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Abstract
Late-maturity α-amylase (LMA) is an emerging cause of low falling numbers in US

wheat (Triticum aestivum L.) causing financial losses for growers. Quantitative trait

loci (QTLs) associated with α-amylase expression during mid-late grain fill, char-

acteristic of LMA, have been mapped across all three wheat genomes. To facilitate

breeding for tolerance in soft white winter wheat, QTLs were mapped in a recombi-

nant inbred line population derived from a cross between LMA-susceptible Xerpha

and LMA-tolerant Bobtail. The population was characterized for kernel α-amylase

activity with cool-temperature LMA-induction (Lind) and without (Lcon) in field

plots from 2019 to 2021. Broad-sense heritability (H2) was estimated at 0.81 and

0.66 for untreated and induced replicates, respectively, suggesting a genetically inher-

ited trait. A novel major QTL, QLind-wsu-7A.2, was mapped to chromosome 7AS

and contributed up to 15% of the total phenotypic variation for α-amylase activity

in LMA-induced material. Five additional QTLs associated with α-amylase activ-

ity after LMA induction, and four QTLs associated with lower α-amylase level in

untreated controls, were identified on chromosomes 2A, 3A, 3B, 5B, 6B, 7A, and

7D. All QTLs associated with higher α-amylase levels in untreated material carried

Abbreviations: BLUP, best linear unbiased predictor; CIM, composite interval mapping; FN, falling number; GA, gibberellin A; GBS,
genotyping-by-sequencing; Lcon, LMA constiutive; Lind, LMA induced; LMA, late-maturity α-amylase; MAS, marker-assisted selection; MLM, mixed
linear model; PHS, preharvest sprouting; PNW, Pacific Northwest; QTL, quantitative trait locus; REML, restricted maximum likelihood; RH, relative
humidity; Rht, reduced height; RIL, recombinant inbred line; SNP, single nucleotide polymorphism; SSR, simple sequence repeat; wt, wild-type.
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the Xerpha allele, and most QTLs associated with lower α-amylase levels following

cool-induction carried the Bobtail allele. The Rht-B1b (where Rht is reduced height)

and Rht-D1b gibberellin A-insensitive semidwarf alleles, known to be associated

with LMA tolerance, reduced α-amylase levels in untreated material. Interestingly,

the Rht-B1b/Rht-D1b double dwarfs consistently expressed higher α-amylase levels

with LMA induction, suggesting a complex role for GA signaling in LMA.

Plain Language Summary
Farmers suffer serious losses if their wheat grain contains elevated levels of the

enzyme α-amylase because it poses a risk to baked product quality. Late-maturity

α-amylase (LMA) is the expression of α-amylase enzyme during late grain matura-

tion, a time when α-amylase levels should be decreasing. LMA is induced by cool

temperature shock in susceptible varieties during the soft dough developmental stage.

This study found that a more extreme temperature drop gave stronger LMA induc-

tion. We mapped the first genes/loci for LMA tolerance in soft white winter wheat,

a popular market class in the US Pacific Northwest that has struggled with LMA.

We mapped a novel major gene on wheat chromosome 7AS called QLind-wsu-7A.2
but did not map the major 7B QTL LMA-1 previously found in spring wheat. This

should decrease financial risk for wheat farmers in temperate regions by providing

new genes for selection of LMA tolerance in winter wheat breeding programs.

1 INTRODUCTION

Late-maturity α-amylase (LMA) in allohexaploid wheat
(Triticum aestivum L.) is an emerging issue causing economic
losses for growers worldwide including the US Pacific North-
west (PNW) (reviewed by Cannon et al. [2022] and D. J.
Mares and Mrva [2014]). A complex trait influenced by an
individual’s genotype, developmental stage, and growth envi-
ronment, LMA is characterized by expression of α-amylase
when cool growth conditions occur during the maturation
phase of grain development (reviewed in Cannon et al.
[2022]). Preharvest sprouting (PHS) is the initiation of mature
grain germination on the mother plant, including the mobi-
lization of starch by α-amylase, in response to rain before
harvest. The two leading sources of high post-harvest wheat α-
amylase, PHS and LMA, cause poor end-use quality in wheat
products. While many studies have mapped quantitative trait
loci (QTLs) for PHS tolerance, relatively few studies have
mapped loci for LMA tolerance in spring wheat and none have
mapped this trait in winter wheat (reviewed in Cannon et al.
[2022] and D. Mares and Mrva [2008]).

Elevated grain α-amylase poses a risk to wheat end-product
quality because starch digestion by α-amylase reduces its
gelling capacity, resulting in cakes that fall and sticky bread
or noodles (reviewed in Fu et al. [2014], D. J. Mares and Mrva
[2014], and Olaerts and Courtin [2018]). This risk is detected
in the wheat industry using the Hagberg–Perten Falling Num-

ber (FN) method originally developed to detect PHS-damaged
grain (reviewed by Ross and Bettge [2009]). The FN method
measures α-amylase activity based on the time it takes in sec-
onds for a stirrer to fall through a heated flour/water mixture
(Hagberg, 1960, 1961; Perten, 1964). More α-amylase diges-
tion of starch reduces the viscosity of the mixture, causing
the stirrer to fall faster and produces a lower FN (reviewed by
Hu et al. [2022]). US farmers receive a substantial discount
for wheat with an FN below the receival stand of 300 s. A low
FN usually indicates starch degradation by elevated α-amylase
activity, although low protein levels or the high amylopectin
to amylose ratio in “waxy” wheat grain can also depress FN
(Ross et al., 2012; Zeng et al., 1997). In 2016, Washington
State wheat growers lost an estimated $130 million due to
LMA-attributed FN discounts (Steber, 2022). Thus, breed-
ing for LMA tolerance is needed to obtain stable FNs in this
region.

While LMA and PHS may involve some of the same hor-
mones, genes, and biochemical pathways, dormancy and PHS
tolerance are not always well correlated with LMA tolerance
(Barrero et al., 2020; Gale et al., 1983; D. J. Mares & Gale,
1990; Mrva & Mares, 2001b, 2001c; Peery et al., 2023). The
plant hormone gibberellin A (GA) is known to stimulate α-
amylase expression during cereal grain germination and has
been implicated in stimulating α-amylase expression during
LMA (Barrero et al., 2013; A. Derkx et al., 2021; Farrell
et al., 2013; Kondhare et al., 2015; Mrva et al., 2006). The
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germinating embryo sends the GA hormone signal that trig-
gers α-amylase expression and secretion in the aleurone cell
layer surrounding the endosperm; PHS results in a gradient
of α-amylase expression with higher expression levels at the
embryo proximal end of the kernel. In contrast, LMA results
in a more random distribution of α-amylase throughout the
aleurone layer (Mrva & Mares, 1996a; Mrva et al., 2006).
LMA involves the expression of α-amylase enzyme encoded
by the Triticum aestivum α-amylase1 (TaAmy1) and possibly 4
(TaAmy4) gene families during the maturation phase of grain
development (Barrero et al., 2013; Cheng et al., 2014; Mieog
et al., 2017). Expression of TaAmy1 and 2 is associated with
PHS during mature grain germination (Barrero et al., 2013;
D. J. Mares & Mrva, 1993). Finally, LMA may have a milder
effect on some aspects of end-use quality than PHS, possi-
bly because PHS induces a broader spectrum of hydrolytic
enzymes (Fairlie et al., 2022; Kiszonas et al., 2018; Neoh
et al., 2021; Newberry et al., 2018; Ral et al., 2018).

