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of Plant Agriculture, University of Guelph, Guelph, ON, Canada

Increasing the understanding genetic basis of the variability in root system architecture
(RSA) is essential to improve resource-use efficiency in agriculture systems and
to develop climate-resilient crop cultivars. Roots being underground, their direct
observation and detailed characterization are challenging. Here, were characterized
twelve RSA-related traits in a panel of 137 early maturing soybean lines (Canadian
soybean core collection) using rhizoboxes and two-dimensional imaging. Significant
phenotypic variation (P < 0.001) was observed among these lines for different
RSA-related traits. This panel was genotyped with 2.18 million genome-wide single-
nucleotide polymorphisms (SNPs) using a combination of genotyping-by-sequencing
and whole-genome sequencing. A total of 10 quantitative trait locus (QTL) regions
were detected for root total length and primary root diameter through a comprehensive
genome-wide association study. These QTL regions explained from 15 to 25% of the
phenotypic variation and contained two putative candidate genes with homology to
genes previously reported to play a role in RSA in other species. These genes can serve
to accelerate future efforts aimed to dissect genetic architecture of RSA and breed more
resilient varieties.

Keywords: candidate gene, genome-wide association, phenotypic variation, resilient varieties, rhizoboxes, root
system architecture, single-nucleotide polymorphism

INTRODUCTION

The root system plays an important role in the acquisition of essential macro and micronutrients
and water from the soil and ensures the anchorage of plants (Zhu et al., 2010; Postma et al.,
2014; Kochian, 2017; Robinson et al., 2018). Because roots are underground and are so difficult
to observe, a little attention has been paid to plant root systems in selection and breeding program.
It has been shown that depending on soil composition, the competition in resources capacity
(mobile and immobile nutrients, water) can be affected by the shape and spatial configuration
of the plant root system known as root system architecture (RSA) (Fitter, 1987; Lynch, 1995;
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Kochian, 2017). As consequence, many studies showed that RSA
was closely correlated with plant yield (Mutava et al., 2015; Liu
et al., 2018; Voss-Fels et al., 2018). In recent years, breeders were
conscious of the importance of RSA and investigated to better
understand the genetic basis of its variation in plant crops.

The RSA is essentially modulated by the growth inhibition of
primary root and lateral roots. It can be also modulated by the
formation of adventitious roots and root hairs (Malamy, 2005;
Waidmann et al., 2020). Therefore, it is generally characterized
by measuring numerical variables that describe the size and
abundance of components of the root system (e.g., length of roots,
number of lateral root number, diameter of roots etc.). However,
other measured variables focus on root system structure such as
the type and angle of connection between roots (Hodge et al.,
2009). The quantification of these RSA-related traits is a greatest
challenge faced by research. Previously, roots were extracted
and washed to remove the soil for trait measures, such as the
destructive technique known as “shovelomics” (Trachsel et al.,
2011). More recently, a considerable number of root phenotype
approaches in situ have been developed.

These approaches known as non-destructive techniques are
generally relied on rhizoboxes, transparent enclosures allowing
the study of root system development in two-dimensional
(2D) using different substrates such as soil or vermiculite
(Trachsel et al, 2011). In contrast, soil-free techniques such
as hydroponics (Hargreaves et al., 2009; Ayalew et al., 2018;
Beyer et al., 2019), aeroponics (Osvald et al, 2001; Lakhiar
et al., 2018; Selvaraj et al, 2019), gel plates (Wojciechowski
et al., 2009), and growth pouches (Hund et al, 2009; Adu
et al., 2014; Adeleke et al., 2019) are used for a better contrast
between roots and substrate. Plant RSA is a three-dimensional
(3D) structure and phenotyping systems in 2D are limited
to quantify all RSA component features. However, new 3D
RSA phenotyping is currently developed using sophisticated
tomographic techniques such as magnetic resonance imaging
(MRI, Jahnke et al., 2009), positron emission tomography (PET,
Garbout et al., 2012) X-ray computed tomography (X-ray CT,
Mooney et al., 2012; Rogers et al., 2016). Despite the advantages
of these approaches in capturing an undisturbed 3D view of the
RSA, the phenotyping of a large population remains extremely
demanding both in time and cost. These new advances in RSA
phenotyping development constitute an important step for genes
related to RSA identification.

During the last year, genome-wide association studies
(GWAS) provide a power tool for the identification of genes
controlling the complex phenotypes such as RSA-related traits
(Famoso et al,, 2011; Huang et al., 2012; Courtois et al., 2013;
Torkamaneh et al., 2020). In Arabidopsis, Meijon et al. (2014)
employed GWAS method, using an agar plate phenotyping
method, to identify a gene regulating the length of root meristem
and taproot. In rice, DEEPER ROOTING 1 (DROI), an RSA-
related gene that controls root growth angle was identified using
a 2D phenotyping system in a rhizotron (Uga et al, 2013).
Introducing the deep rooting allele at DROI into a cultivar rice
having shallow roots resulted in a drought tolerance progeny
maintaining high yield under water stress (Uga et al., 2013).
A GWAS study in rice (Kadam et al., 2017) has also enabled

the identification of a SCARECROW/SHORTROOT gene, an
ortholog of an Arabidopsis gene shown to affect root architecture
(Benfey et al., 1993). This rice gene was reported to increase
tolerance to a water-deficit stress.

Soybean has many attributes that make it “super crop.” It
constitutes an importance source of protein for food and feed.
The content of the latter ranged between 38 and 44% of the
total dry weight of the seed (Bilyeu et al., 2016). Soybean plant
is also an attractive crop due to its ability to fix, with the
help of diazotrophic bacteria (rhizobacteria), the atmospheric
nitrogen. This leads to a reduction of nitrogen fertilizers uses
and adventitious presence, increasing a sustainable agricultural
system (Peoples et al., 1995; Herridge et al., 2008; van Hameren
etal.,, 2013). In soybean, mapping of quantitative trait loci (QTL)
has enabled the identification of numerous RSA-related traits
(Abdel-Haleem et al., 2011; Brensha et al., 2012; Prince et al,,
2015). Despite this, there are still too few studies that underly
genes within QTL associated with RSA (Brensha et al., 2012;
Manavalan et al., 2015; Prince et al., 2015, 2019). However,
there is a gap to fill in soybean root literature particularly in
the identification and alleles involved in the biological processes
and effects on RSA.

Here, a core set of 137 soybean lines that representative
of Canadian short-season soybean was phenotyped for RSA-
related traits in rhizoboxes. We carried out a GWAS using
a catalog of 2.18M SNPs obtained from a combined dataset
resulting from both genotyping by sequencing (GBS) and whole-
genome sequencing (WGS) to dissect the genetic basis of RSA
in soybean.

MATERIALS AND METHODS

Plant Material and Root System
Architecture Phenotyping

A set of 137 lines representative of the extent of genetic
diversity among short-session soybeans in Canada was used
(Supplementary Table 1). Although they range between maturity
groups II to 000, most of these belong to MG 0 (Sonah et al,
2015). The soybean seeds (5 for each line) were germinated
in Petri dishes (100 mm x 15 mm, standard size) filled
with fine vermiculite (0-2 mm). Each germinated plant (3
replicates per line) was then transplanted into a custom-
designed rhizobox (40.6 (L) x 254 (W) x 1.5 (H) cm;
see Supplementary Figure 1). Each rhizobox was filled with
stained vermiculite using methylene blue (1.5 g/100 mL) in
order to increase the contrast between the root system and
the vermiculite. To maintain roots in the dark, the rhizoboxes
were covered with white paper. Rhizoboxes were kept at a
45° angle in a greenhouse (26/20°C and 16/8 h day/night) at
Université Laval (Supplementary Figure 2). Plants were watered
with a mix of minerals and water (Supplementary Table 2).
A detailed description of the phenotyping process is illustrated
in Supplementary Figure 2. After 10 days of growth, the upper
sheet of acrylamide was removed to expose the roots. The root
images were taken using a NIKON D3000 camera installed on a
tripod maintaining a fixed distance of 35 cm (between the camera
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and roots). We used the Automatic Root Image Analysis (ARIA)
(Pace et al., 2014) software to extract phenotypic data from the
images (Supplementary Figure 3). In total, 12 different RSA-
related traits were measured from each 2D image including;: total
length of roots (TLR), length of primary root (LPR), length of
secondary roots (LSR), distribution of total root length (DTLR),
total number of roots (TNR), median number of roots (Med),
maximum number of roots (Max), depth of root system (DRS),
width of root system (WRS), surface of root system (SRS),
diameter of primary root (DR), surface area of primary root
(SAR). A detailed description of these traits measured by ARIA
can be found in Supplementary Table 3. Statistical analysis of
the phenotypic data, including analysis of variance (ANOVA),
frequency distributions and Pearson correlations, of RSA-related
trait was performed using R 3.5'.

