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Abstract

Main conclusion The pilot-scale genome-wide association study in the US proso millet identified twenty marker—trait
associations for five morpho-agronomic traits identifying genomic regions for future studies (e.g. molecular breeding
and map-based cloning).

Abstract Proso millet (Panicum miliaceum L.) is an ancient grain recognized for its excellent water-use efficiency and short
growing season. It is an indispensable part of the winter wheat-based dryland cropping system in the High Plains of the USA.
Its grains are endowed with high nutritional and health-promoting properties, making it increasingly popular in the global
market for healthy grains. There is a dearth of genomic resources in proso millet for developing molecular tools to comple-
ment conventional breeding for developing high-yielding varieties. Genome-wide association study (GWAS) is a widely used
method to dissect the genetics of complex traits. In this pilot study of the first-ever GWAS in the US proso millet, 71 globally
diverse genotypes of 109 the US proso millet core collection were evaluated for five major morpho-agronomic traits at two
locations in western Nebraska, and GWAS was conducted to identify single nucleotide polymorphisms (SNPs) associated
with these traits. Analysis of variance showed that there was a significant difference among the genotypes, and all five traits
were also found to be highly correlated with each other. Sequence reads from genotyping-by-sequencing (GBS) were used
to identify 11,147 high-quality bi-allelic SNPs. Population structure analysis with those SNPs showed stratification within
the core collection. The GWAS identified twenty marker—trait associations (MTAs) for the five traits. Twenty-nine putative
candidate genes associated with the five traits were also identified. These genomic regions can be used to develop genetic
markers for marker-assisted selection in proso millet breeding.

Keywords Ancient grains - Gluten-free - Climate resilient - Single nucleotide polymorphism - Population structure -
Association mapping
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domesticated around 8,000 BC in the semiarid regions of
northern China (Lu et al. 2009; Hunt et al. 2014). Proso
millet plays a crucial role in the winter wheat-based dryland
cropping system in the dry High Plains of the USA due to its
high water-use efficiency, drought tolerance, and short grow-
ing season. Besides being an excellent rotational crop for
dryland agriculture, proso millet is known to have excellent
nutritional and human health-promoting properties.

Proso millet is a self-pollinated crop with an estimated
genome size of 930 mega base-pairs (Mbp) (Zou et al.
2019). Genomic research on proso millet is not as exten-
sive as in other crops. Some genomic resources, albeit very
limited, have been developed for the genetic improvement
of proso millet (Khound and Santra 2020). Molecular mark-
ers such as Random Amplified Polymorphic DNA (RAPD)
(M’Ribu and Hilu 1994), Amplified Fragment Length Poly-
morphism (AFLP) (Karam et al. 2006), Simple Sequences
Repeats (SSRs) (Lagler et al. 2005; Hu et al. 2009; Cho
et al. 2010; Rajput et al. 2014; Liu et al. 2016a; Rajput and
Santra 2016), and Single Nucleotide Polymorphisms (SNPs)
(Rajput et al. 2016; Yue et al. 2016; Wang et al. 2018; John-
son et al. 2019) were developed primarily for germplasm
evaluation and genetic studies. The publication of the proso
millet whole genome assemblies (Shi et al. 2019; Zou et al.
2019), cheaper costs of genotyping, and higher computing
power led to the development of high-quality SNPs (Li et al.
2021a; Boukail et al. 2021; Khound et al. 2022) that could
be leveraged for dissecting the genetics of complex traits.

Genome-wide association study (GWAS) is a widely
used association mapping approach for detecting associa-
tions between genome-wide molecular markers and a target
trait based on linkage disequilibrium (LD) among genetic
variants distributed across the genome (Srivastava et al.
2020). In recent years, GWAS has emerged as a powerful
tool for deciphering the genetics underlying the complex
traits in plants (Tibbs Cortes et al. 2021). Association stud-
ies have led to the detection of genomic regions associated
with various agronomic, physiological, and fitness-related
traits, such as flowering time, plant height, stress tolerance,
and grain yield. The GWAS studies were carried out on large
to relatively small populations in several crops including
proso millet (Boukail et al. 2021), sorghum (Ramalingam
et al. 2023), pearl millet (Diack et al. 2020), foxtail millet
(Jaiswal et al. 2019a), rice (Rohilla et al. 2020), and wheat
(Ma et al. 2018; Soumya et al. 2021). There are several pub-
lished reports on GWAS, especially for various agronomic
and seed-quality traits, in other common millets, including
pearl millet (Pennisetum glaucum (L.) R. Br.) (Anuradha
et al. 2017; Varshney et al. 2017; Srivastava et al. 2020;
Diack et al. 2020; Pujar et al. 2020; Yadav et al. 2022), fin-
ger millet (Eleusine coracana Gaertn.) (Sharma et al. 2018;
Puranik et al. 2020), and foxtail millet (Setaria italica (L.)
P.Beauvois) (Upadhyaya et al. 2015; Jaiswal et al. 2019b; Li
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et al. 2021b; Wang et al. 2022). The only published study
on GWAS in proso millet so far was reported by Boukail
et al. (2021). They developed 2412 high-quality SNPs from
restriction site-associated DNA sequencing (RAD-seq) from
a diverse population comprising 88 genotypes. They used
those SNPs to detect marker—trait associations (MTAs) for
several seed morphological traits and a couple of agronomic
traits, viz., plant height (PH) and leaf number (LN). They
were able to detect 10 MTA in total for the seed morpho-
logical traits. Additionally, they identified two MTAs for
PH and one for LN (Boukail et al. 2021). To date, there is
no other published report on GWAS for exploring genetic
markers associated with important morpho-agronomic traits
in the US proso millet germplasm. In the current study, we
sought to identify genomic regions that are associated with
key morpho-agronomic traits in the US proso millet. Spe-
cifically, we characterized 71 diverse genotypes of the US
proso millet core collection (104 genotypes), which were
highly adapted to the US proso millet growing region, for
genetic and phenotypic variations. We subsequently per-
formed a GWAS for five major agronomic traits to identify
the association between the genome-wide genetic variants
and phenotypic traits.

