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Abstract
St. Augustinegrass [Stenotaphrum secundatum (Walt.) Kuntze] is a warm-season tur-

fgrass species in the family Poaceae. This species is a popular choice for lawns in

the Southern United States, due to its higher tolerance to shade, heat and humidity.

However, there is little genomic information available to researchers and breeders,

limiting knowledge on the genetic basis for favorable traits. We present a reference-

grade chromosome-scale genome assembly for the popular freeze-tolerant diploid

cultivar Raleigh. The reference genome has been resolved into two haplotype assem-

blies (465.41 and 401.52 Mb), accounting for 95.2% and 82.1% of the expected

haplotype genome size respectively, each anchored on the nine chromosomes and a

total of 62,454 genes. Analysis of the assembly revealed 50.70% of the genome con-

tained repeats. Analysis of the diversity within the species was investigated across

79 genotypes including commercial cultivars, breeding lines, and plant introductions

by low-coverage sequencing identifying 605,038 single nucleotide polymorphisms

(SNPs). The SNPs were used to investigate genetic diversity across the panel and

the effectiveness of low-coverage sequencing on the high GC content species. SNPs

Abbreviations: CTAB, cetyltrimethylammonium bromide; GLS, gray leaf spot; LAI, long terminal repeat assembly index; LTR, long terminal repeat; MAF,

minor allele frequency; MDS, multidimensional scaling; PI, plant introduction; QTL, quantitative trait loci; SAD, St. Augustinegrass decline; SNP, single

nucleotide polymorphism; SSR, simple sequence repeats; TE, transposable element.
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classified genotypes into groups matching their phylogenetic and breeding history,

with the plant introductions clustering into two groups on either side of the plot.

Breeding lines for those whose parents existed in the panel clustered in between the

two parents. These results showed that the cheaper, low-coverage option can be used

for this type of analysis. Together, all of the resources produced in this study allow

the start of the genomics-enabled genetic improvement for St. Augustinegrass.

Plain Language Summary
The first published genome sequence of the popular turfgrass, St. Augustinegrass, has

been completed. St. Augustinegrass is popular for its ability to thrive in sandy soils,

while having a higher tolerance to heat, humidity, and shade than most other southern

grown grasses. By using some of the newest sequencing technologies, the genome

is currently of a higher quality than any other currently published warm-season turf-

grass genome. This reference genome provides a high-quality closely related genome

for future genomic work with warm-season turfgrasses. This will allow for the expan-

sion of the molecular toolkits that are available to turfgrass breeders to allow building

tools to enable more efficient selection. We also found that a cheaper way of sequenc-

ing was sufficient for investigating differences among breeding materials to save

money in future studies.

1 INTRODUCTION

St. Augustinegrass [Stenotaphrum secundatum (Walt.)

Kuntze] is a popular warm-season turfgrass grown through-

out humid subtropical regions in the United States (south of

Virginia and east of mid-Texas), especially along the coast

(Busey et al., 1982; Hodges et al., 1994). St. Augustinegrass

thrives in many soil types, but it performs well in sandy soils

and has a higher tolerance to heat and humidity, making it

a popular choice for lawns in the Southern United States

and accounts for as much as 70% of lawns in some states

in this region (Casler & Duncan, 2003). The species is set

apart from other turfgrasses by wider leaves, which create

a tight canopy preventing weed growth, making it a more

economical and environmentally friendly choice in regions

it grows best. St. Augustinegrass is noted for being the

most shade tolerant of the warm-season grasses with some

cultivars being more tolerant than others (Winstead & Ward,

1974). While most other warm-season turfgrasses shift to a

more upright and open growth when exposed to lower light

conditions, St. Augustinegrass retains its density and ground

cover, which are critical factors in the quality score of a

turfgrass stand (Busey et al., 1982; McBee & Holt, 1966;

Winstead & Ward, 1974). This turfgrass species exhibits

aggressive lateral growth, an ideal trait for sod production,

despite only producing stolons and not rhizomes. However,

St. Augustinegrass lacks wear tolerance making it not as

ideal for areas under heavy foot traffic. Due to being well

adapted to warmer, more tropical climates, it is generally not

cold hardy enough in more temperate regions. In addition,

the species is susceptible to a number of diseases and pests

including the southern chinch bug (Blissus insularis Barber)

(Reinert & Kerr, 1973), the St. Augustinegrass decline

(SAD) virus caused by Panicum mosaic virus (McCoy et al.,

1970), gray leaf spot (GLS) caused by the fungal pathogen

Pyricularia grisea (Carbajal Melgar, 2017), and brown patch

(Rhizoctonia species) (Piper, 1919).

Raleigh (Figure 1) is the commercial standard for cold

tolerance in the species (Kimball et al., 2018) and a promi-

nent diploid cultivar in the North Carolina State University

breeding program as it allows the species to expand into the

transitional climatic zone of the United States. Raleigh was

collected from a private residence in Raleigh, NC, in 1964

and was released by North Carolina State University in the

early 1980s (Bateman, 1980) following evaluation trials for

cold tolerance and turf quality in multiple locations (Bate-

man, 1980). The cultivar exhibits a moderately long, narrow

leaf of a medium green color and shows tolerance to moderate

shade though it is not the most shade-tolerant cultivar (Bate-

man, 1980; Busey et al., 1982). Although this genotype is less

adapted to (sub)tropical locations, it is highly resistant to SAD

(McCoy et al., 1970). It is more drought tolerant than other

St. Augustinegrass cultivars, but has a lower quality (Graham

et al., 2022) as it lacks the fine leaf texture and shorter intern-

ode length desirable in the industry (Kimball et al., 2016) and

has a lower establishment rate (percent coverage at the end of a
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planting year) compared to other prominent cultivars (Graham

et al., 2022).

Stenotaphrum is a tropical genus of the family Poaceae.

Species in this genus are mostly found along eastern Africa,

the coast of the Indian Ocean, and southern China, with the

exception of S. secundatum, which is found in all continents,

only excluding Antarctica. St. Augustinegrass’s haploid chro-

mosome number is n = 9 (Long & Bashaw, 1961). While

some cultivars are polyploids, including sterile triploids

(3n = 3x = 27) and tetraploids (4n = 4x = 36), most are

diploid (2n = 2x = 18) (Long & Bashaw, 1961). Thus, breed-

ing programs generally improve the species through use of

the diploid genotypes (Genovesi et al., 2009). Most released

polyploids are of unknown provenance and are often charac-

terized by wider, coarser leaves (Horn et al., 1973). Despite

its popularity and the vast knowledge of morphological and

performance aspects, there is little known about the genetic

makeup of the species beyond the ploidy level of breeding

material.

Historically, genetic classification of genotypes by breed-

ing programs has relied on visual assessment. Plant morphol-

ogy in controlled environments has been the main driver of

race classification in the species (Busey, 1986; Busey et al.,

1982). Lately, however, much progress has been made in

developing genetic tools for breeding and genetic research

in the species. Due to differences in environments promot-

ing different gene expression patterns, mutations, or genetic

drift in geographically separated populations, which then

affect morphological characteristics, DNA markers have been

used in the past decade to further classify genetic variation

across this species. Amplified fragment length polymorphism

markers were initially used to assess levels of molecular vari-

Core Ideas
∙ The first chromosome-scale assemblies of both

haplotypes of the Stenotaphrum secundatum
genome were assembled.

∙ A total of 62,454 protein-coding genes were anno-

tated across both haplotypes.

∙ A uniform annotation filtering pipeline was devel-

oped for turfgrasses to facilitate future compar-

isons.

∙ A panel of 79 diploid representatives of the

germplasm for S. secundatum were investigated for

genetic diversity.

