ABSTRACT
ROCKSTAD, GRETA BREE G. Combining Genomics and High-Throughput Phenotyping to
Advance Drought Resistance Breeding in St. Augustinegrass. (Under the direction of Drs.
Susana Milla-Lewis and Jeffrey Dunne).

As climate change produces more sporadic weather patterns and some municipalities
impose irrigation restrictions, there is increasing industry and consumer demand for turfgrasses
that can withstand periods of time with little to no watering. St. Augustinegrass (Stenotaphrum
secundatum [Walt.] Kuntze) is a warm-season turfgrass commonly grown in the southeastern
United States known for its shade tolerance and aggressive stoloniferous growth. However, the
species is lacking in its drought resistance. Development of improved methodologies to breed for
this trait would expedite deployment of much needed St. Augustinegrass cultivars with reduced
irrigation requirements.

The use of unmanned aerial vehicles (UAVs) for turfgrass data collection offers the
potential to supplement turf quality data with quantitative measures that can be collected more
quickly, with greater frequency, and by untrained raters. However, before beginning to substitute
ground-based methods for data collection with higher-throughput methods, a strong correlation is
necessary to confirm whether the UAV data is comparable despite the distance between the sensor
and the turf canopy. A population of 115 genotypes derived from a cross between ‘Raleigh’ x
‘Seville” was evaluated for ground-based and UAV-based traits including normalized difference
vegetation index (NDVI) and percent green cover (PGC). By using a population segregating for
drought response as well as morphological characteristics, the application of UAVs in a wide range
of St. Augustinegrass canopy structures and drought stress symptoms was evaluated. Correlation
analysis showed strong agreement between ground and UAV-derived PGC and NDV1 before and

throughout the drought period (r = 0.82 — 0.95). Additionally, this study demonstrated the utility



of broad-sense heritability (H?) to evaluate vegetation indices and identify those that explained a
greater proportion of phenotypic variance with genetic variance, providing a preliminary
indication of the best vegetation indices to select on for greater response to selection. Implementing
these higher-throughput methods will allow breeders to evaluate germplasm more quickly and with
increased frequency and standardization while not sacrificing accuracy, helping to reduce the
phenotyping bottleneck.

Another approach to expedite drought resistance breeding in St. Augustinegrass is to
implement marker-assisted selection. While quantitative trait loci (QTL)) mapping provides a
method to identify regions of the genome associated with a particular trait, QTL need to be
validated in new populations before implementing marker-assisted selection in a breeding
program. A biparental population developed from two full sibling lines, XSA 10098 and XSA
10127, was used to validate QTL regions previously identified for drought resistance. Drought
stress traits including leaf wilting, percent green cover, relative water content, percent recovery,
and the area under the leaf wilting curve, percent green cover curve, and percent recovery curve
were evaluated in 141 progenies in two greenhouse trials. A linkage map was constructed from
12,269 single nucleotide polymorphisms (SNPs). Thirteen QTL were identified with a multiple
QTL mapping approach, and five annotated genes with functions related to drought resistance were
identified using the basic local alignment search tool (BLAST). Regions of overlap from this study
and previous St. Augustinegrass drought resistance studies were found on chromosomes 3, 4, 6,
and 9. Combining transcriptomic data from an analysis between two St. Augustinegrass genotypes
contrasting in their drought resistance, several differentially expressed genes with functions related

to drought resistance were found in overlapping QTL regions across studies. These co-localized



regions represent target areas from which primers could be designed to implement marker-assisted

selection for drought resistance in St. Augustinegrass and ultimately advance breeding efforts.
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Figure 3.7: QTL overlap of current study with previously identified QTL for drought
resistance in Yu et al. (2019) and morphological characteristics in Yu et al. (2022)
aligned to the reference genome for chromosome 3. For black regions from
current study: PGC = percent green cover, LW = leaf wilting, PR = percent
recovery, RWC = relative water content, AULWC = area under leaf wilting
curve, AUPGCC = area under percent green cover curve, AUPRC = area under
percent recovery curve. For blue regions from Yu et al. (2019): RWC = relative
water content, CC = chlorophyll content, LF = leaf firing, LW = leaf wilting, GC
= green cover, NDVI = normalized difference vegetative index. For red regions
from Yu et al. (2022): LW = leaf blade width, LL = leaf blade length, CD =
canopy density, SGO = shoot growth orientation..............ccccccevveviiiene e 112

Figure 3.8: QTL overlap of current study with previously identified QTL for drought
resistance in Yu et al. (2019) and morphological characteristics in Yu et al. (2022)
aligned to the reference genome for chromosomes 4 and 6. For black regions
from current study: PGC = percent green cover, LW = leaf wilting, PR = percent
recovery, RWC = relative water content, AULWC = area under leaf wilting
curve, AUPGCC = area under percent green cover curve, AUPRC = area under
percent recovery curve. For blue regions from Yu et al. (2019): RWC = relative
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Figure 3.9: QTL overlap of current study with previously identified QTL for drought
resistance in Yu et al. (2019) and morphological characteristics in Yu et al. (2022)
aligned to the reference genome for chromosome 9. For black regions from
current study: PGC = percent green cover, LW = leaf wilting, PR = percent
recovery, RWC = relative water content, AULWC = area under leaf wilting
curve, AUPGCC = area under percent green cover curve, AUPRC = area under
percent recovery curve. For blue regions from Yu et al. (2019): RWC = relative
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Chapter 1: Literature review



Turfgrasses in the United States

Of the nearly 12,000 species in the grass family, Poaceae (Soreng et al., 2017), only a few
dozen are suitable to be grown in a managed setting as turfgrass. These species have produced an
industry with an estimated value around $62 billion in 2005 (Haydu, Hodges & Hall, 2006).
Turfgrasses serve a variety of purposes from recreational uses in sports fields to functional uses
along roadsides and aesthetic uses in home lawns. In addition, Monteiro (2017) asserts that
turfgrasses provide the same ecosystem services as other forms of vegetation, in at least some
capacity. Increased infiltration, carbon sequestration, noise reduction, erosion control, and cooling
effects are commonly cited benefits of turf. Because turfgrass is grown for its aesthetic and
functional value it generally requires more maintenance and inputs than conventional crops. These
inputs, including fertilization, pesticide and herbicide applications, and irrigation, in addition to
mowing and other maintenance, are necessary to preserve both its functional and ornamental value.

In the southeast, warm-season turfgrasses dominate most of the fractional turfgrass area.
Common species include bermudagrass (Cynodon spp.), zoysiagrass (Zoysia spp.), St.
Augustinegrass (Stenotaphrum secundatum), centipedegrass (Eremochloa ophiuroides), and
seashore paspalum (Paspalum vaginatum). These warm-season grasses are better suited for the
climate of the southeast; while above temperatures of 86 °F, the Cz photosynthetic pathway of
cool-season turfgrass starts being sensitive, warm-season turf growth is optimal at temperatures of
86-95 °F due to their C 4 photosynthetic pathway physiology (Huang et al., 2014). Between the
latitudes where warm-season grasses and cool-season grasses are well-adapted lies what’s referred
to as the transitional climatic zone, a 200-mile-wide area that stretches north-to-south across the
United States roughly from Kansas to Maryland (Patton, 2012). In this region neither turfgrass is

well adapted; cool-season grasses suffer in mid-summer as the ideal temperature for shoot growth



is between 59 to 75°F and warm-season grasses can experience freeze damage in the late fall and
early spring when temperatures fall below 32°F and turfgrass is actively growing (Beard, 1973).
However, with global temperatures projected to increase the number of days above 95 °F (Kunkel
et al., 2013), it is likely the transition zone will migrate north (Hatfield, 2017) and cool season
grasses will suffer more damage in the summer. Cool-season species like tall fescue (Festuca
arundinacea Schreb.), which is currently grown in much of North Carolina, may gradually be
replaced by more heat- tolerant warm-season grasses. However, because these grasses also
experience stress when temperatures rise above 95 °F, breeding and turfgrass selection focused on
summer drought resistance will help assure that in the transition zones there are turf cultivars that
will meet the public demand for high quality turf despite greater stress from increasing temperature

and limited water.

St. Augustinegrass

St. Augustinegrass [Stenotaphrum secundatum (Walt.) Kuntze] is a perennial, warm-
season turfgrass species adapted to tropical and subtropical climates (Sauer, 1972) and commonly
grown in the southeastern United States and in some parts of the transition zone, although its
northern bound is limited by a lack of freeze tolerance (Kimball et al., 2017). St. Augustinegrass
is one of seven species within the Stenotaphrum genus and originated as a “coastal pioneer” in the
Old-World Tropics (Sauer, 1972), contributing to its salinity tolerance. Additionally, the species
also performs well on a variety of soil textures and across a wide pH range from 4.5 to 8.5 (Busey,
2003). While its lack of rhizomatous growth decreases its wear tolerance compared to other
turfgrasses, its stoloniferous growth habit and broad, prostrate leaves allow a dense canopy to

quickly form, providing superior weed suppression (Busey, 2003). However, shorter internodes
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have been shown to improve wear tolerance (Busey, 2003). Unlike bermudagrass, certain cultivars
of St. Augustinegrass have a degree of shade tolerance (Busey and Davis, 1991). St.
Augustinegrass suffers from diseases including grey leaf spot (Pyricularia grisea) and downy
mildew (Sclerophthora macrospora) and pests including the sting nematode (Belonolaimus sp.)
and southern chinch bug (Blissus insularis Barber) (Busey, 2003). Furthermore, as a warm-season
turf species, the drought resistance of St. Augustinegrass is poor, almost comparable to the cool-
season species tall fescue (Harivandi et al., 2009).

Within the genus, there is variation among ploidy levels. The base chromosome number
for St. Augustinegrass is nine, with diploids (2n = 2x = 18), sterile triploids (2n = 3x = 27),
tetraploids (2n = 4x = 36), as well as aneuploids all present in the germplasm and seen in
commercial cultivars (Long and Bashaw, 1961). In general, polyploids have thicker, coarser leaves
that often are blue-gray while diploids have thinner, greener leaves (Busey, 2003). Consequently,
diploids often receive higher turf quality scores using the National Turfgrass Evaluation Program
(NTEP) guidelines (NTEP guidelines, 2017). However, polyploids generally have greater abiotic
and biotic stress resistance, including better drought and southern chinch bug tolerance as

compared to diploids (Busey, 2003).

Turfgrass Water Use

Lawn irrigation makes up most of the nine billion gallons used each day for home water
use (EPA, 2017). Many cities in western and southwestern states including Colorado, New
Mexico, Texas, Arizona, and California have recognized the strain turfgrass irrigation
requirements pose on limited water reserves and have implemented various turf replacement rebate

programs that incentivize homeowners to replace their lawns with drought tolerant or desert



landscaping plants, a concept known as xeriscaping. These policies generally don’t include an
option for replacement of a lawn with a more drought-tolerant turfgrass despite some recently
released drought-tolerant varieties, ‘TifTuf’ bermudagrass (Schwartz et al., 2018), ‘Tahoma 31’
bermudagrass (Wu et al, 2017), and ‘TamStar’ St. Augustinegrass (Chandra et al., 2015).

As states in the West are already responding to the effects of drought and reduced water
reserves, climate projections show negative outcomes for states in the southeast as well. In this
region, the number of days above 95 °F is projected to increase in the later part of the century, as
is the number of consecutive days with temperatures above 95 °F (Kunkel et al., 2013). General
trends in precipitation levels and the incidence and severity of drought are harder to predict,
particularly because the southeast region contains a transition zone where precipitation is projected
to increase in the northeastern part and decrease in the southwestern part of the region (Kunkel et
al., 2013); (Strzepek et al., 2010). However, higher temperatures induce more transpiration in
plants, which use over 90% of their water uptake for transpiration purposes while a mere 1-3% is
used toward metabolic processes (Beard, 1973).

Because turfgrass covers surfaces ranging from home lawns to golf courses to boulevards
to parks, much of the estimated 31.6 to 49.3 million acres of turfgrass in the continental United
States (Milesi et al., 2005) has is located around cities. Turfgrass in these areas can also experience
greater stress due to the urban heat island effect, increasing the irrigation demands to compensate
for greater evapotranspiration. At the same time, transitioning barren urban areas to turfgrass is
one of the most efficient strategies used to combat the urban heat island effect. Transpiration from
turf results in cooler surface temperatures and green plant tissue has a greater albedo than other

surfaces like concrete or asphalt (Mohajerani et al., 2017).



Drought Resistance Mechanisms in Turfgrass

Depending on the species, there are various mechanisms that can convey drought resistance
in turfgrasses (Zhang et al., 2017). They can generally be characterized into three major groups:
escape, avoidance, and tolerance (Levitt, 1980). Drought escape mechanisms involve large-scale
changes in growth pattern including varying the timing of the reproductive stage to coincide with
more available water or entering dormancy during periods of drought stress and resuming growth
when water resources are again available. Drought avoidance approaches seek to preventatively
address drought through maintenance of plant water content by either increasing the amount of
water uptake or decreasing the amount of water loss, thereby avoiding tissue dehydration.
Strategies in this category include more extensive or deeper root systems to extract large quantities
of water and leaf modifications such as rolled leaves, thicker cuticles, and greater pubescence to
limit leaf water loss (Nilsen and Orcutt, 1996). Unlike annual crops that may experience a
reduction in yield when selecting for a higher root-shoot ratio, in turfgrass a higher root-shoot ratio
has been documented to improve drought tolerance without affecting quality. Karcher et al. (2008)
selected for tall fescue genotypes with higher root-shoot ratios and found that they outperformed
controls and parents in terms of drought-tolerance and green up. Similarly, Huang and Fu (2000)
showed that under drought stress, carbon allocation to roots is increased in Kentucky bluegrass
and tall fescue. However, total root mass or length alone is not as highly correlated with drought
tolerance as compared to root vitality (Huang et al., 1997). In general, denser canopies and more
prostrate growth habits limit evapotranspiration. Regulation of stomatal opening via guard cell
turgor pressure changes is also a drought avoidance mechanism to limit water loss. Under drought
conditions, closed stomata limit water loss and help plants avoid dehydration. However, closed

stomata do not facilitate the gas exchange necessary for photosynthesis, and if closed too soon or



too long, photosynthesis could be negatively affected (Huang et al., 2014). Abscisic acid is the
main hormone implicated in stomatal regulation and causes stomatal closure by limiting the
accumulation of sugars and other molecules into guard cells (Huang et al., 2014).

Unlike preventative avoidance mechanisms, tolerance is the responsive approach of plants
to drought stress. Mechanisms in this category function to sustain growth despite low water
availability and include osmotic adjustment, maintenance of membrane fluidity, and the
accumulation of certain metabolites or proteins (Nilsen and Orcutt, 1996). Osmotic adjustment
involves the accumulation of osmolytes including certain sugars, ions, proteins, or amino acids
like proline to increase the water potential of leaf cells and maintain turgor pressure. This
mechanism has also been shown to be positively correlated with recovery in the form of percent
green cover after drought in both warm- and cool-season grasses (Qian and Fry, 1997). This is
likely due to osmotic adjustment preserving the meristem and permitting growth once water
conditions are sufficient (Chaves et al., 2003). An additional drought tolerance mechanism shown
to aid in recovery is the accumulation of non-structural carbohydrates (Huang and Gao, 2000).
Maintaining membrane fluidity by increasing or maintaining the amount of unsaturated lipids is
another drought tolerance mechanism (Xu et al., 2011). In two Kentucky bluegrass cultivars, a
more drought-resistant variety ‘Midnight’ had a higher double-bond index than the drought-
susceptible cultivar ‘Brilliant. Moreover, the index decreased less rapidly and to a lesser extent in
‘Midnight,” which also showed a lesser degree of electrolyte leakage, a proxy of membrane
stability (Xu et al., 2011). Because drought stress has been shown to make plants more susceptible
to lipid peroxidation by reactive oxygen species (ROS) (Ferrari-lliou et al., 1994), mechanisms to
scavenge ROS are an important drought tolerance strategy. Furthermore, there is a correlation

between maintaining or increasing antioxidant enzymes, although the specific enzymes may differ



between species (Huang et al., 2014). The accumulation of stress-induced proteins including
dehydrins or heat shock proteins has also been positively associated with increased drought
tolerance in both warm- and cool-season grasses (Huang et al., 2014). Often, several of these

methods work in concert to convey drought tolerance

Breeding for Drought Resistance in St. Augustinegrass

In a recent review of turfgrass and drought stress, of the common warm-season grasses,
bermudagrass and zoysiagrass were broadly classified as exhibiting drought avoidance, and
centipedegrass and seashore paspalum were classified as exhibiting drought tolerance (Huang et
al., 2014). Notably, St. Augustinegrass was not characterized as having any mechanism (Huang et
al., 2014). This is likely not for lack of any mechanism but, possibly for lack of robust mechanisms
as in the other species. Among warm-season turfgrasses, St. Augustinegrass has the lowest drought
resistance, almost comparable to that of the cool-season grass tall fescue (Harivandi et al., 2009).
However, St. Augustinegrass does have some drought-resistant characteristics. Busey (1996)
demonstrated the ability of St. Augustinegrass cultivars to avoid wilt, particularly in polyploid
germplasm. More recently, the interploid ‘TamStar’ was released with a deep rooting potential
similar to ‘Floratam,’ resulting in better drought avoidance characteristics (Chandra et al., 2015).
Meeks & Chandra (2020) used embryo rescue technique to recover interploid hybrids of St.
Augustinegrass cultivars and evaluated them compared to several diploid cultivars during a 90-
day dry-down period under a rainout shelter. Across two years of trials, polyploids retained both
turfgrass quality and green cover longer into the dry-down than diploids. Steinke et al. (2010)
found variation in seven St. Augustinegrass cultivars for drought resistance as measured by the

number of days to reach 50% green cover during drought and then again during recovery. Up to a



