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Abstract

Characterizing the molecular mechanisms underlying disease symptom expression
has been used to improve human health and disease resistance in crops and ani-
mal breeds. Quantitative trait loci and genome-wide association studies (GWAS) are
widely used to identify genomic regions that are involved in disease progression.
This study extends traditional GWAS significance tests of host and pathogen marker
main effects by utilizing dual-genome reaction norm models to evaluate the impor-
tance of host-single nucleotide polymorphism (SNP) by pathogen-SNP interactions.
Disease symptom severity data from Fusarium ear rot (FER) on maize (Zea mays
L.) is used to demonstrate the use of both genomes in genomic selection models
for breeding and the identification of loci that interact across organisms to impact
FER disease development. Dual genome prediction models improved heritability
estimates, error variances, and model accuracy while providing predictions for host-
by-pathogen interactions that may be used to test the significance of SNP-SNP
interactions. Independent GWAS for maize and Fusarium populations identified sig-
nificantly associated loci and predictions that were used to evaluate the importance
of interactions using two different association tests. Predictions from dual genome
models were used to evaluate the significance of the SNP-SNP interactions that may
be associated with population structure or polygenic effects. As well, association
tests incorporating host and pathogen markers in models that also included genomic
relationship matrices were used to account for population structure. Subsequent
evaluation of protein—protein interactions from candidate genes near the interacting
SNPs provides a further in silico evaluation method to expedite the identification of

interacting genes.

Abbreviations: BLUP, best linear unbiased predictions; FER, Fusarium ear rot; GRM, genomic relationship matrix; GS, genomic selection; GWAS,

genome-wide association study; ipTM, interface predicted template modeling; LD, linkage disequilibrium; LRR, leucine-rich repeats; QTL, quantitative trait

locus; RLK, receptor-like kinase; SNP, single nucleotide polymorphism.
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environments.

1 | INTRODUCTION

Characterizing the molecular mechanisms that underlie the
expression of disease symptoms has been used to improve
our understanding of human health, accelerate the develop-
ment of new crop cultivars, and improve most domesticated
animal breeds. Identification of the genetic regions involved
in disease progression has benefited from the identification
of quantitative trait loci (QTLs) that are associated with
disease (Aguet et al., 2023). This has been particularly use-
ful for the selection of individuals within crosses between
well-characterized parental lines (Haley & Visscher, 1998;
Villanueva et al., 2004). An alternative experimental approach
to identifying markers that are predictive of phenotypes,
such as disease symptoms following pathogen challenge, uses
genetically diverse populations to provide data for genome-
wide associate studies (GWAS) (Wijmenga, 2021). GWAS
builds upon the genomic prediction framework to test for
the significance of marker effects with phenotypes of inter-
est, after accounting for similarity among the individuals
with observations (Visscher & Goddard, 2019; Yang et al.,
2010). GWAS uses DNA markers, often large panels of
single nucleotide polymorphism (SNP) markers, to identify
nucleotide or indel variants that are within or near genes
impacting the phenotypic expression of traits (Abdellaoui
etal., 2023). Incorporating individual variants and relatedness
estimates from genome-wide sets of markers into prediction
models has been used to improve predictions for binary and
quantitative traits, ranging from resistance to partial resistance
or tolerance (Crossa et al., 2017; Eller et al., 2008; Meuwissen
et al., 2001; Visscher et al., 2021; Yang et al., 2010).

Similar approaches with diverse pathogen populations have
also been used to identify regions of the genome that regu-
late disease and to predict pathogen virulence (Chen et al.,
2024; Demirjian et al., 2023). Most association studies and
prediction models target disease resistance in host popula-
tions, with very few studies evaluating pathogen virulence.
Even fewer simultaneously assess both sides of the pathosys-
tem, although this comprehensive approach can improve

Plain Language Summary

Breeding for disease resistance primarily uses large host plant populations to esti-
mate breeding values of certain plant genotypes. Combining DNA marker data from
both host and pathogen populations allows for the identification of markers and
genes that impact the progression of disease and those that interact to affect disease
severity. Additionally, by including pathogen genomic data into breeding models,
the accuracy of disease resistance and virulence predictions improves. This model

can also be applied to predict the success of host plant genotypes in novel pathogen

predictions for individuals and characterize genes linked
to disease development (Bartha et al., 2013; Bartoli &
Roux, 2017; Mirkle et al., 2021; M. Wang et al., 2018;
Zhang et al., 2021). When crop breeding programs artificially
inoculate diverse plant populations to screen for disease resis-
tance, a single pathogen isolate/genotype is typically used to
produce phenotypic scores of disease severity (Cooper et al.,
2019; Maschietto et al., 2017). However, natural pathogen
populations change from season to season, and different or
new pathogen genotypes may range in virulence on certain
host plant genotypes, leading to disease outbreaks in plant
genotypes thought to be resistant (Chitwood-Brown et al.,
2021; Singh et al., 2008). To develop more robust forms
of disease resistance, host-by-pathogen interactions may be
included in prediction models in the same way that environ-
mental data are included to predict genotype-by-environment
(G X E) interactions (Crossa et al., 2017; Jarquin et al., 2014;
Purcell, 2002; Tang et al., 2022).

