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wheat reveals genetic connections to late maturity alpha-amylase
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Abstract
Preharvest sprouting (PHS), the initiation of mature grain germination on the mother

plant when wheat (Triticum aestivum L.) gets wet before harvest, is a major cause
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to support seedling growth during germination. However, excessive starch digestion
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by alpha-amylase reduces its pasting capacity in flour/water mixtures leading to col-
lapsed cakes, sticky noodles, and bread with sticky crumb. Elevated alpha-amylase
can also result from cool temperatures during grain filling, either due to a develop-
mental problem called late maturity alpha-amylase (LMA) or premature germination
under moist conditions termed vivipary. PHS tolerance was mapped to 53 quantita-
tive trait loci (QTL), including 16 of high significance (logarithm of the odds > 7.5),
Assigned to Associate Editor Esten Mason. in a spring wheat panel previously used for association mapping of LMA. When
Funding information vivipary assays were performed on a panel subset, vivipary, LMA, and PHS were
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significantly correlated with each other. This is interesting given that the PHS and
vivipary phenotypes assayed were visible germination, whereas the LMA phenotype
assayed was alpha-amylase activity. While there are LMA susceptible lines that are
PHS tolerant and vice versa, this suggests that overlapping genetic mechanisms may
govern tolerance in this population. Indeed, Five PHS QTL had a significant effect of
LMA phenotype in the same population Os2-1A, Os20-3B, Os31-5A, 0s39-5D, and
Q0s42-6A. Breeding programs may be able to use such QTL to select for both PHS
and LMA tolerance. The more significant and reproducible PHS QTL identified are
good candidates for marker development and cloning efforts.

Abbreviations: ABA, abscisic acid; ANOVA, analysis of variance; BLUP, best linear unbiased predictors; dpa, days post-anthesis; GA, gibberellin A; GI,
germination index; GWAS, genome-wide association study; LMA, latematurity alpha-amylase; LOD, logarithm of the odds; PHS, preharvest sprouting; QTL,
quantitative trait loci; SI, sprouting index; SNP, single nucleotide polymorphism; TCAP, Triticeae coordinated agricultural project; Ts, time to sprouting score
threshold.
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Plain Language Summary

Wheat farmers may be forced to sell their crop at a low price if the grain con-
tains too much alpha-amylase. This enzyme degrades starch causing fallen cakes,
sticky bread, and sticky noodles. This can be caused by (1) untimely rain causing
preharvest sprouting (PHS) or germination of mature grain on the mother plant, or
(2) cool temperatures during grain filling causing the developmental problem late
maturity alpha-amylase (LMA). Breeding wheat with genetic resistance can reduce
the risk from weather. To help achieve this, PHS resistance genes were mapped
to 16 chromosome locations. When the PHS data were compared to LMA data,
there was enough agreement to suggest that they are sometimes genetically related
problems. Three of the PHS genes were located close enough to LMA genes to
suggest they may be the same or neighboring genes. Selection for single and multi-
purpose loci/genes may speed up breeding for resistance to these weather-triggered

problems.

1 | INTRODUCTION

Wheat (Triticum aestivum L.) farmers receive lower prices
for their grain when it contains too much a-amylase enzyme
activity, detected in the wheat industry using the falling num-
ber method (reviewed in Ross and Bettge [2009]). The wheat
grain or caryopsis is both the means of propagation and the
product milled into flour that is used to make diverse products,
including bread, crackers, cookies, cakes, and noodles. Ele-
vated a-amylase in wheat grain digests starch in flour/water
mixtures, reducing its gelling capacity and leading to cakes
that fall, and sticky bread and noodles. Breeding for tolerance
to elevated a-amylase at harvest is complicated by the fact that
it is controlled by multiple genetic and environmental causes.
This study aimed to improve breeding by identifying loci con-
tributing to the main cause of elevated a-amylase, preharvest
sprouting (PHS), and by examining genetic connections to two
other causes, vivipary and late maturity alpha-amylase (LMA)
(reviewed in Derera [1989], Mares and Mrva [2014], Peery
et al. [2023], and Sjoberg et al. [2020]).

Alpha-amylase expression in wheat grain can be induced
by environmental conditions before or after the completion of
grain development. PHS is the initiation of mature grain ger-
mination on the mother plant when rain occurs before harvest
(Zadoks stage 91; Zadocks et al., 1974). Vivipary in wheat
is the precocious germination of immature grain (Zadoks
85), and is promoted by cool and moist conditions during
grain maturation (Derera, 1989; Ichinose et al., 2002; Peery
et al., 2023). Viviparous (vp) mutants of maize (Zea mays
L.) also initiate germination during the maturation stage of
kernel development (McCarty, 1995). Vivipary differs from
PHS in that the grain never completes the maturation pro-

cesses of becoming dormant, acquiring desiccation tolerance,
and storing nutrients from the mother plant. LMA is the
induction of a-amylase by non-freezing cold temperatures
during the maturation phase of grain development (Zadoks
stage 85; A. P. Derkx & Mares, 2020; Mrva et al., 2006).
LMA occurs without visible germination in response to cool
temperatures when conditions are not humid (Peery et al.,
2023).

Grain dormancy can account for 60 to 85% of PHS toler-
ance (DePauw & McCaig, 1991), while much of the remain-
ing tolerance can result from differences in spike morphology
(King & Richards, 1984; King & von Wettstein-Knowles,
2000). The seeds of many temperate species have dormancy
at maturity, resulting in an inability to germinate under
favorable conditions until exposed to dormancy-breaking con-
ditions (reviewed by Finkelstein et al. [2008]). Seeds acquire
dormancy and desiccation tolerance in response to the hor-
mone abscisic acid (ABA) produced during the maturation
phase of seed development. Higher wheat dormancy is asso-
ciated with higher ABA hormone levels and sensitivity to
ABA-inhibition of seed germination (Martinez et al., 2016;
Tuttle et al., 2015; Walker-Simmons, 1987; Xu et al., 2016).
Dormancy loss and germination are associated with higher
gibberellin A (GA) hormone levels and sensitivity. Wheat
grain dormancy is strongest at physiological maturity, and
then lost over time through dry after-ripening (Schramm et al.,
2010). Wheat grain dormancy is also lifted by cold stratifica-
tion when incubated under cool and moist conditions (Tuttle
et al., 2015; Xu et al., 2016). Breeding wheat that has suffi-
cient dormancy at physiological maturity to prevent sprouting
when it rains, but not so much dormancy that it will inter-
fere with germination and emergence once those seeds are
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planted, is a continual breeding challenge (Rodriguez et al.,
2015).