Genotyping Data

Genotyping of this population was performed through a hybrid
approach combining genotyping by sequencing (GBS) and
whole-genome sequencing (WGS). In brief, all 137 soybean lines
were genotyped through a GBS protocol based on digestion with
ApeKI (Elshire et al., 2011; Sonah et al., 2013). The SNPs were
called using the Fast-GBS pipeline (Torkamaneh et al., 2017)
and aligned against the soybean Williams 82 reference genome
(Gmax_275_Wm82.a2.vl) (Schmutz et al., 2010). Genotypes
were called using a minimal read depth of 2 and loci with
less than 80% missing data. These resulted in a catalog of
56K SNPs. Imputation of missing data was first performed
on this catalog of 56K GBS-derived SNPs using BEAGLE v4.1
(Browning and Browning, 2016). We then used a reference
panel (4.3M SNPs derived from the WGS of 102 Canadian
elite soybean lines; Torkamaneh et al, 2018) to impute all
missing loci onto the initial catalog of GBS-derived SNPs, again
using BEAGLE v4.1 (Browning and Browning, 2016). Among
these 102 resequenced lines, 56 were in common with the
association panel described above (i.e., >40% overlap). After
imputation of missing loci, VCFtools (Danecek et al., 2011)
was used to retain SNPs with a minor allele frequency (MAF)
>0.05 and heterozygosity <0.1, thus producing a catalog of
2.18M SNPs.

Population Structure and Relatedness

In this catalog of 2.18M SNPs, we performed LD-based
pruning (r* > 0.5) with PLINK (Purcell et al., 2007), to
obtain a reduced but uniformly distributed set of 14K
markers. The algorithm fastSTRUCTURE (Raj et al, 2014)
was used to characterize population structure with the
number of tested subpopulations (K) ranging from 1 to 13
and 3 independent runs of runs of each. A python script
(“choseek.py”) was used to determine the most likely K value
based on the rate of change in LnP between successive K
values. To better support the number of subpopulations, we
also built a consensus phylogenetic tree (2,000 replicates)
using maximum likelihood method based on the Tamura-
Nei model implemented in MEGA7 (Kumar et al., 2016)

Uhttps://cran.r-project.org/bin/windows/base/old/3.5.0/

and performed a principal component analysis (PCA)
using GAPIT (Lipka et al, 2012). To determine relatedness
among individuals, a kinship matrix was calculated using
the efficient mixed-model association (EMMA) method
(Kang et al., 2008).

Genome-Wide Association Analysis on
Traits Related to Root System

Architecture

GWAS analysis was performed on the full set of filtered
WGS-derived markers (2.18M SNPs) using the FarmCPU
algorithm (Liu et al., 2016) implemented in the rMVP package
on Microsoft Open R?. To reduce false-positive signals, we
included the population of structure matrix (Q) and a Kinship
matrix (K) as covariates. A genome-wide significance threshold
<0.05 was used to declare significant associations using the
false discovery rate (FDR) test of Benjamini and Hochberg
(1995). The proportion of phenotypic variance explained by
a most significant marker SNP associated was also calculated
(Teslovich et al., 2010).

Candidate Gene Identification

We used a systematic analytical process to identify candidate
genes for RSA-related traits. First, we measured LD (D’) between
the peak SNP and all markers located within a 2-Mb window
(I-Mb on each side) using PLINK (Purcell et al., 2007). The
region of interest was defined as extending from the left-and
rightmost markers in high LD (D’ > 0.85) with the peak SNP.
Genes residing within such haplotype blocks were extracted
from Soybase (Grant et al, 2010). We then focused on genes
annotated as being involved in root development using gene
ontology (GO) terms. In order to provide more information
about potential candidate genes, the “Gene expression and
protein tools” (ePlant’) for soybeans was used to visualize
the expression in tissue related to RSA (e.g., roots, root
hair, root tip, nodule etc.) [based on the transcriptomic data
of Waese et al. (2017)].

Torkamaneh et al. (2018) reported an extensive catalog
which included genetic variations established from the
WGS data available for a subset of 56 soybean lines. We
inspected this catalog to determine if structural or nucleotide
variation (within and overlapping the candidate gene) could be
causal variants. The predict impact of the nucleotide variants
located within genic regions were examined using SnpEff
(Cingolani et al., 2012).

RESULTS

Phenotypic Variation of Root System

Architecture Traits in Soybean

Wide and significant phenotypic variation was observed among
the 137 lines for all RSA-related traits (Table 1). Low coeflicients
of variation (CV), ranging from 0.1 to 12.1%, were detected

Zhttp://bar.utoronto.ca/eplant/
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TABLE 1 | Summary statistics of the twelve RSA-related traits in the collection of 137 soybean lines.

Traits (unit)? Mean + SE? Range Max/Min CV (%)° Significance?
TLR (cm) 102.3 + 4.4 20.0-531.7 26.6 6.4 e
LPR (cm) 13.4 +£ 0.5 6.5-19.9 3.1 4.9 x
LSR (cm) 87.7 £ 3.9 3.3-512.2 155.2 5.3 e
DTLR (cm/cm) 0.9+ 0.1 0.2-2.3 1.5 3.7 e
TNR (#) 59.0+£0.7 23.0-123.0 5.3 2.2 x
Med (#) 6.6 +0.3 0.7-15.7 22.4 121 o
Max (#) 20.0+0.3 7.0-34.9 5.0 6.3 o
DRS (cm) 10.8 £ 0.5 7.4-15.9 2.1 4.8 x
WRS (cm) 88+0.7 4.8-14.1 2.9 9.3 o
SRS (ch) 60.9 + 14.0 15.6-105.7 6.8 0.1 N.S.
DR (cm) 0.128 £ 0.0 0.117-0.132 1.2 1.4 e
SAR (om2) 126.3 £ 1.7 20.4-209.7 10.3 0.3 o

aTotal length of roots (TLR), length of primary root (LPR), length of secondary roots (LSR), distribution of total root length (DTLR), total number of roots (TNR), median
number of roots (Med), maximum number of roots (Max), depth of root system (DRS), width of root system (WRS), surface of root system (SRS), diameter of primary

roots (DR), surface area of primary root (SAR).
bStandard error (SE).

CCoefficient of variation (CV) between replicates.
9dSignificance levels of P-values derived from the ANOVA.
***Indicates a P-value < 0.001, N.S., not significant.

among different replications for all RSA-related traits, indicating
a high level of reproduciblity of the phenotypic data. Analysis
of variance (ANOVA) showed that genotypes are the main
source of variation (P < 0.001) (Supplementary Table 4).
In general, all RSA-related traits followed normal distribution
(Shapiro-Wilk test, p-value = 0.32) (Figure 1, Supplementary
Table 5). Many significant correlations were observed between
the 12 traits measured (Figure 1) and three groups of very
tightly correlated traits were found (based on r > 0.65,
P < 0.0001). In the first group, we observed that TLR was
highly correlated with four other traits: LSR (r = 0.99), DTLR
(r = 0.93), DRS (r = 0.84) and SAR (r = 0.78). In a second
case, WRS was also found to be highly correlated with SRS
(r = 0.97). In the last group, Med was also correlated with
Max (r = 0.68). In all of these cases, the most frequently
measured RSA-related trait (TLR, WRS and Max) was kept
as it was deemed redundant to perform GWAS on all highly
correlated traits. Finally, the three remaining traits (LPR, TNR
and DR) were not highly correlated to another trait and were each
retained for the GWAS.