Disease progression and severity are controlled by inter-
acting proteins produced by both host and pathogen genes;
markers near these resistance and virulence genes may be
identified with traditional GWAS. GWAS has been used to
identify markers that are physically near or in linkage dis-
equilibrium (LD) with genes regulating production of these
proteins. An extension of the GWAS single marker regression
model to incorporate host and pathogen marker effects, as well
as their two-way interaction, provides an approach to estimate
the statistical significance of host SNP by pathogen SNP inter-
actions. Identification of genes (or loci) that interact across
both organisms in a pathosystem would expedite the com-
parative or functional genomics methods that are often used
for this purpose. In many pathosystems, disease resistance
frequently occurs by a plant receptor identifying a matching
pathogen virulence factor and mounting a corresponding dis-
ease response—this method aims to detect loci that interact
in this manner. Models that incorporate genotypic data from
both host and pathogen populations were developed to pre-
dict changes in disease phenotype when specific combinations
of host and pathogen interact (Hudson, Resende et al., 2024).
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Here, we extend these prediction models to estimate the sig-
nificance of host and pathogen marker main effects, as well
as the importance of their interactions. These statistical tests
provided a short list of genes in LD with associated markers,
which facilitated the complex and time-consuming process
of quantifying the importance of protein—protein interactions
that may mediate disease development (Bryant et al., 2022;
Seong & Krasileva, 2021).

1.1 | Characterizing host-by-pathogen
interactions

We provide methods to identify interacting loci using the
Fusarium verticillioides (previously F. moniliforme Sheldon,
teleomorph Gibberella moniliformis Wineland) and Zea mays
L. (maize) pathosystem that causes Fusarium ear rot (FER)
disease in maize as an example by which other pathosys-
tems can be examined. Maize is grown in 165 countries
and is the second most widely grown and third most con-
sumed cereal on earth (Erenstein et al., 2022). FER is endemic
to all maize-growing regions worldwide and contributes to
significant yield losses through physical damage of ears or
the rejection of stored grains when the pathogen’s myco-
toxin contaminants are detected (Munkvold, 2003). Many F.
verticillioides isolates produce fumonisins (a group of myco-
toxins) as secondary metabolites, which are thought to be a
defense response against other competing microbes and her-
bivores (Picot et al., 2010; Proctor et al., 2006). Consumption
of fumonisin-contaminated maize causes deadly diseases in
livestock such as horses, pigs, and chickens and is a suspected
carcinogen in humans (Bucci & Howard, 1996). Variation in
pathogenicity is evident, with F. verticillioides surviving as
a hemibiotrophic pathogen that lives asymptomatically as an
endophyte of maize plants and seeds before certain conditions
induce a switch to pathogenic behavior and toxin production
(Bacon et al., 2008; Duncan & Howard, 2010).

Because multiple methods of infection exist and not all
are well characterized or fully understood, control of FER
is difficult with host genetic resistance being the most effec-
tive method in reducing FER (Holland et al., 2020; Hung &
Holland, 2012; Robertson-Hoyt et al., 2007). No fully resis-
tant maize genotypes have been discovered, and resistance
to FER ranges widely across maize genotypes and is consid-
ered to be a quantitative rather than a binomial trait (Clements
et al., 2004; Hung & Holland, 2012; Robertson et al., 2006).
Previous genomic prediction models using different maize
populations have shown that QTLs associated with resistance
primarily have small effects that differ across maize genotypes
(Robertson-Hoyt et al., 2006; Zila et al., 2013). Heritability
estimates for FER resistance range widely in the literature,
with data from natural infections typically presenting a lower
heritability when compared to estimates from controlled inoc-

Core Ideas

e Combining disease symptom phenotypes with
genome-wide DNA markers from host and
pathogen improves the accuracy of genomic
predictions.

* Including both host and pathogen populations
permits predictions of host, pathogen, and host—
pathogen interaction effects.

* Two-way genome-wide association study may be
used to identify host single nucleotide polymor-
phism (SNP) by pathogen SNP interactions and
may be used to expedite the detection of disease-
associated genes.

* Increased accuracy and efficiency of identifying
markers near host and pathogen genes can improve
disease resistance breeding efforts.

ulation experiments (Butoto et al., 2021; Mesterhazy et al.,
2012; Robertson-Hoyt et al., 2006). However, realized gains
in FER resistance for commercial maize varieties have been
lower than expected, and phenotypic variation in symptom
development and toxin production is evident across years and
among maize varieties (Parsons & Munkvold, 2012). GWAS
to determine loci associated with FER resistance have iden-
tified loci with small additive effects (1%-3%) on disease
severity (Zila et al., 2014). QTLs associated with FER symp-
tom development have not been confirmed molecularly and
have been difficult to validate with GWAS in other maize
populations (Holland et al., 2020; Robertson-Hoyt et al.,
2006).

In this study, we first used a dual-genome prediction
model incorporating genomic relatedness matrices (GRMs)
from both the host and pathogen populations along with
the covariance of host-by-pathogen interactions in a reac-
tion norm model to provide predictions of disease symptoms
that are associated with host resistance, pathogen virulence,
and each host-by-pathogen interaction. We then ran two inde-
pendent GWAS for the maize and Fusarium populations
to generate shortlists of significantly associated loci to test
the significance of marker interactions. Predictions for all
tested host-by-pathogen combinations were then combined
with marker calls for all significantly associated loci so that
analysis of variance (ANOVA) provided an additional test for
the significance of SNP main effects as well as their inter-
actions across organisms. To protect against biases caused
by population structure or polygenic effects, the SNP iden-
tified in the one-way GWAS was also incorporated in the
dual genome reaction norm model. Using both approaches
to evaluate all combinations of significantly associated loci
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identified SNP-SNP interactions across our maize and Fusar-
ium populations. Genes and corresponding proteins from
these SNPs were then identified and evaluated for their like-
lihood of involvement in pathogenicity and resistance by
searching the relevant literature. An additional in silico val-
idation step was performed by estimating the strength of
protein—protein interactions using the predicted protein struc-
tures from the amino acid sequences of these genes. While
results were promising, without molecular validations of these
proteins, this research should be understood as a proof of con-
cept for dual-genome interaction predictions that may be used
to focus comparative or functional approaches for identifying
interacting host and pathogen genes using real-world data.

