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Abstract Soybean (Glycine max L.) is one of the most important oilseed and protein crops worldwide, and the effective utilization
of global soybean germplasm resources plays a critical role in genetic improvement and sustainable agricultural development. With
the rapid advancement of high-throughput sequencing technologies, single nucleotide polymorphism (SNP) markers have become
powerful tools for studying genomic diversity and population structure in crop species. This study reviews the current progress in
genomic diversity analysis of global soybean germplasm based on SNP markers. First, the distribution and conservation status of
global soybean germplasm resources and the main methods used in genetic diversity research are summarized. Subsequently, the
development and screening of SNP markers, evaluation metrics for genomic diversity, and commonly used bioinformatics analysis
approaches are discussed. Furthermore, the population structure of soybean germplasm from different geographic regions is analyzed,
and its relationship with genetic diversity and important agronomic traits is explored. A case study focusing on the population
structure of global soybean core germplasm is also presented to illustrate the application of SNP-based analysis in germplasm
evaluation and molecular breeding. Finally, the prospects for applying SNP markers in soybean genetic improvement, including
marker-assisted selection, genomic selection, and multi-omics integration, are discussed. This review provides a theoretical reference
for the efficient utilization of soybean germplasm resources and the development of improved soybean varieties.
Keywords Soybean (Glycine max L.); SNP markers; Genomic diversity; Population structure; Germplasm resources

1 Introduction
Genetic diversity within crop species underpins long-term gains in yield, resilience, and quality, and soybean is a
prime example of a crop whose global importance is tightly linked to the breadth and structure of its germplasm
resources. As a major source of plant protein and oil for food, feed, and industrial uses, soybean (Glycine max (L.)
Merr.) contributes substantially to global food security, yet modern breeding has often relied on a relatively
narrow subset of the available genetic pool (Duan et al., 2025; Viana et al., 2022). Historical domestication from
wild soybean (Glycine soja) and subsequent breeding in geographically isolated programs have produced strong
genetic bottlenecks and regionally distinct allelic compositions, especially in North American, South American,
and East Asian cultivars (Viana et al., 2022; Song et al., 2015). At the same time, emerging production regions
such as sub-Saharan Africa, Southern Africa, and Central Asia are expanding soybean cultivation, often with
germplasm of limited diversity adapted to local environments (sindi et al., 2023; Zatybekov et al., 2025).
Comprehensive characterization of global soybean germplasm—encompassing landraces, modern cultivars, and
wild relatives—is therefore essential to identify unique alleles, diagnose redundancy, understand population
structure, and design effective strategies for broadening the genetic base and improving adaptation.

Systematic germplasm research provides the framework for targeted introgression and informed parental selection
in breeding programs. Studies in the USDA Soybean Germplasm Collection and other large panels have
demonstrated that detailed molecular “fingerprinting” can reveal hidden population structure, delineate
domestication and improvement sweeps, and identify private alleles maintained in specific gene pools or breeding
programs (Kofsky et al., 2018; Song et al., 2015). Analyses of African and tropical soybean collections have
similarly shown that, while some elite lines possess broad within-population diversity, many regional germplasm
pools exhibit low molecular diversity and strong relatedness, with most variation residing within rather than
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among populations (Obua et al., 2020). Such findings have direct implications for breeding strategies, highlighting
the need for pre-breeding, expansion of geographic sources of introductions, and more deliberate use of wild and
exotic accessions to counteract the erosion of genetic variation (Duan et al., 2025). In this context, global,
SNP-based assessments of diversity and population structure are a critical step toward rational utilization,
conservation, and deployment of soybean genetic resources.

