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Abstract: Soybean hundred seed weight (HSW) is a complex quantitative trait affected by multiple
genes and environmental factors. To date, a large number of quantitative trait nucleotides (QTNs)
have been reported, but less information on QTN-by-environment interactions (QEIs) and QTN-QTN
interaction (QQISs) for soybean HSW is available. Mapping without QEIs and QQIs result in missing
some important QTNs that are significantly related to HSW. Therefore, the present study conducted
genome-wide association analysis to map main QTNs, QEIs and QQIs for HSW in a panel with
573 diverse soybean lines tested in three independent environments (E1, E2 and E3) with Mean-
and best linear unbiased value (BLUP)- phenotype. In all, 147 main effect QTNs, 11 QEIs, and
24 pairs of QQIs were detected in the Mean-phenotype, and 138 main effect QTNs, 13 QEIs, and
27 pairs of QQIs in the BLUP-phenotype. The total phenotypic variation explained by the main
effect QTNs, QEIs, and QQIs were 35.31-39.71, 8.52-8.89 and 34.77-35.09%, respectively, indicating
an important role of non-additive effects on HSW. Out of these, 33 QTNs were considered as stable
with 23 colocalized with previously known loci, while 10 were novel QTNs. In addition, 10 pairs
stable QQIs were simultaneously detected in the two phenotypes. Based on homolog search in
Arabidopsis thaliana and in silico transcriptome data, seven genes (Glyma13g42310, Glyma13g42320,
Glyma08¢19580, Glymal3g44020, Glyma13g43800, Glyma17¢16620 and Glyma07g08950) from some
main-QTNs and two genes (Glyma06¢19000 and Glyma17g09110) of QQIs were identified as potential
candidate genes, however their functional role warrant further screening and functional validation.
Our results shed light on the involvement of QEIs and QQIs in regulating HSW in soybean, and
these together with candidate genes identified would be valuable genomic resources in developing
soybean cultivars with desirable seed weight.

Keywords: 100-seed weight; soybean; QTN; QTN-environment interactions; QTN-QTN interaction

1. Introduction

As an important crop with rich nutritional value and wide application, soybean
[Glycine max (L.) Merr.] plays an important role in human health and food security. In order
to maximize the potential of soybean yield related factors, scientists are deeply developing
excellent varieties, as one of the three major factors in yield formation, seed weight has
become a key target for breeders [1,2]. The 100-seed weight (HSW) of soybean is not only a
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key factor in the evolution of plant adaptation, but also an important agronomic trait in the
process of crop domestication [3].

HSW is a typical complex quantitative trait, which is controlled by a few major genes
and several minor genes. Therefore, genome-wide association analysis (GWAS) is one
of the important methods to mine the excellent genes of HSW. Since quantitative trait
loci mapping have been applied to soybean [4], many stable QTN significantly correlated
with HSW have been detected [5,6], in order to identify superior alleles in soybean and
provide useful reference for further understanding the genetic basis of soybean 100-seed
weight. At present, a couple of hundreds quantitative trait loci/nucleotides (QTL/QTNs)
for HSW in soybean have been documented on SoyBase (www.soybase.org; accessed on
15 February 2023) by both linkage and genome-wide association study mapping strate-
gies. Previous studies identified QTL/QTN and validated the underlying genes for seed
weight: the PP2C-1 gene [7], the WRKY transcription factor GmWRKY15a [8], and the seed
development related gene GmGA20ox [9]. For this purpose, scholars have proposed a lot of
GWAS methods, including common single-locus association analysis methods [10-12] and
multi-locus association analysis methods [13]. However, these association analysis studies
about HSW were limited to main effect QTN were detected in a single environment, and
more complex factors such as gene-environment interactions and gene-gene interactions
are not considered.

With the changes in climate and the constant intensification, the influence of environ-
mental factors on gene expression and phenotype is increasingly significant. The generation
of phenotypes is a complex process, most of them are simultaneously affected by heredity
and environment [14]. Therefore, the detection of environment-gene interactions (QTN-
by-environment; QEIs) and their genetic analysis are becoming more and more important.
Moreover, in the field of population and quantitative genetics, epistasis is seen as a key
concept to explain the variability of individual phenotypes and the impact of genetic back-
ground [15]. The epistasis analysis is helpful to find those loci in QQIs (QTN-by-QTN
interactions) that have significant influence on traits, but they could be not found in main
effect model. By further research on epistasis, researchers will be able to better understand
how genetic variation affects individual phenotypes and the mechanisms of population
evolution. QEIs and QQIs have been gradually valued in mining elite gene of complexity
traits [15-17].

Currently, many methods and software packages have been used to detect gene-
environment interactions and gene-gene interactions in GWAS [18], among them include
mixed linear model of multi-site random-SNP effect (3VmrMLM) which combines the
three-variance component hybrid model and the multi-locus model mrMLM method and
maps the main QTNs, QEIs and QQIs [19]. In this study, 3VmrMLM method was used for
GWAS mapping using Mean-phenotype (were mean values of 3 replications) and BLUP-
phenotype (were obtained from the best linear unbiased value of 3 replications) to identify:
(i) the main QTNs, QEIs and QQIs, and (ii) predict putative candidate genes that may
underline major and stable QTNs. Our findings provide valuable insights into the genetic
bases of HSW and provide a repertoire of key candidate genes for the enhancement of HSW
through breeding programs.

2. Materials and Methods
2.1. Materials

The experimental materials used in this study were 573 genotypes selected from
Yangtze-Huai soybean breeding line population (YHSBLP) under National Center for
Soybean Improvement, Nanjing Agricultural University (NAU), Nanjing-China. This
population mainly contained new germplasm of suitable maturity, high quality and high
yield from Yangtze-Huai area. This population was developed from domestic and foreign
excellent cultivars and the core parents materials (Yuchu 4, Nannong 86-4, Nannong 88-48
and Nannongcaidou 5) [20]. The hybrid method was used, and then excellent and stable
lines for yield from Fg—Fy4 generations were selected a panel in this population. The
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experiment was laid in a completely random block design, with three replications. The hill
plot was set 50 cm x 50 cm, the HSW of each replicate was measured under the moisture
content of 13% [20].

2.2. Phenotypic Data

Soybean HSW from YHSBLP population in 2013, 2017 and 2018 [20] were re-analyzed
by 3VmrMLM, with 3 replications for each year. Here, a year is regarded as an environment,
so there are three environments in total, which are sequentially encoded as E1, E2 and E3.
The phenotypic data are available in the National Center for Soybeans Improvement web-
site (http:/ /ncsi.njau.edu.cn/info/1150/2069.htm; accessed on 1 February 2023) or from
additional file in Karikari et al. [20]. We processed the above phenotypic data in two aspects,
which compensated for the influence of phenotypic data differences on GWAS results. One
is Mean-phenotype, we took mean from 3 replications of each environment as the pheno-
typic data for the single environmental association analysis and multi-environment dataset
joint analysis, then mean from mean value of three environments for epistasis analysis. The
other is BLUP-phenotype, Ime4 package in R4.2.1 software [21] was used to calculate the
BLUP of 3 replications in each environment, respectively, as the phenotypic data for the
single environment association analysis and multi-environment dataset joint analysis, and
the BLUP of 3 environments was used to conduct epistasis analysis.