2 | MATERIALS AND METHODS

2.1 | Overview

The diagram in Figure S1 outlines the steps involved in gen-
erating the phenotypic and genotypic data used to fit the dual
genome prediction models and identify markers significantly
associated with disease symptoms before evaluating the sig-
nificance of SNP-SNP interactions. Additional information
regarding genomic selection (GS) model design can be found
in Hudson et al. (2024).

2.2 | Host population

The maize population used in this study contained 158 vari-
eties, comprised of 113 sweet corn and 45 field corn varieties
that were selected to maximize genotypic diversity (Gage
et al., 2020; Hu et al., 2021; Peixoto et al., 2024; Rogers
et al., 2022). Twenty seeds of each genotype were sown in
three replicated blocks of the field trial to provide 30 ears of
suitable quality for disease inoculation and subsequent phe-
notyping of disease severity. The 30 ears of each variety were
harvested 21-24 days after 50% of the plants reached their
silking date. Ears from each variety were harvested and stored
at room temperature overnight prior to inoculation.

2.3 | Pathogen population

The Fusarium population consisted of 43 Fusarium isolates,
41 of which were F. verticillioides, and two of the isolates
could not be placed to species but formed an out-group clade
near to the F. verticillioides principal clade (Hudson et al.,
2024). The isolates were primarily sourced from the Agri-
cultural Research Service culture collection (NRRL) with
additional isolates provided by other researchers and collected
from the field in Florida. Isolates from the field were iso-

lated from plant material by sterilizing kernels and plating on
potato dextrose agar. Spore suspensions of each fungal isolate
were made by performing single spore isolations and growing
them on potato dextrose agar for 10 days at room tempera-
ture before adding four 1-cm plugs from the plate to 45 mL of
one-third strength potato dextrose broth that was shaken con-
tinuously for 5 days at 300 rpm. The spore suspensions were
then filtered through sterilized cheesecloth to remove the agar
and any mycelia. Suspensions were quantified and, depend-
ing on the concentration, diluted or concentrated to 5 X 103
spores/mL.

2.4 | Inoculations and incubation
Each set of 30 ears was divided into 10 sets of three, and
each set of three ears was inoculated with one of the Fusarium
isolates. This provided three replicates of the same variety-by-
isolate combination, where each variety was inoculated with
10 different isolates in a circular design (Huber et al., 1992).
Inoculation of maize ears with Fusarium isolates began by
surface sterilizing each ear husk with 70% ethanol and punc-
turing the ear through the husk with a sterile 18G needle to
a 2-cm depth or until impassible resistance was reached. The
needle used to puncture the ear was removed, and a second
needle, attached to a Prima Tech 5cc adjustable dose vacci-
nator, was inserted into the hole, and 0.75 mL of the spore
solution was dispensed into the wound. The needle was then
removed, and the ear was enclosed in a pre-labeled plastic bag
that was sealed to prevent contamination. Ears were stored in
a growth chamber with a 12:12 h light:dark schedule, and the
temperature was set to 30°C to provide conditions that were
near optimal for F. verticillioides growth (Samapundo et al.,
2005). Ears were incubated for 7 days, then removed from the
bag, husked, shanks and silks were removed, and any minor
damage to the ear not associated with the inoculation was
removed with hand shears. In cases where poor pollination
(<50%) resulted in a lack of kernels, severe physical dam-
age was caused by insects, or where additional infections were
seen and may have led to an inaccurate phenotype, the ear was
discarded.

2.5 | Phenotyping

Using the circular design, the 6794 potential variety-by-
isolate pairs were reduced to 1400 pairs for inoculations and
phenotyping of disease severity. Three ears provided repli-
cations for the host and pathogen combinations that were
observed. Disease severity was assessed by counting the
number of kernels with visual disease symptoms. Rather
than using the subjective scales (1-9) that have been used
in other FER studies, the number of infected kernels was
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used to provide a quantitative measure with a larger range
of values. Images of the entire surface of the unhusked
ear were also obtained for reviewing data points using a
custom-designed image acquisition machine called The Ear
Unwrapper (Hudson et al., 2023).

2.6 | Genomic data

The maize marker data were derived from two separate
sequencing projects. The sweet corn varieties were a sub-
set of a larger population that was resequenced (Hu et al.,
2021), assembled, and aligned to the reference B73 RefGen
v3 from MaizeGDB (Schnable et al., 2009) using Bowtie2
(Langmead & Salzberg, 2012) with variants called using Free-
bayes (Garrison & Marth, 2012). The field corn varieties
were obtained from the cyverse database, using the unimputed
HapMap 3.1.1 VCF files, which had used B73 AGP v3 as
the reference for variant calling (Qi Sun Zea mays haplotype
map) (Bukowski et al., 2018). SNPs from the two populations
were normalized using beftools v1.15 (Danecek et al., 2011)
“norm” function, and the “isec” function with the n = 2 option
was used to generate a list of SNPs that were present in both
files. The files were merged and then filtered using “view-R”
so they contained only the SNPs that were listed in the isec
output with 3.21 million SNPs retained. The resulting VCF
for all tested maize varieties was used to generate the marker
dosage data that were used to calculate a GRM with vcftools
using the “—012” option (Danecek et al., 2011).

The genomes of all Fusarium isolates were sequenced using
pair-end Illumina short-read sequencing and assembled de
novo using Spades (Bankevich et al., 2012) before align-
ing to the F. verticillioides 7600 reference genome assembly
(ASM14955v1). SNP calls from Freebayes were merging into
a single VCF file with vcftools. Variants were initially filtered
using Samtools (Li et al., 2009) quality filter of g > 20 to pro-
duce a total of 2.4 million SNPs. The VCF was then filtered
for alleles with minor allele frequency > 0.05 and genotypes
with >50% missing calls were removed (Gezan et al., 2021).
LD was calculated for both populations using PLINKv 2.0
(Chang et al., 2015; Purcell et al., 2007).

