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Abstract

Key message A total of 33 additive stem rot QTLs were identified in peanut genome with nine of them consistently
detected in multiple years or locations. And 12 pairs of epistatic QTLs were firstly reported for peanut stem rot
disease.

Abstract Stem rot in peanut (Arachis hypogaea) is caused by the Sclerotium rolfsii and can result in great economic loss
during production. In this study, a recombinant inbred line population from the cross between NC 3033 (stem rot resistant)
and Tifrunner (stem rot susceptible) that consists of 156 lines was genotyped by using 58 K peanut single nucleotide poly-
morphism (SNP) array and phenotyped for stem rot resistance at multiple locations and in multiple years. A linkage map
consisting of 1451 SNPs and 73 simple sequence repeat (SSR) markers was constructed. A total of 33 additive quantitative
trait loci (QTLs) for stem rot resistance were detected, and six of them with phenotypic variance explained of over 10%
(gSR.A0I-2, gSR.A0I-5, gSR.A05/B05-1, gSR.A05/B05-2, gSR.A07/B07-1 and gSR.B05-1) can be consistently detected in
multiple years or locations. Besides, 12 pairs of QTLs with epistatic (additive X additive) interaction were identified. An
additive QTL ¢gSR.A01-2 also with an epistatic effect interacted with a novel locus ¢gSR.B07_I-1 to affect the percentage of
asymptomatic plants in a row. A total of 193 candidate genes within 38 stem rot QTLs intervals were annotated with func-
tions of biotic stress resistance such as chitinase, ethylene-responsive transcription factors and pathogenesis-related proteins.
The identified stem rot resistance QTLs, candidate genes, along with the associated SNP markers in this study, will benefit
peanut molecular breeding programs for improving stem rot resistance.

Introduction interspecific hybrid crossed between two diploids, A. duran-

ensis (A genome) and A. ipaensis (B genome), which origi-

Stem rot disease, caused by the fungus Sclerotium rolfsii, is
an important disease leading to yield loss to many impor-
tant crops including cultivated peanut (Arachis hypogaea L.)
(Punja 1988). Cultivated peanut is an allotetraploid (AABB,
2n=4x=40) derived from the chromosome doubling of an
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nated from South America (Bertioli et al. 2016). Peanut is
mostly grown in tropical and subtropical regions in the world.
Relatively high heat and humidity of those regions bring
great challenges for peanut production. The typical yield loss
caused by stem rot in peanut is approximately 10%, but it
could reach up to 80% under favorable disease developing
conditions (Kokalis-Burelle et al. 1997). In the USA, the eco-
nomic loss of this disease affecting peanut production reached
up to 59.7 million dollars in 2015 (Little 2015). Fungicide
application and crop rotation are necessary for controlling
stem rot disease, but at the cost of additional labor, manage-
ment and environmental contamination. The use of stem rot
resistant cultivars is an effective way to reduce yield loss
caused by this disease (Anco 2017). Yet, most peanut cultivars
do not possess high resistance to stem rot, and currently no
source with immunity to stem rot has been identified.
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QTL mapping is a powerful tool for dissecting genetic
components controlling the expression of desirable traits
or to develop molecular markers linked to the traits, which
can be used for marker assisted selection (MAS) in breed-
ing programs (Morrell et al. 2012). Many QTL mapping
studies on resistance to stem rot disease, though caused by
different fungal species, have been reported in several leg-
ume species, such as common bean (Mamidi et al. 2016;
Vasconcellos et al. 2017) and soybean (Vuong et al. 2008;
Zhao et al. 2015). In peanut, Bera et al. (2016) reported
one QTL for stem rot resistance using a sparse linkage map
based on 12 SSR markers in an F, segregating population.
Besides, Dodia et al. (2016) identified three SSR markers
linked with stem rot resistance based on bulk segregation
analysis (BSA). However, the stem rot resistance QTLs/
markers identified in these studies were based on fewer than
60 SSR markers and highly heterozygous mapping popula-
tions, which led to large genomic intervals harboring the
resistance QTLs making it hard to define candidate genes
for further genetic analysis. Furthermore, the limited number
of SSR markers was screened through different populations,
which limited their further applications in breeding pro-
grams using materials of different genetic backgrounds. So
far, most QTL mapping studies were focused on the additive
effects of the genetic components, while other genetic effects
such as epistasis and genetic X environment interaction were
not fully addressed. Epistatic effect plays a significant role
in determining phenotypic traits (Bocianowski 2013; Mon-
nahan and Kelly 2015). Typically, host resistance to fungal
invasion involves a series of genes in the defense pathways
(Van Loon et al. 2006). Epistatic effects could be an impor-
tant component in the disease resistance phenotype and thus
should be taken into consideration in QTL mapping studies.