52-day difference was found among cultivars for recovery, and in general, the greater the time
required to reach 50% green cover, the faster it subsequently recovered (Steinke et al., 2010). In a
study comparing shoot physiological responses to drought between cultivars of St. Augustinegrass,
bermudagrass, and zoysiagrass (Zhang et al., 2017), bermudagrass was found to maintain turf
quality the longest into the dry-down period by limiting leaf firing whereas St. Augustinegrass
initiated leaf firing earlier in the dry-down period. However, the progression of leaf firing, once
initiated, occurred quicker in bermudagrass than St. Augustinegrass. In another study, canopy
temperature was measured every seven to thirteen days for a 60-day summer drought period for
cultivars of St. Augustinegrass, bermudagrass, and zoysiagrass (Steinke et al., 2009). The average
canopy temperature of the St. Augustinegrass cultivars was comparable to the average of
bermudagrass cultivars, while zoysiagrass cultivars experienced significantly higher temperature
averages ranging from six to twenty-three degrees Celsius warmer (Steinke et al., 2009). The
authors note that this trend was observed despite St. Augustinegrass’ coarser leaf texture as
compared to bermudagrass and zoysiagrass (Steinke et al., 2009). Similar to Zhang et al. (2017),
St. Augustinegrass initiated leaf firing sooner than bermudagrass, but later than zoysiagrass
(Steinke et al., 2009). As expected, an increase in canopy temperatures coincided with visual
symptoms of leaf firing (Steinke et al., 2009). Using a minirhizotron camera system, Zhang et al.
(2019a) examined rooting characteristics of four warm-season turfgrass species under a 21-day
drought period. While increased fine root length was common among the four species as early as
seven days into the drought, a significantly lower surface root fraction (total root length at 0-30
cm depth divided by total root length for the entire tube (0-90 cm depth) was found in St.
Augustinegrass (0.76) and common bermudagrass (0.52) as compared to zoysiagrass, (0.92-0.93)

(Zhang et al., 2019a). Additionally, St. Augustinegrass and bermudagrass had significantly deeper



maximum root depths than the two species of zoysiagrass (Zhang et al., 2019a). The authors
attributed the increased drought tolerance seen in bermudagrass and St. Augustinegrass to the
lower surface root fraction and deeper maximum rooting depth, enhancing the ability to extract
water lower in the soil profile (Zhang et al., 2019a). In contrast, surface soil water is quickly
depleted in zoysiagrass due to the elevated surface root fraction, and the onset of drought
symptoms occurs earlier (Zhang et al., 2019a).

While drought escape is one way for turf to survive drought, the dormancy period is an
aspect homeowners would like to avoid as the brown color is considered unsightly (Beard, 1973).
Furthermore, because plant survivability conveyed through either drought avoidance or tolerance
often resembles the browning homeowners attribute to stressed or dying grass, they may be apt to
irrigate browning lawns that are surviving drought (Steinke et al., 2010). Thus, this desire to
maintain green color while still having high drought resistance make breeding for drought
resistance in turfgrass especially challenging and demonstrate the need for more nuanced

molecular breeding strategies.

Genetics of Drought Resistance in Turfgrass

While certain characteristics of certain St. Augustinegrass genotypes may be attributed to
the enhanced drought resistance, such as a deeper root system in TamStar (Chandra et al., 2015),
little research has focused on the genomic regions and specific genes underlying this resistance.
This is especially true when comparing perennial turfgrasses to annual grasses used as crops such
as wheat and barley. Several papers have addressed the need to create further genomic resources
because turfgrass generally lacks such tools compared to annual crops (Harris-Shultz and

Jespersen, 2018; Huang et al., 2014). A few studies in cool-season grasses have focused on
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mapping drought tolerance in creeping bentgrass (Agrostis stolonifera L.), colonial bentgrass
(Agrostis capillaris L.) and perennial ryegrass (Lolium perenne L.). Merewitz et al. (2012) used a
colonial bentgrass x creeping bentgrass hybrid backcross population to measure relative water
content, electrolyte leakage, chlorophyll content, normalized difference vegetation index (NDVI),
canopy temperature depression, and turf quality. Using 110 gene-based markers and 212 amplified
fragment length polymorphism (AFLP) markers, they found 32 markers across seven linkage
groups to be significantly associated with drought resistance traits (Merewitz et al., 2012). A QTL
analysis done by Merewitz et al. (2014) on a creeping bentgrass population collected phenotypic
data on turf quality, relative water content, canopy temperature depression, osmotic adjustment,
electrolyte leakage, chlorophyll content, water use efficiency, and NDVI in two years of field trials,
one greenhouse trial, and one growth chamber trial. Sixteen QTL regions were found on both
parent linkage maps, with regions on each of the seven linkage groups, excluding linkage group 2
(Merewitz et al., 2014). The creeping bentgrass linkage groups correspond to certain rice (Oryza
sativa L.) chromosomes, and a BLAST search of markers found a marker with strong similarity to
an area of the rice genome that encodes succinate dehydrogenase (Merewitz et al., 2014), an
enzyme involved in the citric acid cycle, as well as the mitochondrial electron transport chain
(Hajjawi, 2011). The authors hypothesized this marker could play a role in drought by affecting
stomata aperture because upregulation this gene in drought-stressed Yerba mate (llex
paraguariensis) was correlated with higher levels of abscisic acid (Acevedo et al., 2013).

To validate the QTL found in the previous creeping bentgrass population studied for both
heat and drought, (Merewitz et al., 2014; Jespersen et al., 2016), Jespersen et al. (2018) used 127
diverse creeping bentgrass genotypes along with five commercial cultivars to collect phenotypic

data on turf quality, NDVI, chlorophyll content, electrolyte leakage in heat stress trials, and added
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relative leaf water content in drought stress trials. Seventy markers were used to screen the
population, including 29 that were previously shown to be associated with either heat or drought
stress tolerance (Merewitz et al., 2014; Jespersen et al., 2016), and five markers for drought
candidate genes including phenylalanine ammonia-lyase, chlorophyll A/B binding protein, and
three heat shock proteins (Jespersen et al., 2018). Association analysis using TASSEL 2.1 found
that of the 29 simple sequence repeat (SSR) markers used, 13 were previously associated with
drought tolerance (Merewitz et al., 2014), eight with heat tolerance (Jespersen et al., 2016), three
with both heat and drought tolerance, and three with stress tolerance (Jespersen et al., 2018). Ten
markers were significant across several traits and between environments in both New Jersey and
Georgia, which the authors identify as potential areas of future research (Jespersen et al., 2018).
In addition to bentgrass species, association mapping with candidate genes related to
drought traits has been conducted in perennial ryegrass. Using 179 diverse accessions, drought
traits including canopy and air temperature difference, leaf water content, chlorophyll
fluorescence, and leaf wilting were phenotyped across six environments (Yu et al., 2013). The
accessions were screened with 109 SSRs for population structure, and 14 candidate genes
previously implicated in drought were used for sequencing and single nucleotide polymorphism
(SNP) discovery. A subsequent association analysis found six associations between chlorophyll
fluorescence and water content with SNPs in candidate genes related to drought, including a late

embryogenesis abundant protein and two superoxide dismutase proteins (Yu et al., 2013).

Genomic Resources in St. Augustinegrass
One of the earliest efforts to develop genomic resources for St. Augustinegrass used 16

randomly amplified polymorphic DNA (RAPD) primers to distinguish genetic variation among
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several turfgrass species, including St. Augustinegrass (Al-Humaid and Motawei, 2004). Other
early efforts involved using AFLP markers to assess differences among different stocks of the
Stenotaphrum secundatum (Walt.) Kuntze cultivar ‘Raleigh’ (Kimball et al., 2012) and to assess
levels of genetic diversity among Stenotaphrum accessions with varying ploidy levels (Milla-
Lewis et al., 2013). Mulkey et al. (2014) developed primers for 190 SSRs by mining Illumina
sequence data for cultivar ‘Raleigh’.

The first complete linkage map for St. Augustinegrass was developed using 160
polymorphic SSRs genotyped on a pseudo-F2 population created from crosses between ‘Raleigh’
and ‘Seville’ (Kimball et al., 2018). Nine linkage groups from each parent were merged to create
a final map with a total distance covering 1176.24 cM, with 8.2 cM between markers on average.
The map was estimated to cover approximately 75% of the St. Augustinegrass genome (Kimball
et al., 2018). This linkage map was also used to discover QTL related to field winter survival and
turf quality traits (Kimball et al., 2018). Soon after, a high-density linkage map containing 2871
SNPs was constructed using a genotyping-by-sequencing (GBS) approach on the same pseudo F»
mapping population (Yu et al., 2018). The map included 81 SSRs and spanned 1241.7 cM with
an average distance between markers of 0.4 cM. On this map, QTL for several turf-quality traits
were detected, including hotspots for QTL associated with leaf texture, turf density, genetic

color, and overall turf quality on regions in linkage groups 3 and 4 (Yu et al., 2018).

Genetics of Drought Resistance in St. Augustinegrass
Developing genomic resources for drought resistance among warm-season turfgrasses has
received considerably less focus, partially because increasing freeze tolerance has historically been

the chief abiotic stress trait in warm-season turfgrass. However, as outlined above, with more
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sporadic climatic conditions and limited water resources in the future, focusing efforts on drought-
resistance in warm-season species should be a priority as well moving forward. Using the linkage
map constructed by Yu et al. (2018) and phenotypic data collected from the ‘Raleigh x ‘Seville’
mapping population on leaf firing, leaf wilting, relative chlorophyll content, and leaf relative water
content, a QTL mapping study found 46 significant associations, with some co-localizing in
multiple environments including both field and greenhouse experiments (Yu et al., 2019). By
comparing the sequences of significant SNP markers to the genomes of the closely related
sorghum, rice and foxtail millet, several candidate genes for drought resistance were identified
with functions in root development by modulating sucrose or auxin (Yu et al., 2019). Other genes
of interest were involved with chlorophyll synthesis and photoprotective measures in photosystem
I (Yu et al., 2019). This study marked the first known effort to detect QTL for drought in St.

Augustinegrass.

Phenotypic Evaluations in Turfgrass

Turfgrass is evaluated based on characteristics including quality (a metric that combines
color, density, uniformity, texture, and stress), genetic color, density, uniformity, abiotic stress
tolerance, living ground cover, disease damage, thatch accumulation, traffic tolerance, and several
others. As established by the National Turfgrass Evaluation Program, turfgrass is rated on a quality
scale of 1 to 9, with 1 representing the poorest and 9 the best (Morris & Shearman, 2017). This
scale continues to be the industry standard for turfgrass ratings, which are taken into consideration
further down the supply chain by sod growers, golf course superintendents, athletic field managers,
landscapers, highway departments, etc. As with any visual scale, while not completely robust, the

NTEP scale has been able to effectively distinguish promising turf vs poor turf, becoming the basis
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for many successful commercial turfgrass varieties. Additionally, personnel trained to rate
turfgrass are able to rate with speed and proficiency. However, the subjective nature of these
ratings due to the emphasis on aesthetic criteria can pose challenges when evaluating between
breeding programs or across different personnel with varied views on turfgrass aesthetic. Heineck
et al. (2019) demonstrated an aspect of this subjectivity well with a study comparing rater values
evaluating stem and crown rust severity in perennial ryegrass. The study found that while rater
perception was accurate for detecting severity differences across images, between raters,
consistency on a severity value for a particular image was low. This problem is further
compounded because the scale is relative within a species (Morris & Shearman, 2017), at a
particular site, taken by a certain rater. This makes sharing and pooling data, a core component of
NTEP, challenging. While it is sometimes true that for breeders, absolute differences in rating are
less important than relative differences, as turfgrasses are perennial crops, NTEP trials often span

several years, and comparing relative ratings between years adds complexity to any analysis.

High-Throughput Phenotyping Systems in Turfgrass

For the reasons stated above, turfgrass evaluation methods stand to benefit possibly even
more than other crops from the implementation of high-throughput phenotyping with aerial
imagery. Using image-based analysis increases standardization across trials and years, making
comparative analysis of varieties more reliable. Evaluating turfgrass characteristics with imagery
also reduces variability from light and weather conditions when radiometrically calibrated, not
only between rating days but also within a rating day from the start to the end of evaluating a trial.
Short-term temporal changes can also be better captured with in-ground sensors and frequent

unmanned aerial vehicle (UAV) flights. The ability to collect plot-scale data quickly and
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efficiently is especially useful for abiotic traits like drought or freeze tolerance, which can progress
rapidly and cannot always be captured by a rater. Furthermore, several management and rating
aspects within turfgrass breeding make it especially suited to a UAV system, namely the uniform
plot size, the already numeric scale that can easily be converted to percentages in an image, and
the uniform, nearly flat canopy structure of turfgrass that simplifies evaluating traits like percent
ground cover from imagery.

There have already been unique efforts to incorporate high-throughput phenotyping
platforms in turfgrass. Zhang et al. (2019b) evaluated field trials in zoysiagrass and bermudagrass
with UAV-captured multispectral images and subsequent vegetative indices. The study then
compared the vegetative indices to ground measurements including turfgrass quality, percent green
cover, and NDVI. Ground and UAV-based NDVI had a high coefficient of determination, 0.9
(Zhang et al., 2019b). Entry rankings based on ground measurements showed a 92% overlap with
bermudagrass UAV rankings and 80% overlap with zoysiagrass UAV-based rankings, with more
considerable overlap in the top five bermudagrass entries (Zhang et al., 2019b). Under different
nitrogen treatments, Caturegli et al. (2016) compared NDVI readings from a GreenSeeker
(Trimble Navigation Unlimited, Sunnyvale, CA) to a multispectral sensor on a UAV for three
turfgrass species. The study found strong correlation ranging from 83% in Zoysia matrella ‘Zeon’
to 97% in Cynodon dactylon x transvaalensis ‘Patriot.” Similarly, Baldi et al. (2019) compared
NDVI readings from UAV and satellite imagery to ground measurements. The authors concluded
satellite data does not accurately assess nitrogen status in the turf species used in the study—
bermudagrass, knotgrass, and tall fescue— based on 0.5 correlation coefficient between ground
and satellite measurements versus a 0.99 correlation coefficient between ground and UAV

measurements.
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Xiang and Tian (2011) tested the usefulness of their UAV system by studying temporal
turfgrass response to glyphosate and found high similarity in ground and UAV estimates of areas
affected by herbicide damage. Heineck et al. (2019) created an open-source image analysis system
using ImageJ, R and a machine learning approach to quantify crown or stem rust pustule number
over a specified plant area and compared these values to visual rater values. The correlation
between computer and human ratings of crown rust was found to be greater than 0.9. Phan et al.
(2017) developed a system to predict turf quality in bermudagrass. Turfgrass quality, which is
evaluated on several factors outlined above, is one of the most-used yet ambiguous characteristics
of turf because two highly-rated turf accessions can have very different ratings for each individual
trait comprising turf quality yet result in a high turf quality rating overall. The authors used a panel
of expert ratings on images to train a machine learning model to assign a turf quality score, finding
the error in the model to be comparative to the error in the experts’ ratings (Phan et al., 2017).
Hong et al. (2019a) was able to detect drought stress in the creeping bentgrass cultivar
‘Declaration” (Agrostis stolonifera L.) before visual symptoms appeared by using UAV
measurements of three spectral bands and eight vegetative indices calculated from the bands. Their
results also suggested that UAV measurements were more sensitive for predicting drought early
as compared to handheld sensors used on the ground (Hong et al., 2019a). Canopy temperature
increases as stomata close, decreasing evaporation and photosynthetic capability, and often occurs
prior to visible drought symptoms (Blonquist et al., 2009). Hong et al. (2019b) used thermal
imaging to detect early drought stress in creeping bentgrass by measuring canopy temperature
using a thermal sensor mounted to a UAV. Canopy temperature showed differences among

irrigation? treatments before visual quality or percent green cover ratings did (Hong et al., 2019b).