2.7 | Genomic relationship matrices

Marker data were used to derive similarity matrices for hosts
and pathogens that were incorporated into mixed models
as GRM. Following quality control, the maize marker data
from vcftools (0, 1, 2) were read into R and quality checked
using ASRgenomics (Gezan et al., 2021) with a minimum
minor allele frequency of 0.05 and the threshold for miss-
ing genotypes set to 50%. No additional SNPs were dropped,
so the total number was 154,000 for maize. The AGHmatrix

(Amadeu et al., 2016) package was used to produce the GRM
using the Van Raden method (VanRaden, 2008). The maize
GRM can be found in Figure S2.

For the Fusarium isolates, two different marker sets were
used to create a mapping file to identify the SNP used to cre-
ate the GRM. The mapping file used marker data from 2.4
million SNPs that were filtered using ASRgenomics with a
minimum minor allele frequency of 0.05 and the threshold for
missing genotypes set to 50%, which reduced the final number
of markers to 1.5 million. Those SNPs were further filtered in
PLINK v2.0 using the “haploid” option that was designed to
produce relatedness estimates for the 0/1 gene content cod-
ing of the male X chromosome (Druet & Legarra, 2020).
The PLINK-generated GRM was estimated using 386,000
Fusarium SNPs. The Fusarium GRM can be found in Figure
S3.

2.8 | Dual genome prediction models

The maize and Fusarium GRMs were combined to build a
host—pathogen similarity matrix (HPSM) for incorporation
into a reaction norm model described herein as the dual
genome prediction model. The dual genome prediction model
was fit to provide predictions of resistance for maize vari-
eties and virulence predictions for Fusarium isolates as well
as restricted maximum likelihood-derived variance compo-
nent estimates. Variance components were used to calculate
genetic parameters that approximate the relative importance
of host and pathogen main effects and their interactions. The
complete linear model was defined as follows:

where y;; is the vector of n phenotypic observations; u is
the overall mean lesion size; H; is the deviation of ran-
dom host effect for i maize varieties that are independent
and identically distributed following a normal distribution
with a mean of zero and a variance associated with host
effects, ~N(0,6%5); P; is the random pathogen effect of j
Fusarium isolate effects, ~N(O,62p); HPij is the random
interaction effect associated with the combination of host
i and pathogen j, ~N(0,6%p); and E, is the error associ-
ated with each individual maize ear, ~N(0,02 g)- The GRMs
for host and pathogen populations were then incorporated
in the linear models as variance/covariance matrices along
with the HPSM to account for similarities in interaction
effects.

The variance of genetic effects in models that incorpo-
rate relatedness among experimental treatments is associated
with genomic relationship matrices that connect observa-
tions using the correlation of host (Gy) and pathogen (Gyp)
effects rather than the design matrix that implies treatments
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are independent and unrelated. When GRMs replace design
matrices, this equates to observations that are normally dis-
tributed with a mean of zero and the GRM specifying the
covariance matrix of observations that are distributed with the
variance among genetic effects, ~N(0, G; ¢2,). For the host-
by-pathogen interaction effects, a reaction norm model was
used so that the covariance matrix describing the similarity of
each host and pathogen pair was estimated as the Hadamard
product (represented by “e”) of relatedness matrices Gy and
Gp. To obtain a covariance matrix that aligned the host-by-
pathogen interaction effects, the GRMs were expanded to
align host and pathogen pairs with their corresponding inter-
action, where Gyp = (ZyGyZy’) ® (ZpGp Zp’), and Z is the
design matrix used to align the host and pathogen treatment
levels of the relatedness matrix with the associated interac-
tion term (Crossa et al., 2022; Jarquin et al., 2014). Using
the reaction norm model, the best linear unbiased predictions
(BLUPs) were estimated for each maize variety, Fusarium
isolate, and each variety-by-isolate combination. The predic-
tions for any combinations of maize variety and Fusarium
isolate were calculated as the sum of the main effects and their
specific interaction.

2.8.1 | Genome-wide associations

A GWAS was performed for both the host (maize) and the
pathogen (Fusarium) to identify significantly associated loci.
Traditional GWAS analyses for host and pathogen were per-
formed using ASreml and ASRgwas (Butler et al., n.d.) in R
with the GRM included for maize (Gy) and Fusarium GRM
(Gp). The model used for association testing of the maize pop-
ulation’s 154,000 markers that remained after quality control
included the first three principal components to account for
population structure with random effects included to account
for Fusarium isolates and the maize-by-Fusarium interac-
tions. The model used for association testing of the Fusarium
population’s 386,000 markers that remained after quality con-
trol included the first four principal components to account for
population structure with random effects included to account
for maize varieties and the maize variety by Fusarium isolate
interactions. Using a threshold of 0.0005 for the p-values eval-
uating the significance of marker effects, 18 maize markers
and 28 Fusarium markers were identified. Associated mark-
ers were then filtered for collinearity prior to incorporation
as fixed effects in a linear model for evaluation using back-
ward selection. Backward selection of markers reduced the
set of candidate SNP to 14 maize markers and 19 Fusarium
markers (Table 1). Code and necessary files for a reduced
demonstration, including both association tests, are provided
in the Supporting Information called “R demo materials.”