Thus far, there has been little evidence that quantitative
trait loci (QTL) for PHS and LMA tolerance overlap or share
mechanisms of action, leading to the theory that they are
genetically distinct phenomena (D. J. Mares & Mrva, 2014).
For example, none of the QTL mapped for LMA in the Cran-
brook x Halberd population were linked to PHS QTL mapped
in the same population (D. J. Mares & Mrva, 2001; Mrva
& Mares, 2001). However, Martinez et al. (2018) identified
a QTL for falling number after artificial rain that appeared
to co-localize with the LMA QTL identified on chromosome
7B (A. Derkx et al., 2021), raising the possibility that there
may be some overlap in genetic mechanisms controlling PHS
and LMA. Of the LMA loci mapped thus far, only the strong
QTL on chromosome 7B was identified by map-based cloning
and has homology to a GA biosynthesis enzyme ent-copalyl
diphosphate synthase (A. Derkx et al., 2021).

Although QTL associated with PHS tolerance have been
found on every wheat chromosome, few QTL for PHS tol-
erance have been cloned including Red-1 (R-1), Mother of
FT and TFL (TaMFT-3A), and the wheat orthologue of
mitogen-activated protein kinase kinase3 (TaMKK3-4A). The
dominant R-1 loci on chromosomes 3A, 3B, and 3D result
in additive increases in red pigmentation in the wheat seed
coat and in higher dormancy and ABA sensitivity (Himi &
Noda, 2005; Himi et al., 2002; Warner et al., 2000). The
wheat TaMFT-3A gene was identified as a transcript induced
in response to dormancy-enhancing cool temperatures dur-
ing grain maturation, and subsequently found to co-localize
with a major QTL for PHS tolerance on chromosome 3A
(also called TaPHS-1; S. Liu et al., 2013; Nakamura et al.,
2011). ABA regulates the MAP kinase cascade that includes
MKK3 in Arabidopsis thaliana (L.) and in rice, Oryza sativa,
and MKK3 acts as a negative regulator of dormancy (Dan-
quah et al., 2015; Mao et al., 2019; Xi et al., 2010). A major
QTL for PHS tolerance mapped in a wide range of germplasm
was shown to be the wheat ortholog, TaMKK3-4A (also called
Phs-Al; Shorinola et al., 2017; Torada et al., 2016). To
avoid confusion, we refer to these genes as TaMFT-3A and
TaMKK3-4A.

To identify PHS QTL and to determine whether they co-
localize with QTL for LMA, we performed a genome-wide
association study (GWAS) for PHS tolerance using visible
sprouting in spike-wetting tests in an association panel of
North American spring wheat in which we previously mapped
seven QTL for LMA tolerance (C. Liu, Parveen et al., 2021).
While visible sprouting is not always correlated to falling
number or a-amylase levels, it is well correlated in stronger
sprouting events (Brown et al., 2018; Depauw & McCaig,
1991; Martinez et al., 2018). To improve PHS mapping, the
trait was mapped based not only on degree of visible sprout-
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Core Ideas

* A genome-wide study found 53 quantitative trait
loci (QTL) associated with preharvest sprouting
(PHS) tolerance in spring wheat.

* The major PHS QTL Qs42-6A was reproducibly
detected on chromosome 6A.

* Tolerance to PHS, vivipary, and LMA were mod-
erately correlated in this population.

* Five PHS QTL also provided LMA tolerance in the
same population, suggesting some shared genetic
mechanisms.

ing on a specific day of misting, but also on the time required
to reach a given score. Comparisons with the previous study
revealed co-localization of two PHS and LMA loci, and anal-
ysis showed significant correlations between PHS, vivipary,
and LMA in a subset of this population.

2 | MATERIALS AND METHODS

2.1 | Germplasm

This study evaluated PHS and vivipary in the association
panel of 251 hard red and soft white spring wheat lines
assembled by the Triticeae coordinated agricultural projects
(TCAP, https://www.triticeaecap.org). This panel was previ-
ously characterized for LMA susceptibility in the field and
greenhouse (C. Liu, Parveen, et al., 2021), root morphology,
stem and stripe rust susceptibility, Hessian fly susceptibility,
and agronomic traits (Bajgain et al., 2015; Godoy et al., 2018;
Narayanan & Vara Prasad, 2014; Prather et al., 2022). The
panel is comprised of lines from 10 North American Breed-
ing programs. Spring cultivars included as controls based on
previous characterization for LMA and vivipary (Table S1;
Peery et al., 2023) were Maringa (P1584924; Barrero et al.,
2013), Seri-82 (PI591774; Tan, 2004), Halberd (PI377885;
Mrva & Mares, 2001), Spica (PI1213830; Barrero et al.,
2013), WB6341 (Clark, 2015), and the Washington State Uni-
versity spring breeding line WA8124 (IDO599/S2K00095;
C. Liu, Tuttle, et al., 2021). Four winter wheat lines were
included as controls to verify even misting during spike-
wetting tests: PHS-tolerant lines, soft white Brevor (CI112385;
Heyne, 1959) and hard white Clarks Cream (PI 476305;
Graybosch et al., 2019); and PHS-susceptible Bruneau (PI
664304, PVP201200014) and hard red Greer (AgriPro) (Mar-
tinez et al., 2018; Tuttle et al., 2015; Walker-Simmons,
1987).
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2.2 | Vivipary germination assays of
immature grain

A total of 37 TCAP lines were characterized for vivipary,
including 19 LMA-resistant lines and 18 LMA-susceptible
lines chosen based on LMA phenotypes in C. Liu, Parveen,
et al. (2021) (Table S1). A subset of the TCAP population
was used because the assay is labor- and resource-intensive.
Vivipary was assayed by characterizing the germination of
immature kernels at the soft dough stage of grain filling (as
in Peery et al. [2023]). Mother plants used to obtain kernels
for vivipary experiments were vernalized for 2 weeks at 4°C
to synchronize flowering and grown under a 16-h day and
8-h night photoperiod (Conviron GR96, 300 umol~! m=2s™1)
with a 23°C-25°C day and 17°C-18°C night. To obtain grain
at the soft dough stage of grain maturation, spikes were tagged
at anthesis, and spikes were harvested at 24-27 days post-
anthesis (dpa) at the soft dough stage (Zadoks 85) of grain
maturation previously found to be optimal for inducing wheat
vivipary (Peery et al., 2023). The goal was to have a minimum
of three biological replicates per treatment temperature, con-
sisting of a minimum of one spike from each of three plants,
where each spike of 20-30 kernels was plated on a separate
Petri dish. A total of 6-12 spikes from three to six plants
per genotype were harvested and hand-threshed into a 15-
mL tube containing a Kimwipe moistened with sterile water.
Three to six biological replicates (three to six spikes on three
to six Petri plates) were plated at the warm (25°C day/18°C
night) and three to six were plated at the cool (18°C day/7.5°C
night) incubation temperature. For each spike, 20-30 kernels
were sterilized in 10% bleach/0.01% sodium dodecyl sulfate,
washed six times with sterile water, then plated on separate
0.5x Murashige and Skoog (MS) medium/0.08% agar plates.
Plates were incubated in a diurnal growth chamber (Perci-
val Models #E30B and #CU22L) with a 16-h day/8-h night
(178 umol~! m~2 s~!). Germination was scored daily for 7
days, and percent germination was calculated daily. Germina-
tion index (GI) was calculated over 7 days of imbibition as
an index where greater weight is given to germination on an
earlier day of incubation as follows:

GI

where GI is the germination index, Gg,y is the number of
seeds newly germinated on the indicated day, and » is the
total number of kernels incubated on the Petri dish (Martinez
et al., 2016). The highest possible GI is 1.0 when all kernels
germinate on day 1.

