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Abstract: Soybean (Glycine max) seeds are rich in amino acids, offering key nutritional and
physiological benefits. In this study, 290 soybean accessions from the USDA-ARS Germplasm
Resources Information Network (GRIN) were analyzed. Four genome-wide association study
(GWAS) models—Bayesian-information and Linkage-disequilibrium Iteratively Nested Keyway
(BLINK), Mixed Linear Model (MLM), Fixed and Random Model Circulating Probability Unification
(FarmCPU), and Multi-Locus Mixed Model (MLMM)—identified two significant single nucleotide
polymorphisms (SNPs) associated with arginine content: Gm06_19014194_ss715593808 (LOD =9.91,
3.91% variation) at 19,014,194 bp on chromosome 6 and Gm11_2054710_ ss715609614 (LOD = 9.05,
19% variation) at 2,054,710 bp on chromosome 11. Two candidate genes Glyma.06g203200 and
Glyma.11G028600 were founded in the two SNP marker regions, respectively. Genomic prediction
was performed for arginine content using several models: Bayes A (BA), Bayes B (BB), Bayesian
LASSO (BL), Bayesian Ridge Regression (BRR), Ridge Regression Best Linear Unbiased Prediction
(rrBLUP), Random Forest (RF), and Support Vector Machine (SVM). High genomic prediction
accuracy were observed in both across- and cross-populations, supporting genomic selection (GS) for
breeding high-arginine soybean cultivars.

Keywords: Glycine max; Soybean; Arginine; GWAS; Genomic Prediction; SNP

1. Introduction

Soybean (Glycine max (L.) Merr.) is one of the most important crops worldwide, providing a vital
source of protein and oil [1]. With rising living standards, the demand for high-quality soybean with
enhanced nutritional value has increased. Breeding soybean accessions with improved quality traits
has become a key focus in research. Among these traits, amino acid composition plays a crucial role
in determining the nutritional value of soybean [2]. Amino acids in soybean seeds exist both as free
compounds and as components of proteins. Free amino acids contribute to energy metabolism and
biochemical pathways, with arginine, glycine, glutamic acid, and lysine being particularly important.
Arginine, a fundamental component of proteins, plays a crucial role in various biochemical and
physiological functions in plants.

Arginine facilitates nitrogen release during seed germination, thereby promoting plant growth
and development [3,4]. It is synthesized from ornithine via the arginine biosynthesis pathway, with
arginase catalyzing the final step by converting it into ornithine and urea. This process helps detoxify
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ammonia by converting it into urea for recycling, a mechanism distinct from urea excretion in animals
[5-7]. Additionally, arginine serves as a precursor for polyamine biosynthesis through its conversion
into agmatine, which influences plant growth, development, and stress responses [8]. Recent studies
suggest that arginine and ornithine regulate leaf longevity by modulating energy metabolism and
polyamine biosynthesis via ethylene signaling [9]. Furthermore, a novel energy regulation
mechanism involving the co-degradation of arginine and succinate in plant root nodules has been
discovered [10].

Genetic improvement is a key strategy for enhancing arginine content in soybean. Previous
studies have shown that arginine content is controlled by multiple genes, with several quantitative
trait loci (QTLs) identified. For example, Qin et al. (2019) mapped QTLs associated with arginine
content on chromosome 7, 12, and 16, identifying candidate genes, Glyma03¢129100 and
Glyma03g129700 [11]. Fallen et al. (2013) reported ten QTLs associated with 17 amino acids and three
genomic regions on chromosome 13 [12]; Warrington et al. (2015) conducted QTL analysis for the
four amino acids in soybean population with 98 SSRs and 323 single nucleotide polymorphism (SNP)
markers, and detected two QTLs on chromosome 8 and 20 for Lysine; three on chromosome 9, 17,
and 20 for Threonine; four on chromosome 6, 9, 10, and 20 for Methionine [13]. These studies provide
a foundation for understanding the genetic mechanisms underlying arginine content and amino acids
in soybean. However, further exploration of key loci and candidate genes is necessary to support
breeding efforts aimed at developing high-arginine soybean varieties.