2.8.2 | Tests of significance for host—pathogen
marker interactions

To assess the significance of the host and pathogen main
effects and marker interaction effects, we used two meth-
ods. Our first method used genomic relationships in each
marker prediction, potentially identifying markers fixed in the
host and pathogen populations and not separated from fam-
ily effects (Table S1). The host-by-pathogen BLUPs from
the reaction norm model were used as the response for a
two-way ANOVA. Each prediction for all observed host-by-
pathogen combinations was used as the dependent variables,
and allele dosages for each pair of markers identified in the
GWAS were used as the independent variables. The second
method incorporated the GRMs independently of the marker
predictions to account for population structure and eliminate
family effects (Table S2). This was done by fixing the marker
interaction effects and performing a Wald test on each pair
of markers. Each unique pair of host and pathogen markers
that were associated with disease severity from the one-way
GWASs was tested for significance in this manner. The marker
interactions and their corresponding significance values from
the results of the first method were visualized using a three-
dimensional Manhattan plot of significance (Figure 2A). This
plot is 14 x 14, as five Fusarium markers and one maize
marker were not predicted to significantly interact with any
other marker and were dropped. The gray plane represents the
significance level of 0.05 and peaks above that point are more
significant (lower p-value).

To visualize the marker interactions, the marginal means
of the interaction BLUPs were calculated to show the change
in predicted lesion size for each maize and Fusarium marker.
Each significant interaction was plotted to show the change in
resistance/susceptibility across significantly interacting SNP
pairs. Because maize is diploid, there are three options at any
given locus: 0, 1, and 2, where O identifies the reference allele,
1 is a heterozygote, and 2 identifies the alternate allele. As
Fusarium is haploid, there are only two options for a locus, 0
and 1, indicating reference or alternative allele, respectively.
The three maize marker options are on the x-axis, the pre-
dicted effect on lesion size is on the y-axis, and the Fusarium
markers appear as two different colored lines. Following a sin-
gle line (blue or red) across the x-axis estimates the effect of
one Fusarium SNP on three different maize nucleotide vari-
ants (0, 1, and 2). If the slope of the line is negative, maize
varieties with alternate alleles are predicted to be more resis-
tant to FER. Looking across the two lines at the same x-axis
point (or maize allele) shows the variant effect at the given
locus in Fusarium. Whichever line has a greater y-axis value is
predicted to be more virulent against the corresponding maize
variety.
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(Continued)

TABLE 1

The Plant Genome
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Nearest gene

p-value

Effect
5.85
3.98
5.90

Marker # Chromosome Position

10
NA

Fusarium marker

-W7MQ65-N1-acetylpolyamine oxidase

FVEG_11714
*FVEG_07235

0.000044
0.000545
0.000247
0.000052
0.000132
0.000535
0.000537
0.000375

2,974,539

NC_031682.1_1602078

NC_031681.1_2974539

*FVEG_13405-W7MVS1-Laccase

1,602,078
2,412,241

NC_031682.1_2412241

FVEG_13507

NC_031682.1_2647309

open

-W7MW 18-dTDP-glucose 4,6-dehydratase

*FVEG_16453

—5.23
-5.04

4.07
5.48
6.71

2,647,309
779,152

NA

NC_031684.1_779152

10

10

-W7MNU?9-beta-glucosidase

FVEG_08410

NC_031684.1_1938363

HUDSON AND BRAWNER

-W7MW76-Peptidase C14 caspase domain-containing protein

NA—similar to FPOA_00001-has helicase domain

1,938,363
19,023
30,294

NW_017387869.1_19023

17

14
NA

-W7MXZ5-Uncharacterized protein

NW_017387865.1_30294

FVEG_14068

13

Note: Nearest gene includes the coded protein and any predicted domains. Marker # refers to the three-dimensional Manhattan plot in Figure 2A. Asterisks (*) indicate genes likely involved in disease progression.

Abbreviation: GWAS, genome-wide association study; LRR, leucine-rich repeats; RLK, receptor-like kinase.

2.8.3 | Marker analysis

The locations of all significant markers were used to deter-
mine the nearest putative gene in both genomes. When
the marker was near two genes, both genes and their pre-
dicted function were included in the list of candidate genes
(Table 1). Due to the much larger genome size and fewer
SNPs in the maize marker set, only genes labeled as “high
confidence” and no transposable elements were listed for
the maize markers. If more than two genes were identi-
fied within 100 kb of the marker region, then the two
most likely to be involved in disease were included in the
list following a literature search or evaluation of structural
components. If no genes were found within 100 kb of the
marker, then the nearest marker was selected. Genes of
interest were then investigated for their potential involve-
ment in pathogenicity or disease resistance. First, a literature
search was used to determine if that gene had been previ-
ously identified as disease-related (a likely pathogenicity or
resistance factor for pathogen and host, respectively), giving
greater significance to studies containing molecular valida-
tions. Next, we performed a structural analysis of each protein
product to determine if the protein contained domains that
were known to be involved in pathogenicity or resistance.
Examples for plant resistance domains include nucleotide
binding sites, leucine-rich repeats (LRR), receptor-like kinase
(RLK), and coiled coil or toll/interleukin domains. For Fusar-
ium, we used SignalP to predict genes with signal peptides
and then EffectorP to predict effectors based on conserved
pathogenicity-related motifs. Pathogen genes that were not
predicted to be effectors were submitted to the pathogen—host
interaction database BLAST tool (PHIB-BLAST) to deter-
mine if similar sequences were associated with pathogenicity
in other pathosystems (Urban et al., 2022). Finally, pro-
tein sequences for each gene that was considered a probable
pathogenicity or resistance factor were used to predict their
structure using AlphaFold. The strength of the interaction
between each resistance and pathogenicity-associated pro-
tein pair was then estimated with AlphaFold-Multimer via
AlphaPulldown v0.30.7 (Yu et al., 2023).