Molecular marker technologies have transformed crop genetic research by enabling robust, high-throughput
assessment of diversity, relatedness, and genome–trait associations independent of environmental noise.
Traditional approaches based on morphology or biochemical markers are limited by genotype-by-environment
interactions, developmental stage specificity, and the small number of traits that can be scored reliably (Rani et al.,
2023). DNA markers overcome these constraints by directly assaying heritable variation at the nucleotide level,
and have been widely used in soybeans and other crops for diversity analysis, QTL mapping, marker-assisted
selection (MAS), genomic selection, and cultivar identification (Bunjkar et al., 2024). A broad suite of marker
systems—including RFLP, RAPD, AFLP, SSR, EST-SSR, ISSR, and SNPs—has been deployed in legume
genetics, each with specific advantages in terms of polymorphism, cost, throughput, and ease of scoring (Bunjkar
et al., 2024). In soybean, SSR and EST-SSR markers have played a central role in early diversity and population
structure studies, revealing high polymorphism and enabling differentiation of germplasm from diverse
geographic origins (Zatybekov et al., 2023).

However, continuing advances in genotyping technologies and next-generation sequencing have shifted the focus
toward sequence-based markers, especially single nucleotide polymorphisms (SNPs), which now dominate
large-scale diversity and association studies. Modern SNP platforms such as genotyping-by-sequencing (GBS),
diversity array technology (DArTseq), medium-density panels, and fixed arrays like SoySNP50K and its nested
derivatives have greatly reduced the cost per data point and enabled genome-wide coverage in large germplasm
collections (Song et al., 2024). These markers feed directly into multivariate and model-based analytical
frameworks—principal component analysis (PCA), principal coordinate analysis (PCoA), hierarchical clustering,
and Bayesian or likelihood-based STRUCTURE-type models—allowing fine-scale dissection of population
structure, admixture, and genetic differentiation (Bunjkar et al., 2024; Zatybekov et al., 2025). Integration of SNP
data with phenotypic and environmental information further supports genome-wide association studies and
genomic prediction, accelerating the identification and deployment of favorable alleles in breeding pipelines
(Chander et al., 2021).

Within this spectrum of marker systems, SNPs offer particular advantages for soybean genome research and for
global germplasm diversity and structure analyses. SNPs are the most abundant form of genetic variation in
eukaryotic genomes, broadly and evenly distributed across coding and non-coding regions, and exhibit low
recurrent mutation rates that make them evolutionarily stable and well suited for tracing haplotypes and
demographic history (Rani et al., 2023; Bunjkar et al., 2024). High-throughput SNP assays, including
SoySNP50K, Axiom® SoyaSNP, and reduced panels such as SoySNP6K, SoySNP3K and SoySNP1K, combine
high marker density with automation, low error rates, and scalability from hundreds to thousands of accessions
(Kofsky et al., 2018). These platforms have enabled comprehensive genotyping of entire national and international
germplasm collections, facilitating the detection of redundant accessions, construction of haplotype block maps,
and precise estimation of linkage disequilibrium patterns across wild, landrace, and elite populations (Song et al.,
2024). In soybean, SNP-based studies have successfully resolved population structure at global and regional
scales, distinguishing wild from cultivated accessions, identifying transitional genotypes, and quantifying genetic
similarity between local germplasm and foreign cultivars (Tsindi et al., 2023).

SNP markers are also particularly powerful for integrated analyses that link diversity patterns to breeding history
and future improvement prospects. Population structure analyses using SNP panels have revealed low genetic
differentiation among some regional collections, reflecting extensive germplasm exchange, but also identified
unique clusters and private alleles in underexploited gene pools that can serve as reservoirs of novel variation for
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stress tolerance and yield (Viana et al., 2022). Whole-genome resequencing and large-scale SNP discovery in
global soybean panels have provided millions of variants that can be mined for signatures of selection, adaptive
introgression, and domestication sweeps, as well as for fine mapping of quantitative trait loci underlying
agronomic traits (Song et al., 2015). For emerging production regions such as Kazakhstan and sub-Saharan Africa,
SNP-based characterization of local germplasm in the context of global collections offers actionable guidance on
whether to prioritize introgression of exotic and wild alleles, or to intensify selection within existing adapted gene
pools (Zatybekov et al., 2025). Against this backdrop, a comprehensive genomic diversity and population
structure analysis of global soybean germplasm using SNP markers is both timely and necessary to support
strategic conservation and accelerate the development of high-performing, resilient cultivars for diverse
agroecological zones.