Materials and methods
Plant material and study design

All the proso millet genotypes were obtained from USDA-
ARS North Central Regional Plant Introduction Station
(NCRPIS), Ames, IA, and were part of the USDA core col-
lection of proso millet germplasm (personal communica-
tion with David Brenner, proso millet germplasm curator,
USDA-ARS NCRPIS). This study was conducted using 71
genotypes from 23 different countries. These genotypes were
highly adapted to western Nebraska conditions and capable
of producing mature grains (Table S1). All 71 genotypes
were purified in the field based on visual observation for
uniformity. To get purified seed, off types were removed, and
each plot was harvested individually by hand. All the puri-
fied genotypes were planted at Scottsbluff (SB) and Sidney
(SY), NE in 2014 and 2015. All four trials (SB 2014, SB
2015, SY 2014, and SY 2015) were laid out in a randomized
complete block (RCBD) with three replications. Genotypes
were planted as single 2.4 m long rows with 30 cm spacing
between the rows under dryland conditions. The detailed
information on the test sites is listed in Table S2. The plots
were managed following standard agronomic practices rec-
ommended for proso millet (Lyon et al. 2008). The panicles
were harvested for post-harvest data after the plants reached
physiological maturity. The genotypes were harvested on
different days in September based on their maturity.
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Genotyping-by-sequencing (GBS)

Young leaves (approximately 100 mg) from the 71 geno-
types were collected, and the total genomic DNA was iso-
lated by the CTAB DNA isolation method (Doyle and Doyle
1987). The quality of the extracted DNA was checked on
1.5% agarose gel. DNA library preparation, adapter liga-
tions, and genotyping were performed at IGD Cornell Uni-
versity Ithaca, NY, as per (Elshire et al. 2011). Single-end,
100 bp reads were collected from one 48- or 96-plex library
per flow cell channel on a Genome Analyzer IIx (GAIIx;
Illumina, Inc., San Diego, CA).

Phenotypic data collection

Data were collected on five morpho-agronomic traits, head-
ing date (days), internode number, lodging (lodging score),
panicle length (cm), and 100-grain weight (g) in four test
environments as described in Table S2. All the traits were
scored on randomly selected three plants from the middle
of a row. The phenotypic data were taken at physiological
maturity (when 90% of grains on panicles were ripened
and panicles turned brown) and after harvest for all the
traits except the heading date. The phenotyping data were
recorded using the methods and procedures reported by
(Rajput et al. 2016). Briefly, the heading date was recorded
as the days from planting when 50% of the plants in a plot
exhibited an emerged panicle. The internode number was
counted from the bottom of a plant to the top. Lodging was
estimated as lodging score calculated by multiplying the
approximate percentage of lodged plants in a plot by the
angle of lodging (0°, 45°, 65°, and 90°). The panicle length
was measured as the distance between the top of the panicle
and the base where the lowest panicle branch is attached to
the panicle axis. To estimate 100-grain weight, 100 grains
were counted, and their weight was recorded in grams.

SNP calling and filtering

The raw GBS sequence reads were analyzed using the
Tassel-GBSv2 pipeline implemented on the Tassel 5.0
standalone version (Glaubitz et al. 2014). The sequence
‘tags’ and ‘taxa’ (genotypes) from the GBS fastq and key
files were identified by the ‘-GBSSeqToTagDBPlugin’
plugin and saved in a local database. The distinct ‘tags’
of the database were identified and formatted back to the
fastq format using the plugin ‘~TagExportToFastqPl-
ugin’. The sequence reads were then aligned to version
1 of the proso millet genome (Zou et al. 2019) using
bowtie2 v2.3 (Langmead and Salzberg 2012). The SAM
files generated in the alignment step were read using the
plugin ‘-SAMToGBSdbPlugin’ to detect potential sites of
the tags against the proso millet reference genome. The

‘-DiscoverySNPCallerPluginV2’ plugin identified SNPs
from the tags aligned with the reference genome. Finally,
the ‘-ProductionSNPCallerPluginV2’ plugin converted the
fastq and key files into genotypes and saved them as a VCF
(variant call format) file. The VCF file was accessed using
the GUI version of Tassel 5.0 for filtering low-quality
SNPs (Bradbury et al. 2007). The ‘-Filter’ function in the
software was applied to filter out SNPs with minor allele
frequencies < 0.01 and missing sites > 40%. Imputation
of the missing sites in the surviving SNPs was done using
Beagle v 5.1 with the parameter settings “window =1
overlap=0.1 ne=1200" (Browning et al. 2018). Estima-
tion of the linkage disequilibrium (LD) and the plotting of
the LD decay plot was done using the 'GAPIT3' (Genomic
Association and Prediction Integrated Tool) package in R
(Lipka et al. 2012).