2.3 | Spike-wetting tests

Wheat for spike-wetting tests was grown at the Washing-
ton State University Spillman Agronomy Farm in Pullman,
WA, in 1.5-m long headrows in 2019 and 2020 using the
agronomic practices recommended for the region (Schillinger
et al., 2006). There were two complete field replications for
each genotype grown per year. Some lines had additional
replication, and some lines had only one field replication suc-
cessfully harvested at physiological maturity in 2019 or 2020.
Spike-wetting tests were performed on 226 of the 251 TCAP
lines in 2019 and on 250 of the 251 lines in 2020. One spike
each of the four internal controls, Brevor, Clark’s Cream,
Bruneau, and Greer, were placed in every tray as a spatial
control for the misting system. Spike-wetting tests were per-
formed as described in Martinez et al. (2018). Wheat spikes
were harvested from the field at physiological maturity. Phys-
iological maturity is at the end of grain filling when wheat
grain reaches its maximum dry weight and dormancy. Spikes
were allowed to after-ripen at room temperature for 5 days,
then stored at —20°C to reduce dormancy loss through after-
ripening and kill insects (Paterson et al., 1989). Five spikes
were misted for each field replicate of each genotype under a
greenhouse misting system providing 6 s misting every 60 s.
Spikes were scored daily for 7 days for the appearance of vis-
ible sprouting based on a 1-10 scale (Table S2; derived from
McMaster and Derera [1976]). The effects of both grain dor-
mancy and spike morphology contribute to the measured data.
The spike-wetting test data collected consisted of sprouting
scores after 1, 2, 3,4, 5, 6, and 7 days of misting. The sprout-
ing index (SI) was calculated as a summary statistic over the
7 days as follows:

_ T Gday] +6e Gday2 +5. Gday3 +4. Gday4 +3e GdayS +2e Gday6 + Gday7

(7 n)
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SI=

7 (Sa1) +6 (Sq2 = Sa1) +5(Sa3 = Sz) +4 (S = Saz) +3 (Sas = Saa) +2 (a6 = Sas) + (Sa7 — Sue)

(number of days scored e 1)

where S is the sprouting score given for the day (d) of misting
and rn is the maximum possible score of 10. The SI approxi-
mates the area under the sprouting curve, giving more weight
to earlier sprouting. The minimum ST is 0.1 if there is no ger-
mination, and the maximum is 1.0 if all spikes reach a score
of 10 on day 1 of misting.

2.4 | Temporal analysis of sprouting score
thresholds by linear regression

The time required to reach specific sprouting scores was
calculated as a trait for mapping. Linear regression was per-
formed on sprouting score observations (y) versus time in
days (x) for each individual spike. In order to prevent redun-
dant scores at the minimum (1) and maximum (10) of the
scale from exerting undue influence on these regressions,
filtering was performed to remove all the minimum scores
prior to the last recorded minimum score for that spike, and
all the maximum scores after the first maximum score for
that spike. Thus, regressions were performed for individual
spikes over the range of time when the sprouting scores were
increasing. The linear regression for each wheat spike and
the data points that generated each were then put through an
alignment process to synchronize the results from all wheat
spikes in the dataset to the same relative stage in the pro-
gression of scores from 1 to 10; the points in time at which
these regressions passed through given threshold sprouting
scores were calculated and used as the time to sprouting
score threshold (Ts) values for mapping. The linear regres-
sion algorithm was used to interpolate or extrapolate the time
in days needed for each spike to cross a sprouting score
threshold, where the threshold values were sprouting scores
of 1.1, 1.5, 2.5, 3.5, 5.5, and 7.5. The calculated regressions
omitted some of the most extreme data with slopes of 0,
where no change in germination stage could be calculated
because insufficient germination occurred. These data were
then averaged by genotype within each year. This averaging
was performed to maintain the average slope of increasing
score for each individual spike because a linear regression
performed over the data from all spikes as a lump sum
would have flattened as it minimized the square of score-time
distances.

2.5 | Statistical analyses

Statistical analyses were performed in RStudio, using R ver-
sion 4.0.5 (R Core Team, 2024; RStudio Team, 2019). Anal-
ysis of variance (ANOVA) was performed using the aov
command in the stats package in R. Significant sources of
variation were included as covariates when modeling best
linear unbiased predictors (BLUPs) (Henderson, 1975). The
initial sprouting data were not normal.

To obtain normal PHS trait distributions for use in associ-
ation mapping, cube root, square root, and log;, transforma-
tions were examined in conjunction with BLUP calculations.
The cube root transformation was selected based on compar-
ison of Akaike information criterion values and applied prior
to BLUP calculation for each sprouting score by day and SI
trait based on a mixed linear model using the Imer function
from the LME4 package for R (Bates et al., 2015). Factors that
showed significant effects in an ANOVA, genotype, week,
and tray-nested-within-year were used as covariates in the
model to calculate BLUPs (Table S3). Year also had sig-
nificant variation in the ANOVA, but was omitted from the
model to prevent overparameterization. BLUPs were calcu-
lated for 2019 and 2020 data, and for the 2 years combined
(“both” in Table 1). Vivipary plating assays generated per-
cent germination on days 1 through 7 and GI from assays
performed at the warm or cool incubation temperature. In cal-
culating GI BLUPs, genotype was used as a random effect.
Based on ANOVA, replication was used as a covariate for
cool but not warm GI BLUP calculation. LMA BLUPs for
the TCAP population were as previously published for green-
house LMA induction experiments performed in 2018 and
2019, as were phenotypic categories based on the number
of times LMA was induced in eight replications (C. Liu,
Parveen, et al., 2021).

2.6 | Genome-wide association study

Previous work characterized 19,190 single nucleotide poly-
morphisms (SNPs) polymorphic in 247 TCAP lines geno-
typed using the Illumina iSelect 90K wheat SNP array
(Bajgain et al., 2015; S. Wang et al., 2014). The physical
location of SNPs mapped is based upon the wheat genome
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TABLE 1 Preharvest sprouting QTL identified in the TCAP.