In higher plants, GA stimulates seed germination, the tran-
sition to flowering, and stem and leaf elongation by triggering
the ubiquitin-mediated proteolysis of the DELLA (Asp-Glu-
Leu-Leu-Ala) domain repressors of these GA-stimulated
processes (Hauvermale et al., 2012; Hirano et al., 2008;
McGinnis et al., 2003). The DELLA genes of wheat are the
reduced height-1 loci, Rht-A1, Rht-B1, and Rht-D1 (Pearce
et al., 2011; Peng et al., 1999). Deletion of or mutations in
the N-terminal DELLA regulatory domain result in a pro-
tein that is resistant to GA-targeted destruction, resulting
in a GA-insensitive gain-of-function dwarf phenotype. The
semidominant semidwarf Rht-B1b and Rht-D1b alleles of
wheat are examples of such DELLA domain mutations result-
ing from a truncated N-terminal DELLA regulatory domain
(Pearce et al., 2011; Peng et al., 1999; Y. Zhang et al., 2021).
These alleles have been incorporated into most wheat varieties
since the Green Revolution of the 1940s because the semid-
warf stature increases yield through resistance to lodging and
the partitioning of more resources to grain production (Allen,
1986; Gale & Youssefian, 1975; Youssefian et al., 1992).

Mutations affecting GA hormone signaling have a strong
influence on LMA phenotypes (Farrell et al., 2013; Kondhare
et al., 2013; D. Mares et al., 2022). In addition to dwarfism,
the GA-insensitive Rht-B1b and Rht-D1b alleles are associ-
ated with increased PHS and LMA tolerance (Börner et al.,
2018; Fairlie et al., 2024; Farrell et al., 2013; D. J. Mares
& Mrva, 2014; D. Mares et al., 2024; Mohler et al., 2014).
In some but not all backgrounds, the wild-type (wt) tall
Rht-B1a/Rht-D1a genotype results in a constitutive LMA phe-
notype where α-amylase is expressed during mid-late grain
development without requiring a cold temperature shock (Far-
rell et al., 2013; Liu, Parveen et al., 2021). The currently
accepted model is that GA-insensitivity due to semidwarf-
ing alleles Rht-B1b and Rht-D1b suppresses constitutive LMA
expression resulting in a requirement for cold induction of
α-amylase during the soft dough stage of grain development

Core Ideas
∙ A major novel quantitative trait locus (QTL) asso-

ciated with LMA tolerance in winter wheat was
mapped to chromosome 7A.

∙ Seven QTLs associated with late-maturity α-
amylase (LMA) tolerance during cold induction
were mapped to chromosomes 3B, 5B, 6B, 7A, and
7D.

∙ Three QTLs associated with high α-amylase activ-
ity in untreated controls were mapped to 2A, 3A,
and 3B.

∙ Rht-B1b and Rht-D1b fail to suppress LMA in
cold-shocked double-dwarf lines, indicating com-
plex regulation by Gibberellin A.

(A. P. Derkx & Mares, 2020; Liu, Tuttle et al., 2021; D. Mares
et al., 2022; Mrva & Mares, 1996b, 2001b; Mrva et al., 2009;
Tan et al., 2010). Dwarfism alone does not confer a cold-
inducible LMA phenotype since the Rht8, Rht13, and Rht18
dwarves that are not GA-rescued or GA-insensitive appear
to have no effect on LMA phenotype (Fairlie et al., 2024;
D. Mares & Mrva, 2008). The 1BL/1RS translocation from
rye results in a cold-independent constitutive LMA pheno-
type even in the presence of Rht-B1b or Rht-D1b dwarfing
alleles, suggesting that this phenotype is not always DELLA-
repressed (Farrell et al., 2013; Kondhare et al., 2013; Mohler
et al., 2014; Mrva et al., 2009). The inconsistency of the
combined effect of temperature and GA sensitivity has led
some researchers to suggest that both DELLA-dependent and
DELLA-independent mechanisms contribute to LMA toler-
ance and total levels of α-amylase accumulation during grain
filling (Barrero et al., 2013; Liu, Parveen et al., 2021; D.
Mares et al., 2022).

Although much remains to be learned about the genetic
mechanisms behind LMA, previous studies suggest that mul-
tiple loci contribute to the LMA phenotype, though effects
are variable and may differ between environments (reviewed
in Cannon et al. [2022], D. J. Mares and Mrva [2014], and
Mares et al. [2023]). Thus far, a candidate gene has been
identified for only one major LMA-associated QTL, the LMA-
1 locus on chromosome 7B (Derkx et al. [2021]). While
initial research on LMA in hexaploid wheat focused on Aus-
tralian germplasm, subsequent work characterized LMA in
germplasm from Africa, Asia, Europe, and North America
(reviewed in Cannon et al. [2022]). An association study
identified LMA-associated QTL on 1A, 3B, 6B, 7A, 7B,
and 7D in US and Canadian spring wheat (Liu, Parveen
et al., 2021). The QTL on 7B colocalized with the pre-
viously cloned LMA-1 locus. However, winter wheat was
strongly impacted by a recent LMA weather event in the US
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PNW (Steber et al., 2018). This study characterized LMA
tolerance in a soft white winter wheat recombinant inbred
line (RIL) population and identified LMA-associated QTL
controlling α-amylase expression under both normal and cold-
treated conditions. Screening for LMA susceptibility can be
a time and labor-intensive process; QTL detection represents
the initial phase toward identifying and developing LMA-
linked markers for use in marker-assisted selection (MAS)
and efficient selection for LMA tolerance by wheat breed-
ers. Releasing LMA-tolerant lines is the most effective way
to protect growers from potential financial hardship.

2 MATERIALS AND METHODS

2.1 Germplasm

The RIL population of 178 lines was derived by single plant
descent of self-pollinated flowers to the F5:F6 generation from
a cross between LMA-susceptible Xerpha (Eltan/Estica) and
LMA-tolerant Bobtail (Einstein/Tubbs) at Oregon State Uni-
versity (Dobrotvorskiy et al., 2023; Jones et al., 2010; Zemetra
et al., 2013). Xerpha was characterized as LMA susceptible
and Bobtail as moderately tolerant based on FN from natural
field LMA events in 2013, 2014, and 2016 (Sjoberg et al.,
2020). These LMA phenotypes were confirmed by green-
house and field LMA induction experiments performed in
2017 and 2018 using methods described by Liu, Parveen
et al. (2021) and Liu, Tuttle et al. (2021). Xerpha and Bob-
tail are soft white winter lines carrying the Rht-B1b and
Rht-D1b semidwarfing alleles, respectively. The F5 RIL pop-
ulation and parents were grown as double headrows at the
Spillman Agronomy Farm in Pullman, WA, in 2019, and F6
seed from single plants was used to plant headrows in 2020
and 2021. These experiments were planted on October 12,
2018; September 27, 2019; and October 20, 2020, respec-
tively. When planted in 2019, headrows of mixed awn type
were observed (Table S1). If a line showed a mixed awn type,
only awnless heads were advanced due to the recessive nature
of the trait. One more generation of single-spike descent was
performed in the 2020 field season to decrease segregation,
and the resulting progeny were used to plant in 2021. The
population was scored for awn type again in 2020 to ver-
ify consistency within lines. Final plant height was recorded
in centimeters during the 2020 field season after lines had
matured. Seven RILs that displayed a mixed awn type in 2019
were excluded from the final data analysis.

2.2 Field LMA phenotyping

A detached-tiller method was used to induce LMA in field-
grown material as described in Liu, Parveen et al. (2021) and
Liu, Tuttle et al. (2021). Two randomized complete blocks

T A B L E 1 Summary and overview of experimental replicates.