Phenotypic data analyses

For all the five morpho-agronomic traits, Analysis of Vari-
ance (ANOVA) was performed using the PROC ANOVA
procedure of SAS 9.3 (Statistical Analysis Software, SAS/
STAT). The phenotypic data from each year and location
were analyzed separately. The broad-sense heritability (H?)
of the five traits were estimated using the genotypic and
phenotypic variances estimated in the ANOVA. Pearson’s
correlation coefficients for the five traits were calculated
and plotted as a correlation heatmap using the ‘metan’
package in the R statistical software (Olivoto and Licio
2020). Principal component analysis (PCA) was performed
with the function prcomp() in R. A scree plot illustrating
the principal components (PCs) of the phenotypic traits
was developed by the ‘factoextra’ and ‘ggplot2’ packages
in R (Wickham 2016; Kassambara and Mundt 2020).

Population structure

Population structure analysis of the proso millet core col-
lection was performed with Structure v 2.3.4 (Pritchard
et al. 2000a, b). The VCF file containing the called SNPs
was converted to the HapMap format in Tassel 5.0. The
HapMap file was then converted to numeric format using
the ‘GAPIT3’ package in R (Lipka et al. 2012). The
numeric format of the genotypes was used as the input file
for Structure. The analysis was run assuming 1 to 10 popu-
lations (K=1 to K=10) with 10,000 burn-in iterations
and 100,000 MCMC repetitions. The optimum number of
populations (K) was determined in Structure Harvester
(Earl and vonHoldt 2012). A Q matrix was generated from
the results for using population structure as a covariate in
the GWAS.
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Genome-wide association analysis

A GWAS for the five morpho-agronomic traits was con-
ducted using the ‘GAPIT3’ package in R (Lipka et al. 2012).
A multi-locus model known as the fixed and random model
Circulating Probability Unification (FarmCPU) model was
employed for the GWAS. This method efficiently eliminates
confounding issues stemming from population stratification,
kinship, and multiple testing corrections (Liu et al. 2016b;
Jaiswal et al. 2019b). FarmCPU iteratively uses a Fixed
Effect Model (FEM) and Random Effect Model (REM)
for association analyses to detect true associations. Sim-
ply put, FEM analyzes associations, and REM selects fixed
effects (covariates) for FEM. REM estimates ‘kinship’ from
multiple associated markers known as Quantitative Trait
Nucleotides (QTNs), which are used by FEM to define kin-
ship while identifying associations (Liu et al. 2016b). In
our study, FarmCPU was run using phenotypic data (mean
of four site-years data and individual site-year data), geno-
typic data (SNPs in numeric format), and population struc-
ture (Q matrix) as a covariate for the analysis. Significant
marker—trait associations (MTAs) were determined based
on FDR-adjusted p values to account for false associations
resulting from multiple testing. These adjusted p values
were estimated in accordance with the Benjamini and Hoch-
berg FDR-controlling procedure (Benjamini and Hochberg
1995). Manhattan plots and quantile—quantile (Q-Q) plots
illustrating GWAS results were generated as default outputs
by the same R package. Bonferroni-adjusted p value thresh-
old (p value/Number of SNPs=0.05/11,147) was used for
displaying significant MTAs on the Manhattan plots. Q-Q
plots were analyzed to see if the GWAS model could account
for population structure (model fitting). The expectation is
that Q-Q plots would show a solid line when the expected
and observed p values are plotted, which would suggest
an appropriate model fit. A sharp curve at the end depicts
true associations. The extent of the deviation of the curve
at the end also shows the power of test statistics (Jaiswal
et al. 2019b). The phenotypic variance explained (PVE),
calculated as the ratio of the genetic variance to the total
variance (genetic and residual), is the proportion of the total
phenotypic variance attributable to the genetic variance. The
‘GAPIT3’ package automatically computed the PVE for each
identified SNP as part of the GWAS results.

Mining of putative candidate genes

To identify the putative candidate genes for the twenty
MTAs, the annotated genes for proso millet in the form
of a GFF (gene file format) file were downloaded from
the NCBI database provided by (Zou et al. 2019). The R
packages ‘tidyverse’ (Wickham et al. 2019) and ‘Genomi-
cRanges’ (Lawrence et al. 2013) were used to organize the
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genomic data and identify the genes within a window of
100 Kb around the MTAs. We searched the NCBI database
using the gene ID to verify the identity of the genes closest
to each MTA for the five traits.

Results
Phenotypic data analysis

ANOVA showed a significant difference among genotypes
for all the traits in both locations, except lodging in 2015
at SB (Table 1). Heading date and panicle length exhibited
higher heritability than internode number, 100-seed weight,
and seed weight. Besides, Pearson’s correlation coefficients
were determined for the five traits under study (Fig. 1).
As illustrated in the correlation heatmap, these five traits
exhibited a high correlation with one another. The heading
date showed significant positive correlations with panicle
length (r=0.44), lodging (r=0.62), and internode number
(r=0.88), while a negative correlation was observed for the
100-grain weight (r=— 0.73). Internode number was found
to be positively associated with panicle length (r=0.49) and
lodging (r=0.57), and negatively correlated with 100-grain
weight (r=— 0.75). Lodging (r=— 0.39) and panicle length
(r=— 0.52) were negatively correlated with 100-grain
weight. All the above phenotypic trait correlations were
statistically significant (p <0.001). The only non-significant
correlation observed in the study was between panicle length
and lodging (r=0.15). The principal component analysis
(PCA) of the phenotypic data identified the contributions
of the five principal components (PC) to the overall vari-
ance observed within the population (Fig. 2). The first two
principal components, viz., PC1 and PC2 explained 83.6%
of the cumulative phenotypic variance of the five traits in
the population (Fig. 2). This satisfies the assumption that a
minimum number of PCs explains the maximum variance
(Pearson 1901).