3 | RESULTS

3.1 | Phenotypic data

The data, viewed as the average value of the replications
(range = 3-9 replications) for each unique host-by-pathogen
combination, were skewed to the right but normally dis-
tributed according to a Shapiro-Wilk test of normality,
producing a p-value = 0.071 (W = 0.999). Heritability esti-
mates produced from the dual genome selection model were
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0.25 for the host, 0.07 for the pathogen, and the proportion
of variance accounted for by the host-by-pathogen interaction
was 0.09. These estimates were slightly lower than an alterna-
tive GS model that used 50 Fusarium isolates (Hudson et al.,
2024) and were similar in magnitude to what has been found in
other dual genome prediction models (Bartoli & Roux, 2017;
Mirkle et al., 2021; M. Wang et al., 2018; Zhang et al., 2021).

3.2 | Population structure

The maize population consisted of two distinct clusters, as
shown in the principal component analysis plot (Figure S4A),
one cluster containing the sweet corn varieties and the other
cluster containing the field corn varieties. There was a third
grouping of three varieties, which were similar but dissim-
ilar to the other groups. This defined the K = 3 option
that was used to account for population structure in one-
way GWAS, which was reinforced by the screeplot (Figure
S4B). The Fusarium population also formed three clusters
(Figure S5A), although the grouping was not as well defined
as it was for maize. One cluster did show a potential pattern
of recently cultured isolates from the central and south-
ern United States (Florida, North Carolina, Nebraska, and
Tennessee). The Fusarium screeplot (Figure S5B) did not dis-
tinguish K = 3 as clearly as the maize screeplot; however,
it was the obvious minimum number and increasing K did
not result in discovery of novel loci that were not collinear.
Due to the selection of varieties to include a high level of
genetic diversity in the maize population, the analysis of LD
revealed an average > = 0.34 and 14 kb between each SNP
with the LD decay decreasing slowly to reach > < 0.2 at
750 kb.

3.3 | Host GWAS and pathogen GWAS

For both association studies (host and pathogen), the
Bonferroni-defined  significance  threshold  (Bonfer-
roni = 0.05/number of markers) did not identify any
markers to be associated with disease severity. When the
significance threshold was reduced (5 x 10> for host and
5 x 10~ for pathogen), 14 maize SNPs were associated with
FER (Figure 1A). The most significant marker, 6_61884169,
had a p-value of 1 x 107 (Table 1). In the pathogen GWAS,
19 Fusarium SNPs were associated with FER (Figure 1B),
the most significant of which was NC_031681.1_2974539
marker, which had a p-value of 4.4 x 10~ (Table 1). Overall,
the maize SNPs were more significantly associated with FER
than the Fusarium SNPs, as was expected with the lower
heritability estimate for fusarium.

3.4 | Host-pathogen interaction analysis
Table 1 presents all significant (and not colinear) markers
obtained from each single GWAS of host and pathogen. These
markers were tested for significant host-by-pathogen interac-
tions, and the results are displayed in Table S1. From the 14
maize SNPs and 19 Fusarium SNPs found to be associated
with FER, there were a possible 266 unique SNP interactions,
and 45 of these interactions were statistically significant (p-
value < 0.05) using the two-way ANOVA (Table S1). Of the
14 maize and 19 Fusarium SNPs, 12 of the maize SNPs and
15 of the 19 Fusarium SNPs were found to have a signifi-
cant SNP-SNP interaction. The dual-genome Manhattan plot
(Figure 2A) displays the 196 most significant SNP interac-
tions, 45 of which were significant and shown as peaks above
the gray plane, which indicates significance of 0.05. The
two most significant interactions identified a Fusarium SNP
(NW_017387869.1_19023) with no predicted gene within a
large distance (>10Kb) of the SNP.

Using the complete reaction norm model with SNP pairs
and their interaction included as fixed effects, 39 of the
tested 266 interactions were found to be significant (Table
S2). Between the marker combinations that were significantly
associated using both models, only four interactions were the
same and are highlighted in pink in Tables S1 and S2.

3.5 | SNP interactions

We plotted the change in predicted effect across both
maize and Fusarium variants for each predicted interaction.
Figure 2B shows the interaction plot of markers 6_154973451
(a putative LRR-RLK) in maize and NC_031677.1_654133
(a neutral ceramidase) in Fusarium. Figure 2C shows the
protein—protein interaction of these two proteins as predicted
by AlphaFold Multimer via AlphaPulldown. The interface
predicted template modeling (ipTM) score was 0.698 for this
interaction (ranging 0-1), and the predicted aligned error plot
is provided in Figure S6. The average ipTM score for all other
predicted interactions was 0.26.

4 | DISCUSSION

The modern cultivars of maize and wheat that provided the
foundation for the Green Revolution’s increase in global food
production were developed following intense selection for
disease resistance with no clear understanding of the inter-
actions between host and pathogen (Borlaug & Dowswell,
1995; Khush, 1999). Progress in developing controlled dis-
ease screening systems, genotyping, experimental design,
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FIGURE 1 Manhattan plots of one-way GWAS. (Top) Maize GWAS Manbhattan plot from the "standard" dataset. Dashed line indicating

significance = 5 x 107>, (Bottom) Fusarium GWAS Manhattan plot from the standard dataset. Dashed line indicating significance level = 5 x 1074,
Bzip, basic leucine zipper; dTDP, thymidine diphosphate; FER, Fusarium ear rot; LLR, leucine rich repeat; MAD, mitotic arrest development; NA,

not available.

imaging, and molecular phenotyping provides opportunities
to improve the accuracy of selection and accelerate the fix-
ation of beneficial alleles in breeding populations (Merrick
et al., 2021; J. Poland & Rutkoski, 2016; S. Ye et al., 2020).
Relationships between plants and microbes are controlled
by interacting proteins, whether that be symbiotic mutual-
ists or phytopathogenic attacks. Classically, plant resistance
(R) gene products that recognize the pathogen a/virulence
(avr) protein, the plant will mount a defense response, but

if the pathogen protein goes undetected, the disease can
progress (Biezen & Jones, 1998). However, protein—protein
interactions govern less specific interactions, such as general
plant cell wall receptors that mount a generalized defense
response when in contact with microbe-associated molec-
ular patterns. Quantitative disease resistance (QDR), such
as in FER, is thought to be controlled by a combination
of specific and general genetic interactions, but to what
extent each is responsible is still unknown. Using methods
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FIGURE 2