Replicate name Year Treatment type

SDU/g
mean and
SDa

2019.LMA1 2019 LMA-treated 0.33 ± 0.72

2019.LMA2 2019 LMA-treated 0.30 ± 0.56

2019.U1 2019 Untreated/control 0.11 ± 0.06

2020.LMA1 2020 LMA-treated 0.37 ± 0.44

2020.LMA2 2020 LMA-treated 0.46 ± 0.87

2020.U1 2020 Untreated/control 0.11 ± 0.04

2020.U2 2020 Untreated/control 0.12 ± 0.06

2021.LMA1 2021 LMA-treated 1.15 ± 1.34

2021.U1 2021 Untreated/control 0.12 ± 0.04

Abbreviations: LMA, late-maturity α-amylase; SD, standard deviation; SDU,
sprout damage units.
aUntransformed α-amylase activity (SDU/g) as read at 405 nm.

of 178 RILs plus the parents from the Xerpha/Bobtail map-
ping population were LMA treated in 2019 and 2020, plus
one complete block in 2021. The anthesis date for each
pair of headrows was recorded based on the date when 50%
of all spikes had reached anthesis. Headrows were sampled
for LMA induction at 475–520 growing degree days past-
anthesis to obtain 15–20 random tillers at the soft-dough stage
of grain filling (Zadok growth stage 85), the growth stage
when wheat becomes susceptible to LMA induction (A. P.
Derkx & Mares, 2020; Liu, Tuttle et al., 2021; Zadoks et al.,
1974). Briefly, tillers were cut above the soil line, bundled,
and placed immediately stems-down into buckets with water
to keep tillers alive, and LMA was induced using a cold treat-
ment of 7 days of 18˚C day/7.5˚C night, 55%–75% relative
humidity (RH), and a 16-h photoperiod. Two LMA-treated
replicates were harvested in both 2019 and 2020; only a sin-
gle LMA-treated replicate was harvested in 2021 (Table 1).
After the 7-day cold treatment, the treated spikes were placed
outside in buckets of water to finish maturing. The same field
headrows sampled for LMA-treatment were sampled directly
from the field at harvest maturity as untreated controls: one
field replicate in 2019, two in 2020, and one in 2021. Twenty
spikes from each headrow were bulked and threshed with a
head-thresher. Once threshed, 15–20 g grain samples were
milled using a UDY Cyclone Sample Mill with a 5 mm screen
(www.udyone.com) before megazyme α-amylase sprout dam-
age (SD) assays (K-AMYLSD) were performed on 0.2 g of
meal with a ChemWell-T robot as described in Hauvermale
et al. (2023). The absorbance of samples during the SD assay
was measured at 405 nm and reported as SD units/g (SDU/g).
Ambient air temperature as measured at 1.5 m, RH, and pre-
cipitation data for June and July in 2019 to 2021 from the
Pullman, WA, AgWeatherNet station were used to measure
and assess differences in growing conditions between years
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that might contribute to LMA phenotypes (Table S2; Rasul
et al., 2015).

2.3 Statistical data analysis

R (v4.2) was used to perform multistep data normalizations
and comparisons among replications and years. Replicates
displayed a Poisson distribution for α-amylase activity, partic-
ularly in cold-treated replicates, with values heavily skewed
toward low SDU/g values. Fitness and efficiency of Gaus-
sian, square root, cube root, and Log10 transformations were
compared using the lme4 package (Figure S1; Bates et al.,
2014; lme4 v1.1-34). Based on quantile–quantile (Q–Q) plots
and Akaike information criterion values, a cube root transfor-
mation was selected for normalization of SDU/g data (Figure
S2; Butler et al., 2009). No transformation of untreated
controls was needed before calculating best linear unbiased
predictors (BLUPs). For treated data, BLUPs were calculated
across all replications and all years using cube root trans-
formed data; BLUPs were not calculated for single year data.
For years, with multiple replicates, average values between
replicates were calculated. Average treated and untreated val-
ues across replicates for all years were also calculated for
each line. The average treated and untreated values within
and across years were normalized using an absolute cube root
transformation before mapping. Incidence of LMA across all
years in treated and untreated control groups was determined
for each line using α-amylase activity thresholds of ≥0.24
SDU/g or 0.62 for cube root transformed data, which is equiv-
alent to an FN of 250 s (Hauvermale et al., 2023). Incidence
of LMA scores in LMA-treated and -untreated replicates
was calculated by dividing the number of times a line had
an SD value above these thresholds by the total number of
LMA-treated or -untreated replicates (n = 5 and n = 4, respec-
tively). The FN was estimated based on the equation from
Hauvermale et al. (2023) where x is FN:

SDU∕g = 3.82𝑒−0.011𝑥.

Analysis of variance (ANOVA) was performed on abso-
lute cube root transformed SDU/g values in combination with
genotype, year, and treatment type as factors using the lme4
package (Table 2; Bates et al., 2014). ANOVA was also used
to examine the impact of awn type and Rht genotype on
phenotypic variance in combination with treatment type and
year (Table S3). Phenotypic variance was calculated by divid-
ing the group sum of squares by the ANOVA total sum of
squares. Restricted maximum likelihood (REML) was used
to fit a mixed linear model (MLM) that was performed sepa-
rately on the LMA-treated and -untreated data for all years to
calculate BLUPs with the lmer function in lme4 with geno-
type and year as random effects (Tables S4 and S5; Gilmour

et al., 1995; Henderson, 1975; lme4 v1.1-34). The resulting
variances were used to estimate broad-sense heritability (H2)
using the following equation:

𝐻
2 =

𝑉genotype

𝑉genotype +
(
𝑉residual∕# replicates

) ,

where Vgenotype is the variability associated with genotype,
Vresidual is the residual error in the model, and # replicates is
the total number of replicates included in the model. Heritabil-
ity was calculated for both cold-treated and -untreated control
replicates across all years using an MLM with genotype and
treatment type as random effects. Year was not included as
a factor in these calculations due to the lack of replicates in
some years.

2.4 Genotyping and genotype data analysis

2.4.1 DNA extraction and GBS library
creation

Grain harvested from F6 plants grown in the 2020 trial head-
rows was planted in 96-well trays for parental lines and
each RIL. Approximately 100 mg of leaf tissue was col-
lected from F7 plants at the two- to three-leaf stage for
each line and then lyophilized for 3 days using a Bench-
Top Freeze Dryer (SP Scientific). A BioSprint 96 workstation
with a BioSprint 96 DNA Plant kit was used to extract and
purify total genomic DNA (QIAGEN). Quant-iT PicoGreen
dsDNA Assay Kit was used to quantify DNA (Thermo Fisher
Scientific) in a Synergy 2 Multi-Mode Reader. An Integra
ASSIST PLUS platform was used to normalize DNA to
20 ng/μL and 25 ng/μL for use in genotyping-by-sequencing
(GBS) and running simple sequence repeat (SSR) markers,
respectively.

PstI and MspI restriction enzymes were used to construct
GBS libraries using the method of Poland et al. (2012) mod-
ified for use in 96-well plates. Once libraries were created,
they were assessed for size distribution and quantified using
an Agilent High Sensitivity DNA Kit (Agilent Technolo-
gies) with an Agilent 2100 Bioanalyzer. Further sequencing
steps were completed with the required amount of size-
selected GBS library by the North Carolina State University’s
Genomic Sciences Laboratory using an Illumina NovaSeq
6000 (Illumina Inc.) in September 2021.

2.4.2 GBS data analysis

Raw sequence data from the NovaSeq 6000 obtained via GBS
had individual sample sequences assigned to their respec-
tive barcodes and were trimmed to 80 bp from 120 bp. Only
sequences that started with a PstI site were retained for further
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T A B L E 2 ANOVA examining sources of variation on α-amylase activity.

Term df Sum of squares Mean of squares F-stat Pr (> F)
Genotype 172 12.40 0.07 5.96 2.69E-56

Year 2 6.07 3.04 251.10 5.79E-77

Treatment 1 20.49 20.49 1694.07 2.05E-165

Genotype:Year 344 11.28 0.03 2.71 4.46E-25

Genotype:Treatment 172 9.29 0.05 4.47 9.91E-40

Year:Treatment 2 5.35 2.67 221.03 3.94E-70

Genotype:Year:Treatment 342 9.40 0.03 2.27 1.46E-17

Residuals 518 6.26 0.01

Note: Full mixed model with genotype, year, and treatment type and their interactions as random effects.
Abbreviations: ANOVA, analysis of variance.

analysis. This preprocessing was followed by identification
of single nucleotide polymorphisms (SNPs) and a sequence
homology comparison using the TASSEL (Trait Analysis by
aSSociation, Evolution and Linkage) 5 GBS v.2 Pipeline and
the International Wheat Genome Sequencing Consortium’s
(IWGSC) Reference Wheat Genome RefSeq v1.0 (Bradbury
et al., 2007; IWGSC, 2018). Both parents in the population
had genotype calls generated for both co-dominant and domi-
nant markers if the individual SNPs were present in 20%–80%
of the entire population. The software LinkImpute was used to
perform SNP imputation after filtering SNPs with thresholds
of no more than 80% missing data per SNP and 50% missing
data per sample (Money et al., 2015). A total of 3517 SNP
markers were identified after imputation of GBS-generated
sequence tags by the TASSEL pipeline. Of these markers,
3022 high-quality polymorphic SNPs were retained after fil-
tering SNPs that were missing or heterozygous for parental
lines.