With the rapid advancement of high-throughput gen-
otyping technologies, SNP array and next-generation
sequencing (NGS)-enabled genotyping methods have
greatly facilitated linkage analysis and QTL mapping in
crop species (Rasheed et al. 2017). For instance, Zhou
et al. (2014) constructed a high-density linkage map for
cultivated peanut based on SNPs called from NGS. A 58 K
SNP array in peanut called “Axiom_Arachis” was released
(Clevenger et al. 2017; Pandey et al. 2017), which has been
used to map disease resistance QTLs (Chu et al. 2019).
The availability of genomes of both diploid peanut ances-
tors (Bertioli et al. 2016) and the cultivated peanut at Pea-
nutBase (peanutbase.org; Bertioli et al. 2019) and Peanut
Genome Resource (peanutgr.fafu.edu.cn; Zhuang et al.
2019) further facilitated researchers to efficiently map and
discover genes of interest. For example, Jogi et al. (2016)
identified a set of differentially expressed genes (DEGs)
in four peanut cultivars with different stem rot resistance
levels at 4 days post-inoculation using RNA sequenc-
ing. These genes are of great value for understanding the
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molecular responses of peanut plants to stem rot disease
infection. However, since this RNA-seq experiment was
conducted once in a growth chamber to investigate early
plant—pathogen interactions, it may not have captured all
the genes responsible for the resistance, especially those
functional genes responding to disease infection in a field
environment. In addition, some disease resistance genes
are not differentially expressed during pathogen infection
and thus would not be identified in the DEG pool. Even if
the critical disease resistance genes were in the DEG pool,
if there is no genetic sequence variation among germ-
plasm accessions on or near the gene sequences, mark-
ers could not be designed according to these genes for
marker assisted selection (MAS) in breeding. QTL map-
ping approach based on a high-density genetic map using
multiple-year and multiple-location data can overcome
these limitations and be helpful to identify key markers/
genes for stem rot resistance.

The objectives of this study are to (1) phenotype the stem
rot disease of a RIL population derived from a cross between
a stem rot resistant peanut line NC 3033 and a susceptible
cultivar Tifrunner (Beute et al. 1976; Holbrook et al. 2013;
Holbrook and Culbreath 2007) at multiple locations and in
multiple years; (2) identify additive and epistatic QTLs and
evaluate QTL X environment interactions controlling stem
rot resistance in a peanut; and (3) identify stem rot resistance
candidate genes within QTL intervals. The stem rot resist-
ance QTLs and genes identified in this study can be utilized
by peanut researchers and breeders to further genetically
characterize the stem rot resistance and to develop markers
for MAS of stem rot resistance in peanut breeding programs.

Materials and methods
Mapping population, treatment and phenotyping

The mapping population consisting of 156 RIL lines was
developed by crossing NC 3033 (stem rot resistant) and Tif-
runner (stem rot susceptible). Briefly, F4-derived generation
of this population was planted in Citra, Florida (2013), then
F; and Fy at Marianna, Florida (2014 and 2015), respec-
tively, and F¢, F; and Fg at Tifton, Georgia (2013-2015),
respectively, with two replications following a randomized
complete block design with each block as one replication.
Each year, plots were planted after 2 years of cotton and
fields were prepared using standard tillage including mold-
board tillage followed by disk harrowing. To minimize
the impact of leaf spots, the fungicide program consisted
of chlorothalonil-based fungicides applied at labeled rates
every 2 weeks beginning about 30 days after planting and
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continuing for eight sprays. It is known that chlorothalonil-
based fungicides did not affect S. rolfsii (Culbreath et al.
1995).

For the experiments conducted in Tifton, Georgia (GA),
the field used for stem rot study was fumigated by injecting
100% chloropicrin (336 kg/ha) in the soil and covered with
a plastic tarp for 7 days before planting. One highly virulent
strain of S. rolfsii isolate (SR-18) was used for field inocula-
tion. The mycelium was transferred to potato dextrose agar
(PDA) plates and incubated for 2 days at 25 °C under light
before the inoculation. PDA plugs were taken from the edge
of the colony with a cork borer (1 cm in diameter). Two
months after planting, approximately 8—10 healthy plants per
plot were flagged and inoculated with the PDA plugs. Extra
care was taken to place the PDA plug at the base of the plant
with the mycelium in direct contact with the crown of the
plant. Irrigation was applied before inoculation and for 2—-3
consecutive days afterward. Disease rating was taken after
plants were dug out and inverted (root of the plant was up
and canopy was down) at harvest (130-150 days after plant-
ing, DAP); each marked plant was individually rated visu-
ally on a 0-10 scale for stem rot susceptibility where 0 =no
disease symptoms; 1 =one or two small lesions (less than
0.7 cm in length) in crown area; 2 =one or more elongated,
larger lesions (larger than 0.7 cm) in crown area; 3 =more
lesions (typically more than five lesions) in the crown area;
4 =the entire crown area is girdled by lesions; 5 =the entire
crown area is girdled and one branch is killed by the dis-
ease; 6 =up to 20% of the entire plant (stem, leaves, crown
area, roots, pegs and pods) is colonized by the disease;
7=21-40% of the entire plant is colonized by the disease;
8=41-60% of the entire plant is colonized by the disease;
9=61-80% of the entire plant is colonized by the disease;
and 10=81-100% of the entire plant is colonized by the
disease.