∙ A low-coverage sequencing platform was tested for

effectiveness in variant calling on high GC content

species.

ation across cultivars and plant introductions (PIs, which are

more wild-type or unknown materials, a term utilized by the

U.S. Department of Agriculture-National Plant Germplasm

System) representing the different ploidy levels present in

the species (Milla-Lewis et al., 2013). In a later study,

simple sequence repeat (SSR) markers were developed for

St. Augustinegrass and used to evaluate genetic diversity

(Mulkey et al., 2014). Individuals clustered mainly by ploidy

level with diploids breaking into two races: Breviflorous

and Longicaudatus (Milla-Lewis et al., 2013; Mulkey et al.,

2014). Cultivars Texas Common, Raleigh, Palmetto, Seville,

and Jade clustered in the same groups within Breviflorous,

F I G U R E 1 Plant morphology of St. Augustinegrass cultivar Raleigh. (A) Phenotype of the sequenced Raleigh plant. (B) Labeled morphology

of the aboveground structures of the plant.
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which differed from morphological classifications that sep-

arated Seville and Jade from the others (Milla-Lewis et al.,

2013). PIs clustered away from cultivars, with those collected

from Africa forming a distinct cluster. The SSR study iden-

tified slightly different clusters among the diploids, showing

results related to the pedigree of the cultivars. In 2014, the

first linkage map consisting of 160 SSR markers was devel-

oped (Mulkey et al., 2014). More recently, a high-density

linkage map of 2871 single nucleotide polymorphism (SNP)

and 81 SSR markers, spanning 1241.7 cM, was constructed

(Yu et al., 2018). Linkage maps provide a wealth of informa-

tion in identifying genomic regions associated with traits of

interest.

While molecular markers can identify genomic regions

linked to traits of interest, they tell little of the composition

of the genes themselves. Reference genomes, made possi-

ble by long read sequencing, allow researchers to study the

chromosomal makeup of the organism and the different hap-

lotypes associated with genes of interest, including resistance

genes (Vendelbo et al., 2022; Xia et al., 2019). The refer-

ence genome, sometimes referred to as the ultimate genomic

map, can be used to determine the true location of the DNA

markers used for quantitative trait loci (QTL) mapping and

their relationship to important genes. Given St. Augustine-

grass is a more heterozygous plant due to outcrossing in the

species (Yu et al., 2022), identifying the available haplotypes

for each of the genes gives a more complete understanding

of the possible combination of traits available for breeders.

As no reference genome currently exists for St. Augustine-

grass, creating one will greatly assist turfgrass researchers in

studying characteristics across grass species, act as a guide for

future assembled genomes, and assist breeders in identifying

the genes responsible for various traits of interest.

Therefore, the objectives of this study were to (1) use

the Raleigh St. Augustinegrass cultivar to develop a high-

quality reference genome using long-read sequencing, (2)

annotate the phased haplotype assemblies, and (3) utilize this

reference genome to identify SNPs in a panel of publicly avail-

able diploid cultivars, germplasm, and breeding lines of St.

Augustinegrass.

2 METHODS

2.1 DNA isolation, sequencing, and read
processing

Young leaves of the St. Augustinegrass cultivar Raleigh

were collected for DNA extraction directly into liquid nitro-

gen. Extraction with typical kits proved difficult to obtain

high-quality DNA, therefore, high molecular weight DNA

was extracted using a modified cetyltrimethylammonium bro-

mide (CTAB) extraction method. Tissue was disrupted with

ceramic beads and DNA was obtained following a “slow phe-

nol” adaptation to the method described in Saghai-Maroof

et al. (1984). DNA was sequenced with a target read size

of 10,000 bp using the circular consensus sequencing (CCS)

technology on PacBio’s Sequel IIE. The PacBio CCS sub-

reads were run through the PacBio SMRTTOOLS v.7.0.0

software with the default parameters to consolidate and

generate consensus reads (Pacific Biosciences).

The leaves were also used to extract DNA for short read

sequencing using the Qiagen Plant DNeasy kit. Short reads

were sequenced on an Illumina NovaSeq 6000 with a paired-

end (PE) 150 bp layout and a target depth of 30x. Illumina

reads were evaluated using FastQC and the plot-bamstats

feature in Samtools (Andrews, 2010; H. Li et al., 2009).

Purified DNA fragments were obtained from leaves for Hi-

C library construction, and libraries were created according to

default protocols in the Phase Genomics Kit. Libraries were

sequenced on the Illumina NovaSeq platform using the 150

paired-end (PE) layout.

2.2 RNA isolation, sequencing, and read
processing

Leaves were collected from five clonal plugs of Raleigh,

which were propagated for RNA-seq collection and grown

under standard greenhouse conditions. These will be called

replicates going forward. Leaves from each of the five repli-

cates were taken at four collection points and placed directly

into liquid nitrogen. The collection points were 0, 1, 2, and

6 days after inoculation with Magnaporthe grisea, the causal

agent of GLS disease. RNA was extracted from the leaves fol-

lowing the standard Trizol extraction protocol (Invitrogen),

checked for quality on an Agilent Bioanalyzer using the RNA

Integrity Score. RNA was sequenced with a standard RNA-

seq protocol using TruSeq adapters on the Illumina HiSeq

platform to obtain 2x150 reads for a target of 20–30 million

reads per sample. Illumina RNA-seq reads were evaluated for

quality using FastQC (Andrews, 2010). Reads were trimmed

using Trim Galore, and the quality of the resulting reads was

again visualized (Martin, 2011). Due to a high rate of duplica-

tion and overrepresented sequences, the reads were trimmed

again using fastp v.0.23.4-2 (S. Chen et al., 2018) with –dedup

and –dup_calc_accuracy 6. A final quality check was per-

formed with FastQC and the reporting feature of fastp, which

confirmed the high quality of the trimmed reads.

2.3 Genome size estimation

Genome size was evaluated with two methods: lab-based and

sequence-based estimation. Flow cytometry was performed

on Raleigh independently at two separate research locations
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with two subsamples each. Propidium iodide was used as

a fluorochrome, and Pisum sativum ‘Ctirad’ (8.76 pg) and

chicken erythrocyte nuclei were used as internal standards.

Read-based genome sizes were estimated using both the CCS

and Illumina cleaned reads with GenomeScope v2.0 (Ranallo-

Benavidez et al., 2020; Vurture et al., 2017) based on k-mer

counts from Jellyfish v2.2.9 (Marçais & Kingsford, 2011).

2.4 Assembly and scaffolding

De novo assembly was performed on the CCS reads using

both Hifiasm v.0.16.1 and HiCanu v.2 (H. Cheng & al, 2020;

Nurk et al., 2020). Using the results of the flow cytome-

try genome size estimate, the expected haplotype genome

size parameter in the assembly process was set to 500 Mb.

The haplotype-level assemblies from HiCanu, separated with

PurgeDups (Guan et al., 2020), and Hifiasm were evaluated

with BBTools v.38.79 (Bushnell, 2014), benchmarking uni-

versal single-copy orthologs (BUSCO) v.5.7.1 (Simão et al.,

2015), and Merqury v.1.0 (Rhie et al., 2020). Genome size

estimates from flow cytometry and GenomeScope, and results

of alignment to linkage maps were used to evaluate the

assembly statistics and select the best de novo assembly.

Two previously published linkage maps that have cultivar

Raleigh as one of the parents (Yu et al., 2018, 2020) were

used to scaffold and further assess the assemblies. Marker

sequences from the two linkage maps were aligned to the pri-

mary assembly with Bowtie2 v.2.5.1 (Langmead & Salzberg,

2012) using default parameters except with flags for exact

matches. Positions of the markers on the assemblies were ana-

lyzed for order and grouping relative to the linkage maps.

Raw reads CCS and Illumina reads were aligned to the con-

tigs of the assembly with pbmm2 v.1.10.0 (https://github.com/

PacificBiosciences/pbmm2), a customized wrapper for min-

imap2 v.2.15 (H. Li, 2018), sorted with Samtools v.1.9 (H.