17



The ability to detect drought stress early on and in a high-throughput manner will help breeders to

make greater distinctions between cultivars and increase evaluation capacity.
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Chapter 2: Assessing unmanned aerial vehicle-based imagery for breeding applications in

St. Augustinegrass under drought and non-drought conditions
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ABSTRACT

The use of imagery collected from small unmanned aerial vehicles (UAVS) in turfgrass
breeding has recently increased, as has the demand to develop drought-resistant cultivars.
However, prior to implementing UAVs for data collection and selection under drought stress
conditions, ground-truthing is necessary to ensure the accuracy of UAV-based traits. This is
especially important in St. Augustinegrass, a major warm-season turfgrass species grown in
southeastern United States, as limited UAV work has been conducted in this species. Additionally,
no efforts have focused on identifying the most useful vegetation indices to evaluate drought stress
traits for St. Augustinegrass breeding. Thus, this study sought to compare ground measurements
for percent green cover (PGC) and normalized difference vegetation index (NDVI) with a panel
of fourteen UAV-derived vegetation indices under drought and non-drought conditions.
Furthermore, we aimed to assess the usefulness of broad-sense heritability (H?) in discriminating
among Vvegetation indices. A population of 115 genotypes derived from the cross between
‘Raleigh’ x ‘Seville’ at two field sites in North Carolina served as the plant material. Correlation
analysis showed strong agreement between ground and UAV-derived PGC and NDV1 before and
during the drought period, (r = 0.82 to 0.95), suggesting that UAVs could be used to help more
efficiently phenotype drought traits in St. Augustinegrass. Overall, UAV-derived NDV1 appeared
as the most useful vegetation index in terms of replacing ground PGC measurements under both
drought and non-drought conditions due to its strong correlation with PGC, similar trend over time,
and higher heritability estimate, which may result in greater response to selection. Implementing
these higher-throughput methods will allow breeders to evaluate germplasm more quickly and with

increased frequency while not sacrificing accuracy, helping to reduce the phenotyping bottleneck.
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KEYWORDS: St. Augustinegrass, unmanned aerial vehicles, turfgrass breeding, vegetation
indices

Abbreviations: AR, first-order autoregressive; BLUP, best linear unbiased predictor; BGI, blue
green pigment index; CIRE, chlorophyll index-red edge; CVI, chlorophyll vegetation index; ExG,
excess green index; GLI, green leaf index; GCP, ground control point; GNDVI, green normalized
difference vegetation index; GPI, green pixel identification; GreenBlue, green blue index; H?,
broad-sense heritability; HSV, hue-saturation-value; LW, Lake Wheeler Turfgrass Field
Laboratory; LWIR, longwave infrared; NDVI, normalized difference vegetation index; NDVI-G,
ground NDVI; NDVI-U, UAV-derived NDVI; NDRE, normalized difference red edge index;
NGRDI, normalized green red difference index; NIR, near infrared; NTEP, National Turfgrass
Evaluation Program; OSAVI, optimized soil adjusted vegetation index; PC, principal component;
PCA, principal component analysis; PGC, percent green cover; PGC-G, percent green cover
ground; PGC-U, UAV-derived percent green cover; PSRI, plant senescence reflectance index;
QTL, quantitative trait loci; RE, red edge; RGB, red-green-blue; RVI, ratio vegetation index; SH,
Sandhills Research Station; TVI, triangular vegetation index; UAV, unmanned aerial vehicle;

VARI, visible atmospherically resistant index; VI, vegetation index.
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INTRODUCTION

St. Augustinegrass [Stenotaphrum secundatum (Walt.) Kuntze] is a perennial, warm-
season turfgrass species adapted to tropical and subtropical climates (Sauer, 1972). The species is
commonly grown in residential and commercial landscapes in the southeastern United States and
in some parts of the transition zone. It performs well in many different soil textures and across a
wide pH range and is recognized for its strong weed suppression and good shade tolerance (Busey,
2003). Breeding efforts in St. Augustinegrass primarily focus on maintaining aesthetic quality
while improving tolerance to abiotic and biotic stresses. Turf quality is the primary trait used to
describe and rate the aesthetic qualities of turf density, uniformity, color, and texture. While this
rating is affected by biotic and abiotic stresses, response to these is often measured using percent
living ground cover and often referred to as percent green cover (PGC), as outlined in the National
Turfgrass Evaluation Program (NTEP) guidelines (Morris & Shearman, 2017). This trait can be
estimated visually but is more commonly calculated from images collected using a true color
camera mounted inside a uniformly illuminated lightbox. To collect images, the lightbox is
attached to a hand truck and moved from plot to plot. As summarized in their review of high-
throughput phenotyping methods for turfgrass, this method has been used since the early 2000s in
many studies for a variety of traits including the rate of establishment, drought stress, and traffic
tolerance (Vines & Zhang, 2022). Like many ground-based methods, this system provides reliable
and reproducible data, but at the cost of time and labor to move the apparatus from plot to plot
across trials. This approach limits how much and how often data can be collected, resulting in a
phenotyping bottleneck for breeding programs, which usually handle hundreds if not thousands of

plots.
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Unmanned aerial vehicles (UAVs) are addressing the shortcomings of ground-based
methods by reducing the time and effort to collect data while also providing the capability to
measure multiple traits simultaneously. Early studies focused on the use of UAV-imagery to
accurately measure and quantify data that is traditionally collected on the ground, despite the
greater distance from the sensor or camera to the canopy. Zhang et al. (2019) evaluated advanced
zoysiagrass (Zoysia spp.) and bermudagrass (Cynodon spp.) breeding trials and showed that
ground normalized difference vegetation index (NDVI-G) measurements had a significant
correlation of 0.92 with UAV-derived NDVI (NDVI-U), and ground PGC (PGC-G) significantly
correlated with both NDVI-U (r = 0.89) and aerial visible atmospherically resistant index (VARI)
(r = 0.88). Caturegli et al. (2016) compared NDVI readings from a GreenSeeker Handheld Crop
Sensor (Trimble Navigation Unlimited, Sunnyvale, CA) to a multispectral sensor mounted on a
UAV for three turfgrass species; hybrid bermudagrass (Cynodon dactylon (L.) Pers x
transvaalensis Burtt-Davy), zoysiagrass (Zoysia matrella), and seashore paspalum (Paspalum
vaginatum Sw.) under different nitrogen treatments. The study found significant correlations for
all species ranging from 0.83 in zoysiagrass to 0.97 in hybrid bermudagrass. Similarly, Baldi et al.
(2019) evaluated NDVI readings from UAV imagery compared to ground measurements under
different levels of nitrogen treatments for both warm- and cool-season turfgrasses and found
significant correlations ranging from 0.91 for knotgrass (Paspalum distichum L.) to 0.99 for tall
fescue (Festuca arundinacea). Using UAV and handheld multispectral sensors, Wilber et al.
(2022) found a maximum correlation of 0.87 between PGC-G estimated visually and NDVI-U in
St. Augustinegrass. Additionally, the same study found PGC-G had a maximum correlation of 0.89
with ratio vegetation index (RVI) and 0.86 with chlorophyll index-red edge (CIRE) (Wilber et al.,

2022).
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Zhang et al. (2019) and Wilber et al. (2022) used digital image analysis to compare and
establish relationships between PGC-G and UAV-based vegetation indices as opposed to directly
estimating PGC from UAV images. In many studies, image analysis for PGC is performed using
programs such as Sigma Scan (Systat Software, San Jose, CA, United States) or Turf Analyzer
(Karcher et al., 2017). During analysis, images are transformed from Red-Green-Blue (RGB) to
Hue-Saturation-Value (HSV) color space and pixels are classified as either ‘green’ or ‘non-green’
using a user-specified threshold value. Recently, Wang et al. (2022) developed a green pixel
identification (GPI) method based on these principles and applied it to UAV imagery to determine
PGC in zoysiagrass and seashore paspalum nurseries. This approach was compared with twenty-
nine other methods, including thresholding vegetation indices like NDVI (Wang et al., 2022).
Results showed that while most methods had coefficients of determination with PGC-G that were
above 0.80, as well as low error in predictions, in terms of complexity and time to develop training
sets for some of the machine learning approaches, the GPI was one of the top methods as it did not

involve machine learning (Wang et al., 2022).

To evaluate their methods, Wang et al. (2022) used mean absolute error and Wilber et al.
(2022) used sensitivity equivalents (slope/root mean square error). However, both methods
quantify how well a UAV-based method matches the variance seen in the ground-based method.
Neither metric allows for the possibility that an aerial method might be better than the ground-
based method in terms of explaining the variation seen in phenotype that could be attributed to

genotypic effect, and therefore more useful for breeding applications.

Broad-sense heritability (H?), the proportion of phenotypic variance that can be attributed
to genetic variance (Holland et al., 2002), is typically used by plant breeders to estimate response

to selection. However, H? can be utilized as a measure of precision because if ground and aerial
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traits are measured at almost the same time and on the same plots, environmental variance and
genetic variance differences would be limited and instead, higher heritability would be due to
decreased error variance (Haghighattalab et al., 2016). Previously De Swaef et al. (2021)
calculated 35 vegetation indices in two forage species undergoing drought stress and found that
many were highly correlated with a visual rating that integrated biomass and color, with some
vegetation indices measuring equivalent or higher H? than the breeder score. In durum wheat
(Triticum turgidum L. ssp. durum Desf.), when comparing NDVI-U to values from a tractor-
mounted sensor, Condorelli et al. (2018) found higher H? for the aerial method, which also
increased the ability to detect quantitative trait loci (QTL) under drought stress. By comparing the
H? of ground-based methods and UAV-based methods for PGC and NDVI, breeders can be more

confident in not sacrificing precision even when the spatial resolution differs.

Selecting the appropriate to compare can be challenging as there are a multitude to choose
from, even for estimating something like green vegetation cover (Xue & Su, 2017). Although the
objective of this study is to identify the best vegetation indices for drought resistance phenotyping
in St. Augustinegrass, the crop type and associated canopy architecture, as well as the desire to
limit effects from soil or atmospheric effects are also considerations. Common vegetation indices
used for estimating percent green cover or turf establishment from UAV-imagery include NDVI,
VARI, and CI-RE (Table 2.1). These vegetation indices are often used in turfgrass studies to
estimate characteristics such as turf quality, turf health, canopy coverage, and chlorophyll content.
The vegetation indices are principally based on the interactions of light with vegetative pigments
and cellular structure; energy in the red and blue is absorbed by pigments for photosynthesis,
energy in the green wavelengths is reflected, and light scattered from healthy cells in the mesophylI

results in high reflectance in the near infrared (Ollinger, 2011). However, there has been little work
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determining which aerially derived vegetation indices are most informative in turfgrass breeding
under water-stressed conditions. Wang et al. (2021) found that a machine learning approach that
used vegetation indices to select zoysiagrass hybrids for drought tolerance worked equally well
when using UAV-based NDVI as from turf quality ratings on the ground. In creeping bentgrass
(Agrostis stolonifera L.), Hong et al. (2019b) showed that an aerially-derived NIR band and a
GreenBlue index were similar in their ability to detect early drought stress as compared to canopy
temperature. To date, there has not been a published study on which UAV-derived vegetation
indices would be the most informative for St. Augustinegrass breeding applications under drought

and non-drought conditions.

Therefore, the objectives of this study were to i) compare ground-based and UAV-derived
PGC and NDVI measurements under both drought and non-drought conditions in a St.
Augustinegrass population segregating for drought response and morphology which provides a
wide range of phenotypes, ii) evaluate how broad sense heritabilities for vegetation indices that
are highly correlated with PGC compare to that of aerial PGC making these indices more useful
for breeding and selection applications, and iii) characterize and compare vegetation indices for

St. Augustinegrass selection under drought versus non-drought conditions.
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MATERIALS AND METHODS

Plant Material and Field Sites

A St. Augustinegrass mapping population developed by Kimball et al. (2018) consisting
of 115 pseudo F individuals from a cross between cultivars ‘Raleigh’ and ‘Seville’ was used in
this study. This population was previously evaluated for drought resistance and was found to
exhibit segregation for drought-related traits Yu et al. (2019). The population was established in
0.91 m x 0.91 m plots in a randomized complete block design with three replications of each F»
individual. The trial was planted at two field sites in 2016; the Sandhills Research Station (SH) in
Jackson Springs, North Carolina (Lat. 35.18782°, Long. 79.68437°), and the Lake Wheeler
Turfgrass Research Field Laboratory (LW) in Raleigh, North Carolina (Lat. 35.72816° Long.
78.67981°). The primary soil series at SH is a Candor sand (Sandy, kaolinitic, thermic Grossarenic
Kandiudults) and at LW a Cecil sandy loam (Fine, kaolinitic, thermic Typic Kanhapludults). At
each location, a Teros 21 water potential sensor (Meter Group Inc., Pullman, WA) and a ECH,0
10HS soil moisture sensor (Meter Group Inc., Pullman, WA) were connected to a ZL 6 data logger
(Meter Group Inc., Pullman, WA) and installed 15.24 cm below the soil surface in a fully
established plot centrally located in the trial. Plots were managed using recommended practices
for irrigation, fertilization, and pesticide applications for North Carolina (Miller et al., 2021) and

were mowed weekly to a height of 6.35 cm.

UAYV Platform and Flight Parameters
A Matrice 210 V2 (DJI, Ltd., Shenzhen, China) mounted with a Micasense Altum six-band
multispectral sensor (MicaSense, Seattle, WA) was used to collect UAV imagery. The six

collected bands included blue, green, red, red edge (RE), near infrared (NIR), and longwave
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infrared (LWIR) with center wavelengths at 475 nm, 560 nm, 668 nm, 717 nm, 842 nm and 11
um, respectively. A downwelling light sensor mounted to the top of the drone was used in
conjunction with a MicaSense (MicaSense, Seattle, WA) color calibration panel to calibrate the
images before analysis. Flights were planned and flown using the DJI Pilot App (DJI, Ltd.,
Shenzhen, China), and images were collected at a 40-meter altitude and with 80% forward overlap

and 70% side overlap.

Data Collection

Before the season, kinematic GPS coordinates were collected throughout the plot area
using an Emlid Reach RS2 (Emlid, Hong Kong, China) RTK receiver. Polyvinyl chloride (PVC)
pipe was driven into the soil at these locations, and black-and-white targets were placed overtop
before each flight and used to geometrically correct the orthomosaics during post-processing.

The NDVI-G data was collected using a Trimble GreenSeeker (Trimble Inc., Sunnyvale,
California) with an attached Spectra Precision Nomad data collector (Trimble Inc., Sunnyvale,
California). Each plot was scanned holding the sensor 86.4 cm above the ground. The PGC-G data
was calculated from images taken with a Canon PowerShot SX620 in a lightbox with standardized
lighting. UAV-based multispectral images were used to calculate plot-level NDVI-U and PGC-U
values during periods of drought at both sites.

In 2021, irrigation was halted on 5 August at both sites. At LW, data collection started
three days after rainfall on the 25™ of August. At SH, data collection began the following day on
26 August. Data was collected at both locations on a three-day interval until 8 September when a
rainfall event occurred at SH, ending the drought, with the exception that during the interval from

29 August to 2 September at SH data were collected four days apart. All data were collected within
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two hours of solar noon to minimize shadows in the imagery and in close succession to limit the

effects of time and sun angle. When possible, flights were conducted during cloud-free periods.

Image Processing and Trait Extraction

Aerial images were processed into orthomosaics using Metashape (Agisoft LLC, St.
Petersburg, Russia) photogrammetry software. Default settings were used to align photos, build
the dense cloud and surface model and create and export the orthomosaics. The orthomosaics were
geometrically rectified using ground control points as part of a standard post-processing workflow.
Ground resolutions were 27 cm per pixel for the LWIR band and 1.73 cm per pixel for the
remaining bands. Images were radiometrically corrected using the manufacturer supplied
calibration panel and incorporated irradiance values from the downwelling light sensor mounted
on top of the UAV. Orthomosaics were imported into ArcMap (ESRI, Redlands, CA) for plot-
level analysis. Plot outlines were manually digitized using the UAV-imagery as a reference to
ensure plot-level accuracy and that reflectance from bare soil would not alter calculated values.

Using a method similar to GPI developed by Wang et al. (2022), an RGB composite image
of the red, green, and blue bands from the multispectral image were first converted into HSV color
space, then pixels were reclassified into green and brown based on a hue threshold determined
visually in ArcMap (ESRI, Redlands, CA). In the ArcMap software, hue is resampled from the
typical 360-degree color space to 240, and the range of hue values used as a threshold was 50-120.
Using tabulate area in ArcGIS, the area for both green and non-green pixels was calculated for
each plot. The PGC-U was then calculated as the fraction of green pixels within each plot and

represented as a percentage.

39



The vegetation indices evaluated in this study included some of the commonly used ones
for PGC, as well as the GreenBlue index found by Hong et al. (2019) to indicate early drought
stress, in addition to several other vegetation indices, as summarized by Table 2.1. For NDVI-U
and other vegetation indices (Table 2.1), the package FieldimageR (Matias et al., 2020) was used
in the open-source statistical software R (R Core Team, 2021) to create each vegetation index layer
and extract the average value of each plot. For NDVI-G, the GreenSeeker average NDVI value
was used. For PGC-G, lightbox images were processed using the TurfAnalyzer software (Karcher
et al. 2017) with hue, saturation and brightness ranges set to 55-140, 10-100, and 0-100,

respectively.

Statistical Analysis

Pearson correlations between UAV- and ground-based measurements for PGC and NDVI
on each date, along with their corresponding p-values, were generated using the rstatix package
(Kassambara, 2020) in R. Because only plots that were fully established were used, several plots
were not included in the analysis and the dataset was unbalanced. Using ASRemlI-R in the R-
Studio environment (Butler et al., 2018; RStudio Team, 2020), a completely mixed model was fit
using genotype and rep as random terms (Eq. 1).

y =ul +Zyr +Z,9+e (Eq. 1)

where y is the vector of phenotypic values, u is the overall mean, 1 is a vector of ones, Z
represents the incidence matrix for random effects, r is the random vector of rep effects r ~ NMV(0,
I6%) where a2 is the variance component of the rep effects, g is the random vector of genotype

effects with g ~ NMV(0, Iag) where ag is the variance component of the genotype effects, and e

is the random vectors of correlated errors with e~NMV(0, R @ 1). R is the covariance matrix of
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residuals, being R = 622.(p.) ®%,(p,) Where 62 is the variance components of residuals, XZ.(p.)
and X, (p,) represent the first-order autoregressive correlation matrices, and p. and p,. are the
autocorrelation coefficients for columns and rows, respectively. The Kronecker product is denoted
by ®. Best linear unbiased predictors (BLUPs) and BLUP-adjusted means were generated for each
entry using Eq. 1. Using the BLUP-adjusted means for all the vegetation indices as well as for
PGC-G, a principal component analysis (PCA) was conducted on each date and location
combination (eight total) using the function prcomp. Then, biplots were constructed using the R
package ggfortify (Tang et al., 2016) to assess relationships between vegetation indices.