Genotyping Data and Population
Structure

To achieve a dense and exhaustive coverage of the genome, we
used a dual genotyping approach combining both GBS and WGS.
In a first step, the entire panel was characterized via 56K GBS-
derived SNPs. A Canadian soybean reference panel (102 lines,
of which 56 were also present in the association panel) of 4.3M
WGS-derived SNPs was used to perform imputation of untyped
loci in the first catalog. This led to a final catalog of 2.18M
SNPs (MAF > 0.05) for a mean density of 1 SNP every 435 bp
across the genome.

To characterize population, a subset of 14K LD-pruned
SNPs was used. The estimates of the optimum number of

subpopulaions (K) ranged between 6 and 9 and trivial differences
were observed between these estimates. A phylogenetic tree
constructed with the same subset of markers showed seven
main branches with bootstrap values >50% (Supplementary
Figure 5). Similarly, the total variance explained by each
principal component (PC) varied between PC1 to PC7. But
after PC7, this variance continued to be low and stable.
Finally, these results suggested K = 7 as a good estimate

TLR 0.07 1.00 0.98 0.31 -0.17 -0.00 0.84 0.39 0.41 -0.03 0.78
NS LPR 0.05 0.16 0.13 -0.01 0.07 0.23 0.19 0.19 0.02 0.25
=+ NS LSR 0.92 0.30 -0.17 -0.00 0.83 0.39 0.41 -0.03 0.78
#ee« NS ===« DTRL 0.29 -0.14 -0.00 0.97 0.50 0.53 -0.01 0.94
NS +=+ == TNR
NS +« NS NS Med 0.68

NS NS NS NS

-0.02 0.15 0.26 0.22 0.23 -0.02 0.24

-0.11 -0.04 -0.03 0.14 -0.10
NS =+ Max -0.01 0.04 0.04 0.17 -0.02

#exr ax wwer wwee «o NS NS DRS 0.54 0.56 -0.02 0.98
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FIGURE 1 | Correlations among RSA-related traits for the 137 soybean lines.
Numbers above the diagonal correspond to Pearson’s correlation coefficients
(R). Green boxes highlight the values exceeding 0.65. Below the diagonal, we
show the degree of significance of the corresponding correlations between
traits (***P < 0.0001, **P < 0.001, **P < 0.01, *P < 0.05, and NS: not
significant). TLR, total length of roots; LPR, length of primary root; LSR, length
of secondary roots; DTLR, distribution of total root length; TNR, total number
of roots; Med, median number of roots; Max, maximum number of roots;
DRS, depth of root system; WRS, width of root system; SRS, surface of root
system; DR, diameter of primary root; SAR, surface area of primary root.
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of the number of subpopulations within this collection
(Supplementary Figure 6).

Genome-Wide Association of Root

System Architecture-Related Traits

GWAS analysis was performed for twelve RSA-related traits using
2.18M SNPs and the FarmCPU statistical model. To reduce false
positive, population structure (Q matrix) and Kinship (K matrix)
were incorporated as covariates. In total, 10 SNPs were detected
as significantly associated (p-value < 1.2e-7; FDR < 0.05) with
two RSA-related traits: TLR and DR (Figure 2). Each of these
identified a distinct QTL: 6 associated with TLR (qTLRI to
qTLR6) and 4 with DR (gDR1 to gDR4) (Table 2). The FDR values
associated with these peak SNPs ranged from 0.011 (¢qTLR5)
all the way to 2.2 x 10719 (gTLR2). While the MAF for three
QTLs (qTLR2, qTLR5 and qDR3) was below 0.1, for the seven
other QTLs, the MAF ranged between 0.13 and 0.42, such
that the estimation of allelic effects (27.7 to 118.4 cm for LTR;
0.018 to 0.037 mm for DR) of the latter QTLs is based on the
phenotype of a good number of accessions (>18). Finally, the
phenotypic variance explained (PVE) by these genomic regions
varied between 2 and 25% for both traits (TLR and DR). For the
four traits (LSR, DTLR, DRS and SAR) highly correlated with
TLR, the same six genomic regions were detected in a majority
of cases (Supplementary Tables 8, 9). No SNPs were detected
as significantly associated with the remaining traits (LPR, TNR,
Med, Max, WRS and SRS).

Root System Architecture-Related

Candidate Genes

To establish a list of candidate genes, regions of interest for
all 10 QTLs were defined as spanning from the leftmost to
the rightmost marker in high LD (D’ > 0.85) with the peak
SNP. All genes residing in whole or in part within one of
these ten regions of interest were extracted from SoyBase.
These haplotype blocks differed markedly in size, ranging from
as little as 1.8 kb (gDR2) to as much as 425 kb (qDR4)
(Supplementary Table 6). Surprisingly, the number of genes
per haplotype block was very low across all candidate regions,
ranging only between 1 and 3, as exemplified by gTLR2 for
which the haplotype block spanned 207 kb and yet contained a
single candidate gene located 24 kb upstream of the peak SNP
(Figure 3). The Supplementary Table 7 provides the complete
information of these genes including their annotations. On the
basis of their annotation and expression, we identified two strong
candidate genes, one each for TLR (Glyma.03g065700) and DR
(Glyma.07g096000) (Supplementary Figure 9). In the first case
(qTLR2), Glyma.07g096000 encodes a Scarecrow-like protein, a
putative transcription factor thought to be involved in root radial
patterning and root growth. In addition, transcriptomic data
showed that Glyma.03g065700 was mainly expressed in roots.
As for the gDR2 QTL, the haplotype block spanned 1.8 kb and
contained a gene (Glyma.07g096000) located 155 bp downstream
of the peak SNP (Supplementary Figure 9). This gene encodes an
associated receptor protein kinase, a protein thought to play a role
in root hair and root tip development. Transcriptomic data also
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FIGURE 2 | Manhattan plots of the genome-wide association results for (A) total length of roots (TLR) and (B) diameter of roots (DR). Negative log1o (P-values)
(v-axis) describing the strength of the association between each marker and trait are plotted against the physical position of each marker (x-axis). The green
horizontal line indicates the significance threshold (FDR = 5%) and significant associations are colored in red.
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TABLE 2 | List of quantitative trait loci (QTL) associated with total length of roots (TLR) and diameter of roots (DR) identified in this study.

Trait Chr MSS? position (bp) QTL ID FDR? MSS MAF° Effect PVEY
TLR (cm) 01 39,473,722 qTLR1 1.3e-2 0.35 118.4 0.21
03 11,872,785 qTLR2 2.2e-10 0.09 97.9 0.15
03 26,421,602 qTLR3 7.2e-4 0.18 58.5 0.12
10 33,249,968 qTLR4 1.3e-2 0.22 65.6 0.11
18 15,820,143 qTLR5 1.1e-2 0.07 27.7 0.02
19 12,124,915 qTLR6 9.1e-5 0.35 96.6 0.14
DR (mm) 06 3,828,365 qDR1 2.56-6 0.42 0.021 0.15
07 8,991,589 qDR2 11e-7 0.21 0.023 0.25
13 5,944,486 qDR3 5.7e-7 0.09 0.018 0.18
18 33,584,142 qDR4 2.8e-4 0.13 0.037 0.20
aMost significant SNP

bFDR-adjusted p-value.
SMinor allele frequency.
9Proportion of variation explained by the most significant associated SNP

showed that Glyma.07g096000 was mainly expressed in root hairs
and the root tip. For each of these two genes, only one nucleotide
variant (SNP) was identified as residing within the coding region
and, in each case, was predicted as showing a “low impact” on the
protein function.