For the experiments conducted in Florida (FL), stem rot
fungal inoculum was prepared from two different sources:
(1) S. rolfsii isolate SR-18 and (2) S. rolfsii isolate LE948
from Dr. Dufault (Khatri et al. 2017). To prepare the inocu-
lum, the fungus was grown in petri dishes and then used
to inoculate multiple autoclaved flasks with cracked corn
and wheat for fungus increase at room temperature for 3
months, which were shaken daily for homogenizing. For
inoculation, two different methods: point inoculation and
broad spreading inoculation, were used. To provide a con-
ducive environment for disease development, inoculation
was conducted about 60 days after planting (DAP), when
the canopies of the two rows of peanut plants were lapping.
For point inoculation, in the middle of one row of each plot,
a hole of 1 inch in depth in soil was made by pencil and 5
grams of each source of inoculum was buried in the hole.
For each source of inoculum, two points of inoculations
were conducted with 2 feet apart and marked with colored

flags to label the site of inoculation and to differentiate dif-
ferent isolate source (blue flag for isolate LE948 and white
flag for isolate SR-18). Therefore, in each row of the plot,
four point-inoculations were conducted with two for each
inoculum source per row. For point-inoculation phenotyp-
ing, the distance from the point of inoculation to the edge
of disease progression was measured as disease index for
each inoculation point. For broadcast inoculation method, 25
grams of inoculum of isolate LE948 was carefully spread on
top of the canopy of the other row of each plot followed by
shaking the canopy to allow the inoculum to fall to the soil.
The disease severity was rated for both plant canopy (above
ground) and root (underground) visually in 2013 experi-
ment. In 2014 and 2015, the incidence of diseased plants
per foot was recorded. Based on symptom development, the
disease ratings were measured at 105 DAP in 2013; three
times in 2014: 116 DAP, 140 DAP and at harvest after plants
were dug and inverted (144 DAP); and two times in 2015:
126 DAP and at harvest after plant were dug and inverted
(137 DAP).

The phenotypic data from FL experiments with broad-
cast inoculation were denoted as B followed by year in two
digits and point inoculation with two isolates were denoted
as “WEF” (for isolate SR-18) and “BF” (for isolate LE948)
followed by year in two digits. Ratings on plants above
ground and underground were denoted as “BA” and “BU,”
respectively. In addition, multiple times of ratings (three and
two times in 2014 and 2015, respectively) were conducted
and the datasets were differentiated by “_” followed by a
number (Table S1). The data from experiments in GA with
disease score and percentage of asymptomatic plants were
denoted as “SC” and “PCT,” respectively, followed by years
in two digits (Table S1). Therefore, in total, 24 sets of phe-
notypic data were collected, including 18 sets (BF13, BA13,
BU13,B14_1,BF14_1, WF14_1 B14_2, BF14_2, WF14_2,
B14_3, BF14_3, WF14_3, B15_1, BF15_1, WF15_1,
B15_2, BF15_2 and WF15_2, Table S1) of data from the
FL experiments and 6 sets (SC13, PCT13, SC14, PCT14,
SC15 and PCT15) of data from GA.

Statistical analysis of phenotyping results

The distributions of the 24 sets of phenotypic data were
tested by Shapiro—Wilk test (Shapiro and Wilk 1965). The
distribution of dataset with P> 0.05 after Shapiro—Wilk test
was considered normally distributed. The phenotype distri-
bution was plotted using “ggplot2” package in R (Wickham
2016). Correlation coefficients among the 24 datasets and
their statistical significance were tested by Spearman cor-
relation (Zar 2005). The nonparametric Kruskal-Wallis one-
way analysis of variance (ANOVA) was conducted for all
datasets to determine each factor’s effects on the disease
rating. For the datasets collected from GA, six
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Kruskal-Wallis one-way ANOVAs were conducted for fac-
tors of genotype, year and interaction of genotype and year
for both disease score and percentage of asymptomatic
plants (Table S2-1). For the datasets collected from FL, 19
Kruskal-Wallis one-way ANOVAs were conducted for data-
sets combined according to different year and inoculation
methods for multiple possible factors (Table S2-2) and 14
Kruskal-Wallis one-way ANOVAs were conducted for data-
sets combined according to different inoculation method
only (Table S2-3). The post hoc multiple comparisons were
conducted using Dunn’s Test with Benjamini-Hochberg
false discovery rate (FDR) adjustment (Benjamini and Hoch-
berg 1995; Dunn 1964). The heritability of ezach dataset was
estimated following the equation: h> = :‘02 , in which 0'5
o+
and 03 represented the genotypic variance ;nd residual vari-
ance, respectively, while the r stood for the number of rep-
licates. The variance of genetic effect and residual variance
were estimated using a generalized linear model in R soft-
ware (R Core Team 2015).

Genotyping and map construction

DNA of the parents and the 156 Fq.; RILs of the population
was extracted using the Qiagen DNeasy Plant mini kit® and
sent to Affymetrix for genotyping. SNP calls were curated
using the Axiom Analysis Suite Software® (Thermo Fisher
Scientific Inc. 2016) based on the clustering of data for the
entire population and the parents. Also included were 111
fluorescence tagged SSRs (Guo et al. 2012) previously geno-
typed for this population. All RILs were checked for segre-
gation distortion using a y° test and an expected 1:1 segrega-
tion ratio. Markers and RILs with more than 10% missing
data were removed as well as the RILs with more than 20%
heterozygote calls. A genetic map was constructed using
JoinMap v4.1 (Van Ooijen 2006) with a minimum logarithm
of the odds (LOD) of 3.0 and the Kosambi function.