GBS-SNP identification

The Tassel-GBS pipeline identified 128,501,256 good-
quality reads from the raw GBS sequence data of the 71
genotypes. Of these, 110,087,897 could be matched to the
database created at the initial stage of the pipeline. The
reads were subsequently aligned to the proso millet whole
genome sequence (Zou et al. 2019). Overall, 93.29% of
the reads aligned with the reference genome. The ‘-Dis-
coverySNPCallerPluginV2’ and ‘-ProductionSNPCaller-
PluginV2’ plugins of the pipeline identified 25,976 SNPs
from the aligned reads. SNPs with MAF < 0.01 and missing
sites >40% were dropped from further analyses. A total of
13,477 SNPs survived the filtering. On average, 749 SNPs
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Table 1 ANOVA for the five

Location and year F value (Single environ-  Heritability (H?)

ment analysis)

. - Trait
morpho-agronomic traits in 71
genotypes which were evaluated
in 2014 and 2015 at Scottsbluff Heading date (days)

(SB) and Sidney (SY)

Internode number (number)

Lodging (Lodging score)

Panicle length (cm)

100-grain weight (g)

SB 2014 52 .83k 0.96
SY 2014 Q.74 %% 0.84
SB 2015 na

SY 2015 na

SB 2014 5.2 %% 0.72
SY 2014 3.9k 0.66
SB 2015 4.01%%* 0.66
SY 2015 7 .37 0.79
SB 2014 2.10%** 0.51
SY 2014 2.43%%% 0.54
SB 2015 0.83 0.31
SY 2015 1.70%* 0.46
SB 2014 12.7%%% 0.86
SY 2014 6.56% 0.76
SB 2015 6,37 0.76
SY 2015 4 47k 0.69
SB 2014 6.60% 0.77
SY 2014 5,74k 0.74
SB 2015 2.907% 3 0.67
SY 2015 2,843k 0.59

#na not available; *p <0.05, **p <0.01, **%p < 0.001

were distributed across the 18 chromosomes after filtering.
The number of SNPs per chromosome ranged from 444 (Chr
14) to 1,077 (Chr 2) (Fig. S1). The missing sites of the fil-
tered SNPs were imputed and used for further analyses. For
GWAS, a total of 11,147 high-quality bi-allelic SNPs were
selected. The LD decay plot showed the average physical
distance between two SNPs is ~ 180 kb at the threshold LD
of R-square (#)=0.1 (Fig. 3).

Population structure

Population structure analysis of the proso millet popula-
tion grouped the population into two possible K clusters
(subpopulations). The analysis suggested two probable K
clusters within the population (Fig. 4a). The results were
then plotted in a bar diagram for K=2 in the Structure soft-
ware v 2.3.4 (Fig. 4b). All the genetically pure individuals
belonged to Cluster 1, which indicates the strong separation
of these individuals from the individuals with significant
similarity to Cluster 2. Different degrees of admixture were
evident among most of the genotypes in the population. All
the US varieties showed admixture to various degrees. The
majority of the US lines showed strong similarity to Clus-
ter 2 (Fig. 4b). These results indicated that the STRUCTU
RE algorithm was able to reveal the stratification within the
population based on the SNPs identified in the current study.

Genome-wide association study

The GWAS conducted using 11,147 high-quality SNPs
identified a total of 20 marker—trait associations (MTASs)
for the five morpho-agronomic traits using the means of
four site-years data. The MTAs were called using adjusted
p values calculated following the default false discovery
rate (FDR)-controlling procedure proposed by (Benjamini
and Hochberg 1995). As depicted in the Manhattan plots,
we considered the strict Bonferroni-adjusted threshold
for identifying significant MTAs. All the twenty MTAs
reported in the study were below the Bonferroni-adjusted
genome-wide significance threshold of 4.48 x 107° esti-
mated with a p value of 0.05 (Fig. 5). Q-Q plots between
the expected and observed p values of marker associa-
tion for all five traits demonstrated appropriate model
fitting, which corroborated the results depicted in the
Manhattan plots. For the heading date, three MTAs were
detected at positions 45.8 Mb, 27.1 Mb, and 24.4 Mb,
on chromosomes (Chr) 13, 15, and 18, respectively. The
adjusted P values of these MTAs ranged from 2.53 x 107°
to 4.02 x 1078, The phenotypic variance explained (PVE)
by the associated SNPs ranged from 7.65% to 17.59%.
Four MTAs were identified for internode number at posi-
tions 24.7 Mb, 21.7 Mb, 45.8 Mb, and 18.2 Mb, on Chr
4, Chr 11, Chr 13, and Chr 16, respectively. These MTAs
exhibited a P value range of 3.9 107® and 5.9 x 10714,
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Fig. 1 Pearson’s correla-

tion coefficients of the five
phenotypic traits used in the
study. The level of correlation is
indicated by red and blue colors
as depicted by the legend. The
significance of correlations is
depicted by *, **, and *** for
the p values of 0.05, 0.01, and
0.001, respectively