2.4.3 SSR and KASP marker analysis

Parental lines and RILs were assayed for Rht alleles of Rht-B1
and Rht-D1 with KASP (Kompetitive Allele Specific PCR)
markers developed by Ellis et al. (2002). KASP assays were
conducted following the standard protocols provided by LGC
Genomics (https://www.biosearchtech.com/products/oligos-
probes-and-primers/kasp-genotyping-assays/running-
kasp-genotyping-reactions). KASP assays were visualized
and scored using a LightCycler480 (LC480) (Roche).
A total of 948 SSR markers were screened to identify
polymorphic markers in the parental lines (Table S6;
http://wheat.pw.usda.gov). Forty polymorphic SSR markers
were selected to genotype the RILs based on preliminary
single marker (SM) analysis that identified chromosomes
with potential QTL to verify GBS marker positions. The
universal M13 tail (5′-CACGACGTTGTAAAACGAC) was
affixed to the 5′ end of each forward primer so polymerase
chain reaction (PCR) products could be detected through

direct labeling (Schuelke, 2000). One of four fluorescent
dyes—FAM (blue), VIC (green), NED (yellow), and PET
(red) (Applied Biosystems)—was used to label the M13
universal primers to detect different PCR products. Each
12-μL PCR reaction mix contained 6.48 μL molecular grade
H2O, 1.2 μL Mg-free 10x PCR reaction buffer, 0.4 μL 25 mM
MgCl2, 1.2 μL 2.5 mM dNTP, 0.06 μL 10 μM M13-tailed
forward primer, 0.3 μL 10 μM reverse primer, 0.24 μL 10 μM
M13 labeled with appropriate fluorophore dyes (Applied
Biosystems), 0.2 μL of Taq DNA polymerase (5 U/μL) (New
England Biolabs), and 2 μL template DNA (25 ng/μL). A
Biometra TAdvanced thermocycler (Analytik Jena) was used
to perform PCR under the following conditions: 94˚C for
5 min hot start, 35–41 cycles (depending upon primers)
of 94˚C for 30 s denaturing, 52˚C–61˚C (depending upon
primers) for 45 s annealing, and 72˚C for 1 min, followed by
a 10 min final extension at 72˚C.

The PCR products, with up to four distinct fluorescent
dyes (FAM, VIC, NED, and PET) in amounts of 3, 3, 4, and
6 μL, respectively, were pooled into a single 96-well plate
and adjusted to a total volume of 25 μL by adding molec-
ular grade H2O depending on the number of distinct dyes
pooled. From this mixture, 3 μL was transferred to corre-
sponding wells in a new plate. Each well contained a total
volume of 13 μL after the addition of 9 μL of highly deionized
(Hi-Di) formamide and 1 μL of a 445-bp Cassul DNA ladder
(Brownstein et al., 2018). After a 5-min denaturation step at
94˚C, the 13 μL mixture underwent capillary electrophoresis
using an ABI 3730XL DNA Analyzer (Applied Biosystems).
Marker alleles were analyzed and scored using GeneMapper
v1.5 software (Softgenetics).

2.5 Linkage mapping and QTL analysis

Linkage groups were constructed using SNP data generated
from the polymorphic GBS tags and SSR data in JoinMap
version 4.0 using the regression mapping algorithm (Van
Ooijen et al., 2006). The Kosambi mapping function was

 14350653, 2025, 4, D
ow

nloaded from
 https://acsess.onlinelibrary.w

iley.com
/doi/10.1002/csc2.70089, W

iley O
nline L

ibrary on [14/03/2026]. See the T
erm

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

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://www.biosearchtech.com/products/oligos-probes-and-primers/kasp-genotyping-assays/running-kasp-genotyping-reactions
https://www.biosearchtech.com/products/oligos-probes-and-primers/kasp-genotyping-assays/running-kasp-genotyping-reactions
https://www.biosearchtech.com/products/oligos-probes-and-primers/kasp-genotyping-assays/running-kasp-genotyping-reactions
http://wheat.pw.usda.gov


MARSTON ET AL. 7 of 19Crop Science

used to calculate genetic distances (Kosambi, 1943). Mark-
ers were assigned to corresponding chromosomes based on
the known chromosomal loci of SNP markers based on their
alignment with IWGSC RefSeq v1.0 or wheat maps published
by Somers et al. (2004) and the GrainGenes database (http://
wheat.pw.usda.gov) for GBS tags and SSR markers, respec-
tively (IWGSC, 2018). Linkage groups were constructed
using a minimum logarithm of odds (LOD) score threshold
of 3.0. Linkage maps were drawn using the LinkageMapView
package in R (Ouellette et al., 2018). Relationships between
genetic and physical distance for each chromosome linkage
group were visualized using the MAST-Script-Suite (Figure
S3; Carle, 2020). BLUPs and LMA-incidence scores of the
LMA-treated and -untreated control SDU/g values across all
years were used to perform a QTL analysis. Individual repli-
cates, replicate averages within years and treatment types,
and replicate averages within treatment types but across years
were also used to perform QTL analysis for a total of 18
traits (Table S1). QTL analysis was performed in QTL Car-
tographer v2.5 using both SM analysis and composite interval
mapping (CIM) methods. LOD thresholds for QTL detec-
tion were set at 3.0 for the SM analysis and then determined
separately for each trait using the Selection by Permutation
function in QTL Cartographer by conducting 600 permuta-
tions with a significance level of 0.05 for the CIM analysis
(NCSU, 2010). A forward and backward regression method
was used to conduct CIM across all chromosomes and traits.

To approximately compare the positions of QTLs from the
current study with those in previous studies, we considered the
chromosome arms QTL mapped to, proximity to centromeres,
and physical position if reported. QTLs mapped using the
untreated samples were designated as LMA-constitutive or
“Lcon” QTLs, while QTLs mapped using LMA-treated data
were designated as LMA-induced or “Lind” QTLs to distin-
guish under which growing conditions QTLs were mapped.
Phenotype variance explained by the genotype value of spe-
cific markers was described using the R2 value. Minor,
moderate, or major QTLs were described as having an R2

score of R2 < 10%, 15% > R2 > 10%, or R2 > 15%, respec-
tively. The parental allele was described by the effect of
individual QTL with negative effects associated with the Bob-
tail allele and positive effects associated with the Xerpha
allele. Putative gene candidates were screened using the anno-
tated IWGSC genome assembly in Ensembl Plants release 57
(IWGSC, 2018; Yates et al., 2022). Full linkage maps and
genotype data are available in Table S6.

3 RESULTS

3.1 LMA field phenotyping results

Experiments comparing LMA-treated material to untreated
material were conducted over three consecutive field seasons

F I G U R E 1 Late-maturity α-amylase (LMA) induction across
years. LMA-treated (dark gray) and -untreated/control (light gray)
sample distribution of cube root transformed α-amylase activity
(SDU/g) of the Xerpha/Bobtail mapping population. Similarity of
groups is indicated by letters above individually plotted violin plots as
calculated by Tukey Honestly Significance Difference test. Five
LMA-induced replicates (n = 865) and four untreated replicates
(n = 692) were performed in 2019 (n = 518), 2020 (n = 691), or 2021
(n = 345). FN, falling number; SDU, sprout damage units.