QTL analysis

WinQTLCart v2.5 (https://brcwebportal.cos.ncsu.edu/qtlca
rt/WQTLCart.htm) software was used for mapping additive
QTL using the composite interval mapping (CIM) function
(Wang et al. 2012). The 24 datasets were input as individual
traits for the mapping. The QTLs were scanned with a walk-
ing speed of 1 cM, control marker number of 5 and window
size of 10 cM. Permutation analysis of 1000 times was used
to determine the significant LOD score threshold (¢=0.05),
and QTLs with a LOD score higher than this threshold were
accepted as significant QTLs (Churchill and Doerge 1994).

@ Springer

QTLNetwork v2.0 (ibi.zju.edu.cn/software/qtlnetwork)
was used to map QTLs with additive effect, epistatic effect
(additive x additive) and QTL X environment interactions
through a mixed model-based composite interval mapping
(MCIM) method (Yang et al. 2008). The 24 single experi-
ment datasets, 3-year combined data of disease score at
GA, 3-year combined data of percentage of asymptomatic
plants at GA, 2-year combined data (2014 and 2015) of
broadcast at harvest collected at FL and 2-year combined
data of point inoculation score at harvest at FL. were input
separately into the software for the mapping. The marker
interval analysis was used to scan QTL, and a two-dimen-
sional scan was used to find epistasis based on detected
QTLs and QTL interval interaction analysis. Finally,
Markov chain Monte Carlo (MCMC) algorithm was used
to estimate the QTL main additive effect, epistatic effect
and environment interaction effect (Wang et al. 1994). The
1000-time permutation analysis was used to determine the
critical (@ =0.05) F-value for QTL detection. The signif-
icance level of 0.05 was adopted for candidate interval
selection, putative QTL detection and QTL effects deter-
mination. For QTL detection, the testing window size,
walk speed and filtration window size were set as 10 cM,
1 cM and 10 cM, respectively.

QTL IciMapping v4.2 (http://www.isbreeding.net/
software/7type=detail&id=29) was further used to detect
additive QTL and epistasis QTL using inclusive compos-
ite interval mapping (ICIM) method (Meng et al. 2015;
Li et al. 2007; Li et al. 2008; Li et al. 2015). The single
experiment datasets and multiple-year combined datasets
used for QTLNetwork were inputted to QTL IciMapping
for scanning using BIP and MET function, respectively.
The mapping steps and P values for entering variables
(PIN) for additive QTL scan were set to 1 cM and 0.001,
respectively, while 5 cM mapping step and 0.0001 PIN
were used for epistasis QTL mapping. The LOD thresholds
for all QTL were determined by 1000-time permutation
(x=0.05).

The overlapped QTLs were identified from different
sets of phenotypic data or different software if the LOD
peaks of the QTLs were close on the linkage group and
their confidence intervals were overlapped to each other.
These overlapped original QTLs were then integrated
using QTL meta-analysis by BioMercator v4.2 to get non-
overlapping consensus QTL (moulon.inra.fr/index.php/fr/
seminairedoc/cat_view/21-logiciels/101-abi-project-and-
software/104-biomercator) (De Oliveira et al. 2014). The
variance of position of the overlapping QTLs was taken
into consideration to predict the most likely number of
QTLs in the overlapping region (Goffinet and Gerber 2000;
Sosnowski et al. 2012). The consensus QTLs after meta-
analysis were plotted on linkage groups using “circlize”
package in R (Gu et al. 2014).
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Discover candidate genes within stem rot resistance
QTL intervals

In order to reveal candidate gene for stem rot resistance
within the QTL regions, probe sequence of SNP markers
and primer sequence of SSR markers flanking the QTL were
positioned on the cultivated peanut reference genomes (pea-
nutbase.org, Bertioli et al. 2019) by BLAST analysis (Alts-
chul et al. 1990) with an e-value cutoff of 1e®. The positions
of the top hits on the reference genomes by the QTL flank-
ing markers, corresponding to linkage groups, were used
to define the QTL interval to search for candidate genes
(peanutbase.org). Gene models within the QTL regions
and with annotated functions related to disease resistance
were selected as stem rot resistance candidate genes. Spe-
cifically, genes with annotated functions such as chitinase,
wall receptor kinases, ethylene-responsive transcription fac-
tors, peroxidases, MYB transcription factors, pathogenesis-
related (PR) protein, nucleotide-binding site leucine-rich
repeat (NBS-LRR) proteins and Glutathione S-transferase
(GST) that are considered to be associated with biotic stress
response or pathogen infection were searched (Adrian and
Jeandet 2012; Marrs 1996; McHale et al. 2006; Rajyaguru
et al. 2017; Vasconcellos et al. 2017).