Fig.2 Scree plot showing the
percentage of explained vari-
ances by the first five principal
components (PCs). The first
and second PCs (PC1 and PC2)
explained 83.6% of the total
phenotypic variance. The red
line depicts the cumulative
percentages of the variances
explained by the PCs
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Fig.3 Linkage disequilibrium
(LD) decay plot of the 11,147 1.0 —
high-quality SNP markers. The
green line depicts the threshold
R square () value of 0.1
0.8
© 0.6-
3
©
o
o
x 044
0.0

and a PVE range of 4.49% and 20.74%. Four MTAs at
16.8 Mb, 25.4 Mb, 1.5 Mb, and 4.0 Mb on Chr 1, Chr 4,
Chr 7, and Chr 17 were found to be associated with lodg-
ing. MTAs at positions 42.0 Mb, 25.6 Mb, and 30.0 Mb
on chromosomes 1, 11, and 12 were observed to be asso-
ciated with panicle length with P values ranging between
1.17x107% and 1.56x 107°. The SNPs exhibited 3.35%
to 5.16% PVE for this trait. The highest number of MTAs
(six) were identified for 100-grain weight, which showed
P values between 2.74x 1077 and 7.27 x 10™"". The MTAs
associated with 100-grain weight were observed on posi-
tions 7.0 Mb, 34.1 Mb, 5.0 Mb, 48.5 Mb, 38.6 Mb, and
31.5Mb on Chr 1, Chr 6, Chr 9, Chr 11, Chr 11, and Chr
16, respectively. The PVE ranged from 0.41% to 24.89%
for 100-seed weight (Fig. 5). The information on the SNP
position, chromosome number, p value, minor allele fre-
quency (MAF), allelic effect, and phenotypic variance
explained (PVE) for each of the twenty MTAs is summa-
rized in Table 2. There were some differences in GWAS
results for all five traits when individual site-year trait data
(Figs. S2-S5) and the four site-year means (Fig. 5) were
used. For example, six MTAs were identified using the
mean of 100-grain weight. However, the numbers of MTAs
for this trait using SB 2014, SB 2015, SY 2014, and SY
2015 data were three, six, six, and eight, respectively.

400 600
Distance (Kb)

Putative candidate genes

Twenty-nine putative candidate genes for the five mor-
pho-agronomic traits were identified using the positions
of the twenty significant SNPs on the respective chro-
mosomes (Table 3). We subsequently searched the NCBI
database using the gene ID and identified putative candi-
date genes for the trait. For the heading date, we identi-
fied five putative candidate genes, namely transmembrane
9 superfamily member 9-like, kinesin KP1, pentatricopep-
tide repeat-containing protein, exodeoxyribonuclease V,
and pentatricopeptide repeat-containing protein. For the
internode number, we identified five putative candidate
genes, namely potassium transporter 23, photosynthetic
NDH subunit of lumenal location 2, chloroplastic, puta-
tive protein S-acyltransferase 19, transcription factor
FER-like iron deficiency induced transcription factor,
and 60S ribosomal protein L37a. The five putative can-
didate genes for lodging were phospholipase D gamma
1-like, hexuronate transporter-like, MND1-interacting
protein 1, leucine-rich repeat extensin-like protein 2, and
SWI/SNF complex subunit SWI3C-like. The five putative
candidate genes that were identified for panicle length
were putative gypsy-type retrotransposon protein, BOI-
related E3 ubiquitin-protein ligase 1-like, retrotranspo-
son protein (putative Tyl-copia subclass), putative serine/
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a DeltaK = mean(|L"(K)|) / sd(L(K))
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Fig.4 Two sub-populations of the proso millet population deter-
mined by STRUCTURE algorithm. a DeltaK output from structure
Harvester showing the likelihood of each K clusters (K=2 to K=9).
b A bar vertical diagram depicting degrees of admixture of the geno-

threonine-protein kinase, and U-box domain-containing
protein 26-like. For 100-grain weight, nine candidate
genes, namely putative xyloglucan endotransglucosylase/
hydrolase protein 27, chloroplast sensor kinase (chlo-
roplastic isoform X1), ribulose-1,5-bisphosphate car-
boxylase/oxygenase small subunit, ethylene-responsive
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B Cluster 1
[ Cluster 2

types to the two most probable clusters identified. Each bar represents
a genotype. The label above the respective bars shows the country of
origin. Cluster 1 and Cluster 2 are represented by red and blue colors,
respectively

transcription factor 1-like isoform X3, putative pectin
methylesterase, heavy metal-associated isoprenylated
plant protein 26, BTB/POZ domain-containing protein,
glycine-rich protein 2-like, and receptor-like serine/thre-
onine-protein kinase SD1-8, were identified for the six
SNPs.
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Fig.5 Manhattan and Q-Q plots illustrating significant marker-traits
associations (MTAs) for heading date, internode number, lodging,
panicle length and 100-grain weight. The solid horizontal line in the
Manhattan plot represents the Bonferroni-adjusted threshold for a

genome-wide significant p-value of 0.05, and the dotted line depicts
the suggestive significant p value (1.0 x 107), respectively. The Q-Q
plots show the association model fitting for the respective traits
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Table 2 Su.mmary. Of_ the twenty Trait Chromosome SNP position SNP Name p value MAF* Effect PVEP

marker—trait associations %)