The generalized heritability method (Eq. 2) proposed by Cullis et al. (2006):

- BLUP

21 _ ¥
He=1— 2y (Eq. 2)
where 7,BLUP is the mean variance of the difference between two BLUPs for the genotypic effect,

was used to calculate H2. This method was chosen to accommodate the unbalanced data.
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RESULTS

Experimental site conditions during drought

At both sites, daily temperatures averaged around 27 °C for the first six days of the drought
period followed by a period of decline to 20 °C by the ninth day. A period of increase to 22.5 °C
followed until the conclusion of the drought (Figure 2.1). When irrigation was halted on 5 August
at both locations, the soil dried to differing extents at each site (Figure 2.1). At LW, the soil
moisture declined from 0.325 to 0.254 m®m=3, and the matric potential from -15.8 to -274.1 kPa
(Figure 2.1). Between 1 September and 2 September, 0.54 cm of rain were received and resulted
in a minimal recovery of soil moisture and matric potential but both continued declining (Figure
2.1). At SH, the water content at the start of the drought period (0.248 m®m3) was similar to that
measured at the end of the data collection period at LW (0.254 m®m3). At this location, water
content continually declined from 0.25 m®m= to 0.220 m®m= over the 12-day period (Figure 2.1).
Soil matric potential declined to a greater extent than at LW, from -135.5 to -339.0 kPa (Figure
2.1).

Despite decreasing water content and matric potential at LW, the average PGC-G remained
stable while the distribution became more left-tailed (Figure 2.2). Meanwhile, the average ground
NDVI increased from the first to second data collection dates and then remained stable across the
other three dates (Figure 2.2). Whereas at SH, as the water content and matric potential decreased,
both the average PGC-G and NDVI-G declined over time, and the PGC-G distribution began

approaching normal (Figure 2.2).
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Relationships between UAV and ground-based measurements

Across both locations, the correlation between UAV- and ground-based measurements for
PGC and NDVI was significant for all dates, with all coefficients above 0.82 (Table 2.2). At LW,
the correlation for both NDVI and PGC strengthened over time (r = 0.82 to r = 0.92 and r = 0.84
to r = 0.90, respectively) as more plots began to show symptoms of stress and the distribution
spread out (Figure 2.2, Table 2.2). At SH, the correlation for NDVI increased over time (r = 0.88
to r = 0.92), akin to the trend seen at LW. However, a decrease in the correlation for PGC was

observed over time (r =0.90 to r = 0.84) (Table 2.2).

Relationship between vegetation indices and PGC-G

A PCA was conducted to reduce the dimensionality of the data and to examine the
relationship between PGC-G and the vegetation indices, as well as among vegetation indices. A
separate PCA biplot was created for each date x location combination using the BLUP-adjusted
means from the UAV-based vegetation indices and PGC-G. In the PCA biplots, traits with
overlapping or closely overlapping vectors are positively correlated, traits with vectors at a 180°
angle are negatively correlated, and traits with vectors at a 90° angle are not correlated.

At LW, the first and second principal components (PCs) explained 82.17 — 84.88 % and
10.52 — 12.65 %, respectively, of the total variance. There were four distinct clusters of vegetation
indices that were positively correlated with PGC-G but to different degrees (Figure 2.3,
Supplementary Figure 2.1). Numbered labels on the first plot indicate the cluster number referred
to throughout the text (Figure 2.3). Cluster 1 contained the traits most strongly, positively
correlated with PGC-G —NDVI-U and RVI. Cluster 2 was still positively correlated, but to a

lesser extent, and included NGRDI, GLI, TVI, and VARI. Cluster 3 included NDRE, GNDVI, and
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CIRE, which were also strongly correlated with PGC-G but less so than Cluster 2. Finally,
GreenBlue and ExG formed Cluster 4 and were positively correlated with PGC-G, but less than
clusters 2 and 3. Additionally, while not within a clearly defined cluster, CVI and BGI were
positively correlated with each other, and strongly negatively correlated with Cluster 4. Lastly,
PSRI was negatively correlated with the vegetation indices in Cluster 2. Overall, the relationships
among the vegetation indices at this location remained stable throughout the dry-down period
(Figure 2.3).

At SH, the clusters of traits were grouped similarly to LW (Figure 2.3, Supplementary
Figure 2.2). The amount of variance explained by PC1 on the first date of data collection (83.80%)
was close to the values at LW but increased over time to 88.88%. Meanwhile, the amount of
variance explained by PC2 started at a value lower than at LW (7.09%) and decreased over time
to 6.05% (Figure 2.3). Additionally, the four clusters of traits positively correlated with PGC-G
became less distinct over dates of evaluation. Notably, CVI did not experience the decrease in

variance explained by the second PC over time (Figure 2.3).

Trends in vegetation indices during dry-down and their responsiveness to weather
conditions compared to PGC-G

At LW, when comparing the BLUP-adjusted means for each genotype’s vegetation indices
to PGC-G over time, NDVI and RVI remained relatively stable, most similar to PGC-G (Figure
2.4). The vegetation indices TVI and EXG both steadily increased over time (Figure 2.4).
Meanwhile, other vegetation indices were more sensitive to the dropping temperatures experienced
between the second and final dates of data collection. The vegetation indices CIRE, NDRE, and

GNDVI initially experienced increasing values from the first to second dates of data collection,
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followed by a steady decline (Figure 2.4). The vegetation indices VARI, NGRDI, GLI, and PSRI
were also responsive to the decreasing temperatures and fluctuated more than PGC-G over time.
BGI and GreenBlue followed the same but opposite trend of a sharp change, followed by a
recovery and plateau. Finally, CV1 did not experience a trend similar to that of another vegetation
index (Figure 2.4).

At SH, aside from BGI, CVI, EXG, PSRI, and TVI, the vegetation indices experienced a
consistently decreasing trend, matching that of PGC-G (Figure 2.5). BGI, CVI, and PSRI trended
the opposite direction and increased over time (Figure 2.5). Akin to LW, EXG and TVI showed

similar trends over time (Figure 2.5).

Comparing H? between vegetation indices and PGC-G

Overall, H? was greater and more stable across dates for all traits under non-drought
conditions at LW than under drought conditions at SH (Figure 2.6). At LW, the vegetation indices
in clusters 2 and 3 had comparable H? values to PGC-G, with the exception of GNDVI (lower). In
Cluster 1, all vegetation indices had lower H? across dates. Conversely, all vegetation indices in
Cluster 4 had higher H? than PGC-G. At SH, RVI was the only vegetation index that had a H?
lower than PGC-G across dates of evaluation (Figure 2.6). All the vegetation indices experienced
a decrease in H? across dates, with the exception of CVI. Interestingly, while H? for PGC-U was
lower than that for PGC-G at LW, it improved over time. Meanwhile, at SH, PGC-U had better or

comparable H? values to that of PGC-G (Figure 2.6).
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DISCUSSION

The use of UAVs for turfgrass data collection offers the potential to collect objective data
more efficiently. However, before beginning to substitute ground-based methods for data
collection with higher-throughput methods, a strong correlation is necessary to confirm whether
the UAV data is comparable despite the distance between the sensor and the turf canopy. Previous
studies in warm-season turfgrasses have found a high degree of correlation between ground-based
NDVI and UAV-based NDVI in zoysiagrass (Caturegli et al., 2016; Zhang et al., 2019),
bermudagrass (Baldi et al., 2019; Caturegli et al., 2016; Zhang et al., 2019), seashore paspalum
(Caturegli et al., 2016), and St. Augustinegrass (Wilber et al., 2022). Direct estimates of PGC-U
using an HSV threshold method analogous to the common ground technique have been made in
zoysiagrass and seashore paspalum (Wang et al., 2022), as well as several mixtures of Cz and Cs
turfgrass species (Yousfi et al., 2022) with similarly strong correlations. In St. Augustinegrass,
however, Wilber et al. (2022) did not directly estimate PGC-U. The present study provided an
estimate of the correlation between directly estimated PGC-U and PGC-G that was consistent with
other species, as well as an estimate of the correlation between NDVI-U and NDVI-G that was
consistent with the results of Wilber et al. (2022). Importantly, the high correlation for both traits
was observed at SH where drought stress symptoms were observed and also at LW, where there
were minimal to no drought stress symptoms.

St. Augustinegrass generally has wider blades than other warm-season grasses used in the
UAV studies discussed earlier and thus a different canopy structure, which affects light
interception and scattering (Welles, 1990). Within St. Augustinegrass germplasm, there is also
variation in morphological traits including leaf length and width as well as internode length and

thickness (Busey, 1986) that affect canopy structure, and in turn, reflectance values used to
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calculate vegetation indices. The vegetation indices calculated by Wilber et al. (2022) were based
exclusively on one cultivar, ‘MSA 2-3-98°. This cultivar has a smaller leaf width, leaf length,
internode length, and internode diameter than ‘Raleigh’ (Reasor & Philley, 2019), which is a parent
of the population used in this study. Furthermore, ‘Seville,” the other parent of this population, is
a dwarf type (Riordan et al., 1980). By using a population segregating for morphological
characteristics (Yu et al., 2022), as well as drought response (Yu et al., 2019), we were able to
evaluate the application of UAVs in a wider range of St. Augustinegrass canopies and drought
stress symptoms.

While correlation values were high across all dates to justify the use of UAV methods, one
reason the SH PGC might have decreased over time is that as the population started experiencing
more drought symptoms, the plots dried down unevenly, particularly between the edges and the
center. Since the lightbox did not capture the full plot area to the edges, this effect was possibly
amplified as the plots dried down, whereas NDVI-G did not experience this problem as the edges
of the plots were more adequately captured in the ground readings. To reduce edge effects, it would
be possible to add a buffer as in Wilber et al. (2022), but because this study used individually
drawn precise plot outlines to eliminate any effects from soil reflectance on vegetation index
values, the buffering would be more complicated than with the traditional grid of identical plots
and at the cost of forgoing some data.

In addition to a strong correlation, high accuracy is also desirable in order to differentiate
genotypes. As previously discussed, several studies used approaches that quantify to what extent
a UAV-based method can capture the variance the ground-based method captures (Wang et al.,
2022; Wilber et al., 2022; Zhang et al., 2019). While this is a reasonable approach because ground-

based methods are currently the standard and UAV-based methods might be expected to have more
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error due to the resolution difference and varied lighting conditions, this study used H? as a
measure of precision to evaluate how well different vegetation indices were at reducing error as
compared to PGC-G. Most often, H?is used to estimate response to selection, and while this is best
done in trials replicated over years and locations (Holland et al., 2002), the results of this study
offer some insight into the most useful traits to phenotype for under drought and non-drought
conditions moving forward. One estimate of H? for turf quality under drought in St. Augustinegrass
is 0.38 (Graham et al., 2022), so phenotyping for another drought-related trait with a higher H?
might assist in increasing the response to selection (Holland et al., 2002).

In this study, although the traits with the highest H? under non-drought conditions at LW
were ExG, GreenBlue, BGI and CVI, they were not as strongly correlated with PGC-G as other
vegetation indices (Figure 2.3). Additionally, their trends over time were not similar to the stable
trend seen in PGC-G (Figure 2.4), making them less useful to phenotype for PGC under non-
drought conditions. The vegetation index EXG was originally developed to distinguish green plant
surfaces from soil regions based on color (Woebbecke et al., 1995), BGI was found to have a
strong correlation with chlorophyll a and b content (Zarco-Tejada et al., 2005), and CVI was
designed to measure leaf chlorophyll on a canopy scale regardless of leaf area index (Vincini et
al., 2008). Thus, all these indices should have remained stable, similar to PGC-G, or decreased
with the diminishing water conditions. Instead, they increased when comparing the first date of
data collection to the last (Figure 2.4). In contrast, while GreenBlue experienced an initial increase,
the values were similar or slightly less when comparing the first date of data collection to the last
(Figure 2.4). Hong et al. (2019a) found that decreases in GreenBlue were able to predict drought
stress before decreases in PGC in creeping bentgrass, similar to canopy temperature. Although the

trend was not as clear in this study, the high H? for GreenBlue compared to that of PGC-G, and its
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apparent response to environmental conditions warrant further investigation. It is often the case in
turfgrass breeding that nurseries and trials are too large to be grown under a rainout shelter, and
vegetation indices that are able to detect changes earlier during a drought period would allow some
preliminary data on drought resistance even when the drought window may be shorter than
expected.

The remaining vegetation indices had similar heritability to PGC-G, with the exception of
PGC-U, although it did increase over time. Therefore, based on the results of this study, when
considering which vegetation index to phenotype for in place of PGC-G under non-drought
conditions, because of its strong correlation with PGC-G, maintenance of a similar trend over time,
and a similar H2, NDVI is a strong candidate. Saturation of NDV!I values can be an issue with
dense vegetation (Mutanga & Skidmore, 2004). Thus, the use of vegetation indices such as NDRE
with a red edge band that is not as strongly absorbed by chlorophyll as the red band and can
penetrate further into the canopy (Li et al., 2014) is often more useful. However, in this study,
because not all plots had 100% PGC-G to begin with, this issue was not realized, but future studies
should consider comparing NDRE.

If only a UAV with a less expensive RGB camera is accessible, VARI and NGRDI would
also be good candidates to consider as their H values are similar, their correlation with PGC-G is
strong, and the trends over time are alike. Likewise, Zhang et al. (2019) found VARI to be similar
to NDVI in its ability to predict PGC-G and advocated for the use of more cost-effective RGB
cameras over multispectral sensors. However, in this study, the vegetation indices calculated based
on RGB bands used reflectance values from radiometrically calibrated multispectral images. If an
RGB camera is used, a calibration method should be implemented to convert digital numbers to

reflectance values and reduce variability from different lighting conditions over collection dates
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within a season and across seasons (Yeom et al., 2019). This is particularly important for a trait
like drought resistance that requires frequent, closely-spaced flights where lighting conditions may
not be ideal every time.

Compared to LW, H? estimates were generally lower and continued to decrease as the
drought progressed in SH, supporting the idea that H? is often lower in stressed environments
compared to non-stressed environments due to the larger phenotypic variation created by
environmental effects relative to genetic effects (Ceccarelli, 1989). One exception was a high H?
for CVI. Despite this promising characteristic, overall, CVI was not a useful trait to phenotype
because of its weak correlation with PGC-G. In fact, CVI increased as the drought progressed
when it would be expected to decrease because this vegetation index was designed to measure leaf
chlorophyll on a canopy scale while being insensitive to leaf area index (Vincini et al., 2008). TVI
had the next highest H? overall, potentially due to less saturation at higher ‘greenness’ values as
compared to other vegetation indices, and although it was strongly correlated with PGC-G, it was
not sensitive to the large drop in PGC-G values from the first to second dates of data collection.
Along the same lines, although ExG also had a high H? across dates and was more strongly
correlated with PGC-G than TVI, it also had a similar trend of being less sensitive to the large drop
in PGC-G from the first to second dates, making both vegetation indices not as informative for
drought conditions. This is contrary to results of Bhandari et al. (2021) that found ExG to be
sensitive to weather variation and drops in value to be commensurate with drought severity. Unlike
at LW, GreenBlue did not show indications of early drought stress that were not captured by PGC-
G as in Hong et al. (2019a). This might be due to the drought stress causing a severe change from
the first to second dates of data, but if data had been taken within that period, differences may have

been evident. Aside from RVI, the remaining vegetation indices had similar values of H? and were
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higher than PGC-G, making NDVI a top candidate again because of its strong correlation and most
similar trend to PGC-G. If only an RGB camera is available, VARI, NGRDI, and GLI would be
good candidates as well, likewise to LW.

One distinction of this study compared to previous turfgrass UAV studies that utilized
identical plot outlines (Wilber et al., 2022; Zhang et al., 2019) is that precise plot outlines were
used to extract trait values, which eliminated any soil area within a plot. As several vegetation
indices including NDVI are sensitive to both soil color and brightness (Xue & Su, 2017), our
method minimized any effects from soil reflectance. Because turfgrass is a perennial crop whose
plot areas can change and shift from season to season depending on mowing and alleyway
spraying, identical plots may include soil areas and introduce more error into measurements.
However, individually drawn outlines require more time to create and are not feasible to implement
for the scale of a breeding program. Therefore, a technique that semi-automatically recognizes plot
outlines and creates a shapefile — similar to the methods of Robb et al. (2020) but with enhanced
ability to handle non-straight edges — may be useful to save time and eliminate soil reflectance
effects, especially because plots can shift even within the same growing season. Other times, a
threshold value is used for a vegetation index to separate soil from grass as in Wang et al. (2022).
However, for the purposes of a drought study trying to capture green vs brown turfgrass area, the
similarity in color between soil and brown grass can be challenging to separate using a threshold
alone. Therefore, more advanced classification techniques that include parameters such as the size,
shape, and texture of the stressed areas within the turfgrass, as well as the connectivity and
proximity to other areas, may be needed.

