotypes observed within a block and how many of them carry the
resistant classification (Table S7). In simple cases with one resistant and one susceptible haplotype,
flanking markers defining LD block boundaries plus at least one internal marker are generally
sufficient to confirm haplotype phase; blocks with three or more haplotypes or multiple resistant
haplotypes require genotyping all informative markers within the block. For the high-confidence
blocks identified here, existing 3K array markers serve this purpose, with the three Stable blocks
(b00559/Fhb1, b01209, b00562) ready for immediate tracking and Era-specific blocks
recommended for revalidation in contemporary germplasm before active deployment, while
diagnostic allele-specific PCR markers for major Fhb1 (Su et al. 2019) enable direct allele-specific

tracking. Finally, extending this analysis to agronomic traits from the same nursery system could
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clarify whether resistance-associated genomic regions carry yield or quality penalties. Brault et al.
(2026) found no yield penalty and even a positive association with grain yield for Fhbl and
Fhb5SAS alleles, suggesting linkage drag from Sumai 3-derived resistance has been effectively
broken. Integrating agronomic data with the haplotype framework would test for growth-defense

tradeoffs at additional loci beyond these three named QTL.

CONCLUSIONS

The companion study by Brault et al. (2026) documents three decades of phenotypic improvement
for FHB resistance in this nursery system; the present study characterizes the genomic architecture
and haplotype frequency trajectories underlying that progress. At the genomic level, 12 of 35
validated haplotype blocks showed significant positive selection for resistance alleles, confirmed
to exceed drift expectations by comparison with non-associated genomic regions. A
complementary GWAS comparison demonstrated that the haplotype-based framework captured
12-18% of phenotypic variance in blocks invisible to single-marker analysis, reinforcing the value
of block-centric approaches for polygenic resistance traits. The Fhbl region on chromosome 3B
showed the most dramatic frequency shift (7.4% — 47.5%), consistent with sustained
introgression of Sumai 3-derived resistance. Temporal stability analysis identified three block-trait
associations robust across multiple breeding eras, including the FhbI region, which represent the
highest-confidence targets for marker-assisted selection. Expected heterozygosity at resistance loci
remained stable over the study period, with no fixation events, indicating that standing variation
has been preserved and continued selection response is achievable, with the greatest gains
attainable at QTLs where resistance frequency remains low (Villiers et al. 2024). These results

provide a data-driven framework for integrating genetic gain estimation, haplotype tracking,
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temporal validation, and diversity monitoring into evidence-based FHB resistance breeding

strategies.
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TABLE AND FIGURE LEGENDS

Table 1. Directional selection response at 35 validated FHB resistance haplotype blocks. Logistic
regression of binary resistance haplotype classification on breeding era (1-4). Categories:
Positive selection (frequency increasing, p < 0.05), Purifying_selection (frequency decreasing, p
<0.05), Neutral (p > 0.05).

Table 2. Expected heterozygosity (He = 2pq) at 35 validated FHB resistance haplotype blocks
across breeding eras. Per-cohort assignment: only lines entering in each era are included.

Table S1. Cohort assignments: each line mapped to a single breeding era based on first nursery
entry year. Source: Manuscript TableS1 Cohort Assignments.csv

Table S2. Check line phenotypic summary across the 33-year testing period (17 checks, 8 resistant,
9 susceptible). Source: Manuscript TableS2 Check Line Summary.csv

Table S3. Per-era block validation detail: R?, p-value, and validation status for each block x trait
X era combination. Source: per_era validation_detail.csv

Table S4. Stability classification of haplotype blocks with supporting metrics (eras validated,
effect direction consistency, mean R? across eras). Source: stability classification.csv

Table S5. Block-centric comparison of haplotype framework vs. single-marker GWAS. Top 20
blocks per trait ranked by local GEBV variance. GWAS-supported = at least one marker within

block reached suggestive threshold (-log10(p) >= 4.0).
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Table S6. GWAS-significant and suggestive associations for DIS and VSK (Bonferroni and
suggestive thresholds).

Table S7. Directional selection response at 35 validated FHB resistance haplotype blocks.
Position gives the block span on the indicated chromosome; n SNPs is the number of markers
defining the block (see Methods). Logistic regression of binary resistance haplotype
classification on breeding era (1-4) yields P (era). Categories: Positive selection (frequency
increasing, P < 0.05), Purifying selection (frequency decreasing, P < 0.05), Neutral (P > 0.05).
Figure 1. Stability classification for all 60 block-trait pairs, colored by category (Stable, Era-
specific, Unvalidated).

Figure 2. Resistance haplotype frequency progression across breeding eras for the 15 selected
haplotype blocks. Color intensity represents the frequency of the resistance haplotype in each era.
Blocks are labeled with chromosome and physical position.

Figure 3. Genome-wide haplotype-based local GEBV variance (top row) and single-marker
GWAS -logio(p) (bottom row) for (A) DIS, (B) VSK, and (C) DON. Horizontal lines mark the
Bonferroni-corrected threshold (-logio(p) = 4.67, dashed) and a suggestive threshold (-logio(p) =
4.0, dotted).

Figure 4. Per-block phenotypic R? (local GEBV vs. DIS) for the top 20 haplotype blocks ranked
by local GEBV variance. Point size = local GEBV variance; color indicates validation status (FDR
< 0.05). Block labels show chromosome and physical position.

Figure S1. Check line DIS trajectories over 33 years. Absence of trend confirms environmental,
not genetic, variation.

Figure S2. Drift control: |Afreq| at FHB-validated blocks vs. non-associated blocks.
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