(MTA:G) for the five traits

detected in the study Heading date 13 45853,511  pm_chrl3_hd 253E-06 048 —221  17.59
Heading date 15 27,130,172 pm_chrl5_hd 4.02E-08 0.18 2.69 12.53
Heading date 18 24,431,867 pm_chrl8_hd 1.31E-07 0.45 2.65 7.95
Internode number 11 21,766,018 pm_chrll_in  1.24E-07 0.08 0.40 4.49
Internode number 13 45,853,511 pm_chrl3_in 5.9E-14 0.48 —-0.50 14.27
Internode number 16 18,258,650 pm_chrl6_in  1.76E-07 0.18 0.39 19.17
Internode number 4 24,755,372 pm_chr4_in 3.89E-06 0.06 0.38 20.74
Lodging 1 16,829,949  pm_chrl_ldg 1.2E-09 0.13 —723.05 28.40
Lodging 17 4,081,677  pm_chrl7_ldg 5.85E-07 033 —-31233 4.06
Lodging 25,406,308  pm_chr4_ldg 2.94E-08 030 —640.67 16.20
Lodging 7 1,522,867  pm_chr7_ldg 1.55E-06 0.22  453.36 3.35
Panicle length 42,020,279  pm_chrl_pl 1.17E-06 0.10 —1.74 5.16
Panicle length 11 25,634,128  pm_chrll_pl 1.52E-06 0.10 1.41 0.00
Panicle length 12 30,054,767  pm_chrl2_pl 1.56E-06 0.11 1.75 30.56
100-grain weight 1 7,031,435  pm_chrl_gw  2.64E-07 0.10 —0.03 24.89
100-grain weight 11 48,583,791  pm_chrll_gw 8.59E-08 0.07 —0.04 0.41
100-grain weight 15 38,603,574  pm_chrl5_gw 8.15E-09 0.49 0.02 2.87
100-grain weight 16 31,556,910  pm_chrl6_gw 7.27E-11 0.07 —0.08 22.90
100-grain weight 34,166,520  pm_chr6_gw  9.79E-08 0.14  0.03 2.94
100-grain weight 9 5,057,980  pm_chr9_gw  2.06E-09 0.08 —0.05 15.92

“MAF Minor allele frequency

®PVE Phenotypic variance explained

Discussion
Phenotypic variation and trait correlations

To improve the yield, studying the morpho-agronomic traits
is very important for proso millet breeding. In this pilot
GWAS study, we used 71 diverse genotypes belonging to
23 different countries across the world. Phenotypic evalua-
tion for the five traits revealed large phenotypic diversity in
the population. A wide range of phenotypic values for all the
traits was evident in this study. ANOVA showed significant
differences (p <0.05) among the genotypes for the five traits
across environments (Table 1). The phenotypic trait correla-
tions among all the five traits indicated that late maturing
lines exhibited longer panicle length and a greater number of
internodes, but they are also prone to higher lodging of the
plants at harvest and, thus, lower grain yield (Fig. 1). These
correlations indicated the cumulative effect of the traits
under the study on the yield of proso millet. Notably, the
yield component 100-grain weight was negatively correlated
with the other four traits. Grain yield and its yield compo-
nents, such as 100-grain weight, are very complex traits and
are controlled by multiple genes. The negative correlations
of 100-grain weight with heading date and internode number
indicate that although early heading/maturity is a desirable
trait in proso millet, there will be some practical limitations
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in selecting for both these traits at the same time because
of their negative correlation. Besides, the results illustrated
the expected gains and trade-offs while selecting genotypes
for multiple traits.

Population size

Although many published GWAS reports were conducted
on a large population (> 100), it is reasonable to carry out
association studies in a smaller population if the genotypes
are genetically diverse to identify MTAs for developing
superior cultivars with desirable characteristics (Soumya
et al. 2021). The goal of our study was to carry out a pilot
GWAS for five major morpho-agronomic traits using the
proso millet genotypes, highly adapted to the High Plains
of the US, the place of 95% proso millet acreage of the US.
We grew all 109 genotypes of the core collection developed
from ~ 700 genotypes of the USDA germplasm maintained
at the USDA North Central Regional Plant Introduction Sta-
tion (NCRPIS), Ames, Iowa (Table S1). However, ~35% of
the genotypes remained in the vegetative stage or did not
reach maturity to produce seed to get full sets of data. The
failed genotypes were exotic lines, and it is likely that they
need different growing degree days (GDDs). This could also
be attributable to the erratic weather patterns in this region
(abnormally hotter or colder days, low rainfall, early frost,
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Table 3 Putative candidate genes for the five morph-agronomic traits identified using the genomic locations of the twenty marker—trait associa-

tions (MTAS)

Trait Chromosome  SNP position ~ SNP name Candidate gene

Heading date 13 45,853,511 pm_chrl3_hd  Transmembrane 9 superfamily member 9-like

Heading date 15 27,130,172 pm_chrl5_hd  Kinesin KP1

Heading date 15 27,130,172 pm_chrl5_hd  Pentatricopeptide repeat-containing protein

Heading date 18 24,431,867 pm_chrl8_hd  Exodeoxyribonuclease V

Heading date 18 24,431,867 pm_chr18_hd  Pentatricopeptide repeat-containing protein