As structural variants (mainly indels) are typically removed
(short indels, <50 bp) or not called (large indels, > 50 bp)
when producing SNP catalogs for GWAS, we explored the
possibility that structural variants located within these genes
could be responsible for the observed association with these
phenotypes. After examination of the WGS data for 56 of
the lines, we did not identify any indel either within or
overlapping with Glyma.03g065700 or Glyma.07g096000. As a
result, the phenotypic variation in RSA observed among the
137 lines was not likely due to a loss of function of these
candidate genes.

DISCUSSION

Significant Phenotypic Variation of Root
System Architecture-Related Traits in
Soybean

The existence of phenotypic variation within a germplasm pool is
necessary for plant breeders to make progress through selection.
In the work reported here, we used rhizoboxes to characterize
root systems in 2D. In soybean, different phenotyping tools have
been used for evaluation of RSA-related traits such as hydroponic
system (Liang et al., 2014) or a cone system (Manavalan et al.,
2015; Prince et al., 2015, 2019). A distinguishing feature of the
use of rhizoboxes is the fact that pictures of the roots system can
be taken without any need to first extract the root system from its
original growing medium (water or solid substrate).

In this study, the observed variation proved to be very large
with the ratio of the maximum: minimum ranging from as
little as 1.2:1 (DR) to over 150:1 (LSR) (Table 1) and most
traits showing a several-fold difference between minimum and
maximum. Such observations are in line with those made in the

course of previous work using different sets of germplasm and
phenotyping tools. For example, in this work, TLR showed a
26.6-fold difference between the accessions with the shortest and
longest root systems. A similarly wide variation for TLR (21.7-
fold difference) was reported in the work of Prince et al. (2015).
The trait showing the least variation in our work was DR. In
two previous studies, root diameter was also reported to vary in
a relatively narrow fashion in soybean (1.5 to 2-fold differences;
Prince et al., 2015, 2019).

Another characteristic of these phenotypes was their high
degree of reproducibility. Even with as few as three replicates,
coeflicients of variation were <10% in all but one case (Table 1).
This suggests that the device used to assess RSA traits (rhizobox)
provided a uniform environment and that many of these traits
exhibit a relatively high heritability. Again, this result is broadly
consistent with what has been in other RSA phenotyping system.
For example, in cones filled with turface and sand, Prince
et al. (2015) reported a high degree of reproducibility of RSA-
related traits, with coefficients of variation ranging from 1 to
7% (four replicates). However, in a hydroponic system, Liang
et al. (2014) reported noticeably higher coefficients of variation
ranging between 10 and 20%.

High and Significant Correlations Among

Root System Architecture-Related Traits

While the rhizobox and image analysis allowed us to measure
12 different RSA-related traits, we found that many of these
traits were highly and significantly correlated. We were able
to group the 12 measured traits into 3 groups of very highly
correlated (r > 0.65, P < 0.0001) traits (Figure 1). These
results are also in agreement with other reports in the literature.
For example, it has been observed that TLR showed a tight
correlation with LSR (r = 0.82, P < 0.01) (Prince et al., 2015).
This indicates that much of the length of the root system is
contributed by lateral roots at 10 days of growth. However,
some RSA-related traits did not show any correlation with others
in this study. This was the case for the DR trait. In soybean,
similarly, a previous study reported no correlation (r < 0.5
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FIGURE 3 | Identification of a candidate gene within the haplotype block
containing the peak SNP for gTLR2 on chromosome 3. (A) A regional
Manhattan plot (1Mb) representing marker-trait associations on chromosome
3. (B) Haplotype block including the peak SNP (Chr03: 11,872,785) and a
candidate gene (Glyma.03g065700) residing in this block.

in most cases) between root diameter and other root traits
(Prince et al., 2015, 2019).

Genome-Wide Association Using
Whole-Genome Data Revealed 10 QTLs

Controlling Root System Architecture

In this study, a GWAS was performed using an exhaustive
genome-wide set of SNPs (2.18M). To our knowledge, this
constitutes the largest marker dataset used to investigate RSA-
related traits in soybean. In previous work encompassing both
biparaental QTL mapping and GWAS, the number of markers
varied between 232 and 38,052 (Liang et al., 2014; Manavalan
et al.,, 2015; Prince et al., 2015, 2019). While a few hundred
markers may provide adequate coverage for a biparental QTL
map, the resolution is very limited with QTL regions typically
spanning many megabases of DNA and containing such a large
number of genes that identifying a candidate gene is challenging.
In GWAS studies, it is not likely that <40K SNPs will successfully
cover the entire genome and capture all haplotypes. As a
consequence, genes contributing to the phenotypic variation will

evade detection because no marker is in sufficient LD to capture
a significant marker-trait association.

Here, we uncovered a total of 10 genomic regions (QTLs)
contributing to the length and diameter of the roots. Similarly, in
arecent GWAS study on soybean landraces, the four QTL regions
detected were for the number of lateral roots and the thickness
of roots (Prince et al., 2019). We observed that majority of the
QTLs detected in our work had a moderate to small effect on the
phenotype, as has been reported in numerous previous studies of
RSA traits (Burton et al., 2014; Orman-Ligeza et al., 2014; Rogers
and Benfey, 2015).

Despite extensive marker coverage (2.18 M SNPs), a broad and
significant degree of phenotypic variation (Table 1) and the fact
that the genotype was found to be the most significant source of
this variation (Supplementary Figure 4), no significant marker-
trait association was found for six of the measured traits. Given
the large marker data set and small size of the association panel,
it seems unlikely that an insufficient LD between markers and the
causal variants is at play. The high degree of reproducibility of
the phenotypes (Table 1) and large portion of variance attributed
to the genotypes also exclude the hypothesis that the phenotypic
data were subject to a large imprecision or environmental effect
that could have precluded the identification of a genetic cause
to this variation. We cannot, however, exclude the possibility
that the underlying genetic determinants of this variation are
numerous, each of which makes too small a contribution to
be identified confidently. Alternatively, the causal variants may
be present at too low a frequency (<5%) and therefore evade
detection as markers with low minor allele frequency were not
retained. Finally, there could be epistatic interactions between
loci that preclude the identification of the individual loci.

Putative Candidate Genes for Root
System Architecture-Associated QTL

In this work, we considered genes to be candidate causal genes
if three conditions were met: (1) they were residing in the same
haplotype block containing the peak SNP associated with the
RSA-related trait (2) their GO annotation was suggestive of a
possible role in root development and (3) they were expressed
in at least one root-related tissue/organ such as roots, root hairs,
nodule, root tip etc. These are admittedly strict definitions as
these exclude, for example, cases where a causal gene is of
unknown function or where the causal variant is associated with
a regulatory region that need not be in close physical proximity
to the gene it controls. A complete list of all genes located in the
QTL regions surrounding the peak SNP have nonetheless been
provided in Supplementary Table 7.

At the gTLR2 locus, only one gene (Glyma.03g065700) was
located within the 207 kb haplotype block containing the peak
SNP associated with TLR. This gene is annotated as a putative
ortholog of the Arabidopsis SCARECROW (SCR)/SHORT-ROOT
(SHR) family of genes. The transcription factor SHR, in
Arabidopsis root, plays a key role in the activity of stem cell
and controls the transcription of SCR regulating the endodermal
specification. The mutations of these genes can be manifested
by phenotypes with short roots. Also, in rice, both OsSCRI and
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OsSHRI1 are known to control the division of the epidermis-
endodermis initial cells (Kamiya et al., 2003; Cui et al., 2007; Mai
etal.,, 2014; Henry et al., 2017).