2.3. Genotypic Data

The DNA of 573 samples were extracted by CTAB method, the genomic DNA se-
quences were obtained by Illumina HiSeq2000 sequencer, and Multiple Shotgun Geno-
typing (MSG) was used, and the size of DNA fragments ranged from 400 to 600 bp.
RealSFS [22] were used to extract and confirm single nucleotide polymorphisms (SNPs)
based on Bayesian estimates of locus frequency, and original SNPs markers were obtained.
The SNPs dataset of this population was deposited on National Center for Biotechnology In-
formation under Sequence Read Archive (SRA) with accession number PRJNA648781, and
the website of National Center for Soybean Improvement (http:/ /ncsi.njau.edu.cn/info/11
50/2069.htm; accessed on 1 February 2023). In brief, the SNPs consisted of 61,166 SNPs
distributed on 20 chromosomes of soybean, with frequency of heterozygous alleles missing
<30% and minor alleles frequency >5% [20].

2.4. Population Structure Analysis

The STRUCTURE 2.3.4 software [23] was used to calculate the population structure Q
matrix was obtained for the association analysis. In the results of Structure, the statistic AK
presented significantly higher value at K = 3 compared to the other three cases, indicating
that the population is composed of three subpopulations, which is consistent with the
number of subpopulations analyzed by Karikari et al. [20].

2.5. Phenotypic Data Analysis and Heritability Estimation

Descriptive statistical analysis of Mean- and BLUP-phenotype of soybean HSW phe-
notypic data was performed using SPSS software (IBM SPSS Statistics 26.0.0. Released
2019, IBM Corp. IBM SPSS Armonk, NY, USA: IBM Corp). The analysis of variance was
performed by SPSS software, the heritability of Mean-phenotypes and BLUP-phenotypes
was estimated by the heritability Formula (1) [24]. Among them, V, denotes the genetic
variance, V, denotes residual variance.

2. %
Ve + Ve

(1)

2.6. Genome Wide Association Analysis of Soybean HSW

In this study, the compressed-variance component mixed linear model method 3Vm-
rMLM was used to conduct association analysis on 61,166 SNPs and phenotypic data
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(Mean-phenotype and BLUP-phenotype), to obtain the main effect QTNs, QEIs and QQIs
related to 100-seed weight. The threshold was set to logarithm of odd (LOD) > 3.0. Specific
analyses performed are as follows:

(i) Three kinds of association analyses were included: single environment association
analysis for significant main-effect QTNs; multi-environment dataset joint analy-
sis [19] for stable main effect QTNs and QEIs (QTN-by-environment interactions); and
epistatic analysis can obtain main effect QTNs and QQIs (QTN-QTN interaction).

(ii) Phenotypic data used in Single environment association analysis: E1, E2 and E3
was three single environments. Mean-phenotype was mean of 3 replications of each
single environment. BLUP-phenotype was BLUP (best linear unbiased value) of
3 replications of each single environment.

(iii) Phenotypic data used in multi-environment dataset joint analysis: Mean-phenotype
of three environment E1, E2 and E3 were combined together for association analysis.
BLUP-phenotype were processed in the same way as the Mean-phenotype.

(iv) Phenotypic data used in epistatic analysis: The mean of the mean value of three envi-
ronments were used as phenotypic data, namely, Mean-phenotype. BLUP-phenotype
was BLUP from 3 replications of three environments.

(v) stable locus: In this study, QTNs/QEIs/QQIs that appeared in at least twice in
single-environment association analysis, multi-environment dataset joint analysis,
and epistatic association analysis were considered as the stable locus [20] in Mean-
phenotype. For BLUP-phenotype, the criterion for screening locus was the same.

2.7. Functional Annotation of Arabidopsis Homologous Genes

The SoyBase website was used to search for potential candidate genes for the screened
QTNs/QEIs/QQIs within a distance of 500 kb upstream and downstream [20]. Since many
biological pathways and hormone regulation are involved in the formation of seed centroid
weight, this study uses G. max William 82 reference gene model 1.0 in SoyBase database
to identify potential candidate genes that may be related to seed centroid weight through
functional annotation of Arabidopsis homologous genes.

2.8. Differential Expression Analysis of Potential Candidate Genes in 14 Tissues

RNA-seq data of candidate genes in different soybean tissues (root, nodule, one cm
of pod, flower, young leaf, pod shell and seed) and developmental stages were retrieved
from SoyBase (https:/ /www.soybase.org/soyseq/; accessed on 10 August 2023; Severin,
et al. [25]), however those with high expression levels in seed related tissues were con-
sidered as potential candidate genes. Heatmaps of the fragment per kilobase per million
mapped fragments values of model genes was used to speculate that these genes may be
the key regulatory genes involved in the formation of soybean 100-seed weight.

2.9. Haplotype Block Analysis and Phenotypic Difference Analysis of Potential Candidate
Gene Loci

Linkage disequilibrium and haplotype blocks of QTNs/QEls/QQIs with candidate
genes were analyzed by the default “Four Gamete Rule” method in Haploview software
4.2 [26], and the difference of HWS between each group in each haplotype block was
evaluated by t-test, with the threshold p < 0.05.

3. Results
3.1. Phenotypic Analysis of 100-Seed Weight

The HSW of 573 soybean breeding lines were identified in E1 to E3 environments,
the descriptive statistics analysis of Mean-phenotype showed that the average of the
three environments E1~E3 ranged from 18.99 to 20.29 (), and the highest phenotype values
were observed in E1, while the lowest phenotype values were observed in E2, the difference
between the highest value and the lowest value is 30.15 (g). The coefficients of variation
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were 23, 24 and 25 (%) respectively, and the board-sense heritability (k%) ranged from 94.6 to
96.4 (%) (Table 1).

Table 1. Phenotypic analysis of the Mean-phenotype and BLUP-phenotype of HSW for 573 soybean

germplasm under three environments.

Phenotype ?

Environment P Mean Min Max SD Skew Kurt CV (%) h2 (%)

Mean-phenotype

El
E2
E3

18.99 7.24 37.19 4.46 0.78 1.01 23 95.10
20.29 7.04 36.32 4.88 0.54 0.44 24 96.40
19.47 8.38 36.78 4.87 0.64 0.46 25 94.60

BLUP-phenotype

El
E2
E3

18.99 7.81 36.3 4.22 0.71 1.02 22 95.13
20.28 7.63 35.55 4.69 0.53 0.41 23 96.87
19.49 8.96 35.88 4.60 0.66 0.45 24 94.80

40

w
=]

100-seed weight(g)
i5 S
o

10

Min: minimum; Max: Maximum; SD: standard deviation; Skew: Skewness; Kurt: kurtosis; CV: coefficient of
variation; h?: Generalized heritability. *: Two phenotypes for association analysis were obtained from the raw
phenotypic data; Mean-phenotype is mean value of 3 replications of each environment; BLUP-phenotype is the
best linear unbiased prediction of 3 replications in each environment. P: The three environments refer to the year
2013, 2017, and 2018, respectively, and are denoted as E1, E2, and E3, respectively.