Of the previous turfgrass UAV studies discussed earlier, a variety of plant material has

been used ranging from one genotype of one species (Hong et al., 2019a, 2019b; Wilber et al.,
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2022) to one genotype of several species (Baldi et al., 2019; Caturegli et al., 2016) or mixtures of
species (Yousfi et al., 2022), to several genotypes in advanced trials (Zhang et al., 2019) and
dozens of genotypes in nurseries (Wang et al., 2022). Using a discrete number of cultivars, which
by definition have to be genetically and morphologically unique to be commercially released,
increases the chances of detecting differences among genotypes. While our approach of using a
segregating population allowed for a full range of drought stress symptoms and more varied
canopy architectures, it was not ideal for performing means separation to evaluate which
vegetation index yielded the greatest separation earlier in the data collection period for early
drought stress symptoms. Future studies using advanced turfgrass trials can evaluate which
vegetation indices have both high H? and better means separation early on to determine the best
vegetation index for early drought stress detection. More expensive hyperspectral sensors that have
wavelengths more closely associated with water content such as 970 nm (Vines & Zhang, 2022)
may have shown earlier differences among cultivars at LW, but their prevalence in breeding
programs is low compared to more ubiquitous general multispectral sensors. Furthermore, in this
study, the use of such a wavelength might not have added any extra information at SH when most
vegetation indices were able to pick up on early drought symptoms from the first to second dates
of data collection.

Overall, this study showed that UAV estimates of PGC and NDVI in St. Augustinegrass
are comparable to ground estimates, and the use of UAVs for phenotyping these traits does not
reduce accuracy to unacceptable levels. Additionally, this study demonstrated the utility of H? as
a useful evaluation metric to identify traits that explain a greater proportion of phenotypic variance
with genetic variance, providing a preliminary indication of the best traits to select on for greater

response to selection. Finally, this study showed that while PGC-G can be accurately assessed
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using multispectral imagery collected from a UAV and a simple HSV thresholding method,
because UAV-based NDVI has both a strong correlation with PGC-G and has a higher H? than
PGC-U under both drought and non-drought conditions, it is more desirable for breeding
applications. Implementing these higher-throughput methods will allow breeders to quickly
evaluate lines with increased frequency while not sacrificing accuracy, helping reduce the

phenotyping bottleneck and capture fleeting drought periods.
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Table 2.1: Vegetation indices evaluated in this study, their abbreviations used throughout the text, their equation, their sensor requirement red-
green-blue (RGB) vs multispectral (MS), the range of values observed, and whether the index has previously been published in a turfgrass

unmanned aerial vehicle (UAV) study. *Note that some equations were developed using precise near-infrared (NIR) or red edge (RE) wavelengths

rather than the bandwidths used in this study that the Micasense Altum sensor measures.

Resistant Index

L . . Sensor Range of values in  Use in published turfgrass
Vegetation index Abbreviation Equation Requirement _ dataset UAV studies
f;'g:XGree“ Pigment g, B/G RGB 0.28 t0 0.65 NA
Chlorophyllindex — | o (NIR/RE) -1 MS 0.41t02.21 Wilber et al., 2022
red edge
Chlorophyll cvi (NIR*R)(G"2)  MS 2.25t0 4.91 NA
vegetation index
Excess Green ExXG 2G-R-B RGB -0.01t00.11 Zhang et al., 2019

(2*G-R- i

Green Leaf Index GLI B)/(2*G+R+B) RGB 0.02t0 0.5 Zhang et al., 2019
Green Normalized
Difference GNDVI (NIR-G)/(NIR+G) MS 0.46t0 0.76 Zhang et al., 2019
Vegetation Index
Green Blue Index GreenBlue (G-B)/(G+B) RGB 0.21 to 0.57 Hong et al., 2019
Normalized (NIR-
Difference Red Edge NDRE RE)V/(NIR+RE MS 0.17 t0 0.52 Wang et al., 2022; Zhang et al., 2019
Index J(NIR+RE)
Normalized Baldi et al., 2019; Caturegli et al., 2016; Wang et al.,
Difference NDVI (NIR-R)/(NIR+R)  MS 0.3t00.89 2022; Wilber et al., 2022;
Vegetation Index Yousfi et al., 2022; Zhang et al., 2019
Normalized Green
Red Difference NGRDI (G-R)/(G+R) RGB -0.2t00.48 NA
Index
Plant Senescence PSRI (R-G)/(RE) MS NA
Reflectance Index -0.28100.24
Rallo Vegetation gy NIR/R MS 2.0t020.19 Wilber et al., 2022
Triangular 0.5*(120*(NIR
vegetation index Vi -G)—-200*(R —-G)) MS 4.941030.6 NA
Visible
Atmospherically VARI (G-R)/(G+R-B) RGB -0.2510 0.62 Wang et al., 2022; Zhang et al., 2019
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Figure 2.1: Ambient temperature, soil water content, and soil matric potential measured at both the Lake
Wheeler Turfgrass Field Lab (Raleigh, NC) and the Sandhills Research Station (Jackson Springs, NC)

during the 12-day data collection period.
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Figure 2.2: Violin plots showing the distribution of ground percent green cover (PGC-G) and ground
normalized difference vegetation index (NDVI-G) at the Lake Wheeler Turfgrass Field Lab (Raleigh,
NC) and the Sandhills Research Station (Jackson Springs, NC) throughout the data collection period.
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Table 2.2: Pearson correlation coefficients between aerial and ground measurements for normalized
difference vegetation index (NDVI) and percent green cover (PGC) at the Lake Wheeler Turfgrass Field
Lab (Raleigh, NC) and the Sandhills Research Station (Jackson Springs, NC). Significance codes: “***’ <
0.001 “**’<0.01 “** <0.05

Lake Wheeler Sandhills
8/25 8/28 8/31 9/3 8/26 8/29 9/2 9/5
NDVI | .82 .85~ .92~ 92| .88 .94~ 95 92

PGC |.84~ .89~ .87~ .90 |.90™ .91 .89™ .84™
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Figure 2.3: Principal component analysis biplots of BLUP-adjusted means for UAV-derived
vegetation indices and their relationship with each other and with percent green cover on the
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ground for each date during the data collection period across locations [the Lake Wheeler

Turfgrass Field Lab (Raleigh, NC) and the Sandhills Research Station (Jackson Springs, NC)].
BGI= Blue Green Pigment Index, CIRE = Chlorophyll index — red edge, CVI = Chlorophyll
vegetation index, ExG = Excess Green, GLI = Green Leaf Index, GNDVI = Green Normalized
Difference Vegetation Index, GreenBlue = Green Blue Index, NDRE = Normalized Difference
Red Edge Index, NDVI-U = Normalized Difference Vegetation Index-UAV based, NGRDI =
Normalized Green Red Difference Index, PGC-G = percent green cover-ground, PSRI = Plant
Senescence Reflectance Index, RVI = Ratio Vegetation Index, TVI = Triangular vegetation

index, VARI = Visible Atmospherically Resistant Index.
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Figure 2.4: BLUP-adjusted means over time of each genotype evaluated for ground percent green cover compared to vegetation indices at Lake
Wheeler. Vegetation indices are grouped based on their cluster number from the principal component analysis biplot, and gray graphs indicate the
vegetation index was negatively correlated with the cluster. BGI= Blue Green Pigment Index, CIRE = Chlorophyll index — red edge, CVI =
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Vegetation indices are grouped based on their cluster number from the principal component analysis biplot, and gray lines indicate the vegetation
index was negatively correlated with the cluster. BGI= Blue Green Pigment Index, CIRE = Chlorophyll index — red edge, CVI = Chlorophyll
vegetation index, ExG = Excess Green, GLI = Green Leaf Index, GNDVI = Green Normalized Difference Vegetation Index, GreenBlue = Green
Blue Index, NDRE = Normalized Difference Red Edge Index, NDVI-U = Normalized Difference Vegetation Index-UAV based, NGRDI =
Normalized Green Red Difference Index, PGC-G = percent green cover-ground, PSRI = Plant Senescence Reflectance Index, RVI = Ratio
Vegetation Index, TVI = Triangular vegetation index, VARI = Visible Atmospherically Resistant Index.

67



Lake Wheeler

0.81

0.61

04

0.2

0.0
o o o s|lg 38 3 s Bl s wlo 2 7 =
§F & 2 z o Z §
1 2 3 4 o
Sandhills

0.8

0.6

~_ 04

T

0.2

0.0
& 5 5 =z 58 3 = zlw = wle =& 5 =
¢ ¢ = ¥|< g © F Hl= 8 E|& g 3 O
8:\_% b4 o Z §

2 3 4 &
Trait

Date
8/25/21
8/28/21

7 er31/21

B o321

Date

8/26/21

8/29/21
1 o221
B o521

Figure 2.6: Broad-sense heritability estimates for each vegetation index and UAV-based PGC (PGC-U)

compared to ground PGC (PGC-G). Numbers represent the grouping of traits from the biplot clusters.
BGI= Blue Green Pigment Index, CIRE = Chlorophyll index — red edge, CVI = Chlorophyll vegetation

index, EXG = Excess Green, GLI = Green Leaf Index, GNDVI = Green Normalized Difference

Vegetation Index, GreenBlue = Green Blue Index, NDRE = Normalized Difference Red Edge Index,
NDVI-U = Normalized Difference Vegetation Index-UAV based, NGRDI = Normalized Green Red
Difference Index, PGC-G = percent green cover-ground, PSRI = Plant Senescence Reflectance Index,
RVI = Ratio Vegetation Index, TVI = Triangular vegetation index, VARI = Visible Atmospherically

Resistant Index.
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Chapter 3: Identification of QTL associated with drought resistance in St. Augustinegrass

greenhouse studies
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ABSTRACT

Drought resistance is an increasingly important trait for many crops including turfgrasses
as more municipalities impose restrictions on frequency and amount of irrigation. Breeding efforts
have focused on breeding for drought resistance; however, few have focused on the molecular
basis of this trait. QTL mapping provides a method to identify regions of the genome associated
with a particular trait. Validating these regions in new populations lays the groundwork to
implement marker-assisted selection in a breeding program. This study sought to validate QTL
regions previously identified for drought resistance in St. Augustinegrass, a warm-season turfgrass
commonly grown in the southeastern United States. A biparental population developed from two
full sibling lines, XSA 10098 and XSA 10127, was evaluated in two greenhouse trials for drought
stress traits including leaf wilting, percent green cover, relative water content, percent recovery,
and the area under the leaf wilting-, percent green cover-, and percent recovery- curves. A linkage
map was constructed from total of 12,269 SNPs, representing the densest St. Augustinegrass
linkage map to date. Thirteen QTL were identified from a multiple QTL mapping approach, and
five annotated genes with functions related to drought resistance were identified through a
BLASTX search of a 10,000 bp region around the peak marker. Regions of overlap from this study
and previous St. Augustinegrass drought resistance studies were found on chromosomes 3, 4, 6,
and 9. Combining transcriptomic data from an analysis between two St. Augustinegrass genotypes
contrasting in their drought resistance, several differentially expressed genes with functions related
to drought resistance were found in overlapping QTL regions across studies. These co-localized
regions represent target areas from which primers could be designed to implement marker-assisted

selection for drought resistance in St. Augustinegrass.
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INTRODUCTION

Lawn irrigation already consumes the bulk of home water usage (EPA, 2017). As more
municipalities impose restrictions on irrigation timing and amount, and as climate change leads to
more sporadic weather patterns with the potential for more severe drought (Kunkel et al., 2013),
the development of drought-resistant cultivars is important to ensure turfgrasses will remain a part
of landscapes. St. Augustinegrass [Stenotaphrum secundatum (Walt.) Kuntze] is a coarse-textured
warm-season turfgrass commonly grown in the southeastern United States and known for its shade
tolerance and weed suppression ability. However, drought resistance in St. Augustinegrass often

ranks low among warm-season turfgrasses (Harivandi et al., 2009).

In turfgrass, drought resistance mechanisms are divided into three components: avoidance,
escape and tolerance (Levitt, 1980). Drought escape mechanisms involve large-scale changes in
growth pattern including varying the timing of the reproductive stage to coincide with more
available water or entering dormancy during periods of drought stress and resuming growth when
water resources are again available (Huang, 2008). Because dormancy results in a reduction of
turfgrass quality below acceptable levels, it is often a trigger for irrigation among consumers and
it may ultimately result in over-watering (Steinke et al., 2010). Turfgrass breeders are more
focused on breeding for lines that maintain their green color through avoidance and tolerance.
Drought avoidance approaches seek to preventatively address drought through maintenance of
plant water content by either increasing the amount of water uptake or decreasing the amount of
water loss, thereby avoiding tissue dehydration (Huang, 2008). Meanwhile, tolerance is the
responsive approach of plants to drought stress by sustaining growth despite low water availability
and includes osmotic adjustment, maintenance of membrane fluidity, and the accumulation of

certain metabolites or proteins (Nilsen and Orcutt, 1996).
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Previous studies have established variation in drought resistance among St. Augustinegrass
genotypes (Katuwal et al., 2022.; Meeks & Chandra, 2020; Steinke et al., 2010; Zhang et al., 2019),
often noting that polyploids (Busey, 2003) and interploids (Meeks & Chandra, 2020) have better
performance. Certain characteristics have been attributed to enhanced drought resistance, namely
a deeper root system (Chandra et al., 2015; J. Zhang et al., 2019). However, less work has centered
on identifying genomic regions that could be targets for marker-assisted selection (MAS) to
improve drought resistance in St. Augustinegrass. This selection strategy is a molecular breeding
technique that uses the genotype at a particular locus to make selections, rather than selecting on
the phenotype (Collard et al., 2005). In this way, crosses can be assessed for a few traits of interest
at the seedling stage before they are evaluated in field conditions, saving resources to test only
promising genotypes (Collard & Mackill, 2008). This becomes particularly important for
evaluating drought resistance in a perennial crop like St. Augustinegrass where field evaluations
last more than one season and drought can be unpredictable or absent. Another desirable aspect of
MAS is that genetic gains can still be achieved on traits with low heritability (Soller & Beckmann,
1990), such as turf quality under drought in St. Augustinegrass which has been estimated to be low

(H? = 0.38) (Graham et al., 2022).

Using MAS requires that the marker be tightly linked to the locus influencing the trait of
interest to prevent recombination events from breaking the association (Collard et al., 2005).
Quantitative Trait Locus (QTL) mapping is a method that identifies molecular markers associated
with traits of interest that can be candidates for MAS. The creation of a high-density linkage map
in St. Augustinegrass (Yu et al., 2018) facilitated the first effort to detect QTL for drought
resistance (Yu et al., 2019). Using a population developed from the cross between cultivars

‘Raleigh’ and ‘Seville’, 46 significant associations were found, with co-localization of several
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drought-related traits across greenhouse and field environments (Yu et al., 2019). Furthermore,
morphological and canopy traits were evaluated in the same population in a later study (Yu et al.,
2022), and several overlapping QTL with those identified in Yu et al. (2019) were identified.
However, as QTL can be specific to a population and influenced by environmental effects,
validation of QTL is an important step before implementing MAS (Collard et al., 2005). Validation
involves using a new population, often larger and with a higher-density linkage map to verify

whether the QTL are detected again (Collard et al., 2005).

Since the first QTL mapping study for drought resistance in St. Augustinegrass, additional
genomic resources have been developed. A St. Augustinegrass reference genome has been
assembled and is being annotated (Schoonmaker, personal communication, 2022). Additionally, a
large amount of candidate genes involved in drought stress response were identified through
transcriptome analysis between two St. Augustinegrass genotypes contrasting in their drought
resistance (Yu & Milla-Lewis, unpublished data, 2022). Comparing the overlap of these genomic
resources will aid in identification of more precise regions of the genome contributing to drought

tolerance and promote the development of MAS for drought resistance.

Thus, the objective of this study was to develop a new St. Augustinegrass population
segregating for drought resistance and to validate the previously identified drought resistance QTL
in Yu et al. (2019) and Yu et al. (2022), as well as to identify target genes for marker-assisted

selection.
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MATERIALS AND METHODS

Population development

A pseudo-F. mapping population was derived from the cross of North Carolina State
University St. Augustinegrass breeding lines XSA 10098 and XSA 10127. These parental lines,
which are both full-sib progeny of crosses between ‘Raleigh’ and ‘Seville’, were selected based
on their contrasting responses to drought under both greenhouse and field conditions from Yu et
al. (2019). Crosses were verified based on the segregation at two SNP loci using allele-specific
primers and the PCR Allele Competitive Extension (PACE) assay (3CR Bioscience, Harlow,
United Kingdom). A total of 141 lines were verified as crosses and served as the mapping

population.

Greenhouse drought evaluations

The mapping population was vegetatively propagated into 15 cm (diameter) x 11 cm (deep)
pots containing a 1:3 mix of sand and Fafard potting mix (Conrad Fafard Inc., Agawam, MA).
Plants were allowed to grow for 12 weeks under normal watering conditions to fully establish. The
141 progenies, along with the parents and commercial checks ‘Raleigh’, ‘Seville’, ‘CitraBlue’,
and ‘TamStar’, were organized into a randomized complete block design with three replicates.
Pots were watered to capacity, and subsequently water was withheld to initiate drought. Leaf
wilting ratings were taken daily on a 1 to 5 scale with 5 indicating a healthy, symptom-free turf
stand, while a score of 1 indicated desiccated turf that had lost its color (Figure 3.1). The trial
concluded when each rep had at least 60% of plants showing leaf wilting symptoms. On the last
day of the trial, leaf tissue was collected to determine leaf relative water content (RWC) using the

following equation,
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FW — DW

RWC = —pw

x 100

where FW is fresh weight, DW is dry weight, and TW is turgid weight as described in Yu et al.
(2019). A panoramic 180i game camera (Moultrie Feeders, LLC, Birmingham, AL) was mounted
above each replicate and set to collect an image of plants prior to drought stress, and once a day
throughout dry-down and recovery. Percent green cover was calculated from these images in
ArcMap (ESRI, Redlands, CA). Briefly, images were loaded, and a training set was developed to
classify green and brown pixels. A supervised classification method analyzed the images and
individual percent green cover values were extracted for each pot. Percent green cover values were
normalized to the first date to account for any differences in initial establishment.