Li et al., 2009), and visualized with the Integrative Genomics

Viewer (IGV) v.2.12.3 (Thorvaldsdottir et al., 2013). Contigs

were visualized in the locations where a single contig showed

regions of both SNP polymorphs (k-mers containing flanking

sequence plus each version of the SNP base). Contigs were cut

based on evidence of mis-assembly, evidence of gaps in the

read coverage surrounding the duplicated SNP region, or evi-

dence of a section connected to the rest of the contig by a very

short overlap of reads containing multiple mismatches within

the overlap. Pieces were then removed to the secondary hap-

lotype assembly. The primary haplotype assembly was then

realigned to the linkage maps and scaffolded with ALLMAPS

v.1.1.11 (Tang et al., 2015). The primary haplotype assembly

was gap filled using Dentist v.1.0 (Ludwig et al., 2022) and

the raw CCS reads. The secondary haplotype was scaffolded

to the primary haplotype using Ragtag v.1.0.1 (Alonge et al.,

2022) and then gap filled using Dentist. Illumina reads were

trimmed for adapters and quality (reads less than 55 bp were

removed and 12 bp trimmed off the front of the reads) with

fastp, aligned with Bowtie2 with sensitivity flagged, and used

to polish the combined haplotypes with Pilon v.1.23 (Garrison

et al., 2010). Further scaffolding was completed using the Hi-

C reads. The first 15 bp of the Hi-C reads were trimmed with

fastp. A Hi-C map was generated using the Juicer pipeline

(Durand et al., 2016) and scaffolding completed with Juicer-

3dna pipeline and Juicebox to orient and scaffold based on

the read data. Orientation was verified and chromosome nam-

ing was determined by alignment of the chromosomes from

each haplotype to Setaria italica (Doust et al., 2009) using

Mummer v.4.0 (Kurtz et al., 2004).

Markers from the linkage maps were again aligned to

both haplotypes to verify the final assembly. BBtools and

BUSCO genes from the poales_odb10 database were used

to assess the final assembly. Two regions (Chr1 and Chr5)

in the assembly containing Pseudomonas aeruginosa were

identified and masked for downstream analysis. As a final

step in the assembly quality control (QC) process, telom-

eric regions were identified using the Telomere Identification

toolKit (tidk) (Brown et al., 2025). The find option was

first utilized with the clade parameter set to “Poales.” Then,

the explore option was utilized to identify potential telom-

eric repeats between 5 and 13 bp long, and subsequently,

the search option was used for all the repeat monomers that

were output from explore. The only sequence that appeared

to indicate the location of telomeres was the canonical plant

telomeric repeat (TTTAGGG).

2.5 Annotation

Both the primary and secondary haplotypes of the genome

were concatenated together for annotation using a custom

pipeline developed as a part of this project (detailed parame-

ters can be found at: https://github.com/USDA-ARS-GBRU/

Grass_annotation_pipeline). Repetitive and transposable ele-

ments (TEs) in the genome were identified and soft-masked

using the Extensive de novo TE Annotator pipeline (Ou et al.,

2019).

As the first step in the gene model prediction process,

the quality-controlled Illumina RNA-seq data mentioned

previously (see Section 2.2) was aligned to the genome using

HISAT2 v.2.2.1 (Kim et al., 2019). The HISAT2 alignments

were used in two ways for gene prediction: (1) as supporting

RNA-seq evidence for homology-based gene prediction with

GeMoMa v.1.9 (Keilwagen et al., 2018), and (2) as input for

de novo transcript assembly using StringTie v.2.2.0 (Pertea

et al., 2015). GeMoMa was used to annotate the genome with

protein data obtained from National Center for Biotechnology

Information (NCBI) GenBank for six species, including Eleu-
sine coracana Genbank Assembly (GCA_032690845.1),

https://github.com/PacificBiosciences/pbmm2
https://github.com/PacificBiosciences/pbmm2
https://github.com/USDA-ARS-GBRU/Grass_annotation_pipeline
https://github.com/USDA-ARS-GBRU/Grass_annotation_pipeline
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Oryza sativa (GCA_009797565.1), Paspalum notatum
(GCA_036689595.1), Setaria viridis (GCA_005286985.2),

Sorghum bicolor (GCA_000003195.3), and Urochloa decum-
bens (GCA_964030465.3). Then, the RNA-seq alignments

were included as evidence for validating the annotations.

Simultaneously, de novo transcripts were assembled from

the same RNA-seq alignments. Predicted gene models from

GeMoMa were combined with the assembled transcripts

from StringTie and used as input for Mikado (Mapleson

et al., 2018; Venturini et al., 2018), which selects the best

transcript for each gene locus based on multiple criteria.

Genes overlapping with TEs were filtered from the results

by running TEsorter (Zhang et al., 2022) and subsequently

removing the TE-overlapping genes from the dataset. Then,

EggNOG-mapper v.2.1.12 (Huerta-Cepas et al., 2019) was

used to filter for gene models with orthology assignments

to the EggNOG database v.5.0.2. Finally, gFACs (Caballero

& Wegrzyn, 2019) was run to filter out any gene models

with unrealistic structures, ensuring the final set of anno-

tated genes were high quality. Completeness of the gene set

was assessed after each step in the annotation process using

BUSCO in transcriptome mode against poales_odb10 con-

served orthologs. The final predicted set of proteins was used

as input for OMArk (Nevers et al., 2025), which utilized

a comparison-based approach against other members of the

Panicoideae subfamily to assess the proteome quality of St.

Augustinegrass.

Functional annotation was performed on the gene models

with EnTAP v.2.3.0 (Hart et al., 2020) to assign putative gene

functions based on homology, protein domains, gene ontology

(GO) terms, and Kyoto Encyclopedia of Genes and Genomes

(KEGG) pathways. As part of the base-level pipeline, EnTAP

utilizes its own preformatted database containing the entire set

of NCBI taxonomy information and GO terms from the GO

Consortium (The Gene Ontology Consortium et al., 2023).

EnTAP also includes EggNOG-mapper as part of its default

pipeline. In addition to the default sources of gene function

assignment, optional databases included in the EnTAP run

were InterProScan Pfam (Blum et al., 2025; Paysan-Lafosse

et al., 2025), NCBI nonredundant (nr), NCBI RefSeq plant,

UniProt TrEMBL, and UniProt Swiss-Prot.

As part of the annotation process, two independent

nucleotide-binding leucine-rich repeat (NLR) prediction soft-

ware packages were used to identify potential genes that play

a role in disease occurrence in St. Augustinegrass. NLR-

Annotator (Steuernagel et al., 2020) was used to identify

potential NLR regions in the genome, while NLRtracker

(Kourelis et al., 2021) was used to filter for NLR genes in

the predicted gene models. The overlap between genomic

regions from NLR-Annotator and the loci of genes identified

by NLRtracker was used to determine the overall agreement

between the two NLR prediction methods and identify genes

with the highest likelihood of being true NLR genes. NLR

loci identified by both prediction software were compared to

overall gene density by plotting them as tracks on the genome

assembly in IGV.

2.6 Orthologous analysis

Orthologous analysis was performed using the OrthoVenn3

web tool (Sun et al., 2023) with the OrthoFinder algorithm

and default parameters. This was done for the purpose of com-

paring the genome annotations of multiple species against the

full annotation (including both haplotypes) of St. Augustine-

grass Raleigh. The other genomes included in the comparison

were derived from the same six species whose proteomes

were used as protein evidence during gene annotation (see

previous section) and the Arabidopsis thaliana genome from

the OrthoVenn3 database. As part of the process, OrthoVenn

included identification of orthologous clusters and cluster

networks, as well as GO term enrichment analysis of the

orthologous clusters.

2.7 Synteny analysis

To visualize the similarities and differences between the

two haplotype assemblies for St. Augustinegrass Raleigh,

synteny analysis was conducted using Synteny and Rear-

rangement Identifier (SyRI) v.1.7.1 (Goel et al., 2019).

The primary and secondary haplotypes were aligned using

mummer, and the output was filtered for alignments

with similarity ≥90% and length ≥1 kb. Mummer was

also used to calculate overall heterozygosity in a stan-

dardized method following https://github.com/USDA-ARS-

GBRU/StandardizedHeterozygosityEvaluation as indicated

in Delorean et al. (2023). Locations of SNPs (see Section 2.8),

predicted protein-coding genes, and repeats classified into

known repeat families were included as additional tracks,

while genomic NLR regions predicted by NLR-Annotator

were included as marker points in the haplotype synteny plot.