2 Current Status of Global Soybean Germplasm Resources and Genetic Diversity Research
2.1 Distribution and conservation of global soybean germplasm resources
Soybean germplasm is conserved in large ex situ collections as well as in situ in traditional farming systems and
natural habitats of wild relatives. Major global repositories, such as the USDA Soybean Germplasm Collection,
Asian national gene banks, and international centers, collectively maintain tens of thousands of accessions
representing cultivated soybean (Glycine max), its wild progenitor (Glycine soja), and breeding lines from diverse
agroecological zones (Nawaz et al., 2020). Regional collections, including those in Africa, South America, Central
and Eastern Europe, and Central Asia, increasingly capture germplasm adapted to local environments and
emerging production regions (Shaibu et al., 2021; Zatybekov et al., 2023). Wild soybean populations remain
especially important reservoirs of adaptive variation for biotic and abiotic stress tolerance, and targeted collections
in centers of diversity such as East Asia are recognized as priorities for long-term soybean improvement (Nawaz
et al., 2020).

Conservation strategies emphasize both safeguarding genetic resources and generating characterization data that
enable efficient use. Large collections often show substantial redundancy and uneven representation of geographic
regions, maturity groups, and end-use types, underscoring the need for systematic molecular characterization to
rationalize holdings and identify gaps (Rani et al., 2023). Recent SNP- and SSR-based surveys in Africa, India,
Kazakhstan and other regions highlight contrasting patterns: some collections exhibit relatively broad diversity
(e.g., TGx lines in sub-Saharan Africa), while others display narrow genetic bases linked to repeated use of a few
elite parents Zatybekov et al., 2023). Genomic data are therefore being used not only to inform core and mini-core
set development and to flag duplicate accessions, but also to guide targeted introgression of wild and exotic
germplasm into locally adapted backgrounds to counteract genetic erosion and enhance resilience (Rani et al.,
2023).

2.2 Main methods for studying soybean genetic diversity
Research on soybean genetic diversity has evolved from reliance on phenotypic descriptors to extensive use of
DNA marker technologies. Early studies used morphological and agronomic traits (e.g., plant height, maturity,
seed size, yield) to estimate diversity and relationships among accessions, but these traits are strongly influenced
by the environment and often provide limited resolution (Rani et al., 2023). Biochemical markers and
multi-environment field evaluations have helped to refine phenotypic clustering, yet environmental noise and the
small number of measurable characters constrained their utility for detailed population structure analysis and
germplasm management (Ullah et al., 2021). Consequently, morphological data are now typically combined with
molecular information to capture both adaptive differentiation and underlying genomic variation (Perić et al.,
2025).

DNA-based markers have become central tools for characterizing soybean diversity and population structure. A
wide range of marker systems—including RAPD, AFLP, ISSR, SSR, EST-SSR, DArT and SNPs—has been
applied to differentiate cultivars, landraces, and wild accessions, estimate allelic richness, and dissect within- and
among-population variation (Wibisono et al., 2025). SSR markers, in particular, have been extensively used
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because of their high polymorphic information content, codominant inheritance, and relatively uniform
distribution across the genome, enabling reliable assessment of relatedness, clustering of accessions, and
alignment with pedigree information. More recently, high-density SNP genotyping and genotyping-by-sequencing
platforms have allowed genome-wide diversity analysis in large panels, supporting robust population structure
inference (STRUCTURE, PCA, PCoA, DAPC), AMOVA, and identification of genetically distinct or redundant
accessions for breeding and conservation (Chander et al., 2021).

2.3 Progress in the application of SNP technology in soybean diversity research
The application of SNP technology has markedly advanced the resolution and scale of soybean diversity and
population structure studies. Genotyping-by-sequencing (GBS) and diversity array technology (DArTseq) have
been used to generate tens of thousands of SNPs across the 20 soybean chromosomes, producing high-density
datasets for panels ranging from fewer than 100 to several hundred accessions (Fu et al., 2021). These approaches
have revealed that most genetic variation typically resides within rather than among soybean populations, even in
regionally focused collections, and have enabled the detection of distinct genetic clusters associated with breeding
histories, adaptation zones and, in some cases, seed quality traits such as seed longevity (Shaibu et al., 2021).
GBS-based SNP datasets also feed into genome-wide association and QTL mapping efforts, linking diversity
patterns to complex traits, while highlighting the potential of selected accessions as donors of favorable alleles.