After analyzing of the BLUP-phenotype, the average is 18.99~20.28 g, and the co-
efficient of variation is 22, 23 and 24%, respectively (Table 1), the h? of HSW in E1~E3
environments are 95.13, 96.87 and 94.8%, respectively. Both the average and h? of E2 were
the highest by comparison, indicating that genetic effects play an important role in pheno-
typic variation. The t-test results showed that E1 and E2, E2 and E3 in Mean-phenotype
and BLUP-phenotype were significantly different (Figure 1).

[ — 40 1

M E2

w
=]

o El ™ El

)
- ‘Ea

100-seed weight(g)
r
o

10

.
H

El E2 E3

E2 E3 Environment

Environment

(a) (b)

Figure 1. Boxplot of Mean-phenotype and BLUP-phenotype phenotypic data in three environments
(E1, E2 and E3). (a) Box plot with the Mean-phenotype; (b) Box plot with the BLUP-phenotype. E1,
E2 and E3 represent mention locations for the phenotypic; ** represents significant differences with
p < 0.01; *** represents significant differences with p < 0.001.

3.2. Association Analysis of Mean-Phenotype for 100-Seed Weight
3.2.1. QTNs of Single Environment Analysis

The results of single environment association analysis in 3VmrMLM method showed
that 33, 25 and 25 significant main effect QTNs were detected in environment E1, E2 and
E3, respectively, a total of 83 QTNS were detected, among which E1 contributed with
the most loci (Figure 2). The log of odd (LOD) scores of these QTNs ranged from 4.04 to
38.24, phenotypic variation explained (R?) values ranged from 0.30 to 3.18%, and QTNs
effect ranged from 0.37 to 1.57, indicating that these main effect QTNs may be small effect
loci related to HSW. The sum of phenotypic variation explained in single environment
were ranged from 36.77 to 39.71. Among them, 12 QTNs are located on chromosome
13, which was the greatest number of SNPs in the same chromosome, accounting for
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14.45% of the total number of significant QTNs. Moreover, 2 main effect QTNs were
detected simultaneously in at least two environments, among which Gm05_37024496 was
detected simultaneously in E2 and E3, with LOD scores of 8.65 and 12.41, respectively;
Gm13_41961934 was detected in both E1 and E3, with the LOD scores of 7.98 and 5.07,
respectively (Table 2).

Mean-phenotype BLUP-phenotype
C 1_ 2

>

(b)

Figure 2. Venn diagram of loci identified by single environment analysis, multi-environment dataset

joint analysis and epistasis analysis. (a) represents the analysis results in Mean-phenotype; (b) rep-
resents the analysis results in BLUP-phenotype. C1, C2 and C3, respectively, represent the main
effect QTN of single-environment analysis in E1, E2 and E3; C4 and C5 represents the main effect
QTNs and QElIs in multi-environment dataset joint analysis; C6 and C7 represents QTNs and QQIs in
epistasis analysis. The sets C1-C7 are represented in different colors, and the numbers on the Venn
diagram show the number of QTNs in the overlapping regions of these sets.

3.2.2. QTNs and QEIs of Multi-Environment Dataset Joint Analysis

In this study, a total of 63 main effect QTNs and 11 QEIs were detected through joint
analysis of phenotypic data of three environments E1, E2 and E3 (Figure 2). Among these
63 QTNs, the p-value ranged from 9.18 x 10~7~4.47 x 1078 and LOD scores ranged from
3.47 to 104.26; the overall R? for 63 main effect QTNs was 35.31%. For the 11 QEISs, their
LOD scores were all greater than 7.00, and R? values was 8.52%, suggesting these QEIs
accumulatively play an important role in modulation of HSW. The 11 significant QEIs
indicated that there was significant gene-environment interaction in soybean 100-seed
weight, which was consistent with the results of analysis of variance for phenotypic data.

3.2.3. QTNs and QQIs of Epistasis Analysis

In the detection of QQlISs, it requires the fact that the enormous computational require-
ments for epistasis analysis when there are a large number of markers, therefore, to solve
this issue, 5768 SNPs obtained from further filtering through “-blocks” in PLINK1.9 was
used. Finally, 1 main effect QTN and 24 significant QQIs were detected (Figure 2). The LOD
scores of main effect QTN was 4.30, with p-value of 8.68 x 1079, the effect value was 1.18,
and R? was 2.99%. The LOD scores of 24 QQIs ranged from 3.01 to 10.21, with p-values of
7.21 x 10712~1.98 x 10~*, QQIs effect of 0.10 to 1.05, and R? values was 35.09%.

3.2.4. Stable QTNs of Single Environment, Multi-Environment and Epistasis Analysis

By comparing the results of single environment and multi-environment association
analysis, it was found that 20 main effect QTNs simultaneously appeared in both types
of analyses (Table 2). Among them, 8, 4, and 9 QTNs detected in multi-environments
analysis were simultaneously detected in the single environment analysis of E1, E2, and E3,
respectively (Table 2). This indicated that the multi-environmental datasets joint analysis
can reduce the accumulation of gene-environment interaction effects, effectively reduce the
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impact of environment, detect more stable loci related to trait [19]. Gm13_41961934 was
detected as the main effect QTN in E1, E3 and multi-environment analysis, in these three
cases, its LOD scores were 7.97, 5.07 and 16.37, and its effect values were 0.52, 0.56 and 0.44,
respectively, R? values were 0.80, 0.73 and 0.48%, respectively. Gm15_32270601 appeared
simultaneously as the main effect QTN of E3 and the QEI of multi-environment, its LOD
scores were 15.60 and 19.91, respectively, and R? values were 1.59 and 1.05%, respectively
(Table 2). It is speculated that this locus, which interacts with the environment, has a
significant impact on the phenotypic variation of 100-seed weight in the E3 environment.

Table 2. Stable QTNs detected in single environment, multi-environment, and epistasis association
analysis for Mean-phenotype.