Genomic selection (GS) is a powerful approach for predicting genome estimating breeding value
(GEBV) using high-density genome-wide markers. By estimating the effects of chromosomal
segments, GS facilitates marker-assisted selection (MAS) and provides valuable insights into the
genetic architecture of complex traits in soybean [14]. This method relies on the principle that high-
density SNP markers are in linkage disequilibrium with QTL influencing target traits, thereby
improving prediction accuracy [15,16].

Several studies have demonstrated the effectiveness of GS in improving agronomic traits. Zhang
et al. (2018) conducted a genome-wide association studies (GWAS) of seed quality using over 30,000
SNPs across 309 soybean accessions. Using this population as a simulation group, they estimated
breeding values for seed quality traits and compared GS with MAS. Their results showed that GS
achieved prediction accuracy ranging from 0.75 to 0.87, whereas MAS achieved accuracies between
0.62 and 0.75, demonstrating higher efficiency of GS [17]. In maize, Spindel et al. (2015) applied GS
to predict yield-related traits, achieving significantly higher accuracy than traditional breeding
methods, particularly for complex traits [18]. Similarly in wheat, Crossa et al. (2017) utilized GS to
analyze global accessions, improving yield and stress resistance with prediction accuracies of 0.65-
0.80 [19]. In rice, Grenier et al. (2015) demonstrated that GS provided superior prediction accuracy
for drought resistance than traditional phenotypic selection [20]. These findings highlight the
potential of GS in accelerating crop genetic improvement.

Enhancing arginine content in soybean is a key objective in modern soybean breeding. The
development of new molecular markers for MAS and GS will facilitate the efficient identification and
advancement of high-arginine soybean lines. However, research on the genetic loci associated with
arginine content in soybean remains limited, and even fewer studies have applied GS approaches to
dissect this trait. The main objectives of this study are: (1) to evaluate arginine content in soybean
accessions collected from 12 countries; (2) to identify SNP markers associated with arginine content;
and (3) to perform genomic prediction (GP) for arginine content using USDA GRIN soybean
accessions. Identifying soybean accessions with high arginine content will provide valuable parental
materials for breeding programs, while the molecular markers identified can support the selection of
high-arginine lines through MAS and GS.

2. Materials and Methods

2.1. Plant Materials
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In this study, 290 soybean accessions were obtained from the United States Department of

Agriculture (USDA). Based on arginine content, the accessions were divided into two subgroups: a
lower-arginine-content subgroup consisting of 126 accessions, with arginine content ranging from 5-
7.5% of total protein, and a higher-arginine-content subgroup comprising 164 accessions, with
arginine content ranging from 8.5-10.0% of total protein. These accessions originated from 12
countries: South Korea (175), China (45), Japan (37), the United States (14), Nepal (6), India (5), France
(2), Russia (2), and one accession each from Malaysia, Moldova, Pakistan, and an unknown origin
(Supplementary Table S1).

2.2. Phenotypic Identification

Phenotypic data on arginine content for the 290 soybean accessions were retrieved from the
USDA GRIN website (https://npgsweb.ars-grin.gov/gringlobal/descriptors). The data were provided
by Randy Nelson from the USDA Soybean Accessions Collection, Urbana, Illinois, USA
(Supplementary Table S1).

2.3. Genotyping and Data Quality Control

Genotyping of the 290 accessions was performed using the USDA Soybean Accessions Soy50K
SNP Infinium chip [21,22]. A total of 42,081 SNP markers for the 290 soybean accessions were
downloaded from SoyBase (https://www.soybase.org/snps/). Data quality control was conducted
using Microsoft Excel to filter markers and individuals based on missing rate (MISSING),
heterozygosity rate (H), and minor allele frequency (MAF). Markers with a missing rate (MISSING)
> 5%, heterozygosity rate (H) > 5%, or minor allele frequency (MAF) < 5% were excluded. After
filtering, 33,858 SNP markers were retained for genetic diversity and association analysis
(Supplementary Table S2).

2.4. Genetic Diversity and Population Structure Analysis

In this study, GAPIT 3 software [23], (https://zzlab.net/GAPIT/index.html) was used to analyze
the population structure, which was divided into two subgroups. A phylogenetic tree was
constructed using the Neighbor-Joining (NJ) method, followed by Principal Component Analysis
(PCA) and genetic diversity analysis. Based on preliminary research and initial data exploration, the
number of PCA components was set between 2 and 10, and the N]J tree was constructed with
subgroup numbers ranging from 2 to 10. Genetic diversity and arginine content of the 290 accessions
were evaluated using 33,858 SNPs in GAPIT 3, while a randomly selected subset of 10,000 SNPs was
analyzed in MEGA?7 using the maximum likelihood-based phylogenetic analysis was conducted
using MEGA7 [24].