2.8 Diversity analysis—DNA isolation,
sequencing, and analysis

A panel of 79 St. Augustinegrass diploid individuals was

selected for inclusion in diversity analysis. The selected

samples represented historical cultivars, PIs, as well as

breeding lines and a small set of known segregating cross

progeny (Table 1). Plants were all grown under standard

greenhouse conditions in Raleigh, NC. Young leaf tissue

from each individual plant was obtained and DNA was

extracted using Qiagen Plant DNAeasy kits. DNA quality

was checked using PicoGreen’s standard protocol. Library

https://github.com/USDA-ARS-GBRU/StandardizedHeterozygosityEvaluation
https://github.com/USDA-ARS-GBRU/StandardizedHeterozygosityEvaluation


SCHOONMAKER ET AL. 7 of 23The Plant Genome

T A B L E 1 Diversity panel of St. Augustinegrass individuals included for genotyping by sequencing with RipTide.

Genotype Type Female parent Male parent
Average sequencing
depth (x) NCBI SRA #

PI 212293 Plant introduction N/A N/A 2.7 SRR26199918

PI 410353 Plant introduction N/A N/A 2.2 SRR26199917

PI 410355 Plant introduction N/A N/A 4.0 SRR26199890

PI 410357 Plant introduction N/A N/A 8.7 SRR26199866

PI 410360 Plant introduction N/A N/A 4.8 SRR26199855

PI 410361 Plant introduction N/A N/A 2.9 SRR26199844

PI 410363 Plant introduction N/A N/A 14.5 SRR26199910

PI 410364 Plant introduction N/A N/A 4.0 SRR26199883

PI 414079 Plant introduction N/A N/A 13.7 SRR26199873

PI 509038 Plant introduction N/A N/A 9.4 SRR26199872

PI 509039 Plant introduction N/A N/A 5.2 SRR26199900

PI 600734 Plant introduction N/A N/A 8.6 SRR26199899

PI 647924 Plant introduction N/A N/A 0.9 SRR26199898

PI 647925 Plant introduction N/A N/A 4.7 SRR26199897

Amerishade Cultivar Unknown Unknown 6.6 SRR26199896

Captiva (NUF-76) Cultivar Unknown Unknown 10.4 SRR26199895

Classic Cultivar Unknown Unknown 7.1 SRR26199894

Delmar Cultivar Unknown Unknown 3.4 SRR26199893

Eclipse Cultivar Unknown Unknown 11.9 SRR26199892

FloraVerde (1997-6) Cultivar Unknown Unknown 7.6 SRR26199891

Jade Cultivar Unknown Unknown 4.5 SRR26199889

Palmetto Cultivar Unknown Unknown 7.1 SRR26199888

Raleigh Cultivar Unknown Unknown 9.1 SRR26199887

Seville Cultivar Unknown Unknown 2.8 SRR26199886

Sunclipse Cultivar Unknown Unknown 3.6 SRR26199885

TamStar (DALSA 0605) Cultivar Unknown Unknown 3.7 SRR26199871

TX-common Cultivar Unknown Unknown 4.3 SRR26199870

Sola (XSA 11377) Cultivar Raleigh PI 410353 7.3 SRR26199869

Silk Cultivar Unknown Unknown 7.3 SRR26199868

XSA 10403 Breeding line Classic PI 410364 5.8 SRR26199867

XSA 10137 Breeding line Raleigh Seville 11.0 SRR26199865

XSA 10865 Breeding line Raleigh Seville 8.6 SRR26199864

XSA 11168 Breeding line Raleigh PI 410353 4.8 SRR26199863

XSA 11237 Breeding line TX Common PI 410353 4.6 SRR26199862

XSA 12166 Breeding line Raleigh PI 410363 4.4 SRR26199861

XSA 14220 Breeding line XSA 10034 XSA 11135 13.05 SRR26199860

XSA 11026 Breeding line TX Common PI 410357 11.9 SRR26199859

XSA 11027 Breeding line TX Common PI 410357 9.8 SRR26199858

XSA 11513 Breeding line TX Common PI 410357 5.0 SRR26199857

XSA 12155 Breeding line Raleigh PI 365032 11.9 SRR26199856

XSA 12341 Breeding line Raleigh PI 410361 7.9 SRR26199854

XSA 12354 Breeding line Raleigh PI 365032 1.3 SRR26199853

XSA 14271 Breeding line NUF-77 XSA 10075 7.8 SRR26199852

XSA 10098 Breeding line Raleigh Seville 4.8 SRR26199851

XSA 10127 Breeding line Raleigh Seville 4.6 SRR26199850

(Continues)
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T A B L E 1 (Continued)

Genotype Type Female parent Male parent
Average sequencing
depth (x) NCBI SRA #

XSA 192750 Breeding line XSA 10098 XSA 10127 3.6 SRR26199849

XSA 192748 Breeding line XSA 10098 XSA 10127 5.8 SRR26199848

XSA 192664 Breeding line XSA 10098 XSA 10127 3.2 SRR26199847

XSA 192791 Breeding line XSA 10098 XSA 10127 3.7 SRR26199846

XSA 192774 Breeding line XSA 10098 XSA 10127 3.3 SRR26199845

XSA 192789 Breeding line XSA 10098 XSA 10127 4.1 SRR26199843

XSA 10084 Breeding line Raleigh Seville 7.0 SRR26199842

XSA 10053 Breeding line Raleigh Seville 7.4 SRR26199841

XSA 10056 Breeding line Raleigh Seville 12.2 SRR26199840

XSA 10944 Breeding line Raleigh Seville 13.0 SRR26199916

XSA 10075 Breeding line Raleigh Seville 11.2 SRR26199915

XSA 10106 Breeding line Raleigh Seville 7.7 SRR26199914

XSA 16832 Breeding line Raleigh PI 410353 10.7 SRR26199913

XSA 16808 Breeding line Raleigh PI 410353 4.7 SRR26199912

XSA 10011 Breeding line Raleigh Seville 9.1 SRR26199911

XSA 10022 Breeding line Raleigh Seville 12.0 SRR26199909

XSA 10034 Breeding line Raleigh Seville 4.5 SRR26199908

XSA 10074 Breeding line Raleigh Seville 12.8 SRR26199907

XSA 10078 Breeding line Raleigh Seville 5.8 SRR26199906

XSA 10175 Breeding line GF2 Seville 7.3 SRR26199905

Cobalt (DALSA 1618) Cultivar PI 300130 Amerishade 8.5 SRR26199904

XSA 11001 Breeding line Raleigh PI 410353 3.6 SRR26199903

XSA 11072 Breeding line Raleigh PI 410353 6.1 SRR26199902

XSA 11187 Breeding line Raleigh PI 410353 11.3 SRR26199901

XSA 11135 Breeding line Raleigh PI 410353 8.2 SRR26199884

DSA 13005 Breeding line Raleigh N/A 14.6 SRR26199882

DSA 16001 Breeding line Raleigh N/A 10.9 SRR26199881

DSA 16016 Breeding line Raleigh N/A 9.5 SRR26199880

GF2 Breeding line Raleigh N/A 6.5 SRR26199879

106SVT3 Breeding line Raleigh N/A 7.9 SRR26199878

XSA 11194 Breeding line Raleigh PI 410353 3.3 SRR26199877

XSA 11167 Breeding line Raleigh PI 410353 8.1 SRR26199876

XSA 11272 Breeding line Raleigh PI 410353 7.6 SRR26199875

XSA 16732 Breeding line Raleigh PI 410353 7.1 SRR26199874

Abbreviations: N/A, not available as occured in the wild; NCBI, National Center for Biotechnology Information; PI, Plant introduction; SRA, short read archive.

construction for the genotyping by sequencing was con-

ducted using the iGenomX RipTide high-throughput rapid

library prep kit (iGenomX, Carlsbad; now Twist 96-Plex

Library Prep Kit) following the manufacturer’s instructions

(https://www.twistbioscience.com/products/ngs/library-

preparation/twist-96-plex-library-preparation-kit) with

high-GC primers. The library was sequenced on the NextSeq

2K for paired-end reads of the 150 bp target size to obtain

an average expected depth per sample of 3.5 Gb, equating

roughly to 7x for a 500 Mb genome.