Parallel development of fixed SNP arrays and nested marker panels has further expanded SNP applications in
germplasm research. Arrays such as Axiom® SoyaSNP, SoySNP50K, SoySNP6K, and higher-density platforms
like SoySNP618K provide reproducible, genome-wide SNP coverage suitable for evaluating entire national and
international collections, detecting redundant accessions, and constructing high-resolution haplotype maps
(Zatybekov et al., 2025). Reduced, cost-effective panels (SoySNP3K, SoySNP1K, and targeted GBTS panels of
10–40K SNPs) are now widely used for routine germplasm characterization, diversity analysis, and parent
selection in breeding programs (Song et al., 2024). Whole-genome resequencing of thousands of accessions has
also yielded comprehensive SNP datasets that distinguish wild and cultivated gene pools, identify large-effect
mutations in agronomically important genes, and support development of diagnostic marker sets tailored for
germplasm evaluation and reverse genetics (Zatybekov et al., 2025). Collectively, these advances have made SNP
technology the backbone of contemporary soybean diversity research, enabling integrative analyses that connect
global germplasm structure with breeding history and future improvement strategies (Figure 1).

Figure 1 Global soybean germplasm resources and diversity conservation
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3 Methods for Analyzing Soybean Genomic Diversity Based on SNPMarkers
3.1 Development and screening of SNPmarkers
High-quality SNP marker sets were developed from whole-genome resequencing or genotyping-by-sequencing
(GBS) of large soybean panels spanning wild and cultivated germplasm. Resequencing thousands of accessions
enables discovery of millions of raw SNPs, which are then filtered for read depth, base quality, biallelic status, and
low missing data to obtain a robust variant catalogue distributed across all 20 chromosomes (Niu et al., 2024;
Valliyodan et al., 2021). Targeted genotyping arrays, such as the Axiom SoyaSNP array with ~180K SNPs and the
widely used SoySNP50K platform, were designed from these catalogs by prioritizing markers in gene-rich regions,
evenly spaced along chromosomes, and with intermediate minor allele frequencies (MAF) to maximize
information content in diversity analyses (Lee et al., 2015; Valliyodan et al., 2021). More recently, nested SNP
assay series (SoySNP50K/6K/3K/1K) and reduced GBTS panels (40K/20K/10K) were assembled as subsets of
high-density arrays, allowing researchers to match marker density and cost to specific germplasm characterization
or breeding applications while retaining compatibility with legacy data sets (Song et al., 2024).

For global germplasm diversity studies, additional criteria were applied to ensure that the SNP panel discriminates
both between wild and cultivated soybean and within each group. Panels were refined by removing monomorphic
loci, markers with high missing data, and those with extreme allele frequency skews, and by retaining sites
showing differentiation between Glycine soja and Glycine max and among cultivated subgroups (Niu et al., 2024).
Quality control steps typically included excluding accessions with excessive missing data, applying MAF
thresholds (e.g. ≥0.05), and checking marker performance through concordance with resequencing genotypes or
replicate assays (Chander et al., 2021). The resulting datasets often contain tens of thousands of high-quality SNPs
with low error rates and broad genomic coverage, suitable for downstream estimation of genomic diversity,
identification of large-effect variants, and construction of mutant gene libraries linked to agronomic traits (Niu et
al., 2024).

3.2 Metrics for assessing genomic diversity
Genomic diversity based on SNP data was quantified using standard population-genetic metrics computed at both
locus and genome levels. Per-marker statistics included polymorphic information content (PIC), gene diversity
(expected heterozygosity), observed heterozygosity, major allele frequency, and MAF, which together describe the
informativeness and allele frequency spectrum of the SNP set (Chander et al., 2021). In soybean panels genotyped
with high-throughput SNP arrays, average gene diversity values around 0.41–0.42 and PIC values near 0.32–0.33
have been reported, with a substantial proportion of markers exhibiting PIC >0.35, indicating adequate
polymorphism despite the bi-allelic nature of SNPs and the relatively narrow genetic base of cultivated soybean
(Abebe et al., 2021). Shannon’s diversity index and unbiased diversity estimates were also used at the population
level to compare diversity among geographic or breeding groups (Shaibu et al., 2021).