2.5. Genome-Wide Association Study

GWAS was conducted using five statistical models implemented in GAPIT 3: the generalized
linear model (GLM), mixed linear model (MLM), multiple loci mixed model (MLMM), Fixed and
Random Model Circulating Probability Unification (FarmCPU), and the Bayesian-information and
Linkage-disequilibrium Iteratively Nested Keyway (BLINK) model (Wang & Zhang, 2021;
https://zzlab.net/GAPIT/index.html). Association significance was determined using a Bonferroni-
corrected threshold (0.05/33,858), corresponding to a logarithm of odds (LOD) score of 5.78.
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2.6. Candidate Gene Annotation

Candidate gene models were searched within a 5 kb region flanking each significant SNP locus
[25]. The soybean genome annotation reference was obtained from the Phytozome database
(specifically  Glycine ~ max  Wm82. a2. vl, available at (https://phytozome-
next.jgi.doe.gov/info/Gmax_Wm82_a2_v1). Candidate genes associated with soybean arginine
content were selected and further analyzed by performing BLAST comparisons with genome
annotation data from the Arabidopsis genome database
(https://www.arabidopsis.org/Blast/index.jsp). Corresponding gene annotations were reviewed
using the SoyBase database (http://www.soybase.org/dlpages/). Candidate genes were identified by
selecting loci with known gene functions in Arabidopsis.

2.7. Genomic Prediction

2.7.1. Genomic Prediction Using Different SNP Sets

Prediction accuracy (PA) for arginine content was assessed using seven genomic prediction (GP)
models: Bayes A (BA), Bayes B (BB), Bayesian LASSO (BL), Bayesian Ridge Regression (BRR), Ridge
Regression Best Linear Unbiased Prediction (rrBLUP), Random Forest (RF), and Support Vector
Machine (SVM). All 33,858 SNPs were analyzed using the R software environment [26]. A five-fold
cross-validation approach was employed, maintaining a 4:1 ratio between training and testing
datasets. Eight randomly selected SNP sets were evaluated, ranging in size from 10 to 10,000 SNPs
(labeled r10, r100, r200, r500, r1000, r2000, r5000, and r10000). In addition, one marker set (m10),
derived from a GWAS, was included. Genomic estimated breeding values (GEBVs) were calculated
for each of the nine SNP sets across all seven models [27-30]. Each combination was run 100 times,
and mean correlation coefficients (r-values) along with standard errors (SE) were computed. Boxplots
illustrating the performance of the GP models across different SNP sets were generated using the
'ggplot2’ package in R.

2.7.2. Genomic Prediction Using GAPIT3 for Whole Panel

The GAPIT3 software package was also employed to GEBVs using three models: genomic best
linear unbiased prediction (gBLUP), SUPER gBLUP (sBLUP), and GWAS-assisted genome BLUP
(GAGBLUP, previously known as maBLUP). In this analysis, the entire panel of 290 soybean
accessions was used as both the training and testing population to predict GEBVs for arginine
content.

2.7.3. Genomic Prediction Using GWAS-Derived SNP Markers

GWAS-Derived SNP Markers from the Whole Panel and Self-Prediction

First, GWAS was conducted using four models (GLM, MLM, FarmCPU, and BLINK), and the
associated SNP markers were identified from these models in the entire GWAS panel (290 soybean
accessions). Secondly, GP was performed using the GWAS-derived SNP markers, with the whole
panel serving as both the training population (TP) and validation population (VP). GP was performed
as described in the previous section on GP using different SNP sets.