(2019–2021) on 173 RILs in the Xerpha/Bobtail biparental
mapping population and the parental lines. LMA-treated
replicates exhibited elevated α-amylase activity and increased
variability compared to untreated replicates within and
between all years (Figure 1; Table 1). Significant differences
in average values of LMA-treated replicates were observed
between years, while average untreated values did not show
significant differences (Figure 1; Table 1). The 2019 LMA-
treated replicates (2019.LMA1 and 2019.LMA2) showed
significantly higher α-amylase expression than untreated con-
trols with an average transformed SDU/g value that fell above
the LMA threshold of >0.24 SDU/g, <250 s FN (see Sec-
tion 2.3) (Figure 1; Table 1). The proportion of samples with
sufficient α-amylase activity to give an FN below 250 s rose
sharply in 2021 to 93% from 34.4% and 54.2% in 2019 and
2020, respectively. Incidence of LMA in untreated replicates
remained below 7.5% for all years. Examination of parental
phenotypes revealed that Bobtail maintained a resistant phe-
notype in all years except the 2021 LMA-treated replicate,
whereas Xerpha consistently displayed LMA in LMA-treated
samples and higher α-amylase levels than Bobtail in untreated
replicates (Figure 2). Raw and cube root transformed SDU/g
values for both LMA-treated and -untreated replicates for all
years are provided in Table S1.
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T A B L E 3 Correlations and p-values for all cube root transformed and replicate averages.

Correlation coefficient

Average replicate
Average LMA
all years

Average
LMA 2019

Average
LMA 2020 LMA 2021

Average U
all years U 2019

Average U
2020 U 2021

Average LMA all years 1.0 0.565*** 0.717*** 0.833*** 0.163 0.101 0.16 0.145

Average LMA 2019 0.565*** 1.0 0.24 0.242 −0.0321 −0.0299 −0.0295 −0.00942

Average LMA 2020 0.717*** 0.24** 1.0 0.365*** 0.121 0.0575 0.154 0.0587

LMA 2021 0.833*** 0.242** 0.365*** 1.0 0.223** 0.162 0.189* 0.221

Average U all years 0.163* −0.0321 0.121 0.223 1.0 0.848*** 0.911*** 0.625***

U 2019 0.101 −0.0299 0.0575 0.162* 0.848*** 1.0 0.642*** 0.413***

Average U 2020 0.16* −0.0295 0.154* 0.189 0.911*** 0.642*** 1.0 0.391***

U 2021 0.145 −0.00942 0.0587 0.221** 0.625*** 0.413*** 0.391*** 1.0

Note: Individual replicates included if no average can be calculated. Upper half contains adjusted p-values and lower half contains raw p-values.
Abbreviation: LMA, late-maturity α-amylase; U, untreated replicates.
*, **, and ***depict significance at the 0.05, 0.01, and 0.001 probabilities levels.

F I G U R E 2 Late-maturity α-amylase (LMA) induction of parent
lines across years; Bobtail (dark gray) and Xerpha (light gray) sample
distribution of cube root transformed α-amylase activity (SDU/g) for all
three field seasons. Five LMA-induction replicates (n = 10) and four
untreated field replicates (n = 8) were performed in 2019, 2020, or
2021. FN, falling number; SDU, sprout damage units.

The reproducibility of field experiments was assessed by
calculating Pearson’s correlation coefficients for the cube
root transformed α-amylase activity within and between years
for both LMA-treated and -untreated replicates (Table 3;
Tables S7 and S8). LMA-treated replicates exhibited moder-
ate to high correlations within single years, and low, though
significant, correlations between years (Table S7). The LMA-
treated replicates from the 2020 field season showed a
slightly higher and more significant correlation between repli-
cates than LMA-treated replicates from 2019 (R = 0.662,

p = 4.36 × 10−23 and R = 0.539, p = 4.93 × 10−11,
respectively). The 2019 LMA-treated replicates had low but
significant correlations to 2020 LMA-treated (R = 0.164–
0.253, p< 0.05) and 2021 LMA-treated replicates (R= 0.193–
0.258, p < 0.05). The highest correlation between years
was R = 0.348, p = 3.1 × 10−6 between 2020.LMA2
and 2021.LMA1. The average α-amylase activity for LMA-
treated replicates demonstrated a moderate to high and highly
significant correlation between all LMA-treated replicates
(Figure 3; Table S7). While untreated samples showed less
variation for α-amylase activity than treated samples, it was
still possible to observe correlations within and between
years (Figure ; Table S8). For example, the two 2020
untreated replicates were significantly correlated (R = 0.801,
p= 6.59× 10−40). Untreated samples in 2019, 2020, and 2021
showed significant-moderate cross-year correlations (Table
S8). Untreated replicates were more highly correlated across
years than the LMA-treated replicates (Table 3; Tables S7 and
S8).

Interestingly, only two correlations were observed between
treated and untreated samples, suggesting low overlap in
the sources of variation between both treatment groups. The
average α-amylase activity of LMA-treated replicates across
all years had low and nonsignificant correlations with the
untreated controls across all years (Table 3; Figures S4 and
S5). LMA-treated and -untreated replicates within years were
not significantly correlated. Replicate 2021.LMA1, which
had the highest average α-amylase activity across years,
had a low but significant correlation with the untreated
average across all years and the 2020 untreated average
(Table 3). Examination of reproducibility between repli-
cates, years, and treatments using Pearson’s correlations
suggested that while there was a high degree of year-to-year
variation, the experiments were measuring a reproducible
trait.
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MARSTON ET AL. 9 of 19Crop Science

T A B L E 4 Ten quantitative trait loci (QTLs) identified via compositive interval mapping and four markers identified via single marker
association mapping associated with α-amylase activity from LMA-treated and -untreated samples.

CIM Identified QTLa

QTL name Traits Chr LOD Effect
Peak
(cM)

Interval
(cM) R2 Left markerb Right markerb

QLcon-wsu.2Ac U LMA Freq. 2A 3 0.044 7.51 3.4 0.0676 2A_14299680 2A_34105730

Average U all years 2A 3.5 0.014 7.51 3.8 0.073 2A_14299680 2A_34105730

U BLUP 2A 3.5 0.009 7.51 3.7 0.0761 2A_14299680 2A_34105730

QLcon-wsu.3Ac Average U 2019 3A 3 0.05 79.41 5.6 0.0673 3A_431422512 3A_509564326

QLind-wsu.3B.1d Average LMA Ind. 2020 3B 4.1 −0.06 15.61 5.9 0.0818 3B_59889587 3B_59485849

QLcon-wsu.3B.2c 2020.U1 3B 3.6 0.016 49.81 3.2 0.0746 3B_761588835 3B_762022660

Average U 2020 3B 3.6 0.016 50.01 2.3 0.0725 3B_761588835 3B_761833638

QLind-wsu.5Bd Average LMA Ind. all
years

5B 3.5 −0.05 11.81 6.4 0.0756 5B_24648800 5B_16725511

Average U all years 5B 3.6 −0.01 20.31 2.7 0.0728 5B_26845670 5B_28755249

2020.U2 5B 3.6 −0.02 20.31 2.5 0.0746 5B_26845670 5B_28755249

QLind-wsu.6Bd Average LMA Ind. 2020 6B 4.4 0.082 13.61 6.7 0.0873 6B_48151735 6B_48106865

QLind-wsu.7A.1d LMA Ind. LMA Freq. 7A 3.8 −0.08 28.11 2.7 0.0804 7A_27614565 7A_30089367

QLind-wsu.7A.2d 2020.LMA1 7A 5.6 −0.07 62.81 0.7 0.1211 7A_76800924 7A_77491640

Average LMA Ind. 2020 7A 6.7 −0.08 62.81 0.7 0.1504 7A_76800924 7A_77491640

2020.LMA1 7A 4.6 −0.06 70.61 1.6 0.0993 7A_116698496 7A_133643468

QLind-wsu.7A.3d LMA Ind. LMA Freq. 7A 4.2 0.081 97.01 3.1 0.084 7A_622828170 7A_634878887