QTNs @ Chr? LOD ¢ Effect 4 R? (%) ® Types of QTNs Detected f

GmO05_37024496 5 8.65,12.41 0.70,0.88 0.75,1.13 E2, E3
GmO04_36981242 4 38.24,104.26 1.23,1.17 1.78,1.41 E1, Multi-environment QTN
Gm07_7333790 7 15.33, 52.04 —0.74, —0.80 0.60, 0.60 E1, Multi-environment QTN
GmO08_4692303 8 30.47,57.58 1.08,0.84 2.71,1.45 E1, Multi-environment QTN
Gm13_10282573 13 12.95,22.97 —0.68, —0.51 0.54,0.27 E1, Multi-environment QTN
Gm13_26750464 13 10.68, 7.65 0.61,0.30 1.49,0.31 E1, Multi-environment QTN
Gm17_13658864 17 20.12,7.96 0.86,0.30 2.37,0.26 E1, Multi-environment QTN
Gm03_3724705 3 9.29-30.06 0.73,0.60 1.17,0.83 E2, Multi-environment QTN
Gm07_22276117 7 11.28,61.19 0.80, 0.87 0.72,0.89 E2, Multi-environment QTN
Gm16_15333418 16 18.57,16.90 —1.05, —0.44 0.89,0.17 E2, Multi-environment QTN
Gm02_5698517 2 4.28, 4.49 0.51,0.23 1.09,0.23 E3, Multi-environment QTN
GmO08_14545190 8 6.49,51.24 —0.63, —0.79 1.25,2.07 E3, Multi-environment QTN
Gm09_4376323 9 8.04,15.31 0.70,0.42 2.05,0.77 E3, Multi-environment QTN
Gm10_3962423 10 12.92,6.16 0.90, 0.27 1.80, 0.17 E3, Multi-environment QTN
Gm14_40721910 14 11.56,11.27 0.85,0.36 1.62,0.31 E3, Multi-environment QTN

Gm18_496658 18 17,10.96 —1.04, —0.36 1.26,0.16 E3, Multi-environment QTN
Gm19_34854234 19 7.86,7.99 —0.69, —0.30 1.10,0.21 E3, Multi-environment QTN
Gm18_55491235 18 10.11, 6.11 0.79, 0.60 2.33,0.35 E3, epistasis QQI
Gm15_32270601 15 15.60, 19.91 1.0,0.67 1.59,1.05 E3, Multi-environment QEI
Gm13_41961934 13 7.97,5.07,16.37 0.52,0.56, 0.44 0.80,0.73, 0.48 EL E3,

Multi-environment QTN
E1, Multi-environment QTN,

Gm06_1271502 6 10.97, 15.80, 3.43 0.62,0.42,0.18 1.62, 0.68,0.16 X .
epistasis QQI
Gm11_10506624 11 15.32,12.14,458  0.94,0.38,0.41 2.93,0.49, 0.87 E2, Multi-environment QTN,
epistasis QQI
GmO01_47969266 1 18.36, 4.33 0.46, 0.94 0.46, 3.69 Multl—en.wropment QTN,
epistasis QQI
Gm02_4453462 2 5.34,4.33 0.24, 0.94 0.18,3.70 Multl—enylroyment QTN,
epistasis QQI

4. Stable QTNs, the naming followed Glycine max (Gm) adding chromosome number underscore with the
position of the SNP. P: The chromosome where QTN is located. ©: Log of odds. 9: The statistical estimate of
QTN effect. ¢: Phenotypic variation explained by each QTN. f: Situations where Loci detected at least twice
in single-environment, multi-environment, and epistatic analysis for Mean-phenotype. E1 indicates that the
locus was detected in single-environment E1; E2 and E3 are the same; Multi-environment QTN indicates that
locus is main QTN detected in multi-environment; Multi-environment QEI indicates that locus is QEI detected in
multi-environment; epistasis QQI indicates that the locus is one QTN of QQIs detected in epistatic analysis.

Five QQIs in epistasis analysis were detected simultaneously in single environment
and multi-environment analysis. Gm18_55491235, the main effect QTNs of single envi-
ronment had QTN-QTN interaction with GmO07_36350977. In addition, GmO01_47969266,
Gm02_4453462, Gm06_1271502 and Gm11_10506624 are both main effect QTNs of multi-
environment dataset joint analysis and QQISs of epistasis analysis. Among them, Gm06_1271502
and Gm11_10506624 appeared in significant QTNs of single environment. The LOD scores
of Gm06_1271502 in single environment, multi-environments and epistasis analysis were
10.97, 15.80, and 3.43, respectively. The LOD scores of Gm11_10506624 in single environ-
ment, multi-environment and epistasis analysis were 15.32, 12.14 and 4.59, respectively.
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3.3. Association Analysis of BLUP-Phenotype of 100-Seed Weight

In this study, BLUP-phenotype was used as another phenotypic data, which is not
only beneficial for selecting the relatively stable QTNs, QEIs and QQIs, but also provide
complementation on the basis of significant loci detected by Mean-phenotype, in order to
mining of potential candidate genes related to soybean genetic breeding.

3.3.1. QTN of Single Environment Analysis

The results of single environment analysis by 3VmrMLM showed that 82 main effect
QTNs were found in E1, E2 and E3 environments (Figure 2), with LOD scores between
3.95 and 35.47, R? values ranged from 0.34% to 3.19%, and QTN effect ranged from 0.36 to
1.48. The overall phenotypic variation explained were 36.78-38.04%. The number of QTNs
detected in E1 is the highest, which was 32. These 82 QTNs are unevenly distributed on
20 chromosomes, with a higher number of QTNs distributed on chromosomes 7, 8, 13, and
14, ranging from 6 to 11, chromosome 13 has the highest number of QTNs, accounting for
13.41% of the total QTNs. Four QTNs were detected in at least two single environments.
Specifically, Gm03_3724705 was detected simultaneously in E1 and E2, with the LOD values
of 18.74 and 6.99, respectively; Gm04_5395873 was also detected in E1 and E2, with the
LOD values of 10.10 and 9.30, respectively; GmO05_37024496 was detected simultaneously
in E2 and E3, with the LOD values were 8.43 and 11.85, respectively; Gm14_9347269 was
detected in E1 and E3, with the LOD values of 24.28 and 35.47, respectively (Table 3).

3.3.2. QTNs and QEIs of Multi-Environment Dataset Joint Analysis

A total of 55 main effect QTNs and 13 QTN-environment interaction QEIs were
detected in the multi-environment dataset joint analysis (Figure 2). The LOD scores of the
55 main-effect QTNs ranged from 3.26 to 110.58, with p values ranging from 9.5 x 107113
to 1.08 x 10%, and R? values was 38.1%. The LOD scores of 13 QEIs ranged from 3.75 to
20.78, and R? values was 8.89%.

3.3.3. QTNs and QQIs of Epistasis Analysis

In epistasis analysis, 1 main-effect QTN and 27 pairs of QTN-QTN interaction QQIs
were detected with the above 5768 SNPs in epistasis analysis of BLUP-phenotype (Figure 2).
More significant QTNs were detected in the form of QQI. The LOD scores of main effect
QTN was 3.97, its effect was 0.97, and the R? values was 2.56%. LOD scores of QTN-QTN
interaction QQIs ranged from 3.01 to 7.31, epistatic effect ranged from 0.05 to 0.88, and R?
was 34.77%.