Locus Chr*  Marker Max LOD” Traits® Years M MAF Tol/Sus*®
Qsl-1Af 1A IWB45874 8.4 Ts5.5, Ts7.5, d5 19, Both F,B 0.159 C/T
1A IWB31350 6.0 d7 Both F 0.255 G/A
1A IWB10042 6.8 d4 Both B 0.158 C/T
1A IWB5360 6.1 d3 Both F 0.095 T/C
0s2-1A 1A IWB9474 8.6 Ts3.5, Ts5.5, d5, SI 20, Both FE,B 0.342 C/T
1A IWB35143 5.5 d6 20 F 0.256 A/G
1A IWB34851 11.2 Ts5.5, d4 20, Both F,B 0.494 G/A
1A IWB57894 5.5 d4 Both B 0.271 C/T
1A IWB35476 6.4 Tsl.1 Both B 0.322 C/T
1A IWB45352 8.9 d3, d4 Both F,B 0.136 A/G
QOs15-2B 2B IWB44316 11.2 Ts5.5, d4 19, Both F,B 0.309 C/T
QOs17-2D 2D IWB39211 8.8 Ts3.5, Ts7.5 19 F 0.189 T/C
2D IWB60517 5.5 Ts3.5 Both B 0.202 C/A
0Os18-3A 3A IWB38315 7.6 Ts3.5, Ts5.5, Ts7.5, d6, d7 19,20, Both F,B 0.368 C/A
0s20-3B 3B IWB65401 8.4 de, SI 20 F 0.074 T/C
3B IWB6485 6.3 ds 19 B 0.363 G/A
0s24-4A 4A IWB275 7.6 Tsl.1, Tsl.5 20 B 0.482 A/G
4A IWB9276 7.8 Ts 2.5, Ts_3.5, Ts_5.5, Ts_7.5 Both F 0.482 T/C
0s31-5A 5A IWB12023 10.3 Tsl.5, Ts2.5, Ts3.5, Ts5.5, Ts7.5, d3 20, Both F,B 0.284 C/T
0s35-5B 5B IWB20439 12.8 Ts3.5, d4, d5 20, Both F,B 0.496 G/T
5B IWB6830 10.0 Ts2.5, Ts5.5, d5, d6, SI 20, Both F,B 0.484 C/A
5B IWB5738 9.1 d7 Both E,B 0.478 A/G
0s39-5D 5D IWB6788 8.7 Ts2.5, Ts5.5, Ts7.5, d5, d6, d7, SI 20, Both F,B 0.445 A/G
5D IWB40957 8.1 Tsl.1, Tsl.5, Ts2.5, Ts3.5, Ts5.5, d5, d6, 19, Both E,B 0.438 A/C
d7
0s42-6A 6A IWB47346 12.9 Tsl.1, Ts1.5, Ts2.5, Ts3.5, Ts5.5, d4, d5, 19, Both E,B 0.307 G/A
de, d7, SI
6A IWB30050 9.2 Tsl.1, Ts1.5, Ts2.5, Ts5.5, Ts7.5, d4, d5, 20, Both F,B 0.328 A/G
de, SI
Qs44-6B 6B IWB47211 8.2 d3 19,20,Both F, B 0.089 T/C
6B IWB67439 6.5 Tsl.1, Ts1.5,d5 20, Both F 0.128 A/C
6B IWB69753 6.7 Ts7.5 Both F,B 0.132 T/C
0s48-7A TA IWB5820 9.3 d3 19 B 0.072 G/A
0s50-7A TA IWB4830 6.6 Ts3.5 20, Both B 0.296 T/G
TA IWB48466 7.9 d3 20 F,B 0.391 T/C
0s53-7D 7D IWB53131 5.7 Ts3.5 19 F 0.368 T/C
7D IWB63737 11.2 Tsl.1, Ts1.5, Ts2.5, d5 Both F,B 0.462 C/T
7D IWB19259 9.1 Ts2.5, Ts3.5, Ts5.5, Ts7.5, d5, d6, d7, ST 19, Both F,B 0.459 G/A

Abbreviations: BLINK, Bayesian-information and linkage-disequilibrium iteratively nested keyway; FarmCPU, Fixed and random model Circulating Probability
Unification; MAF, minor allele frequency; QTL, quantitative trait loci; SNP, single nucleotide polymorphism; TCAP, Triticeae coordinated agricultural project.

*Wheat chromosome.

®Maximum logarithm of the odds (LOD) among all of the traits mapped to a given SNP marker. The complete list of LOD can be found in Table S4.

¢Traits, where, d represents day, whereby d3 means the sprouting score on day 3. Ts represents the time needed to reach a threshold of sprouting score, whereby Ts2.5
means the time it took a genotype to pass a sprouting score of 2.5 determined by linear regression. SI is the sprouting index.

dM is the GWAS method, B is BLINK, and F is FarmCPU.

€Tol (tolerant) and Sus (susceptible) alleles. The first nucleotide (bolded) is the allele variant that shows less or slower sprouting in a spike-wetting test.

fQs is a designation for sprouting QTL.
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sequence version 2.0 (Appels et al., 2018). Marker asso-
ciations with spike-wetting test traits were calculated by
GWAS using the fixed and random model circulating proba-
bility unification (FarmCPU) and Bayesian-information and
linkage-disequilibrium iteratively nested keyway (BLINK)
algorithms (Huang et al., 2019; X. Liu et al., 2016) per-
formed in the Genome Association and Prediction Integrated
Tool (GAPIT) v3.1 package in R (J. Wang & Zhang, 2021).
Default parameters were used for both algorithms. A princi-
pal component analysis was performed in GAPIT upon the
genotyping data and used as a factor in the GWAS. SNPs
with a minor allele frequency below 0.05 were excluded to
reduce false positives. Associations that exceeded the LOD
(logarithm of the odds) threshold of 5.5 were considered
significant.

3 | RESULTS AND DISCUSSION

3.1 | Analysis of PHS tolerance by
spike-wetting test

PHS tolerance was characterized using spike-wetting tests of
the spring TCAP panel previously characterized for LMA
(Liu, Parveen et al., 2021). To obtain sprouting scores by
day, spikes placed under a greenhouse misting system were
scored daily for 7 days using a 1-10 sprouting scale, where
a higher score indicates more advanced sprouting (Table S2;
Martinez et al., 2018; McMaster & Derera, 1976). A sprout-
ing score of 5 represents uniform germination over the spike,
and scores above 5 represent increasing seedling growth. No
sprouting was observed on days 1 and 2 of misting. Based
on sprouting scores from days 3 through 7, the population
showed stronger dormancy in 2019 than in 2020 (Figure 1a).
Sprouting scores ranging from 1 to 10 were reached in 5—
6 days of misting. SI was calculated as a summary statistic.
A cube-root transformation was applied before calculating
BLUPs because SI and sprouting score were not normally dis-
tributed (Figure 1b,c). Although there was more dormancy in
2019 than in 2020, spike-wetting test data were highly cor-
related between years, indicating that it was valid to map
using BLUPs calculated from combined 2019 and 2020 data
(Figure 1d, for SI, r = 0.78; Figure SIA-E). Sprouting scores
were more highly correlated between 2019 and 2020 at days 4,
5, 6, and 7 of misting (r = 0.72—0.76) than for day 3 (r = 0.58)
(Figure S1A-E).