A single gene (Glyma.07g096000) was located in gDR2
region associated with DR. This gene encodes a receptor-like
protein kinase (RLK) known to regulate plant root growth and
development in Arabidopsis (Shiu and Bleecker, 2001). The
homolog of Glyma.07g096000 in Arabidopsis shows no direct
effect on the diameter of the roots but plays in different aspects
in the development of roots in particularly root development and
root tip (Racolta et al., 2014; Wei and Li, 2018). Therefore, we
believe that this gene could also affect diameter of roots.

DATA AVAILABILITY STATEMENT

The original contributions presented in the study are publicly
available. This data can be found here: https://figshare.com/
s/2eb426e0bb988b19e6c¢a/https://doi.org/10.6084/m9.figshare.
12982886

AUTHOR CONTRIBUTIONS

DT and FB conceptualized the research project. WS conducted
the phenotyping and analyzed data. WS, DT, and FB interpreted
all phenotyping and genotyping data, wrote and approved the
manuscript.

REFERENCES

Abdel-Haleem, H., Lee, G. J., and Boerma, R. H. (2011). Identification of QTL
for Increased Fibrous Roots in Soybean. Theoret. Appl. Genet. 122, 935-946.
doi: 10.1007/500122-010-1500-9

Adeleke, E., Millas, R., McNeal, W., Faris, J., and Taheri, A. (2019). Assessing
Root System Architecture of Wheat Seedlings Using A High-Throughput Root
Phenotyping System. BioRxiv 2019:677955. doi: 10.1101/677955

Adu, M. O,, Chatot, A., Wiesel, L., Bennett, M. ], Broadley, M. R., White, P. ]., et al.
(2014). A Scanner System for High-Resolution Quantification of Variation in
Root Growth Dynamics of Brassica Rapa Genotypes. J. Exp. Bot. 65, 2039-2048.
doi: 10.1093/jxb/eru048

Ayalew, H., Liu, H., Bérner, A., Kobiljski, B., Liu, C., and Yan, G. (2018). Genome-
Wide Association Mapping of Major Root Length QTLs Under PEG Induced
Water Stress in Wheat. Front. Plant Sci. 9:1759. doi: 10.3389/fpls.2018.01759

Benfey, P. N., Linstead, P. J., Roberts, K., Schiefelbein, J. W., Hauser, M. T., and
Aeschbacher, R. A. (1993). Root development in Arabidopsis: four mutants with
dramatically altered root morphogenesis. Development 119, 57-70.

Benjamini, Y., and Hochberg, Y. (1995). Controlling the False Discovery Rate: A
Practical and Powerful Approach to Multiple Testing. J. R. Statist. Soc. Ser. B 57,
289-300. doi: 10.1111/.2517-6161.1995.tb02031.x

Beyer, S., Daba, S., Tyagi, P., Bockelman, H., Brown-Guedira, G., Iwgsc, et al.
(2019). Loci and Candidate Genes Controlling Root Traits in Wheat Seedlings-
a Wheat Root GWAS. Funct. Integ. Genomics 19, 91-107. doi: 10.1007/s10142-
018-0630-z

Bilyeu, K., Ratnaparkhe, M. B., Kole, C., Ratnaparkhe, M. B., and Kole, C. (2016).
Genetics, Genomics, and Breeding of Soybean. Boca Raton: CRC Press, doi:
10.1201/EBK1578086818

Brensha, W., Kantartzi, S. K., Meksem, K., Grier, Iv, R. L., Barakat, K., et al.
(2012). Genetic Analysis of Root and Shoot Traits in the ‘Essex’. By ‘Forrest’
Recombinant Inbred Line (RIL) Population of Soybean [Glycine Max (L.)
Merr.]. Plant Genet. Genomics Biotechnol. 1, 1-9. doi: 10.5147/pggb.v1il.146

FUNDING

This work was funded by the SoyaGen grant (project #8501)
awarded to FB and funds were awarded by Genome Quebec,
Genome Canada, the government of Canada, the Ministére
de I'Economie, Science et Innovation du Québec, Western
Grains Research Foundation, Semences Prograin Inc., Syngenta
Canada Inc., Sevita Genetics, Coop Fédérée, Grain Farmers
of Ontario, Saskatchewan Pulse Growers, Manitoba Pulse &
Soybean Growers, the Canadian Field Crop Research Alliance,
and Producteurs de grains du Québec. These funders had no
role in this work (the collection of data, their analysis and the
preparation of this manuscript for publication).

ACKNOWLEDGMENTS

We thank Martin Lacroix and Suzanne Marchand for their
assistance during the phenotyping. We are grateful to Martine
Jean and all members of Francgois Belzile’s laboratory at Université
Laval for helpful in this work.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fpls.2020.
590740/full#supplementary-material

Browning, B. L., and Browning, S. R. (2016). Genotype Imputation with Millions
of Reference Samples. Am. J. Hum. Genet. 98, 116-126. doi: 10.1016/j.ajhg.2015.
11.020

Burton, A. L., Johnson, J. M., Foerster, J. M., Hirsch, C. N., Buell, C. R,
Hanlon, M. T., et al. (2014). QTL Mapping and Phenotypic Variation for
Root Architectural Traits in Maize (Zea Mays L.). Theor. Appl. Genet. 127,
2293-2311. doi: 10.1007/s00122-014-2353-4

Cingolani, P., Platts, A., Wang, L. L., Coon, M., Nguyen, T., Wang, L., et al.
(2012). A program for annotating and predicting the effects of single nucleotide
polymorphisms. SnpEff: SNPs in the genome of Drosophila melanogaster strain
w1118; is0-2; iso-3. Fly 6, 80-92. doi: 10.4161/fly.19695

Courtois, B., Audebert, A., Dardou, A., Roques, S., Herrera, T. G., Droc, G., et al.
(2013). Genome-Wide Association Mapping of Root Traits in a Japonica Rice
Panel. PLoS One 8:¢78037. doi: 10.1371/journal.pone.0078037

Cui, H., Levesque, M. P., Vernoux, T., Jung, J. W., Paquette, A. J., Gallagher,
K. L., et al. (2007). An Evolutionarily Conserved Mechanism Delimiting SHR
Movement Defines a Single Layer of Endodermis in Plants. Science 316, 421-
425. doi: 10.1126/science.1139531

Danecek, P., Auton, A., Abecasis, G., Albers, C. A., Banks, E., DePristo, M. A, et al.
(2011). The variant call format and VCFtools. Bioinformatics 27, 2156-2158.
doi: 10.1093/bioinformatics/btr330

Elshire, R. J., Glaubitz, J. C., Sun, Q., Poland, J. A., Kawamoto, K., Buckler, E. S.,
etal. (2011). A Robust, Simple Genotyping-by-Sequencing (GBS) Approach for
High Diversity Species. PLoS One 6:¢19379. doi: 10.1371/journal.pone.0019379

Famoso, A. N., Zhao, K., Clark, R. T., Tung, C.-W., Wright, M. H., Bustamante,
C., et al. (2011). Genetic Architecture of Aluminum Tolerance in Rice (Oryza
sativa) Determined through Genome-Wide Association Analysis and QTL
Mapping. PLoS Genet. 7:¢1002221. doi: 10.1371/journal.pgen.1002221

Fitter, A. H. (1987). An architectural approach to the comparative ecology of plant
root systems. New Phytol. 106, 61-77. doi: 10.1111/j.1469-8137.1987.tb04683.x

Garbout, A., Munkholm, L. J., Hansen, S. B., Petersen, B. M., Munk, O. L., and
Pajor, R. (2012). The Use of PET/CT Scanning Technique for 3D Visualization