3.3.4. Stable QTN of Single Environment, Multi-Environment and Epistasis Analysis

In all, 11 main-effect QTNs were detected in both single environment analysis and multi-
environment analysis, with 5, 2 and 4 QTNs in E1, E2, and E3, respectively, which were
simultaneously detected (Table 3). Comparison with the Mean-phenotype, Gm15_32270601
was again detected as the main effect QTN in E3 and QEI, with LOD scores of 15.34 and
19.58, and effect values of 0.93 and 0.66, and phenotypic interpretation rate R? of 1.56 and
1.11%, respectively. Given the influence of environmental factors on gene expression and
phenotypic stability, Gm15_32270601 as QTNs of E3 and QEI detected repeatedly appeared
in both Mean-phenotype and BLUP-phenotype suggesting that it had significant effect on
phenotypic variation of 100-seed weight in E3 environment (Table 3).
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Table 3. Stable QTNs detected in single-environment, multi-environment, and epistatic association
analysis for BLUP-phenotype.

QTNs 2 Chr? LOD ¢ Effect 4 R% (%) © Test Results f
Gm04 5395873 4 18.74, 6.99 ~0.82, —0.60 1.87,0.81 E1, E2
Gm03_3724705 3 10.10, 9.30 0.60, 0.70 1.08,1.17 E1, E2
Gm05_37024496 5 8.43,11.85 0.66, 0.81 0.73,1.07 E2, B3
Gm14 9347269 14 24.28,35.47 094, —1.48 1.18,2.37 E1, B3
Gm06_48581982 6 10.77, 16.44 —0.61, —0.43 1.99, 0.85 E1, Multi-environment QTN
Gm07_7333790 7 17.86, 68.04 ~0.79, —0.90 0.78,0.86 E1, Multi-environment QTN
Gm13_43480280 13 12.02, 21.88 ~0.64, —0.49 1.30, 0.67 E1, Multi-environment QTN
Gm20_34264812 20 6.39, 8.58 0.47,0.31 1.04, 0.39 E1, Multi-environment QTN
Gm19_8351766 19 13.69, 74.54 0.86,0.96 0.66, 0.89 E2, Multi-environment QTN
Gm06_13909376 6 8.35, 14.90 —0.65, —0.41 1.97,0.82 E2, Multi-environment QTN
Gm08_14545190 8 7.04,31.76 —0.61, —0.60 1.35,1.34 E3, Multi-environment QTN
Gm09_4376323 9 8.07,9.09 0.65,0.32 2.05,0.48 E3, Multi-environment QTN
Gm10_3962423 10 12.86, 14.01 0.84,0.39 1.79, 0.41 E3, Multi-environment QTN
Gm19_34854234 19 7.88,13.34 —0.65, —0.38 1.10,0.34 E3, Multi-environment QTN
Gm15_32270601 15 1534, 19.58 0.93,0.66 1.56,1.11 E3, Multi-environment QEI
Gm14_1830770 14 10.2, 3.61 ~0.59, —0.51 1.20,1.20 E1, epistasis QQI
Gm18_55491235 18 10.72, 4.85 0.77,0.22 247,033 E3, epistasis QQI
Gm02_4453462 2 493,13.93,447  0.40,0.40,0.59 0.62,0.50,1.86 El, Multi-environment QTN,
epistasis QQI
GmO06_1271502 6 44.82,5.09 0.72,0.4 2.16,0.99 Multi-environment QTN,
epistasis QQI
Gm15_47035163 15 26.52,5.12 0.55,0.53 141,187 Multi-environment QTN,
epistasis QQI

a: Stable QTNs, the naming followed Glycine max (Gm) adding chromosome number underscore with the
position of the SNP. P: The chromosome where QTN is located. ©: Log of odds. 9: The statistical estimate of
QTNss effect. ©: Phenotypic variation explained by each QTN. f: Situations where Loci detected at least twice
in single-environment, multi-environment, and epistatic analysis for BLUP-phenotype. E1 indicates that the
locus was detected in single-environment E1; E2 and E3 are the same; Multi-environment QTN indicates that
locus is main QTN detected in multi-environment; Multi-environment QEI indicates that locus is QEI detected in
multi-environment; epistasis QQI indicates that the locus is one QTN of QQIs detected in epistatic analysis.

Moreover, Gm02_4453462, Gm14_1830770 and Gm18_55491235 were detected as both
main effect QTN in single environment and QQIs in epistasis analysis. Gm02_4453462,
Gm06_1271502, and Gm15_47035163 were identified as multi-environment main effect
QTNs and epistatic QQIs. The LOD scores of three QTNs varied widely: Gm02_4453462
(4.47-4.93), Gm06_1271502 (5.09-44.82) and Gm15_47035163 (5.12-26.52). Gm02_4453462
particularly was detected simultaneously in single-environment analysis, multi-environment
analysis, and epistatic analysis (Table 3), indicating that this locus is stable and would
be valuable for further studies to unravel its contribution to 100-seed weight in the map-
ping population.

3.4. Comprehensive Results of Association Analysis of Mean-Phenotype and BLUP-Phenotype in
Soybean HSW

The stability QTN is crucial for its practical use in plant breeding, therefore, this study
selected stable loci that were identified in at least two scenarios (single environment analysis
for detecting main-effect QTNs, multi environment dataset joint analysis for detecting main-
effect QTNs and QElISs, epistatic analysis for detecting main-effect QTNs and QQIs) from the
results of association analysis based on Mean- and BLUP-phenotype. Based on the above
criteria, 24 stable loci were detected in Mean-phenotype (Table 2) and 20 stable loci in BLUP-
phenotype (Table 3). Among them, 11 loci were mapped using the Mean-phenotype and
BLUP-phenotype, while the remaining 13 and 9 loci complemented each other (Figure 3).
Among the 13 complementary loci provided by Mean-phenotype, except Gm08_4692303,
the other 12 loci appeared in either single environment, multi-environment or epistatic
analysis of BLUP-phenotype.
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Figure 3. Comparison of the number of hundred seed weight related loci between Mean-phenotype
and BLUP-phenotype.

In addition, 9 complementary loci were detected by BLUP-phenotype, out of these,
7 loci also appeared in the significant but unstable QTNs of mean-phenotype with exception
of Gm06_48581982 and Gm15_47035163. Therefore, the cross-validation of complementary
loci once again proved the reliability of screening loci in this study.

The 33 loci were distributed on 18 chromosomes, the number of loci distributed on
chromosome 13 is greatest, with a total of four, followed by chromosome 2, 6, 14 and
19, with 3 loci each. Among them, Gm06_1271502 was found as the main effect QTN
in a single environment (E1), QTN of multi-environment and QQI of epistasis analysis
in Mean-phenotype, and QTN of multi-environment and QQI of epistasis analysis in
BLUP-phenotype. On the other hand, Gm02_4453462 was detected as a QTN of multi-
environment and QQI in Mean-phenotype, and QTN of single environment, QTN of
multi-environment and QQI in BLUP-phenotype (Tables 2 and 3). The high frequency
occurrence of the above two loci not only shows the stability of 3VmrMLM method in
mining QTN of quantitative traits, but also indicates that these two loci may have significant
role in modulating 100-seed weight trait. We compared genomic regions of these 33 loci
with previously reported gene locations associated with 100-seed weight and found that
23 of them colocalized within/near the vicinity of known markers/QTL (Supplementary
Materials: Table S1), while 10 QTN are being reported as novel in this study to the best of
our knowledge.