While BLUPs of sprouting scores and SI have been used
to map, both metrics have limitations (P. Kulwal et al., 2012;
Martinez et al., 2018). Sprouting scores by day provide a snap-
shot on a given day, but do not fully describe the changes in
score over time. While SI partly addresses this by integrat-
ing sprouting data over time, some information is lost as the

(a) Spike -Wetting Test Score Data
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FIGURE 1 Distributions of preharvest sprouting (PHS) traits

from spike-wetting tests of the spring Triticeae coordinated agricultural
project (TCAP). (a) Sprouting score on each day of misting from 2019
and 2020. Spike-wetting tests were performed using five spikes per
line/replicate and two field replications per genotype per year. (b) 2019
and (c) 2020 histograms of sprouting index calculated over 7 days of
misting. (d) Comparison of cube-root best linear unbiased predictors
(BLUPs) for sprouting index (SI) from the field years 2019 and 2020
showed a significant correlation (r = 0.78, p = 2.8 x 10749,
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data are compressed. To address these limitations, mapping
was also performed based on the time needed for a spike of
a given variety to reach a threshold sprouting score (Ts). The
sprouting thresholds chosen included the time needed for ger-
mination initiation (sprouting score Ts1.1, Ts1.5), progression
(Ts2.5, Ts3.5), germination completion (Ts5.5), and seedling
growth (Ts7.5). The data from single spikes were analyzed
by linear regression, and intercepts were used to determine
the days required to reach each score threshold (Figure 2a).
Threshold data were averaged over all spikes for each variety
to generate traits for mapping.

Graphical representations of the Ts data were generated
to examine the validity of the approach. When examined
per spike, the linear regressions performed on this dataset
produced many different slopes for scores over time and dis-
placements in time (Figure 2a). After transformation from
time to percent completion, the linear regressions performed
on each spike (when combined as a whole) conformed to a
linear model, suggesting that this is a valid model to extrap-
olate the time required to reach threshold sprouting scores
(Figure 2b).

3.2 | GWAS for PHS tolerance

A GWAS was conducted using spike-wetting test data to iden-
tify PHS QTL in the North American spring wheat lines
comprising the TCAP. PHS tolerance was mapped based on
12 traits: (1) BLUPs of sprouting scores after 3, 4, 5, 6, and
7 days of misting, (2) BLUPs of SI over 7 days of mist-
ing, and (3) the time required to reach sprouting thresholds
(Tsl.1, 1.5, 2.5, 3.5, 5.5, 7.5). BLUPs were calculated for
2019, 2020, and for both years combined. When GWAS using
both FarmCPU and BLINK algorithms (Huang et al., 2019;
X. Liu et al., 2016), a total of 263 marker-trait associations
with a LOD over 5.5 were detected, representing 53 QTL
on 20 chromosomes based upon the assumption that marker
pairs within less than 5 cM or 5 Mbp of each other represent
the same locus (Table S4; Maccaferri et al., 2015; S. Wang
et al., 2014). Twenty loci were detected by both FarmCPU
and BLINK, while 25 were detected by FarmCPU alone and
eight by BLINK alone (Figure S2A). Given the large region of
suppressed recombination around the wheat centromere, hun-
dreds of millions of base pairs of a chromosome can fall within
a single QTL based on cM distances, making it difficult to
judge if alocus consists of one or multiple genes. For example,
the first locus (Qs/-1A) that mapped within the centromeric
region of chromosome 1A spanned the 387,590,100 bp dis-
tance from IWB45874 to IWB5360 within only 8 cM (S.
Wang et al., 2014). We focused our discussion on the highly
significant 15 loci with a LOD of 7.5 or higher that were also
validated as having a significant effect on the trait by one-way
ANOVA (Table 1; Figure S4).

Time (days)
(b)
24 r7=096 .
o
0 0 -
S
(B,
)
v - *
N -
T
0 50 100
Percent Completion
FIGURE 2  Evaluation of the linear regression method for

determining the time required to reach sprouting score thresholds (Ts,
time to sprouting score). (a) Lines showing the linear regression (black
lines) for each spike scored on days 3 through 7 of misting. This is a
better way of looking at the sprouting of a spike than the observed
scores on each day shown as red dots. The trait used for mapping was
the time (in days) at which the regression line intersected with a given
sprouting score threshold, for example, a sprouting score of 1.5. Ts was
determined for each spike and then averaged for each genotype. (b) To
check the validity of the linear model, both the regressions (black lines)
and the observations giving rise to them (red) were transformed by
converting time to percent completion (where a score of 10 is 100%
complete, and a score of 1 is 0% complete). The linear model proved to
be a reasonable fit, though the overlap in percent completion at different
scores highlights the limited precision of the spike-wetting test scores.

Four loci with LOD over 7.5 were detected with all three
year parsings (2019, 2020, and both combined), suggesting
a reproducible and strong effect on PHS tolerance, Qs/8-
3A, 0s39-5D, Qs42-6A, and Qs44-6B (Table 1; Table S4;
Figure S2B). All of these QTL were detected based on both
sprouting score and Ts threshold traits. It should be noted
that the effects reported for traits (Table S4) reverse direction

95U8017 SUOWIWIOD BA11e81D) 3|l dde 8Ly Aq peusenof a1e sajolie YO 9SN 0 Sa|nJ 10} Aeiq1T 8UlUO /8|1 UO (SUORIPUOD-PUE-SWLBIALO A3 | 1M Afeld 1[Bu [UO//:SdL) SUORIPUOD pUe SWS 1 8} 89S *[9202/S0/0T] Uo Akeiqi8uliuo Ao ‘A1seAlun aeis uoibuiysem AQ 69T0Z Z9S9/200T OT/I0P/LI0d A8 | Ale.q U U0 'ssesde//sAny WOy papeo|umod ‘G ‘G202 ‘£S90SEVT



CARLE ET AL.

depending on whether the trait is derived of sprouting score
(positive effect represents more sprouting), or Ts (positive
effect represents taking longer to sprout), but in all cases the
more tolerant SNP variant is reported first. The most impres-
sive QTL was Qs42-6A, resulting from the association of two
SNP markers 2.5 kb apart with every trait-year combination
but for day 3 sprouting score with high significance (LOD
5.5-11.2). Os42-6A had a strong effect, resulting in a max-
imum shift of 0.47 days in time required to reach a sprouting
threshold of 7.5. It colocalized with two published PHS QTL
(S. Kumar et al., 2015; Zuo et al., 2019). Qs18-3A on chromo-
some 3A (single SNP, LOD 5.8-7.6) was associated mainly
with later sprouting traits, including sprouting score on days
6 and 7 and thresholds Ts3.5, 5.5, and 7.5. In contrast, the
QTL Qs44-6B (three SNPs with LOD 5.5-8.2) was detected
mainly by early traits, including sprouting scores on day 3 and
5 of misting and thresholds Ts1.1 and 7.5. Os44-6B colocal-
ized with QPhs.wsu.6B identified in Pacific Northwest winter
wheat by Martinez et al. (2018). The QTL Qs39-5D (two
SNPs, LOD of 8.6) was located within 2 ¢cM but 140 Mbp of a
wheat homolog of barley seed dormancy gene Qgp,; encoding
an alanine aminotransferase (Sato et al., 2016).