To assess differentiation and structure across global germplasm, fixation indices (F_ST) and analysis of molecular
variance (AMOVA) partitioned genetic variation within and among predefined groups. These analyses
consistently showed that the majority of variation (often >90%) resides within populations, with a smaller but
significant fraction among regions or breeding pools (Rani et al., 2023). Pairwise genetic distances, Nei’s diversity,
and clustering-based measures summarized relationships among accessions and populations, while indices such as
the number of private alleles provided additional insight into unique diversity that may be under-utilized in
breeding (Figure 2) (Abebe et al., 2021). In large resequenced panels, linkage disequilibrium (LD) decay and the
distribution of conserved versus highly polymorphic genomic regions were further examined to infer
domestication bottlenecks, selection sweeps, and the effective resolution for association mapping and
haplotype-based analyses of soybean diversity (Valliyodan et al., 2021).
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Figure 2 Methods for analyzing soybean genomic diversity using SNPmarkers

3.3 Data analysis and bioinformatics methods
SNP datasets generated from arrays, GBTS, or GBS platforms were processed through standardized
bioinformatics pipelines prior to population-genetic analyses. Initial steps included SNP calling against the
reference genome, filtering for missingness and MAF thresholds, and removal of redundant or poorly mapped
markers to yield a high-quality matrix of individuals by loci (Niu et al., 2024). Genetic diversity parameters and
marker statistics (PIC, gene diversity, heterozygosity, allele frequencies) were calculated using specialized
software such as PowerMarker, POPGENE, or comparable population-genetic packages (Abebe et al., 2021). To
explore population structure, Bayesian clustering using STRUCTURE and likelihood-based determination of the
optimal number of subpopulations (K) via the Evanno ΔK method were commonly applied under admixture
models, often with thousands of burn-in and MCMC iterations to ensure convergence.

Complementary multivariate methods, including principal component analysis (PCA) or principal coordinate
analysis (PCoA), and discriminant analysis of principal components (DAPC), were used to visualize genetic
relationships and validate STRUCTURE-defined clusters (Chander et al., 2021). Hierarchical clustering (e.g.
UPGMA or neighbor-joining based on genetic distance matrices) and phylogenetic tree construction provided
additional perspectives on the grouping of accessions by geography, improvement status, or pedigree (Rani et al.,
2023). AMOVA was implemented to quantify variance components and F-statistics among and within groups,
while software such as STRUCTURE HARVESTER and R packages (e.g. adegenet) facilitated model selection
and graphical output (Shaibu et al., 2021). For very large resequencing-based SNP resources, further analyses
included genome-wide LD estimation, identification of conserved and highly variable genomic intervals, and
functional annotation of large-effect SNPs and InDels using gene ontology and pathway databases to link diversity
patterns with candidate genes underlying key agronomic traits (Valliyodan et al., 2021).
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4 Population Structure Analysis of Global Soybean Germplasm Resources
4.1 Methods for analyzing population structure
Population structure analysis of soybean germplasm relies on multilocus genotyping combined with multivariate
and model-based statistical approaches. High-throughput SNP platforms (arrays, DArTseq, GBS, and
whole-genome resequencing) now provide thousands to tens of thousands of markers distributed across all 20
chromosomes, enabling robust inference of subpopulations and admixture in large panels of cultivated and wild
accessions (Valliyodan et al., 2021; Zatybekov et al., 2025). Common analytical workflows begin with estimation
of basic diversity indices (allele frequencies, expected heterozygosity, polymorphism information content),
followed by clustering using principal component analysis (PCA), principal coordinate analysis (PCoA), and
distance-based phylogenetic trees such as UPGMA or neighbor-joining (Andrijanić et al., 2023). These
multivariate methods offer an initial visualization of genetic relationships and can reveal major divisions between
wild and cultivated gene pools, between regions, or among breeding groups. Model-based Bayesian clustering,
implemented in programs such as STRUCTURE and related admixture models, is then used to infer the most
likely number of genetic clusters (K), assign membership coefficients to each accession, and quantify admixture
proportions (Chander et al., 2021).