To test whether disease-related genes were enriched in
the QTL regions, a hypergeometric test was conducted using
Hypergeometric package in R (Johnson et al. 2005), which
takes into account the statistical significance of the number
of k resistance-related genes in QTL regions (out of total of
n genes in QTL regions) from the total of N genes in the
genome containing K resistance-related genes. The probabil-
ity of taking a resistance gene from QTL regions was

B

Phenotypic data analysis

The distributions of the 24 sets of phenotypic data varied,
and none of these datasets strictly followed a normal distri-
bution (Fig. S1, Table 1). Noticeably, the datasets collected
in early ratings were all left-skewed with the peak near zero
disease score, while the distributions of ratings at harvest
stage were closer to a normal distribution (Fig. S1). This
indicated that most lines were not infected or had not shown
symptoms yet at early disease rating time point.

Significant phenotype correlation (P <0.05) was observed
across most datasets (245 out of 276 experiment pairs)
for the RIL population (Table S3). Specifically, all the

disease symptom scores showed a high negative correla-
tion (|r|> 0.6, P<0.01) with the percentage of asymptomatic
plants among the datasets from GA. Furthermore, the dis-
ease symptom scores in different years showed high posi-
tive correlation with each other (J7|> 0.5, P<0.01), which
suggested the high reliability of this phenotyping method.
Moreover, all datasets from GA showed significant cor-
relation (P <0.05) with datasets in FL except some of the
early rating time points in 2014 and 2015 (B14_1, BF14_1,
WF14, 1 BF15_1, WF15_1). Their correlation coefficient
with early ratings was also lower than ratings at harvest in
FL. All the datasets from FL were positively correlated with
each other. The ratings at harvest in the same year showed
the highest correlation with each other (Jr|>0.6, P <0.01).

Kruskal-Wallis one-way ANOVA showed that significant
phenotypic differences (P <0.01) between genotypes were
observed in all datasets (Table S2). For broadcast inoculation
datasets in FL, there was a significant phenotypic difference
(P<0.01) between years and rating time points. In 2013, the
disease severity rated before digging on harvest date (BA13)
was significantly lower (P <0.01) than rating after digging
(BU13) on the same date. These results indicated that the
disease symptom was more visible after digging than before;
thus, rating after digging should be recommended for the
disease evaluation. For point inoculation, there was a sig-
nificant phenotype difference observed between different
rating time points, inoculums and years. Multiple pairwise
comparisons showed that phenotype rated at harvest was
significantly higher than earlier ratings (P <0.01). Moreover,
SR-18 inoculum consistently induced more severe disease
symptoms every year compared to LE948. For disease rat-
ing and percentage of asymptomatic lines in GA datasets,
significant phenotypic differences (P <0.01) were observed
between genotypes and between years. But the difference
between years was mainly caused by the 2015 dataset
because the dataset in 2015 is significantly lower and the
datasets from 2013 and 2014 were similar. These results
suggested that disease severity rating at harvest (preferable
after digging out the plants) using SR-18 inoculum is more
reliable for characterizing stem rot disease resistance.

Heritability calculated from disease scores in GA (SC13,
SC14, SC15) and disease rating at harvest in FL (B14_3,
BF14_3, WF14_3, B15_2, BF15_2, WF15_2) were rela-
tively higher than other datasets (averaging 74%), which
showed that phenotyping on disease severity, disease migra-
tion and occurrence number at harvest can capture the most
genetic variance and it is effective for stem rot symptom
phenotyping.

Stem rot resistance QTL detection

The linkage map consisted of 1524 markers (1451 SNP
markers and 73 SSR markers) (described in detail in
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Table 1 Statistics of 24 stem rot phenotypic datasets from all experiments

Experiment NC 3033 Tifrunner Mean Unit cvs Skewness Kurtosis Shapiro test P value Heritability®
BF13 1.00 1.00 0.62 Feet 0.84 0.24 -0.87 < 0.001 61.22%
BA13 5.00 7.00 16.20 Severity % 1.20 2.12 5.39 <0.001 46.19%
BU13 10.00 10.00 33.31 Severity % 0.90 1.00 -0.19 <0.001 42.07%
B14_1 3.50 0.00 1.13 Hits/foot 0.88 1.63 3.52 <0.001 19.22%
BF14_1 0.88 0.13 0.21 Feet 1.38 1.87 6.81 <0.001 34.97%
WF14_1 0.63 0.50 0.64 Feet 0.62 0.56 -0.48 <0.001 39.01%
B14_2 10.00 3.00 4.10 Hits/foot 0.69 1.11 1.01 <0.001 65.39%
BF14_2 1.63 1.00 0.75 Feet 0.94 1.15 0.80 <0.001 69.14%
WF14_2 2.25 0.63 1.30 Feet 0.55 0.54 —-045 <0.001 58.07%
B14_3 13.00 6.50 6.28 Hits/foot 0.54 0.69 -0.38 <0.001 72.94%
BF14_3 2.00 1.25 1.21 Feet 0.66 0.78 -0.03 <0.001 71.17%
WF14_3 2.38 1.50 1.75 Feet 0.42 0.12 -0.75 0.022 64.93%
B15_1 9.50 0.00 1.18 Hits/foot 1.33 2.82 9.76 <0.001 43.83%
BF15_1 0.00 0.02 0.17 Feet 1.93 3.04 13.02 <0.001 69.47%
WF15_1 1.79 0.56 0.70 Feet 0.84 1.09 3.59 <0.001 71.74%
B15_2 10.00 0.75 2.19 Hits/foot 1.33 224 5.05 <0.001 81.54%
BF15_2 2.50 0.63 0.56 Feet 1.32 1.73 2.20 <0.001 77.95%
WF15_2 2.75 0.88 1.28 Feet 0.68 0.41 -0.92 <0.001 78.03%
SC13 0.00 2.50 3.24 Score 0.69 0.79 3.02 <0.001 81.51%
PCT13 1.00 0.50 0.42 % 0.65 0.19 2.16 0.002 NA
SC14 4.03 7.02 3.25 Score 0.62 0.43 2.19 <0.001 73.94%
PCT14 0.27 0.00 0.42 % 0.62 0.18 2.08 0.007 NA
SC15 7.03 4.70 3.20 Score 0.53 0.72 3.00 <0.001 63.96%
PCT15 0.10 0.06 0.34 % 0.70 0.35 2.32 <0.001 NA