Several highly significant QTLs were detected in 1 year
and/or in both years combined using both threshold and
sprouting traits (Table 1; Figure S3), including QOs2-1A, Os15-
2B, Q0s35-5B, and Qs53-7D. The Qs2-1A locus spanned
six SNP markers over 7.8 Mbp (LOD 5.5 to 11.2) using
three sprouting thresholds, SI, and sprouting scores by day
(Table 1). While the Qs15-2B locus (LOD 6.0-11.2) was
detected with a single SNP based on only two traits (Ts5.5
and d4 sprouting score), it colocalized within 764 kb of the
QPhs.cnl-2B.1 QTL detected with a LOD of 27.1 (Munkvold
et al., 2009). Many studies have identified QTL within this
region, suggesting a locus providing PHS tolerance in diverse
germplasm (P. L. Kulwal et al., 2004; A. Kumar et al., 2009,
2015; Somyong et al., 2014). Os35-5B was highly significant
(LOD 5.5-12.8) and colocalized within 11 Mbp of a previous
finding of Lin et al. (2015) and within the interval reported
by Zanetti et al. (2000). Qs53-7D mapped to three SNPs on
chromosome 7D using all types of traits, sprouting score, SI,
and Ts (LOD of 5.5-11.2) (Figure S3).

When all 53 QTL with LOD > 5.5 were considered, we
found that the sprouting threshold trait detected 36 QTL,
whereas sprouting scores detected 31 and SI detected nine
(Figure 3). There were 16 loci detected by at least two meth-
ods, with six being found with all three methods. The six
QTL detected using all three traits, sprouting score, SI, and
Ts (Figure 3), included Qs2-1A, Qs16-2B, Qs35-5B, Qs39-
5D, Os42-6A, and Qs53-7D. Some highly significant QTLs
(LOD > 7.5) were detected best either with sprouting scores or
with Ts. For example, Qs20-3B was detected only with sprout-
ing scores in both 2019 and 2020 (d5, d6, SI, LOD 5.9 to
8.4), and Os48-7A was detected only with d3 sprouting scores
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FIGURE 3
(GWAS) loci resulting from the different preharvest sprouting traits

Venn diagram of the genome-wide association study

calculated from the spike-wetting test data, including sprouting index
(SI), the sprouting score on each day of misting, and time to sprouting
threshold (Ts). Six loci were detected using all traits, but there were
examples of loci uniquely mapped with each trait type.

(LOD 9.3) in 2019 (Table 1). Os17-2D and Qs24-4A were all
detected only based on threshold traits with high significance
(Table 1). Os31-5A was detected based on association of a sin-
gle SNP with six PHS traits (max. LOD 10.3), of which all but
a single trait (d3, LOD 5.6) were Ts threshold traits. It colo-
calized with previously mapped PHS loci (Lin et al., 2016;
Zuo et al., 2019), and had a strong effect, shifting the time to
reach a given threshold by as much as 0.51 days of misting.
Thus, sprouting scores and sprouting thresholds appear to be
complementary approaches that may broaden the spectrum of
QTL confidently detected.

3.3 | Loci affecting both PHS and LMA
phenotypes

Two PHS QTL were located near LMA QTL previously
mapped in the same population Qs2-IA and Qs20-3B (C.
Liu, Parveen, et al., 2021). Interestingly, the Qs2-/A PHS
locus contains the same SNP (IWB35476, QLMA.wsu.1A)
mapped for LMA tolerance in the same population with
the same favorable allele (C. Liu, Parveen, et al., 2021).
Next, we examined the effect of both the PHS QTL and
the original LMA QTLs on both the PHS trait SI and on
the LMA phenotype (Figure S4). Interestingly, one of the
six SNPs within Qs2-1A, IWB45352, had a more significant
effect (p = 9.9 x 107°) on LMA than the originally reported
IWB35476/QLMA.wsu.1A (p = 0.0002) (Figure S4A,B). The
0s20-3B locus (IWB65401, LOD 8.4) was located within
135 Mbp and 9 cM of QLMA.wsu.3B at IWB63008 (C. Liu,
Parveen, et al., 2021; McNeil et al., 2009). QLMA.wsu.3B was
significantly associated with LMA phenotype (p = 0.02), but
not with the SI PHS trait (p = 0.37). 0s20-3B/IWB65401
showed a significant association with the PHS SI trait
(p = 42 x 107) and a nearly significant association with
LMA (p = 0.054). Examination of other highly signifi-
cant PHS QTL revealed that Qs31-5A/IWB12023, Qs39-
5D/IWBG6788, and Qs42-6A/TWB30050 not only showed
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a strong association with SI, but also with LMA pheno-
type (p = 3.8 x 107, 1.2 x 107, and 0.03, respectively)
(Figure S4E,F). Not all strong PHS QTL were associated with
LMA phenotype. For example, neither Qs35-5B nor Qs53-7D
showed a significant association with LMA (Figure S4G,H).

3.4 | Comparison of LMA, PHS, and
vivipary phenotypes

Next, we examined whether LMA, PHS, and vivipary were
correlated within the TCAP population. There was a sig-
nificant correlation between LMA and PHS tolerance using
BLUPs calculated for a-amylase activity over two greenhouse
LMA induction experiments (from C. Liu, Parveen, et al.
[2021]) and BLUPs of the summary statistic SI calculated
over 2019 and 2020 (Figure 4a; r = 0.52, p-value = 0.009,
n=226). It may be difficult to see an association between PHS
and LMA using Pearson’s correlation given that LM A data are
highly variable and weakly correlated between experiments
(Butler et al., 2009; C. Liu, Parveen, et al., 2021). To address
this, lines were placed into categories based on the number
of times out of eight that LMA was induced (as in C. Liu,
Parveen, et al. [2021]). Higher SI appeared to be more asso-
ciated with the LMA susceptible (S) than the LMA resistant
(R) category (Figure 4b).

To compare the three traits, vivipary germination assays
were performed on a subset of 37 TCAP lines chosen to
represent a range of LMA phenotypes. For vivipary assays,
immature grains were hand-threshed at the soft dough stage
of grain maturation (24-26 dpa, Zadok 84-85), plated on MS-
agar, and their germination was scored daily. Incubation at the
cooler temperature (18°C day/7.5°C night) resulted in signif-
icantly more germination than the warmer temperature (25°C
day/18°C night) (p-value = 6.25 x 10~'®). Vivipary pheno-
typic classes included, full resistance resulting in low germi-
nation regardless of temperature (Figure 5a), moderate sus-
ceptibility resulting in higher germination at the cooler than
the warmer incubation temperature (Figure 5b), and strong
susceptibility resulting in high germination rates at both
temperatures (Figure 5c).