Complementary statistics deepen insight into the organization of diversity. Analysis of molecular variance
(AMOVA) partitions total genetic variation within and among predefined groups (e.g., regions, maturity groups,
breeding programs), clarifying whether diversity is primarily within or between populations (Da Silva et al.,
2025;). Fixation indices (F_ST) quantify genetic differentiation between pairs of populations and are widely used
to classify divergence as negligible, moderate, or strong, guiding the choice of contrasting parents for crossing
(Tsindi et al., 2023). Linkage disequilibrium (LD) decay analyses, often based on genome-wide SNPs, inform on
historical recombination and selection, and help define the resolution of association mapping in each
subpopulation. Recent studies also integrate haplotype-based analyses and genome-wide scans for selection (e.g.,
BayeScan, EigenGWAS) to identify genomic regions whose allele frequency differentiation aligns with population
structure and local adaptation (Kim et al., 2025). Together, these methods provide a coherent framework for
dissecting population structure, controlling for stratification in GWAS, and designing efficient germplasm
utilization strategies.

4.2 Genetic differentiation among soybean populations from different geographic origins
Comparative SNP-based studies consistently show that geographic origin and domestication status are primary
drivers of soybean population structure. Large-scale analyses of global germplasm, including the USDA collection
and broad Korean–Chinese–Japanese panels, clearly separate wild (Glycine soja) from cultivated (Glycine max)
accessions, with wild populations further partitioned into multiple lineages that track their East Asian collection
zones (Kaga et al., 2012; Li et al., 2024). Within cultivated soybean, Asian, North American, South American, and
European gene pools typically form distinct but partially overlapping clusters, reflecting historical patterns of
germplasm exchange, founder effects, and regional selection (Potapova et al., 2023). For example, Japanese and
Korean accessions are relatively homogeneous and distinct from Chinese accessions, while American cultivars
derive their ancestry largely from a subset of Chinese subpopulations (Jeong et al., 2018). European cultivars
cluster into two main groups with substructure corresponding to country of origin and maturity group; American
introductions show the lowest differentiation from European material, whereas Swiss lines and some Eastern
European cultivars are more distinct.

Regional studies further highlight variable levels of differentiation and diversity among emerging production areas.
In sub-Saharan Africa, elite TGx lines and cultivars adapted to African environments form several SNP-defined
clusters, but overall show a broad genetic base compared with some temperate breeding pools (Tsindi et al., 2023).
Southern African collections combining temperate and tropical material exhibit very low F_ST (~0.06) between
subgroups, indicating weak genetic differentiation and extensive germplasm sharing across programs (Tsindi et al.,
2023). Brazilian germplasm, in contrast, often displays a narrow genetic base and strong signatures of selection,
with structure shaped by region, company, and relative maturity group; Asian accessions are consistently the most
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differentiated and genetically diverse reference group. Newer soybean regions such as Kazakhstan and West
Siberia show accessions most similar to European and North American cultivars, with low within-group diversity
in Kazakhstan pointing to a particularly narrow local base (Potapova et al., 2023). Studies of wild soybean at
continental scale also reveal deep north–south differentiation and distinct lineages in Korea, Japan, and different
parts of China, underscoring the importance of geographic structure in the ancestral gene pool (Meng et al., 2023).

4.3 The relationship between population structure and genetic diversity
Population structure and genetic diversity are tightly coupled, with structure both reflecting historical changes in
diversity and influencing how existing variation can be used in breeding. AMOVA and F_ST estimates across
multiple SNP-based studies show that the majority of variation in soybean is usually found within, rather than
among, populations, even when clear geographic or breeding-program clusters are present (Shaibu et al., 2021;
Rani et al., 2023). For example, analyses of European cultivars, African germplasm, and IITA accessions all report
90%–98% of variance within populations and only a small fraction attributed to differences among countries,
maturity groups, or STRUCTURE-defined clusters (Lukanda et al., 2023). Similarly, Brazilian and African
collections often exhibit low to moderate F_ST between subpopulations despite discernible clustering by origin,
maturity, or company, indicating substantial shared allelic backgrounds and extensive germplasm exchange . This
pattern implies that carefully chosen parents from within a region can still capture meaningful diversity, but that
crossing between more differentiated geographic or wild–cultivated groups is necessary to introduce novel alleles.