2The coefficient of variance

®The broad-sense heritability calculated for each experiment. NA Not available, the percentage of asymptotic of each line was calculated by aver-

aging all replicates; therefore, the heritability was not calculated

Chavarro et al. submitted). The 1524 markers were assigned
to 29 linkage groups spanning 3381.96 cM (Table S4).

In order to capture all possible genes involved in stem
rot disease resistance, all datasets were used for QTL
mapping. For additive QTL mapping, a total of 26, 14
and 41 original additive QTLs were detected by WinQTL-
Cart, QTLNetwork and QTL IciMapping, respectively
(Table S5). The average LOD threshold determined by
permutation was 3.57 (ranging from 2.98 to 4.79). QTLs
were detected in 19 out of the 24 single experiment
datasets except for B14_1, BF14_1, BF14_3, BF15_1
and WF15_2 by at least one software. The heritability
of B14_1 and BF14_1 was relatively low (<30%), but
the heritability of BF14_3, BF15_1 and WF15_2 was all
above 69% (Table S6). Besides, the high heritability of
phenotype datasets did not translate into high PVE by
QTLs detected using that dataset (correlation of 0.45),
indicating that there may be many small effect loci con-
tributed to these traits. Overlaps of confidence intervals
of original QTLs detected from different experimental
datasets or different software were integrated by QTL
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meta-analysis. As a result of QTL meta-analysis, a total of
33 consensus additive QTLs were identified on 15 linkage
groups with an average LOD score, confidence interval
size and PVE of 4.27, 5.46 cM and 10.13%, respectively
(Fig. 1, Table S7). Notably, 16 out of the 33 consensus
additive QTLs showed a PVE higher than 10%. In total,
13 out of the 33 consensus additive QTLs were repeat-
edly detected in different experiments or by different
QTL analysis software above. Among the 13 repetitively
detected QTLs, 11 of them could be detected from exper-
iments in different years or locations. Importantly, six
out of the 33 consensus additive QTLs (¢gSR.A01-2, qSR.
A0I-5, gSR.A05/B05-1, qSR.A05/B05-2, gSR.A07/B07-1
and ¢gSR.B05-1) had a PVE higher than 10% and could
be detected in different years or locations. Among the
33 consensus additive QTLs, the NC3033 alleles con-
tributed to stem rot resistance on 18 QTLs and Tifrun-
ner alleles on 14 QTLs were responsible for resistance
(Table S7). Interestingly, there was one consensus addi-
tive QTL, gSR.A01-2, which had favorable alleles from
either parents depending on the trait. Tifrunner allele
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Fig. 1 Distribution of stem rot
QTLs on linkage groups. Blue
lines in the outer track represent
the marker position on each
linkage group; bars in the inner
track indicated the LOD score
for each QTL; the red lines
under the track circle repre-
sent the presence of QTL on
corresponding linkage group;
the green lines linked different
QTLs show the epistatic inter-
action between QTLs (color
figure online)

contributed to improving the percentage of asymptomatic,
while NC3033 allele was responsible for reducing disease
symptom and disease dispersal. Three software with dif-
ferent QTL mapping algorithms were used for the QTL
detection in this study, and only 10 out of the 33 consen-
sus additive QTLs were detected by multiple software.
There were 11 QTLs specifically detected by QTL Ici-
Mapping, 2 QTLs specifically detected by QTLNetwork,
and 10 QTLs only detected by WinQTLCart.

The QTL with epistatic effect and QTL X environment
interactions were explored using QTLNetwork and QTL
IciMapping. As a result, 12 pairs of epistatic QTLs were
detected but no significant QTL X environment interaction
was discovered (Fig. 1, Table S8). The majority (23 of 24)
of the epistatic QTLs were novel QTLs that can only be
detected when considering the digenic interaction. Only
gSR.A01-2, who was previously detected as an additive
QTL using the 2013 disease score dataset, also showed
epistatic interaction with gSR.B07_1-1 to affect the per-
centage of asymptomatic plants per row.