In addition, this study compared 24 and 27 pairs of QQIs detected respectively by
Mean-phenotype and BLUP-phenotype, and found that 10 pairs of QQI were duplicated
(Table 4). Five QQIs of them, phenotypic variation explained by each pairs of QQIs was
higher in GWAS results of Mean-phenotype and BLUP-phenotype. Specifically, the QQI
between Gm02_25227246 and Gm11_16022081 explained 3.50% PV in Mean-phenotype
(3.16% in BLUP-phenotype), and the QQIs between Gm06_13595169 and Gm06_14999200
explained 4.64% (4.17%) PV. Moreover, compared with the QTNs located by main effect
model in Karikari et al. [20] and the study, 75% of the 20 QTNs in these QQIs were detected
only in epistasis analysis, indicating that these epistatic QTNs significantly associated
with HSW are not easily found as the main-effect QTNs. Through further study of the
interaction patterns of these 10 pairs of QQIs, it is helpful to understand the expression
mode and interaction of genes, revealing the operation mechanism of genetic information,
and effectively guide the breeding work.

Table 4. QQIs detected simultaneously in Mean-phenotype and BLUP-phenotype.

QQIs? Mean-Phenotype BLUP-Phenotype
QTN1 QTN2 LOD? Effect © Variance ¢ R? (%) © LOD?® Effect Variance ¢ R? (%) ©
GmO01_47969266 GmO02_4453462 433 0.94 0.71 3.70 447 0.60 0.28 1.86
Gm02_5698503 Gm08_5258168 10.20 1.05 0.82 429 5.19 0.58 0.25 1.64
Gm02_25227246 Gm11_16022081 5.72 —0.87 0.67 3.49 3.75 —0.74 0.48 3.16
Gm06_13595169 Gm06_14999200 4.62 0.72 0.51 2.68 4.64 0.80 0.63 417
Gm07_22276137 Gm13_7337797 7.30 —0.67 0.24 1.27 6.74 —0.88 0.42 2.73
Gm07_36350977 Gm18_55491235 6.12 0.61 0.36 1.85 4.86 0.23 0.05 0.33
Gm10_5133417 Gm20_41100226 3.01 0.59 0.29 1.52 3.26 0.32 0.09 0.57
Gm13_2423497 Gm17_6321674 4.61 —0.29 0.07 0.35 5.59 —0.24 0.05 0.31
Gm13_18560842 Gm16_30314260 3.45 0.41 0.16 0.83 4.67 0.27 0.07 0.44
Gm14_43246298 Gm18_46567218 5.82 —0.10 0.01 0.05 429 —0.13 0.02 0.11

2: QTN-QTN interaction, the two interacting QTNs are denoted as QTN1 and QTN2. b. Log of odds. ©: The
statistical estimate of epistasis effect. 4: Variance of QQI detected. ®: Phenotypic variation explained by each QQIL
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3.5. Exploration and Analysis of Candidate Genes for Soybean 100-Seed Weight
3.5.1. Identification of Potential Candidate Genes through Functional Annotation of
Homologous Genes in Arabidopsis

Using G. max William82 reference gene model 1.0 on SoyBase database, we searched
for model genes around stable QTNs (£500 kb) in the Mean- and BLUP-phenotype, and a
total of 2920 model genes for 33 stable loci and 1504 model genes for 10 pairs of stable QQIs
were retrieved. Based on the annotation information retrieved, 704 potential candidate
genes may be involved 100-seed weight regulation according to homology in Arabidopsis
functional annotation. Among them, 4, 556 and 313 candidate genes were identified with
genomic regions of QEls, main-effect QTNs and QQIs, respectively.

The candidate gene Glyma06g17520, Glyma06g17530 and Glyma06g17540 located within
the 42 kb region of Gm06_13909376, and the gene Glyma08g19580 appeared in Gm08_14545190
have been annotated to be involved in sucrose transport process. Sucrose acts as carbon
assimilation and transport during plant photosynthesis to produce organic matter for its
own growth, its synthesized in green leaves and transported to various organs and tissues
through phloem, sucrose transporters play a crucial role in seed development [27]. In
addition, 17 candidate genes belong to sugar transporter family known to contribute to the
plant transport of carbon-containing compounds.

Lu et al. [7] found that PP2C-1 interacts with transcription factors in the brassinos-
teroids signaling pathway, thus activating transcription factors through dephosphorylation
and changing the expression of downstream genes related to seed size to increase seed
weight. In this study, we identified a candidate gene Glyma05¢32231 in Gm05_37024496, its
a highly abscisic acid (ABA) induced PP2C gene that may play a role in increasing seed
weight phenotype in soybean.

In the loci Gm07_7333790 and Gm18_496658, we found three candidate genes
(Glyma07¢08851, Glyma18¢01610, and Glymal8g01605) that encode proteins belonging
to the ABC (ATP-binding cassette) transporter family. Studies have shown that ABC trans-
porters are kinds of proteins with transport biological function. These transporters have
been shown to be involved in regulating seed size and weight [20,28].

In addition to sucrose/monosaccharide/sugar transport, seed weight is related to
many factors such as flower/other parts development, cell cycle, cell proliferation, cell wall
modification, and the regulation of various hormones such as jasmonic acid, gibberellin,
abscisic acid, auxin, brassinosteroids, etc. In the past few decades, several signalling
pathways have been identified that determine seed size by regulating maternal tissue
or endosperm growth, such as ubiquitin-proteasome pathway, and G protein signalling
pathway, etc. [29]. These signalling pathways and phytohormones may affect the final
soybean yield to varying degrees.

3.5.2. Identification of Candidate Genes through Differential Expression Analysis

In order to further identify the candidate genes related to seed weight, we identified
the expression of 571 of the candidate genes in 14 different tissues using RNA-seq data
provided by the SoyBase website. Then we searched for genes with significant expression
difference by heatmap analysis of fragments per kilobase per million mapped fragments
(FPKM) values of these candidate genes, speculating that these genes may be the key
regulatory genes involved in the process of seed weight formation. The 571 candidate
genes are from main-effect QTNs or QQIs, while RNA-seq data for four candidate genes
from QEI are provided on SoyBase website.

The results showed that among the soybean HSW, 9 potential candidate genes
(Glyma06g19000, Glyma08g19580, Glyma07¢08950, Glymal3g42310, Glymal3g42320,
Glyma13g44020, Glyma13g43800, Glymal7¢16620 and Glymal7g09110) are highly expressed
in seed-related tissues/developmental stages and were clustered together, suggesting that
they may play vital roles in seed weight formation (Figure 4). For example, Glyma07g08950
(GA200X) is involved in flower development; Glyma08g19580 (GmSWEET24) not only
plays an important role in sucrose transmembrane transport, but also responds to cell stim-
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ulation of abscisic acid; Glyma13¢42310 (LOX2) and Glyma1342320 (LOX1.1) mediate cell
response to abscisic acid stimulation; Glymal3g44020 (GmPM30) regulates embryonic de-
velopment and plant-type cell wall modification; Glymal7¢16620 (GmPM16) controls seed
development processes in addition to regulate embryonic development (Table 5). Seven of
these genes were all candidate genes obtained within the QTN in single-environment or
multi-environment analysis, and the other two genes (Glyma06g19000 and Glyma17g09110)
were located within the QQIs genomic regions. Therefore, epistatic analysis is helpful to
identify the genes related to 100-seed weight.