At the same time, strong population structure can signal both reservoirs of unique variation and zones of genetic
erosion. Wild soybean lineages generally harbor higher nucleotide diversity and stronger geographic
differentiation than cultivated pools, confirming their value as sources of private alleles for stress tolerance and
adaptive traits (Li et al., 2024). In contrast, historical breeding and domestication have produced monophyletic or
weakly structured cultivated groups with conserved haplotypes in genomic regions under selection for yield,
maturity, or seed composition (Valliyodan et al., 2021). Studies of Brazilian cultivars, European germplasm, and
large resequenced panels identify large fixed or low-diversity segments associated with key agronomic QTL,
alongside more diverse genomic regions that still retain useful variability (Andrijanić et al., 2023; Kim et al.,
2025). In emerging regions such as Kazakhstan, the combination of clear clustering with temperate germplasm
and very low within-group diversity indicates a narrow, vulnerable genetic base, motivating targeted introgression
from diverse foreign and wild accessions. Thus, integrating population-structure analysis with diversity metrics
helps breeders balance immediate adaptation needs—by exploiting existing structured variation—with long-term
goals of broadening the genetic base through informed use of differentiated, high-diversity gene pools.

5 Associations Between Soybean Genomic Diversity and Important Agronomic Traits
5.1 The relationship between genetic diversity and yield traits
Genomic diversity underpins phenotypic variation in key yield components such as seed yield per plant, number
of pods and seeds, plant height, and 100-seed weight. Classical quantitative genetic studies across diverse soybean
panels consistently report significant genotypic variance, high heritability, and substantial genetic advance for
grain yield and its components, indicating abundant additive genetic variation that can be exploited through
selection (Mitiku et al., 2025). Correlation and path analyses show that traits including number of seeds per plant,
number of pods per plant, plant height, 100-seed weight, biological yield, and harvest index are positively and
often strongly associated with seed yield, and frequently exert high positive direct effects, identifying them as
efficient indirect selection targets. Morphological assessments combined with molecular markers (e.g., SSRs)
further reveal that genotypes grouped as genetically distant often carry complementary yield-enhancing alleles,
and crosses between such divergent parents tend to maximize transgressive segregation for yield (Ferreira et al.,
2025).

SNP-based association studies refine these relationships by linking diversity at specific loci and haplotypes to
yield and yield components. Nested association mapping and diversity panels genotyped with high-density SNP
arrays or GBS have identified dozens of loci and haplotypes affecting yield, maturity, plant height, lodging, seed
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mass, and related traits across multiple environments (Ravelombola et al., 2021). In several studies, stable QTL or
SNP-based haplotypes co-regulate seed yield and component traits such as 100-seed weight or seeds per plant,
reflecting pleiotropy or tight linkage and clarifying trade-offs among traits. High-diversity association panels
encompassing landraces, elite cultivars, and exotic accessions enhance the power to detect such loci and confirm
that exotic and wild-derived alleles can increase yield or specific components in elite backgrounds (Diers et al.,
2018). Thus, genomic diversity, when captured with dense SNP markers, directly translates into exploitable allelic
variation for yield improvement and guides the design of heterotic and complementary crossing schemes.

5.2 The relationship between genetic diversity and stress tolerance traits
Genomic diversity is also crucial for buffering soybean against biotic and abiotic stresses, with SNP-based GWAS
increasingly clarifying the genetic bases of stress tolerance traits. High-density SNP genotyping of diverse
germplasm panels has identified loci and candidate genes associated with root system architecture, which
underlies nutrient uptake efficiency and tolerance to drought and other climate-related stresses (Kim et al., 2023).
For example, GWAS using 180K or SLAF-seq SNP datasets in landraces and spring soybean panels detected over
100 significant loci for root and shoot traits, and prioritized candidate genes whose expression levels correlate
with root branching and early seedling vigor, traits strongly linked to resilience under low-input or stressful
environments. Similarly, genome-wide analyses of seed flooding tolerance at germination identified SNPs and hub
genes associated with electrical conductivity, germination rate, root length, and shoot length under flooding,
revealing allelic variants that confer enhanced stress tolerance and can be pyramided by marker-assisted breeding
(Sharmin et al., 2021).