T
e
480 A
0 200
100 8 oo 4p 20 2020207

Stem rot resistance candidate genes

In order to identify candidate genes that may contribute to
stem rot resistance, marker sequences of the linkage map
were blasted to the cultivated peanut genome (peanutbase.
org). Finally, 1514 markers were successfully aligned to
the chromosomes with more than 98% identity. Flanking
markers of all stem rot QTLs were aligned to the reference
genome for candidate gene search. The average chromosome
coverage of the 56 additive and epistatic QTLs on the refer-
ence genome is ~4.73 Mb, with 26 QTLs covering less than
1 Mb on the genome (Table S5). A total of 6134 genes were
identified within all QTL regions. As a result of candidate
gene search, a total of 193 disease resistance-related genes
were identified on 38 QTLs (Fig. 2, Table S9). Noticeably,
a large number of disease resistance protein genes includ-
ing nucleotide-binding site leucine-rich repeat (NBS-LRR)
proteins located within the regions of gSR.B0I-1(15 genes),
qSR.B02-1(24 genes) and gSR.B02-2 (33 genes) (Fig. 2).
Hypergeometric test on the disease resistance-related genes
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Fig. 2 Distribution of candidate resistance genes within stem rot QTL

for all QTLs showed that chitinase and fungus defense-
related genes, ethylene-responsive transcription factor and
wall receptor kinase were enriched (P <0.05) in stem rot
QTL regions (Table 2). Enrichment of these disease-related
genes in stem rot resistance QTL regions suggested that
these genes might play a role in stem rot resistance.

Discussion

Stem rot disease is one of the major diseases threatening
peanut production, and breeding for resistant cultivars is
the most economical and environmentally friendly way to

class

. Chitinase and fungus defence related
. Disease resistance protein

. Ethylene-responsive transcription factor
. Glutathione S-transferase

. MYB transcription factor

. Pathogenesis-related proteins

. Peroxidase

]

Wall receptor kinase

reduce the yield loss. However, no stem rot resistance genes
have been cloned and the genetics of stem rot resistance is
largely unknown. The aim of this study was to map the key
resistance genes to stem rot disease in peanut and identify
useful markers for breeding programs by QTL mapping.
Multiple years and locations phenotypic data were collected,
and a SNP-based linkage map was used to identify stem rot
resistance QTL and QTL interactions.

The stem rot pathogenesis includes pathogen penetra-
tion, infection and transmission. We used different disease
scoring methods such as measuring disease incidence and
spread distance along with multiple rating time points in our
study, which enabled us to capture resistance loci involved

Table2 Summary of resistance gene enrichment analysis using hypergeometric test

Gene function Num. of resistance ~ Num. of expected Actual/Expected Num. of resistance P-value
genes in QTLs resistance gene genes in genome
Chitinase and fungus defense-related 12 5.85 2.05 64 0.00
Disease resistance protein 95 96.77 0.98 1059 0.55
Ethylene-responsive transcription factor 24 16.45 1.46 180 0.02
Glutathione S-transferase 6 14.71 0.41 161 0.99
MYB transcription factor 35 30.34 1.15 332 0.16
Pathogenesis-related protein 0 9.23 0.00 101 1.00
Peroxidase 22 19.28 1.14 211 0.22
Wall receptor kinase 7 2.74 2.55 30 0.00
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in these stages. In FL experiments, disease dispersal index
measurement on point inoculation at the harvest is more reli-
able because the data showed higher correlation with disease
symptom ratings (Table S3). Phenotyping at harvest with
the root/pots digging out is optimal rating time for evaluat-
ing stem rot disease because the disease symptoms are fully
developed and visible to visual rating. The heritability calcu-
lated using these data was also significantly higher compared
to data collected at early stages after infection (Table 1).
Only 12 out of the total 56 QTLs can be detected using data-
sets at early stages (Table S5). Therefore, it is recommended
to use disease symptom rating or disease dispersal index
measurements taken at harvest for phenotyping stem rot dis-
ease on peanut. Two S. rolfsii isolates were used in our study,
and significant phenotypic difference was observed between
the two sources. The SR-18 inoculum induced a higher aver-
age disease score, indicating that this isolate is a more viru-
lent pathogen. For the disease severity score recorded in GA
experiments, the percentage of asymptomatic plants per row
was consistently higher in the resistant parent NC 3033 and
the disease symptom score of NC 3033 was generally lower
except for the 2015 experiment (Table 1). However, for the
disease dispersal index phenotype recorded in FL experi-
ments, Tifrunner showed a lower score in most experiments
compared to NC 3033. We also noticed that the population
with Tifrunner genotype at 12 QTLs showed a more resistant
phenotype on average. We speculate that Tifrunner had an
overall resistance to fungus penetration, which contributed
to the lower score in disease dispersal index. But once the
S. rolfsii enters the plant, it will cause more severe disease
Ssymptoms.