Internode number 11 21,766,018 pm_chrll_in Photosynthetic NDH subunit of lumenal location 2 (chloroplastic)
Internode number 13 45,853,511 pm_chrl3_in Putative protein S-acyltransferase 19

Internode number 16 18,258,650 pm_chrl6_in Transcription factor FER-like iron deficiency induced transcription factor
Internode number 16 18,258,650 pm_chrl6_in 60S ribosomal protein 137a

Internode number 4 24,755,372 pm_chrd_in Potassium transporter 23

Lodging 16,829,949 pm_chrl_Ildg  Phospholipase D gamma 1-like

Lodging 17 4,081,677 pm_chrl7_ldg SWI/SNF complex subunit SWI3C-like

Lodging 4 25,406,308 pm_chrd_Ildg  Hexuronate transporter-like

Lodging 4 25,406,308 pm_chrd_Ildg =~ MNDl-interacting protein 1

Lodging 7 1,522,867 pm_chr7_ldg  Leucine-rich repeat extensin-like protein 2

Panicle length 1 42,020,279 pm_chrl_pl Putative gypsy-type retrotransposon protein

Panicle length 11 25,634,128 pm_chrll_pl  BOlI-related E3 ubiquitin-protein ligase 1-like

Panicle length 11 25,634,128 pm_chrll_pl  Retrotransposon protein (putative Tyl-copia subclass)

Panicle length 12 30,054,767 pm_chrl2_pl Putative serine/threonine-protein kinase

Panicle length 12 30,054,767 pm_chrl2_pl  U-box domain-containing protein 26-like

100-grain weight 1 7,031,435 pm_chrl_gw Putative xyloglucan endotransglucosylase/hydrolase protein 27
100-grain weight 11 48,583,791 pm_chrll_gw Heavy metal-associated isoprenylated plant protein 26

100-grain weight 15 38,603,574 pm_chrl5_gw BTB/POZ domain-containing protein

100-grain weight 16 31,556,910 pm_chrl6_gw  Glycine-rich protein 2-like

100-grain weight 16 31,556,910 pm_chrl6_gw  Receptor-like serine/threonine-protein kinase SD1-8

100-grain weight 6 34,166,520 pm_chr6_gw Chloroplast sensor kinase, chloroplastic isoform X1

100-grain weight 6 34,166,520 pm_chr6_gw Ribulose-1,5-bisphosphate carboxylase/oxygenase small subunit
100-grain weight 9 5,057,980 pm_chr9_gw Ethylene-responsive transcription factor 1-like isoform X3
100-grain weight 9 5,057,980 pm_chr9_gw Putative pectin methylesterase

etc.) and large genotypic variations in terms of morphologi-
cal traits such as plant height, flowering, total biomass, har-
vest index, and days to maturity, to name the few (Calamai
et al. 2020). A wide range of variability in GDD require-
ments for flower initiation and maturity has been reported in
proso millet (Lyon et al. 2008; Calamai et al. 2020). Calamai
and co-workers observed that the late-flowering proso mil-
let lines with higher cumulative GDD requirements could
potentially produce a higher yield than early- and medium-
flowering genotypes owing to the longest growing cycle,
which allowed for higher grain yield and total biomass accu-
mulation. Having said that, a longer growing cycle does not
always translate into higher yield as the late-maturing geno-
types are more prone to water stress during flowering and
grain filling compared to the early- and medium-maturing
ones (Eric et al. 2016). This is true, especially in western
Nebraska where extremely late-flowering genotypes encoun-
ter frost during the grain fill period, which could severely

affect grain yield. The inclusion of such genotypes in the
study would lead to inaccurate estimates of yield-related
traits and thus result in spurious associations between traits
and genetic variants. Therefore, these unadapted and very
later-maturing genotypes were dropped from the study.
The core idea of the current investigation was to identify
SNPs that could potentially be used for future genomics-
assisted breeding for developing new cultivars for the High
Plains of the US. Therefore, we carried out GWAS using
high-quality and replicable phenotypic and genotypic data
of 71 regionally adapted genotypes originating from 23 dif-
ferent countries of the world. In the context of the current
study, regionally adapted genotypes of proso millet are those
adapted to the semi-arid climate of the High Plains of the
USA and complete their life cycle within a short growing
season to produce considerable yield. The only published
report on GWAS in proso millet utilized a core collection
comprising 88 regionally adapted genotypes to detect MTAs
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for several agronomic and seed traits (Boukail et al. 2021).
There are reports of GWAS conducted in other millets using
populations containing less than 100 genotypes. Diack and
colleagues used a core collection consisting of 60 early-
flowering and 31 late-flowering morphotypes (91 in total) of
pearl millet for performing GWAS to detect SNPs associated
with four yield-related traits (Diack et al. 2020). In foxtail
millet, Jaiswal and co-workers identified MTAs associated
with ten nutritional traits using a mini-core collection com-
prising 93 diverse accessions (Jaiswal et al. 2019a). Pub-
lished reports on GWAS using relatively smaller populations
are available in several other crops as well (Ma et al. 2018;
Rohilla et al. 2020; Soumya et al. 2021).