The raw sequence data were demultiplexed to the plate

level using six base i7 barcodes with Illumina bcl2fastq

software (v.2.20; Illumina, Inc.). Sequence data were

demultiplexed with fgbio DemuxFastqs v.1.5.0-b01fc04-

SNAPSHOT (http://fulcrumgenomics.github.io/fgbio/tools/

latest/DemuxFastqs.html) to the sample level in bam file

format using the eight base inline barcodes in read 1 accord-

ing to the guide provided by Twist Bioscience (https://www.

twistbioscience.com/resources/guideguideline/twist-96-

plex-library-preparation-kit-sample-demultiplexing-guide).

https://www.twistbioscience.com/products/ngs/library-preparation/twist-96-plex-library-preparation-kit
https://www.twistbioscience.com/products/ngs/library-preparation/twist-96-plex-library-preparation-kit
http://fulcrumgenomics.github.io/fgbio/tools/latest/DemuxFastqs.html
http://fulcrumgenomics.github.io/fgbio/tools/latest/DemuxFastqs.html
https://www.twistbioscience.com/resources/guideguideline/twist-96-plex-library-preparation-kit-sample-demultiplexing-guide
https://www.twistbioscience.com/resources/guideguideline/twist-96-plex-library-preparation-kit-sample-demultiplexing-guide
https://www.twistbioscience.com/resources/guideguideline/twist-96-plex-library-preparation-kit-sample-demultiplexing-guide
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The demultiplexed sequences were then aligned to the

Raleigh reference genome using bwa-mem v.0.7.17-r1188

(H. Li, 2013). Picard Tools v.2.26 (http://broadinstitute.

github.io/picard/) SamToFastq was used to convert the input

bam files to the fastq format read by bwa-mem. The output

was streamed into Picard Tools MergeBamAlignment so that

the pseudo molecular barcodes could be recovered from the

input bam files. Duplicate aligned sequences were then iden-

tified using Picard Tool MarkDuplicates. Bcftools mpileup

v.1.15.1 (H. Li, 2011) was then used to calculate allelic

depths at each variant only for reads that formed a proper pair

with a minimum mapping quality of 60 and a minimum base

quality of 20. This was parallelized by chromosome. Bcftools

filter was then used to filter for SNPs at least five bases away

from an indel using these flags –SnpGap 5:indel –include

‘TYPE’ = “snp” & (INFO/AD[0]+INFO/AD[1]) > = 564

& (INFO/AD[0]+INFO/AD[1]) < = 1128 & (INFO/AD[1]/

(INFO/AD[0]+INFO/AD[1])) > 0.02 & (INFO/AD[2]/

(INFO/AD[0]+INFO/AD[1])) < 0.01′, with an average depth

between 6x and 12x per sample at a given SNP. Filtering

procedures considered the depth of the first alternate allele

being greater than 2% of the depth of the reference and first

alternate allele combined; and, to prevent rare sequencing

errors from affecting the process, which would create a third

allele at otherwise useable SNPs, preventing rare sequencing

errors contributing to <1% of the overall depth from leading

to rejection of otherwise good SNPs. A custom awk script

was used to call genotypes for each SNP for samples with

a minimum depth of 7x. The genotypes were called as

heterozygous if the lower depth allele comprised at least 20%

of the depth in that individual. The resulting SNPs were then

filtered for minimum minor allele frequency (MAF) of 5%,

and F < IT > between −0.2 and 0.2. The F < IT > (index

of panmixia) was calculated with a combination of bcftools

query and a custom awk command. Imputation was then per-

formed with Beagle 4.1 (Browning & Browning, 2016) using

the parameters “window = 2000 overlap = 500 err = 0.001

ne = 10000” (Figure S1).

The diversity panel’s SNP data were filtered for minor

allele frequencies (<5%). Using plink v.1.9, principal compo-

nent analysis and multidimensional scaling (MDS) plots were

generated (Chang et al., 2015; Purcell et al., 2007). Plots were

visualized in the R Statistical Software package and colored

according to type (cultivar, PI, and breeding line) and popu-

lation parentage (for those from a known segregating cross)

(Henry & Wickham, 2020; Pedersen et al., 2020; R Core

Team, 2022; RStudio, 2020; Slowikowski, 2021; Villanueva

& Chen, 2019; Wickham, 2019, 2021; Wickham & Wickham,

2017; Wickham et al., 2017, 2018). The panel was analyzed

with fastStructure v.1.0 (Raj et al., 2014) and plots were visu-

alized in R with the sample names added to the graph using

the most likely cluster number (k = 3).

3 RESULTS

3.1 Genome sequencing, assembly, and
evaluation

Expected size of the genome was determined using flow

cytometry of Raleigh conducted in two separate labs and

reported genome sizes of 0.98 and 1.00 pg/2C (Figure S2A).

Based on this, the diploid genome size was estimated to be

978 Mb. Results of k-mer evaluation using the CCS reads with

Genomescope gave a diploid genome size of 760 Mb.

The CTAB method was found to produce high-quality high

molecular weight (HMW)-DNA, which proved difficult to

obtain with other methods. Whole-genome sequencing was

performed on the HMW-DNA using PacBio CCS technology,

resulting in 1,942,961 consensus reads totaling 16.7 Gb, with

an average length of 8.6 kb and an approximate sequencing

depth of 33x across the genome. The genome was assembled

using HiCanu (Nurk et al., 2020) and Hifiasm (H. Cheng & al,

2020) using the results of the lab estimated haplotype genome

size of 500 Mb. However, different runs with the same set

of reads and using results of other genome size estimates as

the “expected size” parameter made no difference to the final

assembly size. Therefore, the better assembly was determined

by comparing assembly statistics (Table S1) and biological

expectations (pg/2C genome size, chromosome number, etc.).

While HiCanu was able to partition out the haplotypes reason-

ably well, with the primary haplotype genome size of 429.751

Mb and the secondary haplotype genome size of 422.018 Mb

consisting of less contigs overall than the Hifiasm assem-

bly; the assembly was still made up of much smaller contigs

than the Hifiasm assembly (Table S1). The largest contig in

HiCanu was 9.08 Mb, while the largest in the Hifiasm was

30.37 Mb. The primary Hifiasm assembly was closer to the

expected haplotype genome size with a final assembly size of

462.71 Mb. The HiCanu assembly was found to have a higher

number of potential contig mis-assemblies than the Hifiasm

assembly when aligned to the linkage maps (details below).

Therefore, we utilized the Hifiasm assembly as the draft for

downstream analysis.

Both the primary and secondary haplotypes were aligned

to the two published linkage maps (Yu et al., 2018, 2020)

generated from F1 populations involving Raleigh as a par-

ent. When the SNP marker sequences or polymorphs from

the SSR maps were mapped back, 85% of the SNPs from

the Raleigh × Seville map and 57% of the Raleigh × PI

410353 map were able to be localized to the assembly. Three

contigs in the primary haplotype exhibited repeating blocks

of SNPs that contained both alleles or SNP polymorphisms

within a contig (Figure 2A). These three contigs with iden-

tified mis-assemblies around repeating blocks (Figure 2B)

were manually broken between the identified block and the

http://broadinstitute.github.io/picard/
http://broadinstitute.github.io/picard/
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F I G U R E 2 Visualization of presence of both haplotypes of a single nucleotide polymorphism (SNP) block inside of one contig and the

alignment of CCS consensus reads to the assembly. (A) Portion of table showing the SNP IDs, position on the linkage map (genetic position), contig

ID, and position of alignment for the contig. The duplicated block is highlighted yellow in the SNP ID column. (B) Alignment of contig to itself. The

same highlighted double-haplotype block in (A) is outlined in yellow to aid in visualization. (C) Example of a low-coverage section between the two

haplotype blocks of SNPs. Colored lines on the lower of two overlapping reads indicate multiple mismatches between the read and the assembly. ID,

identification.

unduplicated blocks, where there was low assembly support

(usually a single overlap between two reads), or where one of

the reads showed multiple mismatched base pairs, suggesting

that it belonged to the secondary haplotype (Figure 2C), or

where there was a break in alignment between the reads and

the contigs. Mismatched reads were used to manually edit the

removed contig piece. Cut contig pieces were moved to the

secondary haplotype file.