GWAS-Derived SNP Markers from 80% of the Whole Panel

Both cross- and across-population predictions were performed for arginine content using
GWAS-derived associated SNP markers. The entire panel (290 accessions) was divided into two
subsets: 80% as the training population (TP) (232 accessions) and 20% as the validation population
(VP) (58 accessions). GWAS was performed on the 232 accessions using the BLINK models in
GAPIT3. Associated SNPs with a LOD score (-log(P)) > 5.78 were selected and used to run the GP
model 100 times, calculating GEBVs and estimating the average r-value each time. This process was
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repeated five times, and the mean r-value across the five replications was obtained as the prediction

accuracy (average r-value). Three GP types were tested: “‘Across. Prediction’, ‘Cross. prediction’, and
‘All(self). Prediction’.

e  Across. Prediction uses GWAS-derived SNP markers from the training set (80% of the
population, 232 accessions) to predict the validation set (20% — 58 accessions).

e  Cross. prediction uses GWAS-derived SNP markers from the training set (80% of the population,
232 accessions) to predict itself.

e All(self). Prediction uses all associated SNP markers from the five repeats to predict the entire
population (290 accessions).

Additionally, GP was performed with five GP models (BA, BB, BL, BRR), and GEBVs were
calculated for all models. Each replication in each model was run 100 times, and mean r-values along
with standard errors (SE) were computed. Boxplots illustrating GP model performance across SNP
sets were generated using ggplot2 in R.

GWAS-Derived SNP Markers Using GAGBLUP in GAPIT3

Following the same approach described above, the entire panel of 290 soybean accessions was
randomly divided into two subsets: 80% as the training population (TP; 232 accessions) and 20% as
the validation population (VP; 58 accessions). Genomic prediction (GP) was conducted using the
GAGBLUP (BLINK) model —previously referred to as maBLUP —in GAPIT3. Within the full panel,
the ‘NA’ value was assigned to individuals in the TP. The r-value was calculated as the correlation
between the estimated genomic estimated breeding values (GEBVs) and the observed values in the
TP. This process was repeated five times, and the mean r-value was used to assess GP efficiency. As
in the previous analysis, both across-population and cross-population predictions were performed.

3. Results

3.1. Phenotypic Analysis of Arginine Content

The arginine content of the 290 soybean accessions exhibited significant variation. The average
arginine content was 7.72% of total protein, with a standard deviation of 1.31 and a coefficient of
variation of 17.01%. The distribution of arginine content among the accessions was as follows: 7
accessions had arginine content between 5.0% and 5.5% of total protein, 18 between 5.5% and 6.0%,
37 between 6.0% and 6.5%, 54 between 6.5% and 7.0%, 10 between 7.0% and 7.5%, 119 between 8.5%
and 9.0%, 40 between 9.0% and 9.5%, and 5 between 9.5% and 10.0%. The distribution of these
accessions was concentrated in two distinct intervals: 5.0-7.5% and 8.5-10.0% of total protein,
forming a bimodal distribution pattern (Figure 1).
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Figure 1. The distribution arginine content reaction in 290 soybean accessions.
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3.2. Population Structure and GWAS

The GAPIT 3 software package was used to analyze the 290 soybean accessions in R, successfully
dividing them into two subgroups, Q1 and Q2 (Figure 2A, 2B and 2D). The two subgroups were
clearly separated along the first and second principal components (PC1 and PC2), which explained
14.28% and 7.54% of the genetic variation, respectively (Figure 2A). This suggests significant
differences in the genetic composition of materials from different sources. Based on kinship analysis,
the kinship coefficients among most inbred lines ranged from 0.0 to 0.5, with only a small portion
ranging from 0.5 to 1.0. This indicates that the 290 accessions are distantly related, with a degree of
genetic independence, which improves the accuracy of detecting loci associated with arginine content

(Figure 2D).
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Figure 2. Genetic diversity analysis of an association panel composed of 290 soybean accessions from the USDA:
(A) Three-dimensional plot of Principal Component Analysis (PCA). (B) PCA eigenvalue plot. (C) Neighbor-
joining (NJ) phylogenetic tree constructed using GAPIT3 software, depicting two subgroups (Q1, Q2). (D)
Kinship analysis.