The first trial (GH20) took place from 3 December 2020 to 21 December 2020 and lasted
19 days. The second trial (GH21) took place from 26 April to 9 May and lasted for 14 days.
Following the conclusion of the trial, watering was initiated once again, and percent green cover
was calculated for 10 days of recovery, denoted percent recovery. Percent recovery values were
normalized to the first date of percent green cover to account for any differences in initial
establishment. Using the agricolae package (de Mendiburu, 2021) in the R-Studio environment
(RStudio Team, 2020) of the open-source statistical software R (R Core Team, 2021), the area
under the progress curve for leaf wilting, percent green cover, and percent recovery was calculated,

referred to as AULWC, AUPGCC, and AUPRC, respectively.

Statistical analysis
A fully random model using both entry and rep as random effects was fit for each day of
percent green cover and leaf wilting to calculate variance. The day with the most entry variance

for percent green cover and leaf wilting from each year was selected to be used for further analysis.
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Pearson correlations between all traits, along with their corresponding p-values, were generated
using the corrplot package in R (Wei and Simko, 2021). Using ASReml-R in the R-Studio
environment (Butler et al., 2018; RStudio Team, 2020), a mixed model was first fit for each trait
across years with entry as fixed and year and rep as random terms (Eq. 1.)

y =ul +Xi9+Zyvr +Z,y+7Z39y+e (Eq. 1)

where y is the vector of phenotypic values, u is the overall mean, 1 is a vector of ones, X
and Z represent the incidence matrices for fixed and random effects, respectively; g is the fixed
vector of genotype effects; r is the random vector of rep effects where r ~ NMV(0, 12) where o2
is the variance component of the rep effects; y is the random vector of year effects with y ~ NMV(0,

I af,) where af, is the variance component of the genotype effects; gy is the random vector of the
effects of the interaction between genotype and year with gy ~ NMV/(0, Iagy) where agy is the

variance component of the rep effects and e is the random vectors of errors with e ~ NMV (0, 62I)
where @2 is the variance component of the errors. Using a Wald test for fixed effects and a
likelihood ratio test (LRT) for random effects, the significance of each term was tested, and
variance components were estimated with restricted maximum likelihood.

Subsequently, a mixed model was fit for each trait within a year with entry as a fixed term

and rep as random (Eq. 2.)

y =ul +Xi9+Zir+e (Eq. 2)

with terms the same as in Eq. 1. except e is the random vectors of correlated errors with e
~NMV(0, R ® I). R is the covariance matrix of residuals, being R = 622 .(p.) ®Z,(p,) Where g2
is the variance components of residuals, X.(p.) and X,.(p,-) represent the first-order autoregressive

correlation matrices, and p,. and p, are the autocorrelation (AR) coefficients for columns and rows,
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respectively. 1 is an identity matrix of proper size, and the Kronecker product is denoted by ®.
BIC values were compared to determine whether using an AR1 covariance structure improved the
model (Supplementary Table 3.4). Using the best model, best linear unbiased estimators were
generated for each entry using Eq. 2. Histograms of BLUEs and temperature figures were

generated in the ggplot2 package (Wickham, 2016).

Library construction and sequencing

Tissue from young leaves was collected from each of the progeny as well as the parents
(five samples per parent), and genomic DNA was extracted using the CTAB method modified
from Afanador et al. (1993). DNA quality and purity was validated using a 1% agarose gel, and
DNA concentration was quantified using a Hoefer DQ 300 fluorometer (Hoefer Scientific
Instruments, San Francisco, CA). The GBS library was prepared by the University of Wisconsin
Biotechnology Center DNA Sequencing Facility by adapting the methods in Elshire et al. (2011).
Briefly, Pstl and Mspl (New England Biolabs, Ipswich, MA) were used to digest 100 ng of DNA,
and barcoded adapters were ligated using T4 ligase (New England Biolabs, Ipswich, MA).
Samples were pooled and amplified, and SPRI beads were used to remove adapter dimers. The
library was quantified using Qubit® dsDNA HS Assay Kit (Life Technologies, Grand Island, NY),
and quality was confirmed using the Agilent Tapestation (Agilent Technologies Inc., Santa Clara,
CA). Sequencing was done on an Illumina NovaSeq6000 (lllumina, San Diego, CA), at the

University of Wisconsin Biotechnology Center DNA Sequencing Facility.
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SNP calling

The v.4.1 GBS-SNP-CROP (GSC) pipeline (Melo et al., 2016) was used in conjunction
with fastp (S. Chen et al., 2018) to process raw sequencing data and call SNPs. The GSC pipeline
identified reads with barcode sequences next to a cut site, trimming them and retaining only those
reads. Fastp was used to trim any remaining barcodes and poly-G sequences and reads that had a
length of at least 32 bases and at least 40% of bases with a Phred quality score of 30 or greater
were retained. Sequences were demultiplexed and aligned to the St. Augustinegrass reference
genome (Schoonmaker, personal communication, 2022), using the GSC pipeline. Five samples of
each parental genotype were combined. Filtering and genotypic calls were made using the
following parameters: mnHoDepthO = 3, mnHoDepthl = 10, mnHetDepth = 2, altStrength = 0.96,
mnAlleleRatio = 0.05, mnAvgDepth = 3, and mxAvgDepth = 300. SNPs with less than 70%

genotype calls were removed.

Linkage map construction

The R package MAPpoly (v. 0.3.0) was used to jointly construct genetic maps (Mollinari
& Garcia, 2019) considering markers of all possible segregation types. Briefly, data were filtered
to exclude markers with more than 30% missing data. A chi-square test using a Bonferroni
correction to achieve a global significance level of 5% was used to assess segregation distortion,
and any markers deviating from the expected ratios (1:2:1 or 1:1) were excluded. The pairwise
recombination fractions were calculated between all markers and considering all possible linkage
phases, and the resulting recombination fraction matrix based on the most likely linkage phases
was used for grouping and ordering markers inside linkage groups. The unweighted pair-group

method with arithmetic mean (UPGMA) clustering algorithm was used to form linkage groups,
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and the multidimensional scaling (MDS, Preedy & Hackett, 2016) algorithm was used to order
markers. The reference genome was used as supporting information to group markers, thus linkage
groups were formed only by markers that agreed on both the UPGMA and reference genome
information. A hidden Markov model was used to assess the best linkage phases and re-estimate
the recombination fractions between markers for all linkage groups, considering the orders
provided by the MDS algorithm and the reference genome. The best order for each linkage group
was selected based on the pattern of the recombination frequency heatmap, the resulting map size,
and the number of retained markers. A global error rate of 5% was considered to account for

sequencing and genotyping errors.

QTL mapping

The R package QTLpoly (v. 0.2.1), which was designed for outcrossing species, was used
to conduct QTL mapping (da Silva Pereira et al., 2020), along with BLUES for each trait from each
year. Conditional genotype probabilities were first calculated at a step of 1 centimorgan (cM) using
the “calc_genoprob” function in MAPpoly. Genome-wide significance levels for forward addition
(0=0.20) and backward elimination (0=0.05) were calculated using the score-based resampling
method with 1000 repeats, and the random-effect multiple interval mapping (REMIM) model was
used to build a multiple QTL model for each trait (da Silva Pereira et al., 2020). First, a null model
with no QTL was fit, then QTL were added in a forward step one by one until no more QTL
reached the predetermined threshold. A backward elimination was performed with a more stringent
threshold level to remove QTL that presented non-significant effects conditional on the other ones.
The process was repeated until no QTL was added nor dropped from the model, then a last round

of model refinement was performed to adjust QTL position and effect estimates conditional on the
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remaining QTL in the final model. A fixed-effect interval mapping strategy was also conducted
for comparison, and significant QTL were called for each trait if they reached a LOD threshold of
a=0.05 calculated based on 1000 permutation tests. For both approaches, the window-size
parameter was 15 ¢cM, meaning that another QTL wouldn’t be added to the model if it was within

15 cM of a previously added QTL to account for high linkage disequilibrium.

QTL comparison across studies

The QTL in this study were compared to those identified in the St. Augustinegrass
biparental mapping population ‘Raleigh’ x ‘Seville’ in Yu et al. (2019), which analyzed drought
tolerance traits, and those in Yu et al. (2022), which analyzed morphological characteristics.
Because a reference genome was not available when these studies were conducted, the sequences
flanking SNP markers were first aligned to the reference genome to obtain physical positions.
Regions of chromosomes that contained co-localized traits across studies were visualized in

MapChart (Voorrips, 2002).

Sequence annotation and gene prediction

For each significant QTL, a 5000 bp region on either side of the peak marker was searched
against the National Center for Biotechnology Information’s NR database using the basic local
alignment search tool (BLAST) as the QTL regions were too large to comprehensively search as
a whole. A BLASTX search was used to identify potential orthologs, and the accession number
was searched in the UniProt database to predict gene function from identified QTL regions.
Additionally, differentially expressed genes that were identified in a transcriptomic analysis

between two St. Augustinegrass genotypes contrasting in their drought resistance (Yu & Milla-
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Lewis, unpublished data, 2022) were classified based on their gene ontology (GO) biological
process terms. Genes with GO biological process terms relating to drought and/or high temperature
process including response to water deprivation, response to oxidative stress, regulation of
stomatal opening, lateral root formation, drought recovery, response to heat, water channel
activity, response to osmotic stress, negative regulation of response to water deprivation, cellular
water homeostasis, root development, and adventitious root development were retained and
compared for co-localization within the QTL regions identified in this study. Furthermore, for
QTL overlap regions identified across studies, all differentially expressed annotated genes were

found and their functions were searched for relevance to drought resistance mechanisms.
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RESULTS

Experimental conditions during drought

During the 2020 experimental run, the minimum temperature varied between 20 °C and
26.1 °C, and the maximum temperature varied between 25 °C and 36.1 °C (Figure 3.2). In the
2021 experimental run, the minimum temperature varied similarly between 20 °C and 26.7 °C
while the maximum temperatures were higher and more stable, only varying between 35.6 °C and
39.4 °C (Figure 3.2). The reps dried out more rapidly in 2021 than 2020; it took 6 more days to
reach 60% of each rep showing symptoms in 2020 than 2021 (Figure 3.3). Within 2020, reps 1
and 3 followed a more similar trend whereas in 2021, each rep followed a more distinct trend
(Figure 3.3). The results of the combined analysis (Supplementary Table 3.1) showed a significant
interaction between entry and year, and thus the experiments were analyzed separately.
Furthermore, using an AR1 covariance structure for the residuals did not decrease BIC values for

any traits in 2020 but decreased them for all traits in 2021(Supplementary Table 3.4).

Trait distribution and relationships

The days with the most variance for percent green cover and leaf wilting in 2020 were 17
and 19 days after watering, respectively. In 2021, the days with the most variance for percent green
cover and leaf wilting were 14 and 13 days after watering, respectively. Those traits were selected
for further analysis and denoted “ 20/21” throughout the rest of the text. For both years, there was
a wide range of variation and transgressive segregation for all traits (Figure 3.4), and entry was
significant for all traits (Supplementary Tables 3.2 and 3.3). Significant, positive correlations (p-

value < 0.001) were found among all traits across years, but correlations were much higher across
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traits within a trial (r = 0.69 — 0.98 in 2020 and r = 0.74 — 0.98 in 2021) than between the same

trait across trials (r = 0.16 — 0.33) (Figure 3.5).

SNP discovery and linkage map construction

A total of 940 million raw paired-end reads were obtained from sequencing. After the GSC
pipeline, a total of 66,672 SNPs were obtained. Following filtering to include only high-quality
SNPs that were polymorphic between the parents, 12,269 SNPs were retained in the final linkage
map. The total linkage map contained nine linkage groups (LGs) corresponding to the nine St.
Augustinegrass chromosomes. All linkage groups had between 652 and 2,301 markers with LG 8
having the fewest and LG 9 having the most (Table 3.1). The length in cM ranged from 77.93 —
173.62 cM. The largest gap between markers was 3.49 cM on LG 5 (Table 3.1, Supplementary
Figure 3.1). For most linkage groups, the genomic-informed order produced a shorter linkage
group, but for linkage groups 2 and 5, the MDS order was actually better and was used in the final
map for QTL mapping. Overall, the synteny between markers on the chromosomes and markers

on the linkage groups was strong (Supplementary Figure 3.2).

QTL detection for drought traits

Using a stepwise multiple QTL mapping approach (forward p-value determined to be
0.00156 and backward elimination p-value determined to be 0.00033), a total of thirteen QTL
across six linkage groups were detected in 2020 (Figure 3.6). Four were associated with percent
green cover, three with AULWC and leaf wilting, and one with AUPGCC, percent recovery, and
RWC. The QTL explained between 7.82 and 37.06 % of the phenotypic variance, with PGC-2

explaining the most variance (Table 3.2). On LG 2, QTL for RWC, AUPGCC, and AULWC
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overlapped, and on LG 3, all traits aside from AUPGCC and percent green cover overlapped
(Figure 3.6, Table 3.2). No QTL reached the significance threshold in 2021, although peaks appear
on LG 1 and LG 5 (Supplementary Figure 3.3). Compared to the MQM approach, the fixed-effect
interval mapping approach only identified seven significant QTL across two linkage groups but
identified similar regions of overlapping QTL on LGs 2 and 3 in 2020 (Supplementary Figure 3.4).
Similar to the MQM approach in 2020, the fixed-effect interval mapping approach did not identify

any significant QTL regions in 2021.

QTL overlap across studies

When comparing the results of this study with two previous QTL mapping studies in St.
Augustinegrass for drought tolerance traits (Yu et al., 2019) (Supplementary Table 3.5) and
morphological characteristics associated with drought tolerance (Yu etal., 2022) (Supplementary
Table 3.6), regions of overlap were found on chromosomes 3, 4, 6, and 9. On chromosome 3, PR-
3, PGC-3, LW-3, RWC-3, and AULWC-3 co-localized with RWC-R3.3 from Yu et al. (2019)
(Figure 3.7). On chromosome 4, PGC-4 colocalized with GC-R4.1 and Fv/Fm R4.2 from Yu et al.
(2019) (Figure 3.8). On chromosome 6, LW-6 co-localized with LF-R6.1 from Yu et al. (2019)
(Figure 3.8). Meanwhile, on chromosome 9, LW-9 and AULWC-9 co-localized with gCDr9.1 and

qCDs9.1 from Yu et al. (2022) (Figure 3.9).

Gene annotation
The results of the BLASTtx search in a 10,000 bp region around the peak marker of each
significant QTL identified five candidate genes from two species, Setaria italica (foxtail millet)

and Setaria viridis, on chromosomes 1, 2, 3, 6 and 9. These included dual specificity protein
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phosphatase, ethylene-responsive transcription factor, cytochrome P450, WUSCHEL-related
homeobox, and pyruvate kinase isozyme A, respectively (Table 3.3). On chromosome 2, the
ethylene-responsive transcription factor was associated with both AUPGCC-2 and PGC-2 QTL
while the remaining candidate genes were only associated with one QTL.

A total of seventeen differentially expressed genes with GO biological terms related to
drought and/or high temperature processes were identified within the QTL found in this study
(Supplementary Table 3.7). Within the QTL overlapping across studies, twelve genes were
identified with over half on chromosome six (Table 3.4). They represented a wide range GO
biological processes including terms potentially more relevant to drought resistance mechanisms
such as cell wall organization, photorespiration, zinc ion transport, regulation of reactive oxygen

species, channel activity, and negative regulation in response to stress.
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DISCUSSION

The goal of this study was to identify regions of the genome associated with drought
resistance in a new St. Augustinegrass population and compare those from previously identified
QTL. This step is necessary to validate the location of QTL because they can be influenced by
genetic background and the environment (Collard and Mackill, 2008). Once validated, these
regions provide targets to develop MAS, which has not yet been utilized in St. Augustinegrass.

Compared to previous linkage maps for St. Augustinegrass developed in Yu et al. (2018)
and Yu et al. (2020), the map created in this study represents the densest map to date. More than
four times as many markers (12,269) were used in the construction, compared with 2,952 in Yu et
al. (2018) and 2,257 in Yu et al. (2020). At the same time, the length of all linkage groups ranged
from 77.93 — 173.62 cM, differing little from the range of 90.0 — 197.2 cM in Yu et al. (2018) and
providing a strong indication that although many more markers were used, the ordering and
genotyping was still accurate and did not inflate the cM length (Lincoln and Landor, 1992).

Previous efforts to map QTL in St. Augustinegrass have focused on turf quality (Yu et al.,
2018), freeze tolerance and winter survival (Kimball et al., 2018), gray leaf spot (Magnaporthe
grisea) resistance (Yu et al., 2020), drought resistance (Yu et al., 2019), and most recently,
morphological characteristics associated with drought stress response (Yu et al., 2022). Unlike in
the prior drought resistance study, this paper adopted the area under the curve approach (Madden
et al., 2007) to measure drought progress, which was initially developed to measure disease
progress. Adding these traits allowed for not only one time point in the drought progression, but
also variation in dry-down rate to be mapped. For AUPGCC and AUPRC, this was facilitated by

overhead cameras. However, due to shadowing and uneven lighting in the greenhouse, in the
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future, a color calibration panel should be used to correct the images and reduce variability, similar
to the approach used for correcting multispectral UAV imagery in turfgrass (Wang et al., 2022).