GWAS using FarmCPU

The phenotypic data were analyzed for GWAS along with
the genotypic data (SNPs) and covariates (Q matrix) using
the FarmCPU method implemented in the 'GAPIT3' pack-
age in R. All the twenty MTAs identified in our analysis
were below the stringent Bonferroni-adjusted p value thresh-
old. Furthermore, the MTAs were observed to have sub-
stantial effects on their respective traits. For example, the
minor allele of the MTA for panicle length on chromosome
12 influenced the trait value by 1.75 cm. That MTA also
explained 30.56% of the phenotypic variance observed in
the trait. Similarly, the MTA for lodging on chromosome 1
affected the lodging score by 723.05 with a PVE of 28.40%
(Table 2). These observations suggest that the SNPs associ-
ated with the traits greatly influence the overall variation
observed in the population. Additionally, we identified
twenty-nine candidate genes that are associated with the
twenty significant SNPs. We could not compare our results
with the only published article on GWAS in proso millet by
Boukail and coworkers (2021), as the morpho-agronomic
traits we investigated differed from Boukail et al. (2021).
In recent years, several models including FarmCPU have
been put forward by different researchers to account for
population stratification without compromising the power
to detect significant marker—trait associations. FarmCPU,
one of the most commonly used models in recent studies,
is a multi-locus approach that uses both fixed-effect and
random-effect models to identify true SNP markers associ-
ated with a trait of interest (Liu et al. 2016b). The Farm-
CPU model was used in numerous recent GWAS of various
crops, such as rice (Miao et al. 2019; Bollinedi et al. 2020),
wheat (Alemu et al. 2021), maize (Miao et al. 2019; Kaler
et al. 2020; Mural et al. 2022), soybean (Kaler et al. 2020;
Yan et al. 2021), sorghum (Enyew et al. 2022; Ramalingam
et al. 2023), and proso millet (Boukail et al. 2021). We tested
the FarmCPU model on two traits and observed no false
positives based on QQ plots. Therefore, we decided to use
FarmCPU for conducting GWAS for all five traits (Fig. 5).
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Q matrix as a covariate

Population structure analysis via Structure analysis identified
two major clusters (subpopulations) among the 71 genotypes
used in our study (Fig. 4). Most of the Asian lines, predomi-
nantly from India and Turkey, except the Chinese lines, were
in Cluster 1. Cluster 2 consisted mostly of the lines from the
USA except Turghai, Cerise, and Crown (all three with flax
type of panicle). Most of the lines from North America (USA
and Canada) exhibited closer ancestry to the lines belong-
ing to China and Europe. We also observed that the US lines
exhibited different levels of admixture in the structure analysis.
Vetriventhan and Upadhayay (2018) evaluated the phenotypic
diversity for morph-agronomic and grain nutritional traits of
a diverse proso millet population. They also identified two
primary clusters using an unweighted neighbor-joining tree
based on Gower phenotypic distance. Similar to our observa-
tion, most of the Asian lines were included in one cluster and
the lines from the Americas and Europe were grouped into
the other cluster. Their findings suggested that the apparent
diversity observed in the population was structured primarily
by geographical origins (Vetriventhan and Upadhyaya 2018).
We decided to use the Q matrix of the population structure as
a covariate in our GWAS to avoid false discovery of MTAs,
as it aptly represents the stratification within our proso millet
population.

We would like to point out that principal component analy-
sis (PCA) is preferred as a measure of population structure
over the Q matrix as covariates for GWAS. The primary reason
is that running the STRUCTURE algorithm is a very compu-
tationally intensive and time-consuming process (Zhao et al.
2005; Kaler et al. 2020). The analysis may take several days to
complete, especially when the data set is large. For that reason,
Price et al. (2006) recommended the use of PCA instead of Q
matrix as covariates to detect genome-wide stratification and
avoid identification of spurious associations (Price et al. 2006).
Q matrix and PCA reportedly have similar power to detect
the association between a marker and a corresponding trait
when used in a mixed-model approach combined with kinship
estimates (Zhao et al. 2005). Since we already employed the
STRUCTURE algorithm to identify the population structure in
our population, we decided to use the Q matrix for identifying
true MTAs in our study. We conducted an additional GWAS
for heading date and 100-grain weight using the first two PCs
to compare the results we obtained using the Q matrix. The
results from both approaches were very similar (not reported).

Conclusion

The genetic improvement of proso millet is impeded by the
narrow genetic base of the very few commonly cultivated
varieties. There is an urgent need to evaluate the proso
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millet germplasm to identify new potential parents for the
introgression of beneficial alleles into the existing gene
pool for variety development. Proso millet breeding for
developing high-yielding varieties more efficiently would
require more robust approaches that integrate molecular
breeding tools into the conventional breeding pipelines.
However, compared to the major crops, there is a dearth
of molecular resources in proso millet. Keeping that in
mind, we conducted the pilot-scale GWAS in an attempt
to leverage the genetically diverse proso millet core col-
lection, advances in the genotyping methodology, higher
computational capabilities, and robust and reliable statis-
tical methods to explore the genetic architecture of the
five major morpho-agronomic traits. Molecular markers
developed from these gene sequences could be used for
marker-assisted selection (MAS) in proso millet breeding
programs. Further evaluation of different genetic back-
grounds to uncover MTAs associated with other impor-
tant agronomic traits would generate sufficient resources
to implement genomics-assisted breeding in proso millet
genetic improvement. The SNPs associated with the phe-
notypic traits identified in this study could be a founda-
tional resource for genomic selection-based breeding of
proso millet. The putative candidate genes can be used in
map-based closing of the gene in future studies to under-
stand the genetic basis of the phenotype.
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