Next, we examined whether there were any correlations
between vivipary, LMA, and PHS phenotypes from spike-
wetting tests using BLUPs for LMA. For vivipary, BLUPs of
GI were calculated over the two experiments (n = 37). LMA
BLUPs showed a moderate correlation to vivipary BLUPs
from both the cool (r = 0.61, p-value = 6.4 X 1075) and the
warm (r = 0.64, p-value 1.9 x 107%) incubation temperatures
(Figure 6a,b). Sprout susceptibility was better correlated with
vivipary at the cool (7 = 0.66, p-value = 4.6 X 10~°) than at the
warm incubation temperature (r = 0.58, p-value = 1.0 x 10~%)
(Figure 6c¢,d). When the 37 TCAP lines characterized for
vivipary were placed into phenotypic categories based on
vivipary, PHS, and LMA, there were clear cases where the
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FIGURE 4 Correlations between PHS and LMA traits mapped in
the TCAP. (a) A Pearson’s correlation between BLUPs calculated for
2019 and 2020 PHS SI and BLUPs calculated for the 2018 and 2019
greenhouse LMA inductions (C. Liu, Parveen, et al., 2021) where
enzyme activity was measured in absorbance units. (b) The effect of
LMA phenotypic categories, LMA resistant (R), LMA moderate (M),
and LMA susceptible (S), on sprouting index BLUPs. N = 226. BLUPs,
best linear unbiased predictors; LMA, late maturity alpha-amylase;
PHS, preharvest sprouting; TCAP, Triticeae coordinated agricultural
project.

three phenotypes did not agree (Table S1). For example, CDC
Utmost and WA8167 were PHS tolerant but susceptible to
LMA and vivipary; AC Crystal and MN02072-7 were PHS
susceptible but resistant to LMA and vivipary; and UI Pettit
was susceptible to vivipary but resistant to PHS and LMA.
This incomplete association of PHS, LMA, and vivipary sug-
gests that some loci govern more than one of these traits. Of
the QTL found to be associated with both PHS and LMA
phenotype, Os2-1A, 0s39-5D, and Qs31-5A were also signif-
icantly associated with vivipary in the subpopulation of 37
lines (Figure S4A,B). 0s35-5B is an example of a QTL that
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uate the degree of sprouting and the time required to sprout.
Analysis of an association panel representing ten North Amer-
ican spring wheat breeding programs identified 53 QTL for
PHS tolerance, including six with a LOD score over 10 and 9
that were unique (Table S4). While 44 of these QTL colocal-
ized with previously published loci, none of them colocalized
within 10 cM of the cloned PHS tolerance genes TaMFT-
3A or TaMKK3-4A (Nakamura et al., 2011; Shorinola et al.,
2017). To the best of our knowledge, the only QTL within
our study proximal to previously identified wheat genes was
0s21-3D located close to the TaMFT-3A homolog on chro-
mosome 3D, but the functional significance of this homolog
in PHS tolerance is unclear (Tillett et al., 2024). Os42-6A
mapped within 6.7 Mbp of a wheat homologue of the Ara-
bidopsis ABF1 (ABA-Response Element Binding Factorl)
gene involved in seed dormancy (Collin et al., 2021). A less
significant QTL, Qs45-6B, mapped proximal to an ABF1
homolog on 6B. Future work will need to examine whether
specific DNA polymorphisms in these genes are associated

The GWAS was performed using the sprouting score on
each day of misting, Ts, and SI traits. There was little over-
lap between QTL detected based on sprouting scores on
different days of misting, suggesting that they are distinct
traits (Figure S2C). This may be because early sprouting
scores are a better measure of germination capacity, whereas
later sprouting scores measure rate of seedling growth. In con-
trast, there was greater overlap between loci detected using Ts
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FIGURE 5 Examples of observed vivipary phenotypes.

Immature grains (Zadok 85, soft dough stage) were plated on MS-agar
and incubated under the warm 25°C day/18°C night (orange squares) or
at the cool 18°C day/7.5°C night (blue circles) conditions. A
vivipary-resistant line showed low germination at both temperatures
(a), a moderately susceptible line germinated at the cooler temperature
(b), and a highly susceptible line germinated well under both incubation
temperatures (c). There were 30 grains per plate and three plates per
treatment per genotype. MS, Murashige and Skoog.

was significantly associated with both PHS and vivipary, but
not with LMA (Figure S4E).

3.5 | Discussion

The association study identified a high number of significant
QTL using multiple and complementary approaches to eval-

at different sprouting score thresholds (Figure S2D). This may
partly be due to the Ts values being derived from the same lin-
ear regression and partly due to reduced variability as a result
of data smoothing over time (Figure 2a). Because this was
the first study employing Ts, many sprouting score thresh-
olds were used, possibly causing redundancy. In the current
study, Ts1.1, 2.5, 3.5, and 5.5 detected most of the QTL. The
7 QTL detected solely at Ts7.5 were more likely a measure of
post-germinative seedling growth than of germination per se.

While the use of multiple traits better represented the mul-
tidimensional data for GWAS, they also resulted in a large
number of QTL detections necessitating subsequent analyses
to focus on the most significant and reproducible QTL. Eleven
key QTL were detected either repeatedly across years, with
high LOD scores, and/or using all methods of representing
the trait (Figure S3; Table 1). In particular, five QTL with
strong effects and high LOD scores are good candidates for
marker development: QOs2-1A, Qs31-5A, 0s35-5B, Os42-6A,
and Qs53-7D (Table 1; Table S4; Figures S3 and S4). Three
QTL with a LOD over 10 were detected with all three types
of traits, including Qs2-1A, Qs35-5B, and Qs53-7D. Qs39-
5D (max LOD 8.7) was detected in all years using all types
of traits. Os42-6A was remarkable as the only QTL detected
across all years using all three types of traits (sprouting score
by day, SI, and Ts), and with multiple associations with a
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Comparisons of vivipary to late maturity alpha-amylase (LMA) and preharvest sprouting (PHS) phenotypes. Pearson’s correlations

between LMA best linear unbiased predictors (BLUPs) and germination index (GI) in vivipary plating assays incubated under (a) cool 18°C

day/7.5°C night or (b) warm 25°C day/18°C night conditions. The correlations between PHS sprouting index (SI) and vivipary GI under (c) cool and

(d) warm conditions. SI BLUPs were calculated over 2 years and GI BLUPs were calculated across two experiments. N = 37.

LOD over 10. Future work will need to validate QTLs in a
biparental population, develop breeder-friendly markers, and
identify the causative haplotype.