Frontiers in Plant Science | www.frontiersin.org

December 2020 | Volume 11 | Article 590740


https://figshare.com/s/2eb426e0bb988b19e6ca/https://doi.org/10.6084/m9.figshare.12982886
https://figshare.com/s/2eb426e0bb988b19e6ca/https://doi.org/10.6084/m9.figshare.12982886
https://figshare.com/s/2eb426e0bb988b19e6ca/https://doi.org/10.6084/m9.figshare.12982886
https://www.frontiersin.org/articles/10.3389/fpls.2020.590740/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpls.2020.590740/full#supplementary-material
https://doi.org/10.1007/s00122-010-1500-9
https://doi.org/10.1101/677955
https://doi.org/10.1093/jxb/eru048
https://doi.org/10.3389/fpls.2018.01759
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1007/s10142-018-0630-z
https://doi.org/10.1007/s10142-018-0630-z
https://doi.org/10.1201/EBK1578086818
https://doi.org/10.1201/EBK1578086818
https://doi.org/10.5147/pggb.v1i1.146
https://doi.org/10.1016/j.ajhg.2015.11.020
https://doi.org/10.1016/j.ajhg.2015.11.020
https://doi.org/10.1007/s00122-014-2353-4
https://doi.org/10.4161/fly.19695
https://doi.org/10.1371/journal.pone.0078037
https://doi.org/10.1126/science.1139531
https://doi.org/10.1093/bioinformatics/btr330
https://doi.org/10.1371/journal.pone.0019379
https://doi.org/10.1371/journal.pgen.1002221
https://doi.org/10.1111/j.1469-8137.1987.tb04683.x
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org/
https://www.frontiersin.org/journals/plant-science#articles

Seck et al.

GWAS for RSA in Soybean

and Quantification of Real-Time Soil/Plant Interactions. Plant Soil 352, 113~
127. doi: 10.1007/s11104-011-0983-8

Grant, D., Nelson, R. T., Cannon, S. B., and Shoemaker, R. C. (2010). SoyBase,
the USDA-ARS Soybean Genetics and Genomics Database. Nucl. Acids Res. 38,
D843-D846. doi: 10.1093/nar/gkp798

Hargreaves, C. E., Gregory, P. J., and Bengough, A. G. (2009). Measuring Root
Traits in Barley (Hordeum Vulgare Ssp. Vulgare and Ssp. Spontaneum)
Seedlings Using Gel Chambers, Soil Sacs and X-Ray Microtomography. Plant
Soil 316, 285-297. doi: 10.1007/s11104-008-9780-4

Henry, S., Dievart, A., Divol, F., Pauluzzi, G., Meynard, D., Swaru, R,, et al. (2017).
SHR overexpression induces the formation of supernumerary cell layers with
cortex cell identity in rice. Dev. Biol. 425, 1-7. doi: 10.1016/S0092-8674(00)
80865-X

Herridge, D. F., Peoples, M. B., and Boddey, R. M. (2008). Global inputs of
biological nitrogen fixation in agricultural systems. Plant Soil 311, 1-18. doi:
10.1007/511104-008-9668-3

Hodge, A., Berta, G., Doussan, C., Merchan, F., and Crespi, M. (2009). Plant Root
Growth, Architecture and Function. Plant Soil 321, 153-187. doi: 10.1007/
s11104-009-9929-9

Huang, X., Zhao, Y., Wei, X,, Li, C., Wang, A., Zhao, Q,, et al. (2012). Genome-
Wide Association Study of Flowering Time and Grain Yield Traits in a
Worldwide Collection of Rice Germplasm. Nat. Genet. 44, 32-39. doi: 10.1038/
ng.1018

Hund, A., Trachsel, S., and Stamp, P. (2009). Growth of Axile and Lateral Roots
of Maize: I Development of a Phenotying Platform. Plant Soil 325, 335-349.
doi: 10.1007/s11104-009-9984-2

Jahnke, S., Menzel, M. L., Dusschoten, D. V., Roeb, G. W, Biihler, J., Minwuyelet,
S., et al. (2009). Combined MRI-PET Dissects Dynamic Changes in Plant
Structures and Functions. Plant J. 59, 634-644. doi: 10.1111/j.1365-313X.2009.
03888.x

Kadam, N. N., Tamilselvan, A., Lawas, L. M. F., Quinones, C., Bahuguna, R. N,,
Thomson, M. J., et al. (2017). Genetic Control of Plasticity in Root Morphology
and Anatomy of Rice in Response to Water Deficit. Plant Physiol. 174, 2302
2315. doi: 10.1104/pp.17.00500

Kamiya, N., Itoh, J. I., Morikami, A., Nagato, Y., and Matsuoka, M. (2003). The
SCARECROW gene’s role in asymmetric cell divisions in rice plants. Plant J. 36,
45-54. doi: 10.1046/j.1365-313X.2003.01856.x

Kang, H. M., Zaitlen, N. A., Wade, C. M., Kirby, A., Heckerman, D., Daly, M. .,
et al. (2008). Efficient Control of Population Structure in Model Organism
Association Mapping. Genetics 178, 1709-1723. doi: 10.1534/genetics.107.
080101

Kochian, L. (2017). Getting to the Root of the Matter: The Growing Importance
of Root Biology Research in Global Food Security/Plant Agriculture. Guelph:
University of Guelph.

Kumar, S., Stecher, G., and Tamura, K. (2016). MEGA7: Molecular Evolutionary
Genetics Analysis Version 7.0 for Bigger Datasets. Mol. Biol. Evol. 33, 1870-
1874. doi: 10.1093/molbev/msw054

Lakhiar, I. A, Gao, ., Syed, T. N., Chandio, F. A,, and Buttar, N. A. (2018). Modern
plant cultivation technologies in agriculture under controlled environment: a
review on aeroponics. J. Plant Interac. 13, 338-352. doi: 10.1080/17429145.2018.
1472308

Liang, H., Yu, Y., Yang, H., Xu, L., Dong, W., Du, H,, et al. (2014). Inheritance and
QTL mapping of related root traits in soybean at the seedling stage. Theoret.
Appl. Genet. 127, 2127-2137. doi: 10.1007/s00122-014-2366-z

Lipka, A. E., Tian, F., Wang, Q., Peiffer, J., Li, M., Bradbury, P. J., et al. (2012).
GAPIT: Genome Association and Prediction Integrated Tool. Bioinformatics 28,
2397-2399. doi: 10.1093/bioinformatics/bts444

Liu, K., He, A, Ye, C,, Liu, S, Lu, J., Gao, M,, et al. (2018). Root Morphological
Traits and Spatial Distribution under Different Nitrogen Treatments and Their
Relationship with Grain Yield in Super Hybrid Rice. Sci. Rep. 8, 1-9. doi:
10.1038/s41598-017-18576-4

Liu, X., Huang, M., Fan, B., Buckler, E. S., and Zhang, Z. (2016). Iterative Usage
of Fixed and Random Effect Models for Powerful and Efficient Genome-
Wide Association Studies. PLoS Genet. 12:¢1005767. doi: 10.1371/journal.pgen.
1005767

Lynch, J. P. (1995). Root architecture and plant productivity. Plant Physiol. 109,
7-13. doi: 10.1104/pp.109.1.7

Mai, C. D,, Phung, N. T. P,, To, H. T. M., Gonin, M., Hoang, G. T., Nguyen,
K. L., et al. (2014). Genes Controlling Root Development in Rice. Rice 7:30.
doi: 10.1186/s12284-014-0030-5

Malamy, J. E. (2005). Intrinsic and Environmental Response Pathways That
Regulate Root System Architecture. Plant Cell Environ. 28, 67-77. doi: 10.1111/
j.1365-3040.2005.01306.x

Manavalan, L. P., Prince, S. J., Musket, T. A., Chaky, J., Deshmukh, R., Vuong,
T. D., et al. (2015). Identification of Novel QTL Governing Root Architectural
Traits in an Interspecific Soybean Population. PLoS One 10:¢0120490. doi:
10.1371/journal.pone.0120490