Overall, thirteen QTL on six chromosomes were identified from the 2020 experimental
year, which had a significant entry effect for all traits (Figure 3.6, Supplementary Table 3.2). The
multiple QTL mapping approach used in this study has benefits over the interval mapping
approach in that by using QTL as covariates in the model, it can account for background variation
and increase the power to detect smaller-effect QTL (Bernardo, 2020). Indeed, the MQM approach
in this study identified thirteen QTL whereas the fixed-effect approach only identified seven.
Hotspots were found on chromosomes 2 and 3, with several overlapping traits. PGC_20,
AUPGCC_20, and AULWC 20 overlapped on chromosome 2 with PGC explaining the most
variance, 37.06 %. Meanwhile, PR_20, PGC_20, LW_20, AULWC_20, and RWC_20 overlapped
on chromosome 3 with RWC explaining the most variance, 23.31%.

Surprisingly, despite ample phenotypic variation as well as a significant entry effect, no
significant QTL were found for 2021, although potential QTL peaks appeared on chromosomes 5
and 1 (Figure 3.4, Supplementary Table 3.3). While both experiments were conducted under
greenhouse conditions, the maximum temperature was much more stable and higher in 2021,
contributing to the faster dry-down (Figures 2 and 3), and there was a significant entry x year
interaction for all traits (Supplementary Table 3.1). Likewise, the correlation between years was
low (r=0.16 —r =0.33) (Figure 3.5), partially explaining why even though 2021 had no significant
QTL, the potential QTL were on different chromosomes than in 2020. While some QTL mapping
studies in the cool-season turfgrass creeping bentgrass (Agrostis stolonifera L.) have attempted to
separate drought (Merewitz et al.,, 2014) and heat conditions (Jespersen et al., 2016) when

searching for QTL associated with tolerance to those traits, in North Carolina, these environmental
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conditions are often inseparable. Their interaction adds complexity and further demonstrates the
need to validate QTL that are stable across environments prior to their use in MAS.

Despite the lack of significant QTL in 2021, of the QTL found in 2020, several candidate
genes with documented roles in abiotic stress tolerance were annotated. For example, in the
overlapping QTL region on chromosome two, candidate gene ethylene responsive transcription
factor 1-like was annotated. Ethylene-responsive transcription factors (ERFs) regulate gene
expression and have been implicated in the response to abiotic factors including submergence,
heat, cold, salt, and drought stress (Thirugnanasambantham et al., 2015). In bermudagrass
(Cynodon dactylon L.), CdERF1 expression was increased in response to a polyethylene glycol
treatment designed to simulate drought stress (Z. Hu et al., 2020). Compared to the wild-type,
wheat overexpressing TaERF3 had improved drought tolerance possibly due to physiological
changes including lower stomatal conductance and higher proline content (Rong et al., 2014).
Chen et al. (2019) demonstrated that depending on the stage of drought progression in Kentucky
bluegrass (Poa pratensis L.), ERF family expression may be up- or down- regulated, with GO
categories including RNA degradation early in drought progression and hormone signal
transduction later on.

Cytochrome P450 89A2 was annotated in the overlapping QTL region on chromosome
three. While the cytochrome P450 family has many roles including catalysis and secondary
metabolite synthesis, it has also been implicated for its role in abiotic stress tolerance (Pandian et
al., 2020). The maize (Zea mays L.) cytochrome P450 gene CYP96A8 was induced under drought
stress and was hypothesized to play a role in lignin biosynthesis as drought resistant inbreds had
higher leaf lignin content, which may have helped maintain turgor pressure and decrease

transpiration during drought conditions (Hu et al., 2009). The reduced cutin content and increased
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membrane permeability susceptible to water loss in attl Arabidopsis mutants suggested that
CYP86A2 encoded by ATT1 played a role in fatty acid synthesis (Xiao et al., 2004).

Other candidate genes annotated include WUSCHEL-related homeobox 10 and pyruvate
kinase isozyme A. In rice (Oryza sativa L.), the WOX11 gene is involved in crown root
development (Zhao et al., 2009). Additionally, wox11 mutants had fewer and shorter root hairs
and were more sensitive to drought stress, indicating WOX11 played a role in increasing drought
resistance (Cheng et al., 2016). The reaction catalyzed by pyruvate kinase can be inhibited when
plants experience drought stress (Zhang et al., 2021). Compared to controls, pyruvate kinase
activity was increased in creeping bentgrass plants with better drought tolerance from treatment
with chitosan, a polysaccharide sometimes used as a biostimulant in turfgrass management
practices (Liu et al., 2020).

A common pitfall of QTL mapping studies is that while many QTL are often reported and
annotated genes are often identified in the QTL regions, no further steps are taken to validate those
regions in new populations, narrow in on candidate genes, and work toward developing markers
for MAS (Collard and Mackill, 2008). Before the St. Augustinegrass reference genome was
available, comparison of QTL across different populations was not possible as each population
had its own linkage map based on recombination frequency rather than physical distance. The
newly developed reference genome allowed the maps to be anchored and provided the opportunity
to discover overlapping regions. Of the thirteen QTL regions identified in this study, nine QTL on
four chromosomes were overlapping with either the previous study on QTL mapping for drought
tolerance traits (Yu et al., 2019) or morphological characteristics associated with drought tolerance
(Yu et al., 2022). Notably, although percent green cover was evaluated in both the current study

with four identified QTL, and in Yu et al. (2019) with 21 identified QTL, only one common region
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of overlap on chromosome four was identified across the populations. A similar phenomenon
occurred for canopy density evaluations in Yu et al. (2019) and Yu et al. (2022). There, although
the same population was being evaluated, only two common QTL regions were found. These
exemplify the difficulty in identifying stable QTL across environments that can be reliably selected
for MAS without phenotyping the population first. Thus, the QTL region on chromosome three is
of interest. Not only did several traits in this study co-localize there, they also co-localized with
RWC from Yu et al. (2019), and a cytochrome P450 candidate gene—which may play a role in
the drought response as discussed above—was annotated there. This area represents a main target
for developing MAS.

However, although this overlapping region on chromosome three was identified, it is still
several hundred kilobases long, as are the regions on other chromosomes. The high-density linkage
map used in this study did not provide higher QTL resolution. This can possibly be attributed to
the high linkage disequilibrium present in F2 populations from limited recombination events
(Bernardo, 2020) restricting the extent to which more markers would increase resolution. At the
same time, this high linkage disequilibrium has likely facilitated the identification of QTL even
with low-density linkage maps (Bernardo, 2020). While a practical limitation, a larger population
size could help improve QTL resolution by increasing the amount of recombination events
represented, in addition to more accurately estimating phenotypic variance attributed to QTL and
reducing the “Beavis effect” (S. Xu, 2003).

Another way to address the limitation of large QTL regions containing more genes than
can practically be evaluated as MAS candidates is to combine the information with transcriptomic
data, which has been utilized in many crops including soybeans (Glycine max L.) (D. Zhang et al.,

2017), rapeseed (Brassica napus L.) (J. Ye et al., 2017), and tomato (Solanum lycopersicum L.)
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(Diouf et al., 2020). By limiting the subset of genes to only those that were differentially expressed
under a drought treatment, the candidate gene pool becomes a more manageable subset. Although
the QTL identified in this study ranged from 784 kilobases for PGC-1 up to almost 24 megabases
for PGC-4, 152 DEGs were found. Of those, eighteen had GO biological process terms in drought
resistance related functions (Supplementary Table 7).

When restricting the search to only those differentially expressed genes in the QTL regions
that overlapped between studies, a total of twelve genes were identified (Table 3.4). Several of
those on chromosome 6 were annotated as probable LRR receptor-like serine/threonine-protein
kinases. This large gene family has been implicated for its role in drought stress, particularly with
abscisic acid signaling (Y. Ye et al., 2017). Other annotated genes included two zinc transporters.
In a transgenic drought-tolerant maize line, zinc transporter 4 was found to be upregulated
compared to the wild-type (Q. Zhang et al., 2020). An endoglucanase, which is involved in
cellulose degradation (Yennamalli et al.,, 2013), was annotated on chromosome nine. A
transcriptomics analysis comparing drought-tolerant and drought-susceptible rice lines found that
in the susceptible line, endoglucanases were downregulated, and the authors hypothesized this lack
of cell wall breakdown may have hampered root growth, which could have contributed to its lack
of drought tolerance (Muthurajan et al., 2018). In a drought tolerant Kentucky bluegrass line,
serine hydroxymethyltransferase protein abundance declined less than in the susceptible line (C.
Xu & Huang, 2010); similarly, serine hydroxymethyltransferase was downregulated in the drought
susceptible St. Augustinegrass line (Table 3.4). The annotated probable glutathione S-transferase
belongs to family of enzyme that plays a role in ROS scavenging (Haluskova et al., 2009). Finally,
the annotated aquaporin is part of a family of proteins involved in water transport (Park &

Campbell, 2015). While the differentially expressed genes found from these approaches did not
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include any of the five annotated genes identified in the BLASTX search, this does not preclude
either approach; but rather, increases the potential list of genes to evaluate using marker-assisted
selection with.

Overall, this study utilized newly developed St. Augustinegrass genomic resources to
compare several different sources of data that will aid in the development of markers for MAS for
drought resistance. Additionally, the development of primers for markers will be aided by the
reference genome that has been assembled. Furthermore, this population has been established in
field conditions, and studies are underway to evaluate drought resistance and compare QTL with

those identified in the studies compared here to further validate the results.
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Figure 3.1: Leaf wilting rating scale for St. Augustinegrass experiencing drought stress. A score of 5

indicates healthy, symptom-free turf while a score of 1 indicates desiccated turf that has lost its green
color.
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AULWC = area under leaf wilting curve, AUPGCC = area under percent green cover curve,
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Table 3.1: Summary of linkage groups assembled using MAPpoly including length in cM, total markers,

markers/cM, average distance between markers, and the max gap between markers for each linkage

group.

Ic_;irnolaalloge Length  Total Markers/cM ﬁ\evt?/\l/rsgr? g}i;tr?(gcri Max Gap
(cM) markers (cM) (cM)
1 101.89 1275 12.51 0.08 2.2
2 97.73 1313 13.43 0.07 2.05
3 117.39 1444 12.30 0.08 2.76
4 102.34 1579 15.43 0.06 2.23
5 129.28 1331 10.30 0.10 3.49
6 111.32 1119 10.05 0.10 212
7 94.79 1255 13.24 0.08 1.88
8 77.93 652 8.37 0.12 3.30
9 173.62 2301 13.25 0.08 3.12
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Figure 3.6: QTL profiles for 2020 using a stepwise multiple QTL mapping approach. A total of 13 significant QTL were
found on 6 linkage groups. PGC = percent green cover, LW = leaf wilting, PR = percent recovery, RWC = relative water
content, AULWC = area under leaf wilting curve, AUPGCC = area under percent green cover curve, AUPRC = area
under percent recovery curve.
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Table 3.2: Significant quantitative trait loci associated with drought stress traits for the 10098 x 10127 biparental population based on a high-
density SNP linkage map. QTL mapping was conducted using QTLpoly using the remim stepwise function and QTL that reached the threshold
(0=0.05) are shown. Physical positions were identified using the ‘Raleigh’ reference genome. CHR = chromosome, PGC = percent green cover,
LW = leaf wilting, PR = percent recovery, RWC = relative water content, AULWC = area under leaf wilting curve, AUPGCC = area under
percent green cover curve, AUPRC = area under percent recovery curve.

QTL Trait CHR Pcljsei?il:)n % var 0.75 LCI)P Confidence Peal'< !Dhy5|cal Physical Position Range (bp)
(cM) nterval Position (bp)

AULWC-2 AULWC 20 2 0.00 28.26 0.00-5.01 8589918 8589918 - 10251920
AULWC-3  AULWC_20 3 101.12 14.92 98.24 - 108.19 43879062 43307483 - 45318615
AULWC-9 AULWC_20 9 7.11 11.53 7.11-51.01 2791778 2791593 - 10550638
RWC-3 RWC_20 3 107.43 23.31 96.68 - 108.19 45180406 42977450 - 45318615
AUPGCC-2 AUPGCC 20 2 240  30.69 0.00 - 6.12 9330187 8589918 - 10906196
LW-3 LW_20 3 107.43 19.15 101.12 - 108.19 45180406 43879062 - 45318615
LW-6 LW_20 6 32.35 9.60 20.57 - 52.29 10814818 7656452 - 28621279
LW-9 LW_20 9 43.19 2250 38.20 - 59.13 9326977 7892898 - 11467984
PGC-1 PGC_20 1 5.31 13.11 5.31-8.71 13405134 13405134 - 14189176
PGC-2 PGC_20 2 2.40 37.06 2.40 - 3.08 9330187 9330187 - 9524355

PGC-3 PGC_20 3 99.23 12.02 87.32 -107.43 43501307 40644353 - 45180406
PGC-4 PGC_20 4 42.27 7.82 34.22 - 71.06 14146107 9601868 - 33495704
PR-3 PR_20 3 98.24 18.30 48.31 - 108.19 43307483 21153247 - 45318615
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Table 3.3: Annotated St. Augustinegrass sequences associated with drought resistance QTL. The result from BLASTX is presented for a 5000 bp
region on either side of the peak marker. Marker position and query sequence region indicate the number of base pairs from the beginning of the
respective chromosome. Biological function for the accession was obtained from UniProt gene ontology terms, and if not available, molecular

function was listed.

. Marker Query . . .
CHR Associated Position  Sequence Aligned Species E-value Accession # Blologlcalll\/_lolecular
QTL . Sequence Function
(bp)  Region (bp)
probable dual
specificity
1 PGC-1 1340513 13400134- protein Setaria 2.00E- XP_004951306. protein
4 13410134 phosphatase italica 88 1 dephosphorylation
DDB_G028196
3 isoform X1
ethylene-
AUPGCC-2; 9325187- responsive Setaria 7.00E- ethylene-activated
2 pcc2 330187 9335187 transcription  viridis o5 TKW3L097.L  Gonaling pathway
factor 1-like
, bR 4330748 43302483  cytochrome  Setaria oo XP_004962930, gflrggrggfc'tgge
3 43312483 P450 89A2 italica ' 1 -
activity
WUSCHEL- : .
5 L\W-6 1081481 10809818- related S_eta_rla 1.00E- RCV30391.1 adventitious root
8 10819818 italica 89 development
homeobox 10
pyruvate Kinase
9321977- isozyme A, Setaria 2.00E- i
9 LW-9 9326977 9331977 chloroplastic- viridis 57 TKV92103.1 photosynthesis
like
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Figure 3.7: QTL overlap of current study with previously identified QTL for drought resistance in Yu et al. (2019) and morphological
characteristics in Yu et al. (2022) aligned to the reference genome for chromosome 3. For black regions from current study: PGC = percent green
cover, LW = leaf wilting, PR = percent recovery, RWC = relative water content, AULWC = area under leaf wilting curve, AUPGCC = area under
percent green cover curve, AUPRC = area under percent recovery curve. For blue regions from Yu et al. (2019): RWC = relative water content,
CC = chlorophyll content, LF = leaf firing, LW = leaf wilting, GC = green cover, NDVI = normalized difference vegetative index. For red regions
from Yu et al. (2022): LW = leaf blade width, LL = leaf blade length, CD = canopy density, SGO = shoot growth orientation
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Figure 3.8: QTL overlap of current study with previously identified QTL for drought resistance in Yu et al.
(2019) and morphological characteristics in Yu et al. (2022) aligned to the reference genome for
chromosomes 4 and 6. For black regions from current study: PGC = percent green cover, LW = leaf wilting,
PR = percent recovery, RWC = relative water content, AULWC = area under leaf wilting curve, AUPGCC =
area under percent green cover curve, AUPRC = area under percent recovery curve. For blue regions from
Yu et al. (2019): RWC = relative water content, CC = chlorophyll content, LF = leaf firing, LW = leaf
wilting, GC = green cover, NDVI = normalized difference vegetative index. For red regions from Yu et al.
(2022): LW = leaf blade width, LL = leaf blade length, CD = canopy density, SGO = shoot growth
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Figure 3.9: QTL overlap of current study with previously identified QTL for drought resistance in Yu et al.
(2019) and morphological characteristics in Yu et al. (2022) aligned to the reference genome for chromosome 9.
For black regions from current study: PGC = percent green cover, LW = leaf wilting, PR = percent recovery,
RWC = relative water content, AULWC = area under leaf wilting curve, AUPGCC = area under percent green
cover curve, AUPRC = area under percent recovery curve. For blue regions from Yu et al. (2019): RWC =
relative water content, CC = chlorophyll content, LF = leaf firing, LW = leaf wilting, GC = green cover, NDVI =
normalized difference vegetative index. For red regions from Yu et al. (2022): LW = leaf blade width, LL = leaf
blade length, CD = canopy density, SGO = shoot growth orientation.
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Table 3.4: Differentially expressed gene annotation, position, differential expression category, putative protein, and GO biological process terms
for QTL overlap identified across the present study, Yu et al. (2019) and Yu et al. (2022). S = susceptible genotype, T = tolerant genotype Down =
reduced expression Up = increased expression. *or molecular function terms if no biological process terms were listed

Differential
Physical Position GO Biological Process Terms /
Annotation CHR Expression Protein
Range (bp) *Molecular Function Terms
Category
10146422 -
NIP22_MAIZE 4 Only S_Down  Aquaporin NIP2-2 channel activity
10146118
Probable glutathione S-  protein glutathionylation; acquisition
10432944 -
DHAR2_ORYSJ) 4 Only S_Down transferase DHAR2, of seed longevity; ascorbate
10432628
chloroplastic glutathione cycle
Probable LRR receptor- *ATP binding; protein
7942890 - like serine/threonine- serine/threonine/tyrosine kinase
Y5614 ARATH 6 Only S_Down
7942815 protein kKinase activity; protein serine/threonine
At1g56140 kinase activity
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Table 3.4 (continued).