LMA Ind. LMA Freq. 7A 4.1 0.082 103.01 0.8 0.088 7A_640164758 7A_642424915

QLind-wsu.7Dd Average LMA Ind. 2019 7D 3.3 −0.05 77.11 15.6 0.0745 7D_612424325 7D_629692367

SM Identified QTLe

Significant marker Trait Chr LOD Effect
Peak
(cM)

Interval
(cM) p-value Left markerb Right markerb

7A_24618513d LMA Ind. LMA Freq. 7A 3.2 −0.38 21.61 3 *** 7A_24618513 7A_23810520

7A_85902743d 2020.LMA1 7A 3.4 −0.06 62.81 0.9 *** 7A_85902743 7A_77491640

7A_85902743d Average LMA Ind. 2020 7A 3.5 −0.06 62.81 1 ** 7A_85902743 7A_77491640

7A_116530568d 2020.LMA1 7A 3 −0.05 68.61 2.7 *** 7A_116530568 7A_115326808

Rht-B1c Average U all years 4B 3.3 0.015 0.01 18.3 **

Rht-B1c 2020.U1 4B 3.3 0.018 0.01 17.9 **

Rht-B1 Height (cm) 4B 7.4 8.949 0.01 16.1 ***

Note: Years with single replicates are designated as U1 and U2 for untreated replicates or LMA1 and LMA2 for LMA-induced replicates.
Abbreviations: Chr, chromosome; Freq., frequency; Ind., induced; LOD, logarithm of odds.
aQTL identified using composite interval mapping (CIM).
bPhysical position (bp) indicated in marker name after underscore.
cQTL associated with constitutive expression of α-amylase.
dQTL associated with cold shock-induced expression of α-amylase.
eQTL identified using single marker (SM) analysis.
** and *** depict significance at the 0.01 and 0.001 probabilities levels.

3.2 Sources of variation in LMA phenotype

An REML method was employed to model the factors con-
tributing to variation within treatment groups between annual
field trials and to calculate BLUPs given the limited cor-
relation between replicates from different years (Table S4).
The treatment type and year were significant contributors
to phenotypic variation, explaining 25.4% and 7.3% of the

total phenotypic variation, respectively (Table 2). Genotype
accounted for ∼15% of the total phenotypic variation and was
a significant factor in variation of α-amylase activity; residual
error was less than 8% (Table 2). Interactions between geno-
type and year, genotype and treatment type, and genotype,
year, and treatment type were also identified as significant
factors (14%, 11.5%, and 11.7%) (Table 2). A small yet
significant interaction between year and treatment type was
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F I G U R E 3 Linear regression and scatter plots comparing the
cube root transformed average α-amylase activity (SDU/g) of
late-maturity α-amylase (LMA)-treated replicates across all years to
three independent LMA-treated experiments: (a) average α-amylase for
LMA-treated replicates in 2019 (p = 6.5 × 10−16), (b) average
α-amylase activity for LMA-treated replicates in 2020
(p = 1.9 × 10−28), and (c) α-amylase activity for 2021 LMA-treated
replicate (p = 1.2 × 10−45). Avg., average; SDU, sprout damage units.

observed that explained 6.6% of the total variation in the
model.

The impact of reduced height (Rht) alleles Rht-B1 and
Rht-D1, awn-type, and anthesis date were examined inde-
pendently of genotype using one-way ANOVAs (Table S3).
The biparental population segregated for both Rht-B1b or
the Rht-D1b semidwarfing alleles, enabling us to examine
the effects of the tall Rht-B1a/Rht-D1a wt, each semid-
warfing allele Rht-B1b or Rht-D1b, and the double dwarf
Rht-B1b/Rht-D1b genotypes on LMA phenotype. When both
LMA-treated and -untreated samples were considered, the
Rht-B1 genotype alone did not have a significant effect on α-
amylase activity, whereas the Rht-D1 genotype was slightly
significant (p = 0.0002). Both Rht-B1 and Rht-D1 geno-
types showed significant interactions with treatment type
(p = 0.0026 and p = 8.77 × 10−7, respectively), though not
with year. When the combined Rht-B1 Rht-D1 genotype (“Rht
Read”) was considered, this single factor had a more signifi-
cant effect on α-amylase activity than either gene individually
(p = 2.46 × 10−12) and showed significant interaction with
treatment type but had no significant interaction with year
(p = 8.0 × 10−5 and p = 0.58) (Table S3). Rht Read cap-
tured the effect of the combined genes as substituting the term

with an interaction between Rht-B1 and Rht-D1 did not alter
ANOVA results.

When untreated, wt tall (Rht-B1a/Rht-D1a) lines had
slightly higher average α-amylase activity than either one-
gene or two-gene (Rht-B1b/Rht-D1b) dwarf lines, though
variation in α-amylase activity between lines with different
Rht genes had no or low significance (Figure 5). In LMA-
treated samples, Rht-B1b/Rht-D1b double-mutant dwarf lines
consistently had a higher average α-amylase activity than
wt tall (Rht-B1a/Rht-D1a) or single homozygous mutant
(Rht-B1b/Rht-D1a or Rht-B1a/Rht-D1b) semidwarf lines
(Figure 5; Table S3). This result was most significant in 2021
where tall and single-gene dwarf lines had comparable levels
of α-amylase activity with an average α-amylase activity
equivalent to 112–127 s FN, whereas double-mutant dwarf
lines had an average α-amylase activity equivalent to an FN
of 80 s (Figure 5). This suggests that regulation of LMA
by DELLA proteins is more complex than an off-versus-on
regulatory switch. Plant height as measured in 2020 did
not have a significant association with α-amylase activity
(p = 0.143) but had significant interactions with treatment
type (p = 9.83 × 10−5) (Table S3). The presence or absence
of awns did not significantly contribute to variation in
α-amylase activity (p = 0.52), though there was a slightly
significant interaction between awn presence and treatment
type (p = 0.04). Anthesis date exhibited a weak yet significant
association with α-amylase activity (p = 0.005), possibly due
to variation in ambient temperatures when different varieties
reached the LMA-susceptible developmental stage (Table
S3). The inclusion of plant height, presence of awns, anthesis
date, or combined Rht genotype did not significantly improve
model fit and were excluded from the final MLM used to
calculate BLUPs and heritability.

Variation in LMA phenotypes can be explained by both
genotype and environment. Due to the limited replication in
certain years, BLUPs were calculated across all years sepa-
rately for LMA-treated and -untreated samples using genotype
and year as factors in the MLM. Repeatability, estimated
as broad-sense heritability (H2), was also calculated sepa-
rately for both treatment types. A repeatability of 0.81 and
0.66 for untreated and LMA-treated replicates, respectively,
suggested that a QTL-mapping study was feasible. Much of
the unexplained residual variation in LMA induction may
be due to differences in environmental conditions between
years or to unaccounted for variation within the field. We
examined air temperature, RH, and precipitation data from
WSU AgWeatherNet’s Pullman, WA, station for a period of
8 weeks in 2019, 2020, and 2021 as the headrows reached
soft-dough stage (Table S2; Rasul et al., 2015). The max-
imum temperature during this time in 2019 and 2020 was
85˚F/29.4˚C, while 2021 had a maximum temperature of
105˚F/40.5˚C. The 2021 field season was characterized by
heat and drought stress leading up to collection of LMA-
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F I G U R E 4 Linear regression and scatter plots comparing the
cube root transformed average α-amylase activity (SDU/g) of untreated
replicates across all years to three independent field seasons: (a)
α-amylase for untreated samples in 2019 (p = 1.2 × 10−48), (b) average
α-amylase activity for untreated replicates in 2020 (p = 9.4 × 10−68),
and (c) α-amylase activity for 2021 untreated samples
(p = 3.6 × 10−20). Avg., average; SDU, sprout damage units.

treated material before a rainfall event of 0.2 in. as lines were
reaching the soft-dough stage. The higher field temperatures
mean that the starting temperatures were higher in 2021 so
that the LMA treatment involved a greater decrease in temper-
ature. In 2019 and 2020, a few small rainfall events happened
during the same window, but cumulative precipitation did not
exceed 0.15 in. Despite the rainfall in 2021, sprouting does
not appear to be a contributing factor to the high levels of
LMA expression due to the low levels of α-amylase activity
in the untreated material left to mature in the field (Figure 1;
Table 1).