A GWAS for soybean arginine content was performed using four models: MLM, FarmCPU,
BLINK, and MLMM. The significance threshold was set at LOD = 5.78, and phenotypic variation
explained (PVE) values were calculated using GAPIT3. Two significant loci associated with arginine
content in soybean were identified: (1) Gm11_2054710_ss715609614, located at 2,054,710 bp on
chromosome 11, with LOD values of 6.38 in MLM and 9.05 in MLMM (Table 1). This SNP explained
over 30% of the phenotypic variation, with a corresponding t-test value of 21.24, indicating a highly
significant association. (2) Gm06_19014194_ss715593808, located at 19,014,194 bp on chromosome 6,
with LOD values of 9.91 in BLINK and 8.02 in FarmCPU (Table 1). This SNP explained up to 8.86%
of the phenotypic variation, with a t-test value of 7.23, also indicating a highly significant association.
These findings are summarized in

Table 1 and illustrated in Figure 3 and Figure 4. Both loci were identified by two models
simultaneously, suggesting that they are likely major genetic loci controlling soybean arginine
content. Additionally, two other SNPs—Gm05_464582_ss715592561 at 464,582 bp on chromosome 5,
and GmO08_18566925_ss715600087 at 18,566,925 bp on chromosome 8 —were also associated with
arginine content, with LOD values of 6.73 and 6.46, respectively (Table 1).
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Table 1. Putative SNPs detected for arginine content by two or more models.
LOD PVE LinkGene
MAF
SNP Chr. Position LOD Model (t-
(%) (%) (0-5k)
test)
Gm05_464582_ss715592561 5 464582 6.73 44 FarmCPU 7.87 1116  Glyma.05G005300
9.91 BLINK. 8.86
Gm06_19014194_ss715593808 6 19014194 41 7.23 Glyma.06g203200
8.02 FarmCPU 3.91
Gm08_18566925_s5715600087 8 18566925 6.46 31 FarmCPU 1.50 5.03  Glyma.08g227900
6.38 MLM. 35.47
Gm11_2054710_ss715609614 11 2054710 41 21.24 Glyma.11G028600
9.05 MLMM 31.20
Gm06_19014194_ss715593808 Gm11_2054710_ss715609614
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Figure 3. The Manhattan plots of GWAS results for soybean arginine content in 290 accessions. based on the
MLM, BLINK, FarmCPU, and MLMM models using GAPIT3. In the Manhattan plots, the x-axis represents
soybean chromosomes, and the y-axis represents the LOD [-log(p-value)] values.
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Figure 4. The QQ plots (left) and Manhattan plots (right) of GWAS results for arginine content in 290 accessions.
based on the MLM (A) Mixed Linear Model, BLINK (B) Bayesian-information and Linkage-disequilibrium
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Iteratively Nested Keyway, FarmCPU (C) Fixed and Random Model Circulating Probability Unification, and
MLMM(D) Multi-Locus Mixed Model using GAPIT3. In the QQ plot (left), the x-axis represents the observed
LOD [-log(p-value)] values, and the y-axis represents the expected LOD [-log(p-value)] values. In the Manhattan
plot (right), the x-axis represents soybean chromosomes, and the y-axis represents the LOD [-log(p-value)]

values.

3.3. Haplotype Analysis

Based on the genotype data, the locus Gm06_19014194_ss715593808 contains two haplotypes:
AA and GG. An analysis of variance (ANOVA), conducted using both the genotype and phenotypic
data, revealed that the AA genotype significantly increased soybean arginine content by 11.48%
compared to the GG genotype (P < 0.001). Similarly, the locus Gm11_2054710_ss715609614 contains
two haplotypes: AA and CC. ANOVA analysis for the AA and CC genotypes showed that the CC
genotype significantly increased soybean arginine content by 10% compared to the AA genotype (P
<0.001) (Figure 5).
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Figure 5. Haplotype analysis of loci Gm06_19014194_ss715593808 (A) and Gm11_2054710 _ss715609614 (B)
based on 290 soybean accessions from the USDA.

3.4. Candidate Gene Detection

Within the 5 kb regions flanking the loci Gm06_19014194_ss715593808 and Gmll_
2054710_ss715609614, a total of 10 genes were identified. Among these, the gene Glyma.069203200 is
closely linked to the SNP marker Gm06_19014194_ss715593808 on chromosome 6, located within a 5
kb distance. Gene annotation reveals that this gene encodes a mitochondrial ATPase (ATP synthase),
which is essential for cellular energy metabolism. The metabolic products of arginine may indirectly
regulate ATP synthase activity by influencing mitochondrial function. Furthermore, the gene
Glyma.11G028600 is closely linked to the SNP marker Gm11_2054710_ss715609614 on chromosome
11, also within a 5 kb distance. Annotation suggests that this gene encodes the Ycf49 protein, which
is putatively involved in regulating energy metabolism during photosynthesis, which may in turn
influence amino acid biosynthesis. Given that arginine is a key amino acid in energy metabolism, it
is likely to interact with Ycf49’s function by modulating relevant metabolic pathways.