Interaction analysis. (Top left) three-dimensional Manhattan plot of the top 14 maize and Fusarium single nucleotide

polymorphisms (SNPs) identified by associating SNP with breeding value predictions. Significance is displayed as the —log (p-value); thus, the gray
plane at Z = 1.3 indicates a significance level of 0.05. Circled is the SNP-SNP (and protein—protein) interaction investigated in the top right and
bottom figures, between markers 6_154973451 and NC_031677.1_654133. (Top right) Interaction plot of the indicated markers. The maize
marker/allele is displayed as 0, 1, or 2, where 0 is identical to the reference, 1 is heterozygous to the reference, and 2 is homozygous alternate to the
reference. The haploid Fusarium marker is differentiated in colors such that 0 is blue and is identical to the reference and 1 is red and is alternate to
the reference. The Y is the predicted lesion size change following the interaction of a given combination of markers/alleles. (Bottom) The
protein—protein interaction structure of the gene products from the indicated markers. Green is the maize protein (GRMZM?2G174585—a putative
leucine-rich repeats [LRR]-receptor-like kinase [RLK]) and orange is the Fusarium protein (FVEG_12578—a neutral ceramidase).

such as the dual-genome model described here, any sta-
tistically significant combination of loci can be identified,
whether it be general or specific (Corwin & Klieben-
stein, 2017; Gou et al., 2023; J. A. Poland et al., 2009).
Identification of interacting SNPs provides a first step in
prioritizing genes for functional studies and providing and
understanding their function for improving disease resistance
in crops. We present this study as a methodology that can
be applied to a wide range of pathosystems, those with spe-
cific R—-avr gene interactions, and general defense-eliciting
protein—receptor interactions that contribute to QDR.

4.1 |

Moving from one-way to two-way
GWAS

Traditional single-genome GWAS facilitates the identifica-
tion of QTLs; however, they do not associate any allele,
SNP, or QTL with any other gene target, nor do they vali-

date the result. Molecular assays can validate the interaction
between individual protein—protein pairs but are time- and
resource-intensive and require the targets to be identified
previously. GWAS using diverse host and pathogen popula-
tions may be used to identify candidate genes and estimate
the significance of their interactions to prioritize functional
validation studies (Y. Wu et al., 2023). Our goal was to
use a sparse testing design to produce sufficient phenotypic
data to associate markers from the pathogen (Fusarium) and
markers from the host (maize) that indicate an interaction
between organisms occurring at two specific loci. We used
FER because it is a quantitative pathosystem and many studies
have found different alleles associated with disease resis-
tance and susceptibility (da Silva et al., 2022; Ju et al.,
2017; Lanubile et al., 2017; Liao, 2023; Liao et al., 2023;
Robertson-Hoyt et al., 2006; L. Wu et al., 2024). While we
identified markers and genes predicted to interact in the FER
pathosystem, the purpose of this manuscript is to demon-
strate the potential of the dual-genome prediction and GWAS
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as a process for identifying genes involved in disease resis-
tance and susceptibility. More phenotypic data from larger
populations will also be required before markers could be
used in applied breeding programs, and any protein—protein
interaction would be validated molecularly using methods
such as co-immunoprecipitation, pull-down assays, or yeast
two-hybrid systems.

Rather than evaluating all 154,000 maize markers by
386,000 Fusarium markers in a complete dual-GWAS, we
selected subsets of SNP from each to evaluate interactions in
SNP that had significant main effects. By only using the sig-
nificantly associated markers of each traditional GWAS, the
final interaction analysis required the evaluation of a 14 X 19
marker matrix describing 266 interactions rather than all
231 billion possible interactions. While modeling all possible
marker interactions is the optimal method to detect signifi-
cance, the computational power required is currently above
most, perhaps all, high-performance computing systems.

The estimated heritability of maize for the dataset was 0.25,
which was slightly lower than our previous estimate (0.29),
which used a Fusarium population that included other species
of Fusarium (Hudson et al., 2024). The other Fusarium
species typically did not produce disease symptoms, which
inflated the estimate of genetic variance and would likely have
biased association tests if the out-species were included in
the GWAS. This led to lower estimates of pathogen heritabil-
ity (0.07) and the proportion of variance accounted for by
host—pathogen interactions (0.09), which were 0.11 and 0.15,
respectively, when all isolates were included. The lower sig-
nificance values of markers in the pathogen GWAS compared
to the host GWAS reflect these genetic parameter estimates.
Also, the proportion of the significantly associated genes from
the Fusarium GWAS that were considered “likely related to
pathogenicity” was lower (43%) than the proportion of genes
from the maize GWAS that were considered “likely related
to disease resistance” (55%). Our previous GS models used a
10-fold cross-validation method to measure model accuracy,
resulting in accuracy rates proportional to the aforementioned
heritability estimates: host = 0.33, pathogen = 0.20, and host—
pathogen interaction = 0.31 (Hudson et al., 2024). Because
of this, it is likely that the proportion of the markers associ-
ated with pathogenicity or resistance is inflated, with fewer
genes being truly causal of the trait. However, the error vari-
ance declined from 67% and 85% in the individual host and
pathogen GS models, respectively, to 46% in the dual selec-
tion model that included both host and pathogen populations.
Improvements in model fit were achieved by including host,
pathogen, and host—pathogen interactions, which provided a
means to identify candidate genes near associated markers
within host and pathogen genomes and determine the signif-
icance of each SNP-SNP interaction. This novel approach
may increase the efficiency of disease resistance breeding
programs that are exposed to diverse pathogen populations.