Further scaffolding was completed on the scaffolded,

gap-filled, and polished assembly using the Hi-C reads.

Scaffolding was run on the combined haplotype genomes,

which highlighted chromosome pairs, representing a complete

copy of each chromosome in each of the primary and sec-

ondary haplotype genomes (Figure 3). The primary assembly

improved by 11.8% and the secondary by 3.3%.

The Hi-C scaffolded primary and secondary haplotypes

were again evaluated for quality with BUSCO, Merqury,

and Bbtools, and alignment to the genetic maps and the

S. italica reference genome (Doust et al., 2009). The pri-

mary assembly resulted in a genome size of 455.27 Mb

with over 97% of the genome in nine scaffolds represent-

ing the expected nine haplotype chromosomes and with over

97% of the total assembly in scaffolds greater than 50 kb

(Table 2). The secondary haplotype also contained 90% of the

genome in nine chromosomes with a total size of 401.53 Mb.

Merqury results showed that most of the k-mer content within

the read data was captured in the final assembly (Figures

S2B,C), with an overall completeness of 97% (and the primary

(v1) and secondary (v1a) haplotypes having k-mer com-

pleteness scores of 87.8% and 81.2%, respectively). BUSCO
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T A B L E 2 Statistics of the final primary and secondary haplotypes genome assemblies.

St. Augustinegrass cultivar Raleigh genome assembly
Primary haplotype Secondary haplotype

Genome size (Mb) 455.268 401.527

Main genome contig total 812 2716

Contig N50/L50 (Mb) 12/12.064 151/819.896

Contig N90/L90 (Mb) 40/3.473 554/0.148

Max contig length (Mb) 30.366 4.436

Main genome scaffold total 631 539

Scaffold N50/L50 (Mb) 4/53.133 4/46.632

Scaffold N90/L90 (Mb) 9/38.128 8/33.768

Max scaffold length (Mb) 70.895 59.333

% in scaffolds > 50 kb 97.57 98.44

Adjusted LAI score 17.61 17.36

BUSCO score (n = 4896) C:98.7% [S:94.8%, D:3.9%], F:0.8%, M:0.5% C:97.2% [S:94.2%, D:3.0%], F:0.9%, M:1.9%

Protein-coding genes 33,836 28,618

Abbreviations: BUSCO, benchmarking universal single-copy orthologs; LAI, long terminal repeat assembly index.

F I G U R E 3 Hi-C Map of the overall diploid assembly containing

both primary and secondary haplotypes. Green boxes show boundaries

of scaffolds. Scaffold identification is shown beside the boxes. "Hap1"

refers to primary haplotype, and "Hap2" refers to secondary haplotype.

assessments of the combined primary and secondary haplo-

types indicated 97% complete orthologs, but with nearly all

of those being duplicated. Individually, the primary assembly

contained 98.3% complete orthologs and the secondary 95.9%

complete orthologs, with each also having 4.5% and 2.5%

of duplicated orthologs, respectively. Long terminal repeat

assembly index (LAI) analysis of the assemblies with long

terminal repeat (LTR)-retriever (Ou & Jiang, 2018) indicated

the assemblies were of reference quality status (Ou et al.,

2018). The primary had an adjusted LAI of 17.61 and the sec-

ondary 17.36. Regarding telomeric repeats in the assembly,

the primary haplotype had four chromosomes with telomeres

at both ends (chr2, chr3, chr5, and chr9) and four chromo-

somes with a single telomere (chr1, chr4, chr6, and chr7),

while the secondary haplotype had one chromosome with

both telomeres assembled and five chromosomes with a single

telomere. Taken together, all results agreed with the overall

high quality of the new reference assembly for St. Augustine-

grass and that the primary haplotype is the most complete

haploid version of the genome.

Alignment to the genetic maps showed high consistency

between the maps and both haplotype assemblies. The

Raleigh × Seville genetic map showed a near perfect corre-

lation between the SNP linkage and the alignment positions

on the assembly (Figure 4A,B). Meanwhile, the Raleigh × PI

410353 map exhibited two lines of correlation between the

map and the assembly alignment (Figure S3). Alignment to

the corresponding chromosomes of S. italica (Doust et al.,

2009), the most closely related available genome, demon-

strated a reasonable level of agreement between the genomes

with a few inverted regions (Figure 4C). Therefore, all scaf-

folds were assigned to a chromosome number utilizing this

alignment information.

Synteny analysis of individual chromosomes of S. secunda-
tum Raleigh haplotypes revealed a high number of structural

variants in the form of insertions (182,749), deletions

(189,207), and duplications (13,799); however, the number

of inversions (46) and translocations (871) was relatively low

(Figure 5). SyRI identified 1585 highly diverged, but syntenic

regions between haplotypes, which may be due to the high

level of heterozygosity in this species. Using the alignment
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F I G U R E 4 Alignments of the Stenotaphrum secundatum assembly to published information. (A) Correlation of markers from the Raleigh ×
Seville genetic map (Y-axis) to the physical position of makers aligned to the final St. Augustinegrass primary haplotype (X-axis) (Yu et al., 2018).

(B) Correlation of markers from the Raleigh × Seville genetic map (Y-axis) to the physical position of markers aligned to the final St. Augustinegrass

secondary haplotype (X-axis). (C) Alignment dot plot between the St. Augustinegrass primary haplotype assembly and the reference genome for

Setaria italica.

between haplotypes, an intragenomic SNP rate (total

SNPs/total bp in reference haplotype) of 0.005 was calcu-

lated, corresponding to one SNP per 194 bp. Finally, 10.67%

of the primary and 2.15% of the secondary haplotypes did not

align to each other, which can be seen as gaps in the synteny

plot.

3.2 Genome annotation

Roughly 49% of the diploid genome was masked, which

breaks down to 50.03% of the primary and 48.61% of the

secondary (Table S2). In the final assembly, 62,454 protein-

coding genes were predicted on the overall diploid assembly

(both haplotypes). Of the total protein-coding genes, there

were 33,836 gene models in the primary assembly and

28,618 in the secondary assembly (Table 2), which equated to

BUSCO (poales_odb10) transcriptome completeness scores

of 96.5% and 91.1% for the primary and secondary assem-

blies, respectively. Proteome quality analysis with OMArk

demonstrated that the S. secundatum Raleigh genome anno-

tation was comparable to other high-quality, curated grass

family species assemblies from the Ensembl database, with

very few partially mapped or fragmented orthologs (Figure

S4). These results provided further validation for the high

quality of the genome annotation presented here. Aside from
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F I G U R E 5 Synteny plots between the Stenotaphrum secundatum ‘Raleigh’ haplotype assemblies v1 (primary) and v1a (secondary). Pale

yellow dots along the genome sequence bars indicate predicted nucleotide-binding leucine-rich repeat (NLR) regions from NLR-Annotator. The

single nucleotide polymorphisms (SNPs) track shows density of SNPs generated from the low-coverage reads. The known_repeats track shows the

density of primary haplotype (v1) repeats that were assigned to a known repeat family (no unknown repeats).

protein-coding genes, there were also 20,685 ncRNA genes

annotated in the full genome assembly, which divided up

into 11,881 ncRNA genes in the primary and 8,804 ncRNA

genes in the secondary assemblies. Finally, a total of 1160

genomic regions were annotated as putative NLR loci by

NLR-Annotator, and 899 genes were determined to be NLR

genes by NLRtracker across both haplotypes (Table S3).

Analysis of the overlap between the NLR gene loci and

genomic NLR loci revealed that the majority (66.9%) of

genomic NLR loci had an overlap with one predicted NLR

gene, indicating the high likelihood that those loci genuinely

harbor NLR genes. Additionally, the NLR loci had a strong

tendency to cluster together within the genome (Figure 5;

Figure S5).