3.5. Genomic Prediction Using Whole Panel to Predict Ifself

The GP analysis conducted using the GAGBLUP (maBLUP), gBLUP, and sBLUP models yielded
r-values of 0.95, 0.99, and 0.75, respectively (Figure 6). These estimates were obtained by predicting
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the arginine content of 290 soybean accessions, which were utilized as both the training and
validation sets. The results highlight the effectiveness of genomic selection (GS) in identifying
soybean accessions with high arginine content.

1.2 Il maBLUP
0.99 Il gBLUP
I sBLUP

0.95

r-Value

maBLUP gBLUP sBLUP

Figure 6. The GP model r-values for the training set of arginine content in 290 soybean accessions were analyzed
using 33,858 SNPs. Predictions were performed using three models: maBLUP (= GAGBLUP (GW AS-assisted
genome BLUP, previously known as maBLUP), gBLUP (Genomic Best Linear Unbiased Prediction), and
sBLUP (SUPER gBLUP) in GAPIT3.

3.6. Genomic Prediction Using Randomly Selected SNPs for Cross-Prediction

The average r-value for GP based on randomly selected SNPs is as follows: r10 = 0.32 (range:
0.28-0.34); r100 = 0.63 (range: 0.62-0.64); r1000 = 0.60 (range: 0.58-0.62); r5000 = 0.69 (range: 0.68-0.71);
r10000 = 0.76 (range: 0.75-0.77) (Table 2, Figure 7). These results indicate that the r-value increases as
the number of randomly selected SNPs rises, from an average of 0.32 for the 10-SNP set to an average
of 0.76 for the 10,000-SNP set. This suggests that, for GS targeting high arginine content, a random
SNP set requires 21000 SNPs to achieve an r-value of at least 0.48.

Table 2. Genomic prediction (r - value) of arginine content using nine SNP sets: eight randomly selected SNP
sets ranging from 10 to 10,000 SNPs (r10 tor10000), plus the GWAS-derived SNP marker sets (10 markers - m10).

r-Value SE of r-Value
GP Model SNP set SNP set
wBLUP BA BB BL BRR rrBLUP BA BB BL BRR
Mean Mean
r10 0.34 030 028 034 0.32 0.32 0.11 010 0.13 0.1 0.11 0.12
r100 0.63 064 062 063 064 0.63 0.08 0.08 0.07 0.08 0.09 0.08
r200 0.58 055 054 057 056 0.56 0.07 0.08 0.09 0.07 0.08 0.08
r500 0.32 032 032 033 032 0.32 0.08 0.09 0.08 0.10 0.09 0.09
r1000 0.58 0.60 0.60 0.60 0.62 0.60 0.08 0.09 0.08 0.08 0.08 0.08
r2000 0.70 0.68 0.68 0.69 0.69 0.69 0.06 0.07 0.07 0.06 0.07 0.07
r5000 0.68 069 0.68 071 0.70 0.69 0.07 0.06 0.07 0.06 0.06 0.06
110000 0.75 0.76 076 077 0.76 0.76 0.05 0.05 0.05 0.05 0.05 0.05
m10 0.68 072 071 072 071 0.71 0.07 0.05 0.05 0.06 0.05 0.06
GP Model
0.58 058 058 0.60 0.59 0.59 0.07 0.07 0.08 0.07 0.08 0.08
Mean
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Figure 7. The GP model r-values for arginine content using 9 SNP sets: 8 random SNP sets ranging from 10 to
10,000 SNPs, plus the ten GWAS-derived significant SNP marker set (m10). Predictions were performed using
five genomic prediction (GP) models: BA (Bayesian A), BB (Bayesian B), BL (Bayesian LASSO), BRR (Bayesian
Ridge Regression), and rrBLUP (Ridge Regression BLUP).