Meijon, M., Satbhai, S. B., Tsuchimatsu, T., and Busch, W. (2014). Genome-
Wide Association Study Using Cellular Traits Identifies a New Regulator of
Root Development in Arabidopsis. Nat. Genet. 46, 77-81. doi: 10.1038/ng.
2824

Mooney, S. J., Pridmore, T. P., Helliwell, J., and Bennett, M. J. (2012). Developing
X-Ray Computed Tomography to Non-Invasively Image 3-D Root Systems
Architecture in Soil. Plant Soil 352, 1-22. doi: 10.1007/s11104-011-1039-9

Mutava, R. N., Jebakumar, S., Prince, K., Syed, N. H., Song, L., Valliyodan, B., et al.
(2015). Understanding Abiotic Stress Tolerance Mechanisms in Soybean: A
Comparative Evaluation of Soybean Response to Drought and Flooding Stress.
Plant Physiol. Biochem. 86, 109-120. doi: 10.1016/j.plaphy.2014.11.010

Orman-Ligeza, B., Civava, R, de Dorlodot, S., Draye, X., Morte, A., and Varma,
A. (2014). “Root System Architecture,” in Root Engineering: Basic and Applied
Concepts, (Berlin: Soil Biology), 39-56. doi: 10.1007/978-3-642-54276-3_3

Osvald, J., Petrovic, N., and Demsar, J. (2001). Sugar and organic acid content
of tomato fruits (lycopersicon lycopersicum mill.) grown on aeroponics at
different plant density. Acta Alimentaria 30, 53-61. doi: 10.1556/AAlim.30.
2001.1.6

Pace, J., Lee, N., Naik, H. S., Ganapathysubramanian, B., and Liibberstedt, T.
(2014). Analysis of Maize (Zea mays L.) Seedling Roots with the High-
Throughput Image Analysis Tool ARIA (Automatic Root Image Analysis).
PL0S One 9:¢108255. doi: 10.1371/journal.pone.0108255

Peoples, M. B., Herridge, D. F., and Ladha, J. K. (1995). Biological Nitrogen
Fixation: An Efficient Source of Nitrogen for Sustainable Agricultural
Production? Plant Soil 174, 3-28. doi: 10.1007/BF00032239

Postma, J. A., Dathe, A, and Lynch, J. P. (2014). The Optimal Lateral
Root Branching Density for Maize Depends on Nitrogen and Phosphorus
Availability. Plant Physiol. 166, 590-602. doi: 10.1104/pp.113.233916

Prince, S. J., Song, L., Qiu, D., Maldonado, dos Santos, J. V., Chai, C., et al.
(2015). Genetic Variants in Root Architecture-Related Genes in a Glycine Soja
Accession, a Potential Resource to Improve Cultivated Soybean. BMC Genomics
16:1-20. doi: 10.1186/s12864-015-1334-6

Prince, S. J., Valliyodan, B., Ye, H., Yang, M., Tai, S., Hu, W, et al. (2019).
Understanding Genetic Control of Root System Architecture in Soybean:
Insights into the Genetic Basis of Lateral Root Number. Plant Cell Environ. 42,
212-229. doi: 10.1111/pce.13333

Purcell, S., Neale, B., Brown, K. T., Thomas, L., Ferreira, M. A. R,, Bender, D., et al.
(2007). PLINK: A Tool Set for Whole-Genome Association and Population-
Based Linkage Analyses. Am. J. Hum. Genet. 81, 559-575. doi: 10.1086/
519795

Racolta, A, Bryan, A. C,, and Tax, F. E. (2014). The Receptor-like Kinases GSO1
and GSO2 Together Regulate Root Growth in Arabidopsis through Control
of Cell Division and Cell Fate Specification. Dev. Dynamics 243, 257-278.
doi: 10.1002/dvdy.24066

Raj, A., Stephens, M., and Pritchard, J. K. (2014). FastSTRUCTURE: Variational
Inference of Population Structure in Large SNP Data Sets. Genetics 197, 573
589. doi: 10.1534/genetics.114.164350

Robinson, H., Kelly, A., Fox, G., Franckowiak, J., Borrell, A., and Hickey, L.
(2018). Root Architectural Traits and Yield: Exploring the Relationship in
Barley Breeding Trials. Euphytica 214:151. doi: 10.1007/s10681-018-2219-y

Rogers, E. D., and Benfey, P. N. (2015). Regulation of Plant Root System
Architecture: Implications for Crop Advancement. Curr. Opin. Biotechnol. Food
Biotechnol. Plant Biotechnol. 32, 93-98. doi: 10.1016/j.copbio.2014.11.015

Rogers, E. D., Monaenkova, D., Mijar, M., Nori, A., Goldman, D. I, and Benfey,
P. N. (2016). X-Ray Computed Tomography Reveals the Response of Root
System Architecture to Soil Texture. Plant Physiol. 171, 2028-2040. doi: 10.
1104/pp.16.00397

Frontiers in Plant Science | www.frontiersin.org

December 2020 | Volume 11 | Article 590740


https://doi.org/10.1007/s11104-011-0983-8
https://doi.org/10.1093/nar/gkp798
https://doi.org/10.1007/s11104-008-9780-4
https://doi.org/10.1016/S0092-8674(00)80865-X
https://doi.org/10.1016/S0092-8674(00)80865-X
https://doi.org/10.1007/s11104-008-9668-3
https://doi.org/10.1007/s11104-008-9668-3
https://doi.org/10.1007/s11104-009-9929-9
https://doi.org/10.1007/s11104-009-9929-9
https://doi.org/10.1038/ng.1018
https://doi.org/10.1038/ng.1018
https://doi.org/10.1007/s11104-009-9984-2
https://doi.org/10.1111/j.1365-313X.2009.03888.x
https://doi.org/10.1111/j.1365-313X.2009.03888.x
https://doi.org/10.1104/pp.17.00500
https://doi.org/10.1046/j.1365-313X.2003.01856.x
https://doi.org/10.1534/genetics.107.080101
https://doi.org/10.1534/genetics.107.080101
https://doi.org/10.1093/molbev/msw054
https://doi.org/10.1080/17429145.2018.1472308
https://doi.org/10.1080/17429145.2018.1472308
https://doi.org/10.1007/s00122-014-2366-z
https://doi.org/10.1093/bioinformatics/bts444
https://doi.org/10.1038/s41598-017-18576-4
https://doi.org/10.1038/s41598-017-18576-4
https://doi.org/10.1371/journal.pgen.1005767
https://doi.org/10.1371/journal.pgen.1005767
https://doi.org/10.1104/pp.109.1.7
https://doi.org/10.1186/s12284-014-0030-5
https://doi.org/10.1111/j.1365-3040.2005.01306.x
https://doi.org/10.1111/j.1365-3040.2005.01306.x
https://doi.org/10.1371/journal.pone.0120490
https://doi.org/10.1371/journal.pone.0120490
https://doi.org/10.1038/ng.2824
https://doi.org/10.1038/ng.2824
https://doi.org/10.1007/s11104-011-1039-9
https://doi.org/10.1016/j.plaphy.2014.11.010
https://doi.org/10.1007/978-3-642-54276-3_3
https://doi.org/10.1556/AAlim.30.2001.1.6
https://doi.org/10.1556/AAlim.30.2001.1.6
https://doi.org/10.1371/journal.pone.0108255
https://doi.org/10.1007/BF00032239
https://doi.org/10.1104/pp.113.233916
https://doi.org/10.1186/s12864-015-1334-6
https://doi.org/10.1111/pce.13333
https://doi.org/10.1086/519795
https://doi.org/10.1086/519795
https://doi.org/10.1002/dvdy.24066
https://doi.org/10.1534/genetics.114.164350
https://doi.org/10.1007/s10681-018-2219-y
https://doi.org/10.1016/j.copbio.2014.11.015
https://doi.org/10.1104/pp.16.00397
https://doi.org/10.1104/pp.16.00397
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org/
https://www.frontiersin.org/journals/plant-science#articles

Seck et al.