I15

Glyma06g19000

Glyma07g08950

Glyma17g16620

Glyma13g42310

Glyma13g42320

Glyma13g44020

Glyma13g43800

Glyma0sg19580

Glymat17g09110

dvazype
4vQsZ pa:
4vQaaz pai
dwasepe
dvaizpe
4vaol pa:

(a) (b)

Figure 4. Clustering heat map of expression levels of 446 candidate genes and 6 candidate genes
in 14 tissues. (a,b) represent the expression levels of 446 candidate genes and 6 candidate genes in
14 tissues, respectively; The original RNA-seq data was converted by log2(FPKM + 1) for heat map
analysis. Only genes expressed in different tissues were shown in the map. DAF: Number of days
after flowering.

Table 5. Potential candidate genes near stable QTNs for soybean 100-seed weight.

Candidate Gene

QTNs ® Position ®
Wm82.al.v1 ¢ Wm82.a2.v1 ¢ Position (bp) ¢ Gene Symbol ¢ Functional Annotation f
e Gm06:15230602 Cell division cycle protein
qHSW-6-2 Gm06_14999200 Glyma06g19000 Glyma.06g180000 15235616 LOC100776762 48 homolog (CDC48)
Gm07:7480416- Gibberellin 20 oxidase 2; Response to
qHSW-7-1 ~ Gm07_7333790  Glyma07g08950  Glyma.07g081700 153303 GA200X gibberellin stimulation, flower development
HSW82  GmOS_14545190  Glyma08g19580  Glyma.0g183500  O™Po 2793461 GmSWEET24 Sucrose transportation
Gm13:42321510- Lipoxygenase 1; Response to abscisic acid
qHSW-13-2 Gm13_41961934 Glyma13¢42310 Glyma.13¢347500 42:’,’2591 5 LOX2 stimulation, Response to jasmonic
acid stimulation
. B Lipoxygenase 1; Response to abscisic acid
Glyma13¢42320 Glyma.13¢347600 Gm13:42328964 LOX1.1 stimulation, Response to jasmonic
42333252 - .
acid stimulation
Gm13:43580634- . .
qHSW-13-3 Gm13_43480280 Glyma13g44020 Glyma.13¢363300 43581833 GmPM30 Rich late embryogenesis (plant) LEA related
Glymal3g43800  Glyma.13¢361200 ~ O™13:43396690- 50100500488 AUX/IAA family protein

43398891
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Table 5. Cont.
QTNs? Position ® Candidate Gene
Wm82.al.v1 ¢ Wm82.a2.v1 ¢ Position (bp) ¢ Gene Symbol ¢ Functional Annotation f
GHSW-17-1  Gm17.13658864  Glymal7g16620  Glyma.17g155000 Gm11373:1535392‘§202' GmPM16 Rich late embryogenesis (plant) LEA related
Gm17:6748647 Response to jasmonic acid stimulus; protein
qHSW-17-2 Gm17_6321674 Glyma17g09110 Glyma.17g083600 6750218 LOC100812289 STRICTOSIDINE SYNTHASE-LIKE 12

Gm06_14999200

——X

Gmo06_15037805

Gm06_15037828

BN
\

Gmo06_15071370

(a)

-
~
~
o
0
©
~
~
2
<

Block 1 (0 kh)
299

s
@
N

Gm07_7333790

300

s
@
@

2: QTNs (quantitative trait nucleotides) detected in the study following the nomenclature of McCouch et al. [30].
b, including Glycine max (Gm), chromosome number, underscore and the position of the QTN. ¢: Predicted
candidate genes in this study (both version 1 and 2 of William 82 reference genome). 4: Position of candidate
gene from the QTN position. ©: Gene symbol from National Center for Biotechnology Information. f: Biological
functions related to seed development obtained from SoyBase.

3.5.3. Haplotype Block Analysis of Candidate Genes

In order to effect of haplotypes and their associated alleles on 100-seed weight,
we conducted haplotype block analysis on 7 QTNs, with upstream and downstream
500 kb (Table 5). Figure 5 shows the linkage disequilibrium and haplotype blocks of
Gm06_14999200, Gm07_7333790, Gm08_14545190, Gm13_41961934, Gm13_43480280,
Gm17_13658864, and Gm17_6321674 and their nearby 500 kb SNPs. The distance of
each block ranged 0~255 kb with 2~7 closely linked SNPs and these grouped the map-
ping population into 3~5 different phenotypic groups. There were 2 candidate genes
in the haplotype block Gm13_41961934 and the remaining four blocks each have one
candidate gene. By t-test analysis, there exist significant variation among the grouping
based on either Mean- or BLUP-phenotype around the stable SNPs (Figure 5a-g). Among
them, Gm06_14999200, Gm07_7333790, Gm08_14545190, and Gm17_6321674 are the loci
detected by Mean-phenotype and BLUP-phenotype together, while Gm13_41961934 and
Gm17_13658864 are detected separately by Mean-phenotype. Gm13_43480280 was detected
by BLUP alone. Therefore, the seven stable loci were from the two different phenotypes,
which again verified the necessity of using Mean-phenotype and BLUP-phenotype for
complementary detection in this study.
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Figure 5. Haplotype block analysis and t-test for selected QTNs. The selected QTNs are
marked with a red box. (a—g) represent the haplotype respectively blocks and t-test of
Gm06_14999200, Gm07_7333790, Gm08_14545190, Gm13_41961934, Gm13_43480280, Gm17_13658864
and Gm17_6321674. (a-1-g-1) represents the result of ¢-test using Mean-phenotype; and (a-2—g-2) rep-
resents the result using BLUP-phenotype. *, ** and *** respectively indicates significant difference at
p <0.05,p <0.01 and p < 0.001.

4. Discussion
4.1. Comparison between Stable QTNs Identified in This Study and Reported QTL

According to information published in the SoyBase database, 304 QTL have been
mined that correlated with the 100-seed weight. In this study, 33 stable QTNs that were
detected by Mean- and BLUP-phenotype and repeated in at least two situations were com-
pared with previous results. Among them, 23 QTNs were 500kb upstream and downstream
from the QTL discovered by predecessors (Supplementary Materials: Table S1), including
12 stable QTNs located less than 100kb from the physical positions of previously discov-
ered marker [20,31-36], which is a relatively reliable mapping interval. The above results
further proved the accuracy of the QTNs obtained in this study. More importantly, ten
new stable QTNs were found, including Gm03_3724705, Gm06_1271502, Gm07_2227611,
Gm13_10282573, Gm14_1830770 and Gm16_15333418, which will provide a new source for
the study of soybean 100-seed weight in the future.