3.7. Genomic Prediction by GWAS-derived SNP Markers

GWAS-Derived SNP Markers from the Whole Panel and Self-Prediction

GWAS-derived SNP markers were identified from a comprehensive GWAS panel consisting of
290 soybean accessions, which were used as both the training population (TP) and validation
population (VP). The m10 set, comprising 10 GWAS-derived SNP markers, demonstrated higher r-
values (Figure 8, Supplementary Table 54), confirming their association with the arginine content
trait in the panel. However, it is anticipated that these r-values will decrease when the markers are
applied for across-population predictions from one population as training to predict another
population, Table 1) in cross-prediction with 5 fold for arginine content trait in 290 soybean accessions
estimated by seven models: BA, BB, BL, BRR, RF, rrBLUP, and SVM.

0.9-
c
0.8- GP_Model
Bl Ba
B3 es
% BE sL
0.7~ EH BRR
Bl RrF
Bl rBLUP
Bl swm
0.6-

m I1 0
SNP_Set

Figure 8. Genomic prediction (r-value) of the ten GWAS-derived SNP marker set (listed in.3.7.2 GWAS-
derived SNP Markers from 80% of the Whole Panel
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Across all scenarios, GWAS-derived SNP markers generally produced high prediction
accuracies, with average r-values around 0.87, ranging from 0.83 in the RF model to 0.88 in the BL
model for all (self) cross-population predictions (Table S4, Figure 9, middle panel). For cross-
population predictions, the r-values averaged 0.76, ranging from 0.75 in the BB model to 0.79 in the
SVM model (Table 54, Figure 9, right panel). However, the prediction accuracy dropped substantially
in across-population scenarios, with an average r-value of 0.54, ranging from 0.52 in the BRR, BA, BB,
and BL models to 0.59 in the two other Bayesian models (Table 5S4, Figure 9, left panel). These results
confirm a strong association between GWAS-derived SNP markers and arginine content in soybean
and indicate that GS is effective, though less efficient across populations, for improving arginine
content in soybean breeding programs.

09-

]
]
. GWAS.GP_Model
08- BLINK.BA
L ] : L ] E
® ES BLINKBB
K = BE BLINKBL
1o 7-
=07 T BE BLINKBRR
BS BLINKRF
ES BLINK.SVM
-
=Ty
05- -
Across.Prediction All(self).Prediction Cross.Prediction

Across.cross_Prediction

Figure 9. Genomic prediction (GP) of arginine content using GWAS-derived SNP markers in 290 soybean
accessions. Across. Prediction: GWAS-derived SNP markers from the training set (80% of the population; 232
accessions) were used to predict the validation set (20%; 58 accessions). Cross.Prediction: SNP markers from the
training set (80%) were used to predict the same training set. All(self). Prediction: All GWAS-derived SNP
markers from the training set (80%; 232 accessions) were applied in five replications to predict the entire

population (290 accessions).

3.8. Genomic Prediction by GAGBLUP from 80% of the Whole Panel

GP was conducted using the GAGBLUP (BLINK) (previously called maBLUP) model in GAPIT3
(Figure 10). The reference prediction (self-prediction = ‘all. Blink_Cross’) and cross-population
prediction (80%TP. self_Blink_Cross’) yielded very high r-values of 0.9 and 0.88, respectively (Figure
10). The across-population (here: ‘80%TP.t0.20%VP. Blink_Across’) also had high r-value of 0.63.
These findings suggest that GP using only the significant SNP markers identified by GAGBLUP will
be highly effective for selecting the arginine content in soybean through GS across- and cross-
populations.
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Figure 10. Genomic prediction (GP) (r-value) for arginine content using the GAGBLUP (BLINK) model in
GAPIT3.

3.9. Genomic Prediction Using Difference Genomic Models

Seven genomic prediction (GP) models-BA, BB, BRR, BL, rrBLUP, ¢cBLUP, and gBLUP-were
employed to estimate r-values for both cross-population and across-population predictions. All seven
models produced similar r-values (Table 2 and Table S4, Figure 7, 8, and 9), with several key
observations: Among the nine randomly selected SNP sets, all models yielded an average r-value of
0.59 (Table S4, Figure 7); When using the 10 associated SNP markers (m10), the average r-values were
0.72, 0.72, 0.72, 0.71, 0.68, 0.75, and 0.79 for the BA, BB, BL, BRR, rrBLUP, RF, and SVM models,
respectively (Table 2, Figure 8), with the SVM model yielding the highest r-value of 0.79; The SVM
model also demonstrated the highest predictive accuracy (PA) for arginine content when using the
GWAS-derived SNP markers (Table S4; Figure 9). These findings suggest that the SVM model is
particularly effective for predicting arginine content in soybean, and it is therefore recommended for
use in genomic selection (GS) for arginine content traits in soybean molecular breeding programs.