Additional good candidates for breeding include those QTL
associated with tolerance not only to PHS, but also to LMA
and vivipary. While our previous characterization of PHS,
LMA, and vivipary suggested that they may be regulated
by overlapping mechanisms, the eight lines examined were
insufficient to generate correlations (Peery et al., 2023). The
significant correlations between PHS, vivipary, and LMA
in this study supported the hypothesis that they are geneti-
cally related (Figure 4; Figure 6). Moreover, favorable alleles
of five QTL mapped for PHS tolerance also were signifi-
cantly associated with higher LMA tolerance in the same
panel: Os2-1A, Qs20-3B, Qs31-5A, 0s39-5D, and Qs42-6A
(Figure S4). Four major QTL mapped for PHS were also asso-
ciated with vivipary tolerance, including Qs2-1A, Qs31-5A,
0s539-5D, and Qs35-5B. The overlap in PHS and LMA QTL
is interesting because the LMA phenotype was elevated a-
amylase, whereas the PHS and vivipary phenotype examined
was visible germination. Alpha-amylase is induced during

germination to mobilize stored starch reserves. Visible germi-
nation has been shown to correlate with increased a-amylase
levels in some environments (Brown et al., 2018; DePauw
& McCaig, 1991), but not always in environments with mild
sprouting events (Martinez et al., 2018; Table S1). Because a-
amylase is an integral part of germination, it is logical that it
would be associated with visible sprouting. What is unclear
is whether a-amylase expression can occur before the ker-
nel is visibly sprouted. Future work will need to examine
whether there is genetic variability in the timing of a-amylase
induction during germination that may result in differences in
cultivar susceptibility to low falling numbers in the field.
The connection between PHS, vivipary, and LMA will
likely depend upon the specific alleles present in a cross or
population. Selection for PHS tolerance, for example, will
only result in LMA tolerance if one of the loci selected
governs both phenomena. Qs2-1A, Qs31-5A, 0s39-5D, and
Qs42-6A are good candidates for breeding because the same
SNP was associated with both LMA and PHS tolerance (C.
Liu et al.,, 2021; Table 1; Figure S4). Moreover, Qs2-1A
colocalized with several previously mapped PHS QTL (Lin
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et al., 2016; Lohwasser et al., 2013; Martinez et al., 2018;
S. Wang et al., 2014). The favorable allele of Qs20-3B may
have a weaker effect on LMA because it is only a neigh-
boring locus to the LMA tolerance QTL identified in the
TCAP and in Cranbrook/Halberd (C. Liu, Parveen, et al.,
2021; Mrva & Mares, 2001). Future work will need to deter-
mine whether PHS and LMA tolerance in Qs2-1A, Qs20-3B,
0s31-5A, Qs39-5D, and Qs42-6A result from the same spe-
cific alleles or from neighboring loci. However, past breeding
efforts may have benefited from the association between PHS
and LMA tolerance at these loci, increasing LMA tolerance
after selection only for PHS tolerance (C. Liu, Parveen, et al.,
2021).

Cooler temperatures in vivipary experiments were signif-
icantly associated with higher GI (Figure 5; Peery et al.,
2023), suggesting that the repression of germination during
grain maturation depends in part on higher temperature. Dor-
mancy loss in response to cold during grain maturation may
be akin to dormancy loss in response to cold stratification of
mature wheat grain (Tuttle et al., 2015; Xu et al., 2016). Cold
stratification of mature grain is associated with increasing
sensitivity to the germination-promoting hormone GA as well
as decreased sensitivity to and accumulation of the dormancy-
promoting hormone ABA. The expectation is that similar
effects may be seen in LMA. Constitutive LMA without cool
shock is associated with elevated ABA levels and with ele-
vated levels of GA hormone precursors (Barrero et al., 2013).
While no increase in bioactive GA was detected with cool
induction of LMA, it is difficult to confidently conclude that
there is no change because seed GA| levels are very low and
difficult to measure accurately (Lenton & Appleford, 1991;
D. Mares et al., 2022; D. Mares et al., 2024; Nelson et al.,
2023). Further research should examine the effect of higher
and lower temperatures on ABA and GA hormone levels dur-
ing grain development. It is curious that moist chilling can
break dormancy during maturation because cooler tempera-
tures during grain maturation are known to increase dormancy
and are associated with expression of the ABA-inducible gene
TaMFT-3A (Nakamura et al., 2011). Moisture is likely the key
determinant of whether the grain germinates prematurely or
becomes quiescent and dormant at cool temperatures.

PHS, LMA, and vivipary differ not only in the timing,
but in the localization of a-amylase expression (Mrva et al.,
2006; Peery et al., 2023). The wheat endosperm is sur-
rounded by a living aleurone cell layer that is the source of
most of the a-amylase produced during germination, which
in turn mobilizes starch as a nutrient for the germinating
seedling (reviewed in Ritchie and Gilroy [1998]). During
mature grain germination/PHS, GA hormone released by the
embryo induces a-amylase expression first in the scutellum
and the aleurone layer closest to the embryo, then later in
the aleurone more distant from the embryo (Matthews et al.,
2002). This leads to higher levels of a-amylase at the embryo-

proximal than distal end of the grain. LMA, in contrast, causes
the a-amylase to accumulate in random patches throughout
the aleurone during grain maturation, leading to a more even
distribution of a-amylase between the embryo proximal and
distal ends (Mrva & Mares 1996; Mrva et al., 2006). When
a-amylase levels were compared in half-grains of wheat,
vivipary resulted in a pattern more similar to that of LMA
than to PHS (Peery et al., 2023). LMA and vivipary also
resemble each other in that a-amylase is expressed during
grain maturation, before the grain becomes fully quiescent.
Thus, LMA may be a partial activation of the germination
program prior to the establishment of dormancy and may
be more related to vivipary than mature grain germination.
As discussed above, the prevailing hypothesis is that LMA
results from cold temperature-triggered changes in ABA and
GA signaling during grain development (reviewd by Kondare
et al. [2015]; reviewed by Cannon et al. [2022]). Alterna-
tively, LM A might also be a metabolic response to insufficient
sugar from maternal or seed photosynthesis when a cold
shock occurs during grain filling. Mobilization of starch by a-
amylase may compensate for a sugar deficit caused by reduced
photosynthetic rate in response to decreased or increased tem-
perature (Hassan et al., 2021). From a survival standpoint,
having more mature seed starch reserves may be less vital than
having sufficient sugar to complete seed development. Future
work should test whether LMA can be induced by conditions
that reduce photosynthesis.

For breeding and molecular genetics, it can be preferable
to have fewer strong QTL with strong effects than many
minor QTL. The major loci emphasized in this study could
be developed for marker-assisted selection or provide inter-
esting targets for gene cloning or editing. The identification
of many minor alleles suggests that genomic selection strate-
gies may be able to take advantage of this variation to breed
for PHS tolerance (Moore et al., 2017). Both the major and
minor loci identified here could be employed as fixed effects
in genomic prediction models or serve to validate findings in
other mapping studies (Moore et al., 2017). Additionally, they
may offer insights into which naturally occurring alleles are
likely to be impactful in diverse germplasm and aid in efforts
to combine sources of natural variation to breed for improved
tolerance to PHS, LMA, and vivipary.
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