Identifying the overlaps between the intragenomic SNPs

and predicted gene loci in the primary haplotype revealed

312,251 (13.3%) of the SNPs were located within the bound-

aries of 28,030 genes, corresponding to 82.8% of the genes

predicted in the primary haplotype.

The EnTap software was used to assign protein domains,

putative gene functions, GO terms, and KEGG pathways to

each of the gene models using multiple databases. A total
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of 62,451 (99.99%) genes were functionally annotated in

the entire set of gene models, which demonstrates the high

quality of the annotation presented in this study. Most of

the genes models (41,435) were annotated with the RefSeq

plant database, followed by the UniProt TrEMBL (16,741),

NCBI nr (2886), and UniProt Swiss-Prot (713) databases.

A total of 53,800 genes were annotated with the EggNOG

database.

Orthologous analysis performed with seven grass species

and Arabidopsis as input revealed a total of 9338 ortholo-

gous clusters containing proteins from all species and a steep

drop down to 3585 clusters containing only grass species

proteins (Figure 6A), which could represent clusters of core

angiosperm and core grass family genes. Similarity compar-

isons between the species indicated that St. Augustinegrass

shared the most orthologous clusters with Urochloa decum-
bens (Figure 6B). S. secundatum had 1403 single-species

orthologous clusters, which were enriched for GO terms

involved in stress response and reproduction (Figure 6C), and

840 singletons. Even though S. secundatum had the second

highest number of proteins out of all the species included

in the orthologous analysis, it had the lowest proportion of

singletons (1.34%).

3.3 Diversity analysis

The panel of 79 St. Augustinegrass accessions produced an

average sequencing depth, calculated from the total number of

bases sequenced divided by the estimated haplotype genomes

size (500 Mb), of 7.12x with a maximum depth of 14.62x and

a minimum of 0.87x. Reads for each sample were assessed for

average depth of coverage, proportion of genome, and gene

space coverage across multiple genomes. Alignment of the

reads to the genome assembly revealed a mostly consistent

coverage across all of the chromosomes with some lower cov-

erage spots that could be due to genomic structure or sample

sequencing variation (Figure S6). From the initially discov-

ered 760,159 SNPs, curation for an MAF of 0.05 resulted in

a total of 605,038 remaining SNPs (Table 3). Heterozygosity

was determined by the percentage of SNPs that were heterozy-

gous in a sample, which averaged 29.8% across the panel.

There appeared to be minimal impact of sequencing depth on

clustering (Figure S7A).

MDS plots showed the samples clustering into three loosely

defined groups (Figure 7A). The left cluster contained a mix-

ture of breeding lines, cultivars, and PIs, where nearly all of

the breeding lines were progeny of a cross between Raleigh

and Seville and fell between the two parents (Figure 7B). Cul-

tivars FloraVerde, TamStar, DALSA 1618, and Seville fell

into the middle cluster away from the rest of the cultivars.

The rest of the middle cluster is made up of breeding lines,

a majority of which resulted from a cross between Raleigh

T A B L E 3 Summary of variant discovery in a panel of 79 St.

Augustinegrass diverse accessions.

Metric Number
Total SNPs 760,159

Number of SNPs after MAF of 0.05 605,038

Average sequencing depth (x) 7.12

Minimum sample sequencing depth (x) 0.87

Maximum sample sequencing depth (x) 14.62

Note: Genotyping by sequencing was performed using the RipTide library

protocol.

Abbreviations: MAF, minor allele frequency; SNP, single nucleotide polymor-

phism.

(located in the first cluster) and PI 410353 (located on the far

right) (Figure S7B). In the far right, PI 410353, PI 410360,

PI 410361, and PI 410364 clustered away from the other PI.

PI 410355 did not belong to any of the clusters, though it was

closest to the middle cluster. The chooseK script in FAST-

STRUCTURE identified a two cluster structure (k = 2) as the

appropriate number of model components that maximizes the

marginal likelihood of the model complexity (Figure 7C).

4 DISCUSSION

We selected the Raleigh cultivar to create a reference genome

for S. secundatum due to its importance in breeding for cold

tolerance in the species. The estimated genome size of the

diploid Raleigh cultivar (2n = 2x = 18) with flow cytome-

try was 978 Mb as determined by two independent labs in

this study. Other estimates produced similar (slightly higher)

results, including prior flow cytometry results from Aru-

muganathan et al. (1999), which gave a genome size 1.08

pg/2C (1056.24 Mb). However, these estimates were ∼22%

larger than the k-mer estimation based on reads. Differences

between the k-mer run and the flow cytometry experiments

may have been caused by collapsing of repeat regions in the

k-mer analysis leading to a smaller estimation. The results of

these estimations and comparisons to our lab-based results

and those of previously conducted experiments argue against

the reliance on read-based estimations when selecting the

best draft assemblies. However, as noted above, using differ-

ent haploid genome sizes did not appear to affect the overall

size of the resulting genome assembly from either assembly

program used.

Two haplotype assemblies were constructed to represent

a diploid chromosome-level genome. The primary assembly

(455.27 Mb) was more complete than the secondary assem-

bly (401.53 Mb in 539 scaffolds). The final primary assembly

(including scaffolds outside of assembled chromosomes) is

only 6.89% shorter than the expected haploid genome size

based on flow cytometry. Both haplotypes present higher
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F I G U R E 6 Orthologous analysis results for Stenotaphrum secundatum ‘Raleigh’, six other grass species, and Arabidopsis. (A) Occurrence

plot showing orthologous clustering results. All genes represented in the plot were assigned to a cluster (singletons are not shown). (B) Similarity

matrix based on number of shared orthologous clusters between species. (C) Top 10 enriched biological process gene ontology (GO) terms in S.
secundatum-only clusters.
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F I G U R E 7 Analysis of the diversity in the panel based on single nucleotide polymorphism (SNP) data. (A) Multidimensional scaling (MDS)

plot of the diversity panel. Samples are colored according to their classification as cultivar, breeding line, or plant introduction (PI). (B) MDS plot of

the panel with the breeding lines from a controlled cross colored to show the generational relationship with the parents from which they originated.

Parents, Raleigh, and Seville are labeled. (C) Population structure plot of the panel derived from FASTSTRUCTURE, shown at k = 2 which

maximized model complexity. NCSU, North Carolina State University.

quality statistics than two previously published major warm-

season turfgrass assemblies, those of African bermudagrass

(Cynodon transvaalensis) (Cui et al., 2021) and zoysiagrass

(Zoysia japonica) (Tanaka et al., 2016), with both higher con-

tig lengths in the de novo assembly and scaffold lengths in

the finished assembly. Although the African bermudagrass

and zoysiagrass assemblies met the necessary LAI scores for

draft genomes at 5 and 7.20, respectively, the LAI for the

Raleigh genome met the requirement for reference genome

quality, 17.61 for the primary and 17.36 for the secondary

haplotypes, respectively. While we cannot present a fully

haplotype-resolved assembly of the genome without access

to the parental genomes of the genotype to assist in prop-

erly segregating the haplotypes, long-read sequencing has

allowed us to assemble phased sequences at the chromo-

some scale that contain most of the expected genome size.

A future project sequencing the progeny of Raleigh could

make use of the sequencing data from this project, along with

that of the other parent, to achieve a fully phased assem-

bly, either by using parental whole-genome assemblies or by

using trio-binning as detailed in Delorean et al. (2023) in

the case of only Illumina data being available for the other

parent.

We demonstrate alignments to two published linkage maps,

where the first linkage map by Yu et al. (2018) was devel-

oped from a population of 115 F1 Raleigh × Seville hybrids

spanning 1241.7 centimorgans (cM) across the nine groups

representing the nine chromosomes with 2871 SNP mark-

ers. The second map by Yu et al. (2020) from a Raleigh ×
PI 410353 population of 153 F1 hybrids with 2257 SNPs

spanned 916.63 cM. While the alignment to the Raleigh ×
Seville map showed a 1:1 correlation between the assem-

bly and the linkage order, the alignment to the Raleigh × PI

410353 was not as good. In order to allow more informative
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SNPs to be used in scaffolding, we weighted the map appear-

ing to be higher quality (R × S, where R × S is the Raleigh

× Seville linkage map) higher during ALLMAPS scaffolding.