4.2 | Alternative tests of association

Using the first association test method of associating the total
genetic value with SNP effects, all 266 marker interactions
were tested to determine their significance, noting these mark-
ers may be associated with structure or polygenic effects. This
resulted in 15 of the 19 Fusarium markers and 10 of the 14
maize markers providing significant (<0.05) interaction esti-
mates that are listed in Table S1 (all markers tested are in
Table 1). Quantile—quantile plots are shown in Figures S7
and S8 for Fusarium and maize, respectively. As association
tests using genetic effects from prediction models have been
shown to inflate the number of false positive associations,
an additional test that conditions on population structure and
polygenic effects by incorporating GRMs into the model was
used and results are presented in Table S2 (Yang et al., 2010,
and Abdellaoui et al., 2023). Examining both tests provides
a similar approach to what was recommended for family-
based association tests that utilized a two-step procedure to
identify associations with both among family and within-
family effects. Here, we discuss results from associations with
total genetic effects, which may be associated with population
structure or polygenic effects. Several of these interactions
were found to be significant for both association tests and
are of particular interest for further investigation, and meth-
ods to further prioritize these genes are discussed below. All
266 marker interactions were tested to determine their sig-
nificance using two different methods that differed in their
treatment of population structure and family effects. Results
from using the first method (Table S1) are often not repeatable
as association tests using genetic effects from prediction mod-
els as the response have been shown to inflate the number of
false positive associations. To reflect this potential, we used
a second method, which conditions on population structure
and polygenic effects by incorporating GRMs into the model,
and results are presented in Table S2 (Yang et al., 2010 and
a 15 years of GWAS paper). Examining both tests provides a
similar approach to what was recommended for family-based
association tests that utilized a two-step procedure to iden-
tify associations with both among family and within-family
effects (Beben et al., 2009; Laird & Lange, 2006). These
methods produced different results regarding which marker
pairs were significant, only four marker pairs being significant
in both models.

We did a cursory analysis of the predicted marker inter-
actions to determine if any were of particular interest by
identifying the alleles closest to each significant SNP and
searching the literature for pathological relevance. If the sub-
sequent allelic interaction was between two alleles that had
relevance to disease resistance or susceptibility, we further
explore the relationship using AlphaFold Multimer software
to predict the likelihood of two predicted proteins inter-
acting directly. This was done to provide an additional in
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silico method by which identification of trait-associated mark-
ers/alleles can be made more efficient and is not intended
to validate our results. This was done for the results pro-
duced using both association tests described above. It was
interesting to note that the most significant interacting
Fusarium marker from both association tests was located on a
non-chromosomal location, which was not associated with a
particular allele. It was also found in one of the four inter-
actions that were the same across the two association test
results.

Nearly 60 protein interactions were modeled using
AlphaFold Multimer, where the ipTM score range is 0-
1 and interactions below 0.6 are likely failed predictions,
scores 0.8 and higher represent high-quality predictions, and
values between 0.6 and 0.8 are a gray zone. The average
ipTM score of tested interactions was 0.28 but the highest
ipTM score of all tested predictions, 0.69, came from the
interaction between a putative LRR-RLK in maize and a neu-
tral ceramidase in Fusarium and is displayed in Figure 2C.
These two proteins are unlikely to physically interact, as
ceramidases primarily act intracellularly while RLKs act as
receptors on the outside of the cell. However, it is interesting
to note that while ceramides are associated with stress-
related responses and apoptosis, fumonisin acts to inhibit
ceramide synthase enzymes, preventing ceramidase enzymes
from performing their normal function and leading to an
accumulation of sphinganine and sphingosine, cytotoxicity,
and potentially apoptosis (Berkey et al., 2012; Parveen et al.,
2019; Stockmann-Juvala & Savolainen, 2008; Zhu et al.,
2023).

Because FER resistance is highly quantitative, the mark-
ers and genes identified in Table 1 and Tables S1 and S2
likely constitute only a small portion of many genetic fac-
tors that control FER disease severity. The above-described
marker interactions were used to identify nearby genes that
may produce interacting proteins that are involved in dif-
ferent phases of disease development. Compared to other
GWAS and GS models on FER, our populations were small
and although genetic diversity was high, the disease screen-
ing provided low heritability estimates as would be expected
when additional variation is accounted for by interactions
in linear models. However, the improvement in heritability
estimates, error variances, and model accuracy gained from
adding the pathogen population and the host—pathogen inter-
action matrix into the model suggests that accounting for
variation among pathogen isolates could improve predictions
from studies spanning environments or years where differ-
ent pathogen populations impact the host populations. As
well, incorporating similarities among varieties and isolates
in prediction models provides a means to connect different
controlled inoculation studies that use different varieties and
isolates.

S | CONCLUSIONS

This research was undertaken to provide a proof of concept
method with a real-world dataset that demonstrates the inte-
gration of disparate sources of data into a disease screening
program designed to develop crops with more durable forms
of disease resistance. Using genomic connectivity to com-
bine studies into larger populations may be used to generate
much larger phenotypic data points and may be used to opti-
mize the use of dual-genome models for disease resistance
breeding. For FER specifically, molecular validation of inter-
acting genes near QTLs and additional studies measuring
fumonisin production would provide additional practical util-
ity. Because high-throughput plant phenotyping and machine
learning tools continue to improve our ability to rapidly
acquire massive amounts of phenotypic data, disease screen-
ing platforms that improve in their ability to incorporate
these multi-omic data sources provide an approach to deliver
different forms of disease resistance to breeding programs.
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