3.3 QTL analysis

Linkage maps were constructed using the 3022 polymorphic
SNP markers from GBS and the 40 SSR markers on chro-
mosomes 3A, 3B, 5A, 6B, 7A, and 7B (Table S6). The SSR
markers were selected to increase marker density in LMA-
associated regions based on previous mapping studies and a
preliminary SM QTL analysis (reviewed by Cannon et al.,
2022; Figure S6; Table S6). Mapping identified 21 linkage
groups with 1553 markers, for a total map length of 2440 cM
and an average marker density of 0.64 markers/cM with one
linkage group per chromosome (Table S6). A QTL analysis

was conducted to identify markers associated with LMA
resistance and susceptibility in the Xerpha/Bobtail bi-parental
mapping population using CIM and SM analysis in QTL
Cartographer. A total of 18 sets of phenotypic data were ana-
lyzed, including BLUPs for untreated and treated replicates
across all years, LMA incidence across all replicates in LMA-
treated and -untreated lines, cube root transformed α-amylase
activity for each replicate, average α-amylase activity for
replicates of the same year and treatment type, and average
α-amylase activity across years within treatments (Table S1).

A robust association between multiple traits and the Rht-
B1 locus on chromosome 4B was revealed by SM analysis
(Table 4). Plant height exhibited the strongest association
(LOD = 7.37), although the average untreated α-amylase
activity values across all years and in 2020.U1 were also sig-
nificantly associated with Rht-B1 (Table 4). Four other traits
were mapped by SM analysis to loci on 7A that co-located
with two of the three QTL mapped using CIM. Ten total QTLs
were detected using CIM with LOD thresholds determined
via 600 permutations. Among these, two QTLs were associ-
ated with α-amylase activity in untreated (U) replicates, while
the remaining eight QTLs were associated with α-amylase
activity in LMA-treated replicates (LMA) (Table 4). One
major significant QTL was detected and mapped to chro-
mosome 7A using the 2020 LMA-treated average α-amylase
activity and one 2020 LMA-treated replicate (2020.LMA1).
The remaining nine QTLs had minor associations with α-
amylase activity and were distributed across chromosomes
2A, 3A, 3B, 5B, 6B, 7A, and 7D. Incidence of LMA in LMA-
treated material mapped two minor QTLs to unique loci on
7A. The BLUPs of untreated replicates mapped a QTL to
chromosome 2A, whereas the LMA-treated BLUPs did not
map any QTL. The remaining QTLs were identified using the
cube root transformed values for average (within and across
years) or individual LMA-treated and -untreated replicates.
Notably, no datasets from 2021 mapped significant QTL; the
majority of detected QTLs were mapped by the average or
individual LMA-treated replicates from 2020. The only QTLs
mapped using data from 2019 were QLcon-wsu.3A (QTL LMA
constitutive-wsu.3A from untreated data) and QLind-wsu.7D
(QTL LMA-induced-wsu.7D) from cold-treated data.

4 DISCUSSION

To identify QTL for LMA tolerance that can be used to
develop markers for MAS, we conducted the first mapping
study of LMA tolerance in a winter wheat biparental RIL pop-
ulation. A previous genome-wide association study identified
LMA QTL in a panel of 251 North American hard spring
varieties that included germplasm from the US PNW, but this
is the first biparental winter wheat population used to map
tolerance from this region (Liu, Parveen et al., 2021).
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12 of 19 MARSTON ET AL.Crop Science

F I G U R E 5 Late-maturity α-amylase (LMA)-treated and -untreated/control replicate α-amylase activity (SDU/g) by combined Rht-B1 and
Rht-D1 genotype. α-Amylase expression is plotted for both LMA-treated and -untreated replicates for all 3 years. Tall (Rht-B1a/D1a), semidwarfs
(Rht-B1b/D1a and Rht-B1a/D1b), and double dwarfs (Rht-B1b/D1b) are plotted from left to right each year in red, green, blue, and purple. Similarity
of groups is indicated by letters above individually plotted boxplots as calculated by Tukey honestly significance difference test. FN, falling number;
Rht, reduced height; SDU, sprout damage units.

Variation in field environment appeared to significantly
influence whether LMA was induced in a given line. Varia-
tion in precipitation and temperature between years appeared
to contribute more to year-to-year variation in LMA-treated
than -untreated material (Figures 3 and 4). Heat stress was
an important factor in 2021 when the maximum temperature
reached 105˚F/40.5˚C the week before LMA induction, result-
ing in a temperature difference of 22.5˚C between field and
growth chamber conditions (Table S2; Rasul et al., 2015).
This is nearly twice the temperature differential experienced
in 2019 and 2020 when maximum temperatures did not
exceed 85˚F/29.4˚C. Future work will need to determine if
the larger temperature change, such as that which occurred
in 2021, is always associated with a higher proportion of lines
inducing LMA and a higher average α-amylase activity. Con-
sistent with this observation, Liu, Tuttle et al. (2021) found
that a larger difference between basal and induction tempera-
tures gave a higher fold-increase in α-amylase. The correlation
between treated and untreated replicates increased as the pro-
portion of lines exhibiting an LMA phenotype increased, as
seen in 2021 (Figures S4 and S5; Table 3). It is possible
that in some backgrounds LMA tolerance is not so much
absolute resistance as a requirement for a bigger temperature
differential to induce LMA. For example, under cool-treated
conditions, the LMA-tolerant parent Bobtail induced LMA in
2021 but not in 2019 and 2020 (Figure 2). In contrast, the
LMA-susceptible Xerpha parent consistently induced LMA.

Although there were measurable differences in α-amylase
activity between the parents in 2021, no QTLs were mapped
with LMA-treated data. LMA induction in most lines in 2021
may have led to failure to map LMA tolerance. Alternatively,
a higher proportion of the variation in α-amylase expression
may have been due to heat-associated field variation in 2021.
In fact, one portion of the field could not be collected in 2021
because it was too dry.

Despite the significant year-to-year environmental vari-
ation, there was a high degree of reproducibility within
replicates and between years achieved through implementa-
tion of improved LMA phenotyping and statistical methods
(Butler et al., 2009; A. P. Derkx & Mares, 2020; Liu, Tuttle
et al., 2021). The untreated and LMA-treated α-amylase lev-
els showed a heritability of 81% and 66%, respectively. This
was associated with moderate levels of correlation between
independent field trials (Table 3; Tables 7 and 8). Mapping
α-amylase expression in both untreated and LMA-inducing
environments enabled identification of QTL capable of con-
trolling LMA across diverse environments. A total of 10 QTLs
were identified (LOD > 3.0).

Three markers identified as significant co-localized
with QLind-wsu.7A.1 (marker 7A_24618513) and QLind-
wsu.7A.2 (markers 7A_85902743 and 7A_116530568)
identified by CIM (Figure 6; Table 4). Of the 10 QTLs
identified in the current study, only QLcon-wsu.3A,
QLcon-wsu.3B.2, and QLind-wsu.6B appear to co-locate
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F I G U R E 6 Genetic maps showing three quantitative trait loci
(QTLs) for α-amylase in late-maturity α-amylase (LMA)-treated
material. Significant markers from single marker (SM) analysis are
shown in blue, while QTL intervals detected via composite interval
mapping (CIM) are indicated in red on the chromosome. Position in cM

(Continues)

F I G U R E 6 (Continued)
is indicated on the left, with the mapped trait, as well as 1 and 2
logarithm of odds (LOD) confidence intervals for each QTL on the
right. Only marker names every 2 cM intervals are displayed; full
linkage maps are available in Table S2. Avg., average; Freq., frequency;
Ind., induced.

with existing LMA-associated QTL based on the physical
position of markers in the Chinese Spring v1.0 genome and
SSR maps (Emebiri et al., 2010; Fairlie et al., 2024; IWGSC,
2018; Liu, Parveen et al., 2021; D. Mares et al., 2023; McNeil
et al., 2009; Mohler et al., 2014; Mrva & Mares, 2001b;
Tan et al., 2010; Verblya & Cullis, 2012; Wang et al., 2014;
J. Zhang et al., 2014). The remaining 7 QTLs represent
novel LMA-associated QTLs, which may be characteristic of
LMA tolerance in winter wheat or of US PNW germplasm
(Table 4).