We did confirm that allowing ALLMAPS to assign different

weights to the maps did not significantly affect the scaffold-

ing. Visualization of the aligned SNPs from the linkage maps

showed reasonable coverage across the genome, but contained

some gaps including Chr2 for the Raleigh × Seville map and

Chr5 for Raleigh × PI 410353 map. The importance of know-

ing where there are low densities of SNPs from the linkage

map in a region causes difficulties in determining the loca-

tion of traits attributed to the genes in those regions. Density

of the annotated genes was fairly consistent across the entire

genome, but decreased in the middle of a majority of the

chromosomes, which corresponded to higher density in the

presence of repeats, indicating the possible location of the

centromeres of the chromosomes. A low density of SNPs

also coincided with low gene density and high repeat density

across the Raleigh chromosomes.

Importantly, S. secundatum is believed to have high lev-

els of heterozygosity due to its outcrossing nature, though

previously we were unable to quantify that heterozygosity

(Mason, 2015; Yu et al., 2022). Here, we were able to quantify

the St. Augustinegrass cultivar Raleigh’s heterozygosity using

the two haploid assemblies. At the assembly level, that is,

comparing the primary haplotype to the secondary haplotype,

Raleigh showed a heterozygosity level of 0.34% under k-mer

comparisons by mummer and between 0.94% and 0.96% as

estimated with Genomescope. By comparison, mummer pre-

dicted 0.12% and Genomescope 0.33%–0.41% heterozygosity

for a pepper F1 hybrid (Delorean et al., 2023), whereas other

species like cultivated ginger show a much lower level of het-

erozygosity (0.04%) as estimated from SNP data derived from

Illumina reads (S.-P. Cheng et al., 2021). Based on these com-

parisons, we can reasonably conclude that Raleigh is truly

a hybrid with heterozygosity levels higher than many other

plant species.

Furthermore, intragenomic comparison of Raleigh haplo-

types via SyRI allowed us to determine that this cultivar has

an average of one SNP per 194 bp of genome sequence. Many

studies have reported SNP density rates across the Poaceae

family, but averages around one SNP for every 20–175 bp

(Barre et al., 2022); one SNP per 175 bp, 127 bp, and 25–33 bp

have been reported for hexaploid wheat (Jordan et al., 2015),

switchgrass (Bahri et al., 2018), and Italian ryegrass (Y. Chen

et al., 2025), respectively. However, unlike the above compari-

son, in this case one needs to be careful directly comparing the

reported values, as methods utilized to derive these densities

vary widely. Overall, however, this indicates St. Augustine-

grass Raleigh is nearby the density of other grasses, and

further work would need to be done to directly compare the

SNP densities directly.

We also explored the structural variations between hap-

lotypes and determined that genome duplications and copy

number variations heavily contributed to the intragenomic

diversity of St. Augustinegrass Raleigh. Potential future stud-

ies could involve investigating and comparing the heterozy-

gosity levels of other well-performing St. Augustinegrass

cultivars, as well as the dissection of the duplicated and copy

number variation regions identified in this study to determine

their biological implications. Additionally, future investiga-

tion into potential issues surrounding the sequencing and

assembly of chromosome 8 in this species is warranted.

Running annotation on heterozygous individuals like

grasses has proven difficult (Brůna et al., 2021). Some of the

other methods of filtering, such as those proposed for peanut

(J. Li et al., 2022), do not work as well for grasses, leading to

an overprediction of genes when compared to other published

related genomes (Benson et al., 2023; Doust et al., 2009; Udall

et al., 2019). In annotating this genome, we set about choosing

a set of annotating and filtering steps that provide reason-

able results when compared to annotations of similar species,

while also maintaining a high quality of the gene structures.

We ran gene prediction with the new version of GeMoMa

due to the ability to include RNA-seq data as additional

evidence on top of the protein evidence used for homology-

based prediction (Keilwagen et al., 2018). The inclusion of

de novo transcripts assembled with StringTie (Pertea et al.,

2015) resulted in more genes predicted at the end of filtering

than with GeMoMa alone. Our results were shown to be in

line with the annotation results of other heterozygous grass

species. To that end, the high proportion of predicted genes

in the primary haplotype that contained allelic SNPs (82.8%

genes) provided further support to the high heterozygosity

reported for St. Augustinegrass. We also utilized orthologous

analysis for comparison of protein orthology across multiple

grass genomes. Interestingly, St. Augustinegrass shared the

highest degree of orthology with Urochloa decumbens. This

species is taxonomically classified into a different subtribe

(Melinidinae), as opposed to the species we expected to share

the most orthology with St. Augustinegrass, Setaria viridis,

which is in the same subtribe, Stenotaphrum genus, as St.

Augustinegrass (Cenchrinae) (Delfini et al., 2023). Another

notable result was that the S. secundatum-only clusters were

enriched for GO terms involved in stress response and repro-

duction, possibly indicating an ability for this species or

cultivar to more efficiently respond to biotic and abiotic stres-

sors. These results, together with the NLR genes identified in

the genome, provide a foundation for future phytopathological

studies in St. Augustinegrass.

This is the first study to anchor SNPs to a genome refer-

ence in Stenotaphrum germplasm. Results of the structural

investigation and MDS plots yielded two major clusters

with a majority of previously sampled cultivars clustering
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similarly to previous work. One notable difference com-

pared with recent previous papers is some cultivars, such

as Texas Common, Raleigh, Palmetto, Seville, and Jade,

falling within the same cluster and PIs clustering away from

cultivars (Milla-Lewis et al., 2013; Mulkey et al., 2014).

This difference is likely due to the difference in the pan-

els and marker contribution to the analyses. Previous studies

contained representatives from the different ploidy levels

present in St. Augustinegrass (Milla-Lewis et al., 2013;

Mulkey et al., 2014), whereas this study focused on diploid

representatives only. However, while breaking into sepa-

rate clusters, the mentioned cultivars remain tightly linked

to those they were most closely clustered to in previous

papers.

Increased understanding of the diversity in a germplasm

pool is important to the development of cultivars in an effi-

cient manner. Some of the older cultivars and collections

do not have pedigree information, so knowledge of the sim-

ilarities between germplasm samples assists a breeder in

selecting crosses to prevent inbreeding depression. Availabil-

ity of low-coverage sequencing reads that give enough data

to identify relationships and differences introduces a more

cost-effective method for researchers to use in future studies.

It should be noted that low-quality SNP markers can affect

future genetics and breeding work, so it is important that the

methods utilized here showed a good correlation with pre-

vious studies, and thus a similar SNP discovery pipeline as

used here with low-coverage data can generate high-quality

variants for future breeding and research. Though a larger

panel could dive into a more in-depth analysis of the rela-

tionships between the different genotypes across germplasm.

Furthermore, it would be useful to determine if the short-read

method used in this study can be used in comparing diploids to

polyploids.

The availability of a reference genome allows for the

identification of the true genomic location of SNPs in link-

age maps, and will ultimately assist in the identification of

genes underlying QTL related to traits of agronomic interest.

Species that are heterogeneous and outcrossing have docu-

mented difficulty in development of SNPs with inflated rates

of false positives, which affects downstream analyses (Bu

et al., 2023; Mason, 2015; You et al., 2012). With the cre-

ation of a reference genome, some of these issues can be

resolved. This will allow for the expansion of the molecu-

lar toolkits that are available to breeders for more efficient

selection. Future studies would benefit from sequencing of

additional genomes that represent more of the diversity in

the species. The genomic toolbox for the species would

benefit from the addition of more genotypes to the panel,

which would give further insights into the variety of geno-

types, genes present, and genomic structural diversity of

species.

5 CONCLUSIONS

We present a high-quality, haplotype-resolved genome assem-

bly, the first genome available for an important and highly

valuable turfgrass species, S. secundatum. As part of this

research, we also include a high-quality genome annota-

tion and information on the variation available in breeding

material for this species. This study enables the start of a

genomics-enabled breeding era for St. Augustinegrass.
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