GWAS for RSA in Soybean

Schmutz, J., Cannon, S. B., Schlueter, J., Ma, J., Mitros, T., Nelson, W., et al. (2010).
Genome Sequence of the Palaeopolyploid Soybean. Nature 463, 178-183. doi:
10.1038/nature08670

Selvaraj, M. G., Montoya-P, M. E., Atanbori, J., French, A. P., and Pridmore, T.
(2019). A low-cost aeroponic phenotyping system for storage root development:
unravelling the below-ground secrets of cassava (Manihot esculenta). Plant
Methods 15:131. doi: 10.1186/s13007-019-0517-6

Shiu, S. H., and Bleecker, A. B. (2001). Receptor-like Kinases from Arabidopsis
Form a Monophyletic Gene Family Related to Animal Receptor Kinases. Proc.
Natl. Acad. Sci. 98, 10763-10768. doi: 10.1073/pnas.181141598

Sonah, H., Bastien, M., Iquira, E., Tardivel, A., Légaré, G., Boyle, B., et al.
(2013). An Improved Genotyping by Sequencing (GBS) Approach Offering
Increased Versatility and Efficiency of SNP Discovery and Genotyping. PLoS
One 8:54603. doi: 10.1371/journal.pone.0054603

Sonah, H., O’Donoughue, L., Cober, E., Rajcan, I, and Belzile, F. (2015).
Identification of Loci Governing Eight Agronomic Traits Using a GBS-GWAS
Approach and Validation by QTL Mapping in Soya Bean. Plant Biotechnol. J.
13,211-221. doi: 10.1111/pbi.12249

Teslovich, T. M., Musunuru, K., Smith, A. V., Edmondson, A. C,, Stylianou, I. M.,
Koseki, M., et al. (2010). Biological, Clinical and Population Relevance of 95
Loci for Blood Lipids. Nature 466, 707-713. doi: 10.1038/nature09270

Torkamaneh, D., Boyle, B., and Belzile, F. (2018). Efficient Genome-Wide
Genotyping Strategies and Data Integration in Crop Plants. Theoret. Appl.
Genet. 131, 499-511. doi: 10.1007/s00122-018-3056-z

Torkamaneh, D., Chalifour, F.-P., Beauchamp, C. J., Agrama, H., Boahen, S.,
Maaroufi, H., et al. (2020). Genome-Wide Association Analyses Reveal the
Genetic Basis of Biomass Accumulation under Symbiotic Nitrogen Fixation in
African Soybean. Theoret. Appl. Genet. 133, 665-676. doi: 10.1007/s00122-019-
03499-7

Torkamaneh, D., Laroche, J., Bastien, M., Abed, A., and Belzile, F. (2017). Fast-
GBS: a new pipeline for the efficient and highly accurate calling of SNPs from
genotyping-by-sequencing data. BMC Bioinfor. 18:5. doi: 10.1186/s12859-016-
1431-9

Trachsel, S., Kaeppler, S. M., Brown, K. M., and Lynch, J. P. (2011). Shovelomics:
High Throughput Phenotyping of Maize (Zea Mays L.) Root Architecture in the
Field. Plant Soil 341, 75-87. doi: 10.1007/s11104-010-0623-8

Uga, Y., Sugimoto, K., Ogawa, S., Rane, J., Ishitani, M., Hara, N., et al. (2013).
Control of Root System Architecture by DEEPER ROOTING 1 Increases Rice

Yield under Drought Conditions. Nat. Genet. 45, 1097-1102. doi: 10.1038/ng.
2725

van Hameren, B., Hayashi, S., Gresshoff, P. M., and Ferguson, B. J. (2013). Advances
in the Identification of Novel Factors Required in Soybean Nodulation, a
Process Critical to Sustainable Agriculture and Food Security. Plant Biol. Soil
Health 1:6.

Voss-Fels, K. P., Robinson, H., Mudge, S. R., Richard, C., Newman, S., Wittkop,
B., et al. (2018). VERNALIZATIONI Modulates Root System Architecture
in Wheat and Barley. Mol. Plant 11, 226-229. doi: 10.1016/j.molp.2017.
10.005

Waese, J., Fan, J., Pasha, A., Yu, H. Fucile, G., Shi, R, et al. (2017).
EPlant: Visualizing and Exploring Multiple Levels of Data for Hypothesis
Generation in Plant Biology. Plant Cell 29, 1806-1821. doi: 10.1105/tpc.17.
00073

Waidmann, S., Sarkel, E., and Kleine-Vehn, J. (2020). Same same, but different:
growth responses of primary and lateral roots. J. Exp. Bot. 71, 2397-2411.
doi: 10.1093/jxb/eraa027

Wei, Z., and Li, J. (2018). Receptor-like Protein Kinases: Key Regulators
Controlling Root Hair Development in Arabidopsis Thaliana. J. Integrat. Plant
Biol. 60, 841-850. doi: 10.1111/jipb.12663

Wojciechowski, T., Gooding, M. J., Ramsay, L., and Gregory, P. J. (2009). The
effects of dwarfing genes on seedling root growth of wheat. J. Exp. Bot. 60,
2565-2573. doi: 10.1093/jxb/erp107

Zhu, J., Brown, K. M., and Lyng, J. P. (2010). Root Cortical Aerenchyma Improves
the Drought Tolerance of Maize (Zea mays L.). Plant Cell Environ. 33, 740-749.
doi: 10.1111/j.1365-3040.2009.02099

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Copyright © 2020 Seck, Torkamaneh and Belzile. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with
these terms.

Frontiers in Plant Science | www.frontiersin.org

10

December 2020 | Volume 11 | Article 590740


https://doi.org/10.1038/nature08670
https://doi.org/10.1038/nature08670
https://doi.org/10.1186/s13007-019-0517-6
https://doi.org/10.1073/pnas.181141598
https://doi.org/10.1371/journal.pone.0054603
https://doi.org/10.1111/pbi.12249
https://doi.org/10.1038/nature09270
https://doi.org/10.1007/s00122-018-3056-z
https://doi.org/10.1007/s00122-019-03499-7
https://doi.org/10.1007/s00122-019-03499-7
https://doi.org/10.1186/s12859-016-1431-9
https://doi.org/10.1186/s12859-016-1431-9
https://doi.org/10.1007/s11104-010-0623-8
https://doi.org/10.1038/ng.2725
https://doi.org/10.1038/ng.2725
https://doi.org/10.1016/j.molp.2017.10.005
https://doi.org/10.1016/j.molp.2017.10.005
https://doi.org/10.1105/tpc.17.00073
https://doi.org/10.1105/tpc.17.00073
https://doi.org/10.1093/jxb/eraa027
https://doi.org/10.1111/jipb.12663
https://doi.org/10.1093/jxb/erp107
https://doi.org/10.1111/j.1365-3040.2009.02099
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org/
https://www.frontiersin.org/journals/plant-science#articles

	Comprehensive Genome-Wide Association Analysis Reveals the Genetic Basis of Root System Architecture in Soybean
	Introduction
	Materials and Methods
	Plant Material and Root System Architecture Phenotyping
	Genotyping Data
	Population Structure and Relatedness
	Genome-Wide Association Analysis on Traits Related to Root System Architecture
	Candidate Gene Identification

	Results
	Phenotypic Variation of Root System Architecture Traits in Soybean
	Genotyping Data and Population Structure
	Genome-Wide Association of Root System Architecture-Related Traits
	Root System Architecture-Related Candidate Genes

	Discussion
	Significant Phenotypic Variation of Root System Architecture-Related Traits in Soybean
	High and Significant Correlations Among Root System Architecture-Related Traits
	Genome-Wide Association Using Whole-Genome Data Revealed 10 QTLs Controlling Root System Architecture
	Putative Candidate Genes for Root System Architecture-Associated QTL

	Data Availability Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References