Three QTLs were mapped to chromosome 7A: two minor
QTLs (QLind-wsu.7A.1 and QLind-wsu.7A.3) and one major
QTL (QLind-wsu-7A.2) (Figure 6). The two minor QTLs were
mapped to the short and long arms of 7A by LMA inci-
dence in LMA-induction material and appeared distinct from
previously reported QTLs. As LMA incidence serves as an
index for consistency of LMA expression across years, these
QTLs may provide broad control of α-amylase across environ-
ments. QLind-wsu.7A.2, the most significant QTL identified
(max LOD 6.7), was mapped with LMA induction data from
2020 to the long arm of 7A (Figure 6; Table 4). The pre-
viously published major QTL LMA-1 on chromosome 7B
was not identified in this population (A. Derkx et al., 2021).
Thus, the strong effect of QLind-wsu.7A.2 may provide a good
alternative marker for winter wheat breeding. Future work
will need to characterize this QTL in a wider range of win-
ter wheat varieties. While future work will need to fine map
this QTL, the 0.69 Mb QLind-wsu.7A.2 interval contained
10 annotated genes including an ethylene-responsive element
binding factor (AP2/ERF domain protein) and a chloroplas-
tic/amyoplastic starch synthase gene (Qi et al., 2011; Yates
et al., 2022).

Interesting QTLs were detected on group 3 and 5 chromo-
somes (Figure 7; Table 4). Possibly, the most reproducible
QTL was QLind-wsu.5B (LOD 3.5) because it was detected
using both LMA-treated and -untreated data averaged across
all years, suggesting that it decreases α-amylase levels under
a wide range of environments (Figure 7; Table 4). QLcon-
wsu.3A was detected near the centromere of chromosome 3A
and appeared to overlap with previously detected LMA, PHS,
and dormancy loci (Kulwal et al., 2004; Kumar et al., 2015;
Mohan et al., 2009; Tan et al., 2010; Zuo et al., 2019). QLind-
wsu.3B.1 mapped to the short arm, while QLcon-wsu.3B.2
mapped to the long arm of chromosome 3B. Both QTLs
on 3B span intervals of approximately 0.4 Mb containing
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14 of 19 MARSTON ET AL.Crop Science

F I G U R E 7 Genetic maps showing seven quantitative trait loci (QTLs) for α-amylase activity. Position in cM is indicated on the left, and the
QTL interval is indicated by colored interval on the chromosome, with the mapped trait, as well as 1 and 2 logarithm of odds (LOD) confidence
intervals for each QTL on the right. Only marker names every 5 cM intervals are displayed; full linkage maps are available in Table S2. Avg.,
average; Freq., frequency; Ind., induced; LMA, Late-maturity α-amylase.

annotated genes involved in plant development and abiotic
stress responses, including a BTB/POZ domain and BURP
domain proteins (Shalmani et al., 2021; Yates et al., 2022;
Zhu, 2022). Due to its proximity to the centromere, large size,
inconsistent association with markers, and tendency to map
to opposite arms of 3B, it is possible the previously reported
major LMA-associated QTL on 3B is more than one signif-
icant locus (Liu, Parveen et al., 2021; McNeil et al., 2009;
Mrva & Mares, 2001a; Tan et al., 2010; Verblya & Cullis,
2012; J. Zhang et al., 2014). QLcon-wsu.3B.2 may co-locate
with this major LMA QTL on 3B that may be homoeologous
with QLcon-wsu.3A. QLind-wsu.3B.1 appears to be a novel
QTL on the short arm of 3B further from the centromere than
any previously reported QTLs.

The remaining three minor QTLs were QLcon-wsu.2A,
QLind-wsu.6B, and QLind-wsu.7D. QLcon-wsu.2A was
mapped using untreated material to the short arm of

chromosome 2A (Figure 7). Previous studies mapped LMA-
associated QTL to the long arms of chromosomes 2A and
5B, suggesting QLcon-wsu.2A and QLind-wsu.5B are unique
(Mohler et al., 2014; Tan et al., 2010; Verblya & Cullis,
2012). The QLind-wsu.6B locus mapped to the short arm
of 6B and did not co-locate with the α-amy-B1 candidate
gene proposed for the 6B LMA QTL published in previous
studies (Bevan, 2020; Emebiri et al., 2010; Liu, Parveen
et al., 2021; Mohler et al., 2014). QLind-wsu.7D mapped to
the opposite arm than was reported in North American spring
wheat but this study, as well as recent reports in Australian
germplasm, validate that the 7D chromosome plays a role
in LMA expression (Fairlie et al., 2024; Liu, Parveen et al.,
2021; D. Mares et al., 2023; Figure 7).

The observed suppressive effect of Rht-B1b and Rht-D1b
alleles on α-amylase expression under untreated conditions
is consistent with previously published findings (Figure 5).
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The unexpected observation that Rht-B1b/Rht-D1b double-
dwarf lines exhibited higher α-amylase levels than wt (tall)
and single-gene semidwarf lines in response to cold is con-
trary to prior notions and suggests that DELLA mutations may
enhance cold sensitivity rather than merely suppress LMA
at higher temperatures in winter wheat. This cold-activated
mechanism for bypassing the gain-of-function DELLA muta-
tion repression of α-amylase expression may be either GA-
dependent or GA-independent (D. Mares et al., 2022). This
aligns with findings by Pereira et al. (2002), where a 2˚C cold
treatment “rescued” coleoptile elongation across wt, semid-
warf, and double-dwarf Rht mutants; Rht isolines also showed
increased sensitivity to GA across a wider range of GA
concentrations than at warm 18˚C. The dormancy-breaking
treatment of cold stratification appears to stimulate germi-
nation in part through increased GA sensitivity and levels
(Martinez et al., 2016; Tuttle et al., 2015; Xu et al., 2016;
Yamauchi et al., 2004). Since α-amylase expression occurs
during germination, this cold temperature “rescue” of GA-
sensitivity or GA signaling may be mechanistically related
to LMA induction. Future work could examine this using
near-isogenic lines and/or using targeted mutations in Rht-
B1, and Rht-D1. Further research into these mechanisms will
be required to fully characterize the temperature-dependent
regulation of LMA-expression.

This study identified multiple QTLs with potential roles
in the cold-dependent and -independent mechanisms for reg-
ulating total α-amylase expression under both normal field
and LMA-inducing conditions. Light was also shed on the
temperature-dependent nature of GA sensitivity regarding
LMA expression. Future studies should prioritize mapping
LMA tolerance under both warm and LMA-inducing cold
conditions to individually characterize both LMA mecha-
nisms and their relative contributions to total α-amylase
levels. Moreover, near-isogenic lines would be beneficial for
precisely defining the differential effects of single and double
(Rht-B1b/Rht-D1b) mutants on LMA induction. Employing a
biparental mapping population where both parents are dou-
ble dwarfs (Rht-B1b/Rht-D1b) would allow identification of
LMA regulators downstream of DELLA. The precision of
the QTL detected in the Xerpha × Bobtail population con-
trasts with many previously detected QTLs, which had much
broader intervals. This precision will be useful in fine map-
ping causative genes. Future work will develop these QTLs
for MAS and assess their effectiveness in selection for LMA
tolerance in PNW germplasm.
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