4.2. Detection Capability of the 3VmrMLM Method

In this study, the 3VmrMLM method [19] was used to conduct a diversified association
analysis on 61,166 SNPs markers and two phenotypic data. 3VmrMLM overcome the
shortcomings of traditional models that could only detected main effect QTNs and did
not consider QTN-environment interaction (QEIs) and QTN-QTN interaction (QQIs), to
provide more references for phenotypic variation of 100 seed weight of soybean. Specifically,
we detected 147 main effect QTNs, 11 QElIs, and 24 pairs of QQlIs in the Mean-phenotype,
and 138 main effect QTNs, 13 QEls, and 27 pairs of QQIs in the BLUP-phenotype. The
effect estimate, LOD score, phenotypic interpretation rate and other characteristic values
of these loci can better analyze the genetic structure of complex traits, pointing the way
forward for soybean breeding work. Therefore, multi-environment analysis and epistatic
analysis can identify potential candidate genes related to hundred-seed weight that have
been masked due to influences of environmental or epistatsis.

The high frequency occurrence of some main effect QTNs not only confirms the
stability of the method, but also emphasizes the importance of these QTNs. In this study,
Gm02_4453462 and Gm06_1271502 were detected in five different scenarios, indicating that
they are of great promise for future use in breeding targeted at altering seed weight for
specific a use.
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4.3. Significance of QTN-Environment Interaction and QTN-QTN Interaction

Plant growth is affected by external environmental factors. Under current circum-
stances, global climate change has threatened or is threatening global ecosystem and
biodiversity, the increase of temperature and carbon dioxide concentration and the fre-
quency of extreme weather directly hinder the process of crop growth and yield formation,
so cultivating excellent germplasm that adapts to climate change is an effective way to
solve this problem [37-39]. Due to the generation of phenotypes is a complex process,
which is influenced by environment (internal environment, external environment) as well
as genes (alleles, non-alleles) [14,40], most of the traits are the result of the combined
effect of heredity and environment, and QEIs as a gene-environment interaction locus
have been gradually valued in the research of mining quantitative trait loci [16-18,27].
In this study, we used the multi-environment dataset joint analysis in 3VmrMLM and
found 11 and 13 QElIs in the Mean- and BLUP-phenotype, respectively. Among them, 6
QEIs were detected simultaneously in both sets of phenotypes, they were Gm08_16964379,
Gm13_7443815, Gm15_32270601, Gm17_3520036, Gm20_33516364 and Gm20_43250246,
respectively. For the stable locus Gm15_32270601 among them, four potential candidate
genes Glyma15¢29880, Glyma15¢29200, Glyma15¢29340 and Glymal5g29410 were screened
according to functional annotation of Arabidopsis thaliana, which may be related to 100-seed
weight of soybean. They can be considered as new candidate genes for further analysis.
These QEIs not only provide strong support for the cultivation of soybean germplasm
adapted to environmental changes and promote the realization of high and stable yield of
soybean, but also contribute important genetic resources for addressing the challenge of
climate change.

Epistasis refers to the non-additive interactions between genes located in different seats
in population genetics and quantitative genetics [15,41]. In the whole-genome association
analysis, some SNPs are not significantly associated with traits under univariate analysis,
but after combining with other SNP in multivariate analysis, their association with traits will
be significantly enhanced. So, QQIs epistasis plays an important role in the genetic analysis
of complex traits [15,42]. However, in practical application, the data of SNPs is as high as
tens or even hundreds of thousands, and the computational amounts of epistasis analysis
also increases exponentially, the huge data brings great challenge to epistasis analysis in
the whole genome. Therefore, SNPs data will be dimensionally reduced before epistatic
analysis [19,43]. In this study, genotype data contained 5768 SNPs which were selected
through “-blocks” in PLINK1.9 for epistasis analysis to improving the computational
efficiency. Although the number of SNPs is small, the results are meaningful, it was shown
that Mean- and BLUP-phenotype jointly identified 10 interaction loci, these loci provided a
new source of information for the gene interaction research, which enabled researchers to
understand the gene expression and interaction more comprehensively, and promoted the
process of soybean breeding.

4.4. Potential Candidate Genes Discovered by the Complementary Mapping Approaches

Soybean is a typical dicotyledon crop, whose seeds are composed of internal and
external parts, including cotyledon, germ, hypocotyl and radicle, etc. [44], these tissues
act together to form the embryo, the core of the seed, while the seed coat protects the
embryo externally, and the cotyledon provides nutrition for the seed. The development
process of the seed coat and embryo controls the size and weight of the seeds [45]. With
the advancement in tissue culture and functional genomics in soybean [46—49], identifi-
cation and validation of candidate genes have become integral part of forward genetics.
Therefore, the present study relied on genomic resources available on SoyBase to mine
potential candidate genes. 6 potential candidate genes are highly expressed in seed-related
tissues/developmental stages (Table 5).

Glyma07g08950 (GA200X) is a key enzyme in GA biosynthesis, it plays an indispens-
able role in the formation of soybean yield. Previous studies showed that GA200X expres-
sion in soybean germplasm was significantly positively correlated with grain weight [9].
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Glyma08g19580 was named SWEET?24 that predicted to encode a bidirectional transporter
protein [50]. The SWEET gene family is crucial for maintaining the development of plant
seeds and pollen [51,52]. Some researchers have proposed that enhanced nutrient flow to
the developing endosperm and embryo can also improve seed yield by overexpressing the
SWEET gene and cell wall invertase and hexose symporter protein gene at the mother-child
interface of soybean seeds [53,54]. Glyma13g42310 (LOX2) and Glyma13g42320 (LOX1.1)
are members of the Late Embryogenetic Enrichment (LEA) protein family, which encode
genes for seed maturation proteins, thus abundant at later stages of seed development. In
addition, Glyma13g44020 (GmPM30) protein reacts strongly with sucrose and phospholipids
in the dry state, which is considered to be a key condition for seed drying [55]. The accumu-
lation of Glymal7¢16620 (GmPM16) protein starts from the middle stage of development
and gradually increases during seed maturation, the interaction between GMPM16 protein
and sugar forms a glass matrix structure, effectively improves seed drying resistance and
extends the storage time of seeds [56]. The findings of this study further validated the
importance of these genes and laid a foundation for subsequent cloning research and
functional identification.

5. Conclusions

In summary, this study employed 3VmrMLM method of GWAS to map main, QEIs
and QQIs QTNs for 100-seed weight in a diverse mapping population of >500. Our results
revealed that beside the main effect QTNs, both QEIs and QQIs play significant role in
modulating 100-seed weight. We identified 33 stable QTNs, out of which 23 colocalized
with previously known loci and 10 were novel, highlighting the reliability of mapping
procedure. Also, nine potential candidates were predicted and these warrant for future
functional validation to ascertain their roles in modulating 100-seed weight in soybean.
Two of them were identified in QQIs. Taken together the results from this study lay
foundation for targeting a specific seed-weight to meet the needs of different consumers.
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