4. Discussion

4.1. Importance of Studying Arginine Content

Arginine is a conditionally essential amino acid for humans and a key component of the free and
protein-bound amino acid pool in soybean seeds. It is involved not only in protein synthesis but also
in nitrogen metabolism, energy metabolism, and signal transduction [31]. Enhancing arginine content
in soybeans is essential for improving their nutritional quality and functionality, particularly for the
feed and food industries [32]. Thus, this study aims to identify genetic loci associated with arginine
content through GWAS and GP methods, providing a theoretical foundation and molecular marker
resources for soybean breeding.

4.2. Research Background of the Identified Loci

This study identified two loci significantly associated with arginine content:
GmO06_19014194_ss715593808 and Gm11_2054710_ss715609614. A literature review revealed that
these loci have not been previously reported as being directly related to arginine content. However,
the gene Glyma.069g203200, located near Gm06_19014194 _ss715593808 on chromosome 6, encodes
mitochondrial ATPase (ATP synthase), which plays a crucial role in energy metabolism. Arginine
metabolites may indirectly affect ATP synthase by regulating mitochondrial function, thus
influencing arginine accumulation. Additionally, the gene Glyma.11G028600, located near
Gm11_2054710_ss715609614 on chromosome 11, encodes the Ycf49 protein, which may affect energy
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metabolism during photosynthesis. As arginine is a crucial amino acid in energy metabolism, it may
interact with the function of Ycf49 by regulating related metabolic pathways.

4.3. Rationale for Selecting These Two Candidate Genes

The selection of Glyma.06g203200 and Glyma.11G028600 as candidate genes is primarily based
on the following two points. First, these two genes are located within 5 kb of the significant SNP loci
and are closely related to energy metabolism, which is intricately linked to amino acid synthesis and
accumulation. Second, gene function annotation and literature support indicate that their functions
are highly relevant to the potential regulatory mechanisms of arginine metabolism. For example,
mitochondrial ATPase (ATP synthase) plays a central role in cellular energy supply, while the Ycf49
protein may indirectly affect arginine synthesis and accumulation by regulating energy metabolism
during photosynthesis.

Although the Gm06_19014194_ss715593808 locus had a higher LOD value, it explained a smaller
proportion of the phenotypic variation compared to Gm11_2054710_ ss715609614. This discrepancy
may be due to the complex genetic architecture of arginine content, where multiple loci with smaller
effects collectively contribute to the trait.

In summary, this study not only elucidates the genetic basis of arginine content but also
identifies new candidate genes and molecular markers for soybean molecular breeding. Future
research should further validate the functions of these genes and explore their specific regulatory
mechanisms in arginine metabolism.

5. Conclusions

This study conducted a genome-wide association analysis (GWAS) on 290 soybean accessions
with varying arginine content levels to investigate the genetic basis of arginine accumulation in
soybean. By analyzing 33,858 SNP loci, two SNPs significantly associated with arginine content were
identified: GmO06_19014194_ss715593808 and Gm11_2054710_ss715609614. Additionally, two
candidate genes-Glyma.069203200 and Glyma.11G028600-were identified, providing valuable insights
into the molecular mechanisms regulating amino acid metabolism in soybean seeds.

At the genomic prediction (GP) level, the study assessed the effectiveness of various models,
including rrBLUP, BA, BB, BL, and BRR. By examining the correlation coefficient (r) between genomic
estimated breeding values (GEBV) and observed values, the analysis revealed that the r-value
reached 0.72 when using GWAS-derived SNP markers. This was notably higher than the r-value
obtained from randomly selected SNP sets, demonstrating the potential of these SNP markers in
screening and breeding soybean lines with high arginine content. These findings establish a solid
theoretical foundation for future soybean breeding programs aimed at enhancing arginine content.
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The following abbreviations are used in this manuscript:
GWAS Genome-Wide Association Study

SNP Single Nucleotide Polymorphism

GP Genomic Prediction
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PA Predictive Accuracy

BLUP Best Linear Unbiased Prediction

BA Bayesian A

BB Bayesian B

BRR Bayesian Ridge Regression

SVM Support Vector Machine
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