Probable LRR receptor-

*ATP binding; protein

At1g56130

7944464 - like serine/threonine- serine/threonine/tyrosine kinase
Y1561 ARATH 6 Only S_Down
7944167 protein kinase activity; protein serine/threonine
At1g56130 kinase activity
Probable LRR receptor- *ATP binding; protein
7957310 - like serine/threonine- serine/threonine/tyrosine kinase
Y1561 ARATH 6 Only S_Down
7957142 protein kinase activity; protein serine/threonine
At1g56130 kinase activity
Probable LRR receptor- *ATP binding; protein
7957612 - like serine/threonine- serine/threonine/tyrosine kinase
Y1561 ARATH 6 Only S_Down
7958072 protein kinase activity; protein serine/threonine

kinase activity
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Table 3.4 (continued).

CYSTEINE-RICH

negative regulation of response to salt

8149282 - stress; regulation of reactive oxygen
CYSTM 6 Only T_Up TRANSMEMBRANE
8148983 species biosynthetic process; response
MODULE
to salt stress; sodium ion homeostasis
Retrovirus-related Pol
8247988 -
POLR1 _ARATH 6 Only S_Down  polyprotein from DNA integration; DNA recombination
8247717
transposon RE1
8283935 - zinc ion transmembrane transport;
ZIP3_ORYSJ 6 Only S_Down  Zinc transporter 3
8284983 zinc ion transport
8285892 - zinc ion transmembrane transport;
ZIP4_ORYSJ 6 Only S_Down  Zinc transporter 4
8286045 zinc ion transport
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Table 3.4 (continued).

circadian rhythm; folic acid metabolic
process; glycine biosynthetic process

from serine; L-serine catabolic

Serine
5977060 - process; one-carbon metabolic
GLYM_SOLTU 9 Only S_Down  hydroxymethyltransfera
5977249 process; photorespiration; response to
se, mitochondrial
cold; response to light stimulus;
tetrahydrofolate interconversions;
tetrahydrofolate metabolic process
6093797 - cellulose catabolic process; cell wall
GUN10_ORYSJ 9 S T_DOWN Endoglucanase 10
6093599 organization
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Supplementary Figure 2. 2: Pearson correlation coefficients between all vegetation indices and percent
green cover on the ground and aerially in SH over each data collection date. Significance codes: ‘**** <

0.001 “**’<0.01 “** <0.05.
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Appendix 2: Supplementary Figures for Chapter 111
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Supplementary Figure 3.1: Length of final linkage groups in cM and distribution of markers
across linkage group.
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Supplementary Figure 3.2: Synteny between genomic marker order and linkage group marker order.
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Supplementary Figure 3.3: QTL profiles for 2021 using a stepwise multiple QTL mapping approach. No significant
QTL were found. PGC = percent green cover, LW = leaf wilting, PR = percent recovery, RWC = relative water content,
AULWC = area under leaf wilting curve, AUPGCC = area under percent green cover curve, AUPRC = area under percent
recovery curve.
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Supplementary Figure 3.4: QTL profiles for 2020 using a fixed-effect interval mapping approach. A total of 7
significant QTL were found on 2 linkage groups. PGC = percent green cover, LW = leaf wilting, PR = percent recovery,
RWC = relative water content, AULWC = area under leaf wilting curve, AUPGCC = area under percent green cover
curve, AUPRC = area under percent recovery curve.
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Appendix 3: Supplementary Tables for Chapter 111

126



Supplementary Table 3.1: Significance tests for each trait and relevant variance components across years. Significance was tested
using a Wald test for fixed effects (entry) and a likelihood ratio test for random effects (rep, year, entry*year). PGC = percent green
cover, LW = leaf wilting, PR = percent recovery, RWC = relative water content, AULWC = area under leaf wilting curve, AUPGCC =

area under percent green cover curve, AUPRC = area under percent recovery curve.

RWC PR
Wald/LR Wald/LR
SS Statistic P-Value  Var. Comp SS Statistic P-Value Var. Comp
Intercept 19415.0000 37.5270 0.0000 - 14708.0000 16.3470 0.0001 -
Entry 125446.0000 242.4760 0.0000 - 280338.0000 311.5680 0.0000 -
Rep - 97.4310 0.0000 113.4593 - 29.2510 0.0000 54,7720
Year - 17.2330  0.0000 56.5280 - 68.6570 0.0000 258.3914
Entry*Year - 34.0530 0.0000 200.5072 - 5.0528 0.0123 102.6575
LW AULWC
Wald/LR Wald/LR
SS Statistic P-Value  Var. Comp SS Statistic P-Value Var. Comp
Intercept 420.1800 291.3100 0.0000 - 748.0000 46.9100 0.0000 -
Entry 328.5300 227.7700 0.0001 - 7545.9000 473.2100 0.0000 -
Rep - 24.8150 0.0000 0.0760 - 41.2910 0.0000 1.3357
Year - 0.0000 0.5000 0.0000 - 390.5400 0.0000 138.4976
Entry*Year - 59.9760  0.0000 0.7568 - 31.4690 0.0000 5.5747
PGC AUPGCC
Wald/LR Wald/LR
SS Statistic P-Value Var. Comp SS Statistic P-Value Var. Comp
Intercept 4107.0000 4.7950 0.0285 - 475109.0000 39.1400 0.0000 -
Entry 203252.0000 237.3480 0.0000 - 5221985.0000 430.2000 0.0000 -
Rep - 24.4190 0.0000 44.4079 - 88.3560 0.0000 2143.1580
Year - 161.8500 0.0000 967.0620 - 331.7900 0.0000 56048.3370
Entry*Year - 14.8460 0.0001 183.0177 - 13.1160 0.0001 2495.7690




Supplementary Table 3.1 (continued).

AUPRC
SS Vgggéh? P-Value Var. Comp
Intercept 592504.0000 9.3260 0.0023 -
Entry 18713786.0000 294.5440 0.0000 -
Rep - 123.7700 0.0000 15869.2900
Year - 80.5090 0.0000 25241.7400
Entry*Year - 11.0790 0.0004 11364.2500
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Supplementary Table 3.2: Significance tests for each trait and relevant variance components in 2020. Significance was tested using a Wald test

for fixed effects (entry) and a likelihood ratio test for random effects (rep). PGC = percent green cover, LW = leaf wilting, PR = percent recovery,
RWC = relative water content, AULWC = area under leaf wilting curve, AUPGCC = area under percent green cover curve, AUPRC = area under
percent recovery curve.

RWC 20 PR 20
Wald/LR Wald/LR
SS Statistic P-Value  Var. Comp SS Statistic P-Value Var. Comp
Intercept 83895.0000 143.9900 0.0000 - 673614.0000 826.9500 0.0000 -
Entry 245599.0000 4215300 0.0000 - 327189.0000 401.6700 0.0000 -
Rep - 21.2900 0.0000 59.1277 - 1.1565 0.1411 7.8987
LW 20 AULWC 20
Wald/LR Wald/LR
SS Statistic P-Value  Var. Comp SS Statistic P-Value Var. Comp
Intercept 588.0200 409.1600 0.0000 - 164441.0000 8301.3000 0.0000 -
Entry 656.8900 457.0800 0.0000 - 10016.0000 505.6000 0.0000 -
Rep - 7.4487 0.0032 0.0532 - 16.4530 0.0000 1.4184
PGC 20 AUPGCC 20
Wald/LR Wald/LR
SS Statistic P-Value  Var. Comp SS Statistic P-Value Var. Comp
Intercept 52372.0000 66.9400 0.0000 - 27986688.0000 1974.6200  0.0000 -
Entry 287280.0000 367.2100 0.0000 - 6448431.0000 454.9700 0.0000 -
Rep - 68.5770 0.0000 217.8420 - 38.1770 0.0000 2193.8410
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Supplementary Table 3.2 (continued).

AUPRC_20
Wald/LR
SS Statistic P-Value Var. Comp
Intercept 6799334.0000 102.6200 0.0000
Entry 26714343.0000 403.2100 0.0000 -
Rep - 27.1410 0.0000 7433.6010
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Supplementary Table 3.3: Significance tests for each trait and relevant variance components in 2021. Significance was tested using a Wald test

for fixed effects (entry) and a likelihood ratio test for random effects (rep). PGC = percent green cover, LW = leaf wilting, PR = percent recovery,
RWC = relative water content, AULWC = area under leaf wilting curve, AUPGCC = area under percent green cover curve, AUPRC = area under
percent recovery curve.

RWC 21 PR 21
Wald/LR P- Wald/LR
SS Statistic Value Var. Comp SS Statistic P-Value Var. Comp
Intercept 11650.0000 28.2700 0.0000 - 11513.0000 14.3800 0.0001 -
Entry 187406.0000 454.6800 0.0000 - 309157.0000 386.1200 0.0000 -
Rep - 34.6030 0.0000 209.0368 - 17.6170 0.0000 268.3162
LW 21 AULWC 21
Wald/LR P- Wald/LR
SS Statistic Value Var. Comp SS Statistic P-Value Var. Comp
Intercept 349.9900 237.1700 0.0000 - 60475.0000 5121.9000 0.0000 -
Entry 886.7100 600.8900 0.0000 - 15970.0000 1352.6000 0.0000 -
Rep - 2.8293 0.0463 0.0783 - 4.4726 0.0172 1.1208
PGC 21 AUPGCC 21
Wald/LR P- Wald/LR
SS Statistic Value Var. Comp SS Statistic P-Value Var. Comp
Intercept 11957.0000 17.5900 0.0002 - 6009150.0000 692.4500 0.0000 -
Entry 287677.0000 423.1400 0.0000 - 7230940.0000 833.2400 0.0000 -
Rep - 12.5970 0.0002 109.9320 - 17.8370 0.0000 3206.8777
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Supplementary Table 3.3 (continued).

AUPRC 21
Wald/LR
SS Statistic P-Value  Var. Comp
Intercept 541114.0000 9.4000 0.0022 -
Entry 21622497.0000  375.4500 0.0000 -
Rep - 24.3310 0.0000 26015.3000
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Supplementary Table 3.4: BIC values for mixed models by year with entry as fixed and rep as random
(Eq. 2) fit with and without AR1 covariance structure. PGC = percent green cover, LW = leaf wilting, PR
= percent recovery, RWC = relative water content, AULWC = area under leaf wilting curve, AUPGCC =

area under percent green cover curve, AUPRC = area under percent recovery curve.

2020 2021
none AR1 none AR1
PR 3748.07 3756.03 2326.32 2294.35
PGC 3721.25 3730.42 2279.84 2270.43
LW 828.19 838.31 557.77 544.11
AUPRC 5793.59 5800.87 3523.67 3498.27
AUPGCC 5097.25 5107.25 2989.64 2954.50
AULWC 2062.19 2073.60 1136.61 1107.96
RwWC 3367.16 3377.32 1939.82 1936.90
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Supplementary Table 3.5: QTL for drought resistance previously identified in Yu et al. (2019) that
contained marker sequences which fully mapped to the reference genome and were found on
chromosomes that contained QTL in the present study. *A physical position range was included for
flanking markers if the QTL had more than one marker sequence align. RWC = relative water content,
CC = chlorophyll content, LF = leaf firing, LW = leaf wilting, GC = green cover, NDVI = normalized
difference vegetative index.

Peak Physical ~ *Physical Position

QTL Trait CHR % var

Position (bp) Range (bp)
GC-R1.1 GC 1 6.3 11913419
GC-R1.2 GC 1 4.9 31704761
LW-R1.1 LW 1 5.5 3972790
LW-R1.2 LW 1 6.0 3076321
LW-R1.3 LW 1 6.8 12244445
LW-R1.4 LW 1 11.0 11913419
GC-S2.1 GC 2 3.7 737345 - 768475
GC-S2.4 GC 2 4.0 37766162
LF-R2.1 LF 2 7.2 567796 - 1429954
LF-S2.3 LF 2 5.6 50897644
LW-R2.1 LW 2 5.6 394768 - 354902
RWC-R2.1 RWC 2 131 50809870 50640347 - 50823564
GC-R3.2 GC 3 4.7 4516313 - 4560324
LF-R3.1 LF 3 8.9 871461
LF-R3.2 LF 3 7.9 3268449
RWC-R3.1 RWC 3 8.3 8212524
RWC-R3.2 RWC 3 13.9 8580370
RWC-R3.3 RWC 3 6.2 45010250 - 47342797
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Supplementary Table 3.5 (continued).

GC-R4.1

LF-R4.2

Fv/IFm-R4.1
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RWC-R6.1

GC-R9.1

GC-R9.2

NDVI-S9.1
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Fv/Fm

Fv/Fm
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LF
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LW

LW

RWC

GC

GC

NDVI

4

4

4.2

16.5

11.2

8.8

9.1

6.7

5.1

5.8

12.9

4.7

10.7

8.0

6.8

10699721

36863566

2621012

30043431

36368140

36368140

36368140

34414094

667928

2213249

9916802 - 10762368

6272427 - 8863387

33617041 - 33619645

1160052 - 1161039
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Supplementary Table 3.6: QTL for morphological characteristics previously identified in Yu et al.

(2022) that contained marker sequences which fully mapped to the reference genome and were found on

chromosomes that contained QTL in the present study. A physical position range was included for
flanking markers if the QTL had more than one marker sequence align. *Indicates that the physical
position range had to be expanded/reduced to encompass a marker that fully mapped to the reference
genome. LW = leaf blade width, LL = leaf blade length, CD = canopy density, SGO = shoot growth

orientation.

Peak Physical Physical Position
QTL Trait CHR % var

Position (bp) Range (bp)
gCDhrl.1 CD 1 17.2 25476118 25148090 - 26902424
qLLrl.1  LL 1 16.7 33382436 31791896 - 33382436
qSGOrl.1 SGO 1 16.9 29601547 29601547 - 31352907
qSGOrl1.2 SGO 1 19 33382436 31791896 - 37080828
gCDs3.2 CD 3 15.7 4176443 *1764063 - 5588479
gLLs3.2 LL 3 16.6 10368401 *10368401 - 14471825
gLLs3.1 LL 3 17.8 5588479 *1764063 - 7034746
gLLs3.2 LL 3 21.6 10368401 *6982747 - 20688945
gLWs3.1 LW 3 19.7 6157686 *4176443 - 6324337
gLWs3.2 LW 3 235 14471825 *10368401 - 15000022
gLWs3.2 LW 3 16.5 14471825 *6324337 - 15000022
gCDs9.1 CD 9 16.3 4419487 *4419487 - 11876045
gCDr9.1 CD 9 16.9 6211183 5962184 - 6211183
gLWs9.1 LW 9 17.3 55291530 *47715632 - 55291530
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Supplementary Table 3.7: Differentially expressed gene annotation, position, differential expression
category, putative protein, and drought resistance-related GO biological process terms in significant QTL
regions for each chromosome. S = susceptible genotype, T = tolerant genotype Down = reduced
expression Up = increased expression.

Physical Relevant GO
Differential
Position Biological
Annotation CHR Expression  Protein
Range Process
Category
(bp) Terms
13550823 response to
Only Abscisic acid
PYL3_ORYSJ 1 - water
S_Down receptor PYL3
13550463 deprivation

Probable galactinol--
response to

9592712 - Only sucrose
RFS2_ARATH 2 oxidative
9592858 S Down galactosyltransferase
stress
2
44143714
lateral root
PLT5 ARATH 3 - Only T_Up  Polyol transporter 5
formation
44144597
44892030 regulation of
E3 ubiquitin-protein
ZFP34 ARATH 3 - Only S_Up stomatal
ligase RZFP34
44892240 opening
11274930
Only Probable drought
PXG4_ARATH 4 -
S_Down peroxygenase 4 recovery
11274283

137



Supplementary Table 3.7 (continued).

12586102
Only Heat shock factor- response to
HSBP_ARATH 4 -
S Down binding protein heat
12585994
23432467
Probable aquaporin ~ water channel
TIP22_ORYSJ 4 - Only S_Up
TIP2-2 activity
23432708
24000238 Peptide methionine  response to
Only
MSRB1 ORYSJ 4 - sulfoxide reductase  oxidative
S_Down
24000696 B1, chloroplastic stress
25648737 PLASTID
response to
PMI1_ARATH 4 - Only T_Up MOVEMENT
osmotic stress
25647847 IMPAIRED 1
negative
30187595 regulation of
E3 ubiquitin-protein
RGLG2_ARATH 4 - Only S_Up response to
ligase RGLG2
30187224 water
deprivation
33146053 response to
Only Endoplasmin
ENPL_HORVU 4 - water
S _Down homolog
33146024 deprivation
9348163 - Only Wall-associated cellular water
WAK2_ARATH 6
9348131 S _Down receptor kinase 2 homeostasis
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Supplementary Table 3.7 (continued).

22881222
Small heat shock response to
HS21C _PEA 6 - S T_DOWN
protein, chloroplastic heat
22881902
regulation of
stomatal
Protein ZINC opening;
24328053
Only INDUCED response to
ZIFL1_ ARATH 6 -
S _Down FACILITATOR- water
24327962
LIKE 1 deprivation;
root
development
response to
28084788
heat; response
ANXD5_ARATH 6 - S_T_DOWN Annexin D5
to water
28083616
deprivation
28178267 adventitious
Only Auxin efflux carrier
PIN1A ORYSJ 6 - root
S_Down component 1a
28178137 development
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Supplementary Table 3.7 (continued).

response to

oXxidative

stress;
10552999 Ornithine

response to

OAT_ORYSJ 9 - S TUP aminotransferase,

water
10552411 mitochondrial

deprivation;

response to

heat
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