The linkage map used in any QTL mapping study deter-
mines its power for detecting QTLs and its usefulness for
the community. Many linkage maps have been constructed
in cultivated peanut to map various important traits in the
last decades; however, most of them were constructed by
SSR/AFLP markers with a low marker density (Chen et al.
2016; Herselman et al. 2004; Huang et al. 2015; Sujay et al.
2012). Furthermore, many markers developed from specific
populations are not transferable to other studies, and the
QTL results are usually applicable to specific populations.
SNP markers are abundant in plant genomes and suitable
for high-throughput detection platforms (Schlttterer 2004).
Several high-density linkage maps have been constructed
by SNP markers generated by NGS (Hu et al. 2018; Zhao
et al. 2016; Zhou et al. 2014). Compared to the sequencing
experiments, genotyping using SNP arrays is relatively time
and cost efficient. A 58 K SNP array was designed for cul-
tivated peanut (Clevenger et al. 2017; Pandey et al. 2017),
which greatly facilitates the high-throughput genotyping in
the peanut research community. Using this peanut array, we
were able to construct a high-density linkage map (1524
markers covering 3381 cM) for stem rot QTL mapping.

Complex regulatory networks are involved in plant stress
response (Fujita et al. 2006; Shinozaki et al. 2003). We
hypothesize that the interaction between different genes
may also play a role in stem rot resistance genetics. There-
fore, epistatic (additive X additive) and QTL X environment
effect were also explored in this study. A total of 12 pairs of
epistatic QTLs were detected (Fig. 1, Table S7). One of the
QTL ¢SR.A0I-2 was detected as an additive QTL related to
disease severity and disease dispersal in 2013 experiment. In
2015 experiment, it interacted with a new locus gSR.BO7_1-
1 to affect the resistance to stem rot (percentage of asymp-
tomatic plants). The average PVE of each pair of epistatic
QTLs was ~ 3.8%, but together they contributed to significant
amount of phenotypic variation. For example, two pairs of
epistatic QTLs detected using combined datasets of percent-
age of infected plant from 2014 to 2015 contributed to 7.58%
PVE. Eight pairs of epistatic QTLs detected using combined
datasets of percentage of asymptomatic plant from 2013 to
2015 contributed to 26.54% PVE. Taking the resistant geno-
types of the epistatic QTLs into consideration in MAS could
further improve selection efficiency in breeding programs.
However, no significant QTL X environment interaction was
identified. This is probably because we analyzed the multi-
year datasets from FL and GA separately due to the different
phenotyping methods used in these locations.

Flanking marker sequences of previously identified stem
rot resistance QTLs and sequences of stem rot resistance
contigs were aligned to the reference genome to compare
with our QTL result (Bera et al. 2016; Jogi et al. 2016;
Dodia et al. 2019). The stem rot QTL gstga0l.1 reported
by Bera et al. (2016) was aligned to chromosome A0l
(90386756-100852249 bp) which happened to overlap with
our QTL gSR.A0I-1 within a 4.56 Mb overlapping region.
Two resistance candidate genes that related to peroxidase
(arahy.2QEP5L) and MYB transcription factors (arahy.
H5DQEZ) were found in this overlapping region. Fifteen
resistance-related contigs were reported by Jogi et al.
(2016), and seven of them could be aligned to 14 gene mod-
els in the reference genome. Among the 14 gene models,
arahy.3X96H9, arahy.NJY71U, arahy.3WH5A3 and arahy.
UE6XFS8 located in the region of gSR.BOI-1, gSR.A06-2,
qSR.B06_1-8 and gSR.B06_1-3, respectively. The gene
arahy.UE6XFS8 encoded E3 ubiquitin protein ligase, while
arahy.NJY7IU encoded chitinase which involved in defense
response to fungus. The arahy.3X96H9 gene also encoded
a disease resistance response protein, and arahy. 3WH5A3
encoded a chalcone synthase. Seven stem rot resistance
QTLs were reported recently by Dodia et al. (2019) using
genotyping-by-sequencing-based genetic mapping, and
three of these QTLs were overlapped with three QTLs
detected in our study. The g/2DAI_S1B06.1 overlapped
with gSR.B06_1-5 and four genes (arahy.IYK5AS5, arahy.
K3BVMJ, arahy.I2ZHTU and arahy.804PS6) both encoding
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ethylene-responsive transcription factor were discovered in
this region. The g/12DAI_S3B04.2 and g6 DAI_S3B04.2 both
overlapped with gSR.B04-1 and gene arahy.ZN513T encoded
NBS-LRR disease resistance protein located in the over-
lapped region. The overlap of QTL regions with previous
studies and resistance-related genes confirmed the efficacy
of QTL identification in our study. Candidate genes listed in
Table S9 can be selected for resistance function characteriza-
tion experiments.

In summary, numerous QTLs for stem rot resistance
were identified based on a comprehensive phenotyping and
analysis of both additive and epistatic effects. These results
provide further understanding of stem rot resistance in pea-
nut. Stem rot resistance QTLs and candidate genes identified
here based on the high-density SNP linkage map will benefit
peanut breeding programs implementing MAS for stem rot
resistance.
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