Resistance to major diseases such as soybean mosaic virus (SMV) also depends on standing genomic variation at
resistance loci. GWAS of global or regional panels challenged with SMV strains uncovered multiple resistance
loci across chromosomes and pinpointed candidate genes such as Glyma.04G086700, encoding an LRR protein
kinase involved in pathogen recognition, with distinct haplotypes explaining differential resistance responses
among accessions (Zhao et al., 2025). Population structure analyses in these panels indicate that specific
resistance alleles or haplotypes are often enriched in particular geographic or breeding subgroups, emphasizing the
need to sample broadly to capture the full spectrum of stress-related diversity (Sharmin et al., 2021). Collectively,
these findings demonstrate that maintaining and utilizing genomic diversity—particularly in landraces, wild
relatives, and regionally adapted varieties—provides the allelic reservoir necessary for breeding soybean cultivars
resilient to current and emerging stresses.

5.3 Applications of SNPmarkers in genome-wide association studies (GWAS)
SNP markers form the backbone of modern GWAS in soybean and have transformed understanding of the genetic
architecture of yield, domestication, and adaptive traits. High-density arrays (e.g., 50K–180K SoyaSNP) and GBS
or SLAF-seq platforms routinely generate tens to hundreds of thousands of polymorphic SNPs across germplasm
panels, providing sufficient marker density for genome-wide coverage and fine mapping of loci through linkage
disequilibrium (Ravelombola et al., 2021). GWAS using mixed-model and multilocus approaches (e.g., MLM,
MLMM, FarmCPU, BLINK) have identified numerous SNPs and quantitative trait nucleotides for seed yield,
maturity, plant height, seed weight, pod and seed number, root traits, domestication-related traits, and stress
responses (Mandozai et al., 2021). Many significant SNPs co-localize with known QTL or cloned genes (e.g.,
E-loci for maturity, Dt1 for plant height, pod-shattering genes), while others represent novel regions underlying
complex trait variation or domestication signatures (Sonah et al., 2015).

Beyond single-marker tests, haplotype-based GWAS and integrative models extend the utility of SNP datasets.
Haplotype analyses refine association signals, identify stable multi-SNP blocks with strong effects across
environments, and reveal pleiotropic haplotypes affecting multiple agronomic traits (Bhat et al., 2022). Structural
equation model-based GWAS further decomposes SNP effects into direct and indirect components along causal
trait networks, clarifying how genomic regions simultaneously influence yield components such as pod number,
grain number, and seed weight (Suela et al., 2025). Many GWAS also couple SNP discovery with genomic
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prediction analyses, demonstrating that SNP-based models such as rrBLUP and other machine-learning
approaches can achieve moderate to high predictive accuracies for yield, maturity, plant height, seed weight,
disease resistance, and stress tolerance, though performance is trait-and environment-dependent (Ravelombola et
al., 2021). The SNPs, haplotypes, and candidate genes revealed by these GWAS now underpin marker-assisted
selection, development of diagnostic assays, and genomic selection pipelines, directly linking genomic diversity
and population structure to practical improvement of soybean agronomic performance.

6 Case Study: Population Structure Analysis of Global Soybean Core Germplasm
6.1 Principles for constructing core germplasm collections
Core germplasm collections are designed to capture the maximum genetic and phenotypic diversity of an entire
genebank in a substantially reduced number of accessions, thereby making evaluation and utilization more
efficient. Conceptually, a soybean core collection usually represents about 2%–5% of the entire collection, with
mini-core sets often reduced to ~1% while still maintaining major patterns of geographic and agro-morphological
variation. Construction typically begins with stratification of the base collection by ecoregion, maturity group,
improvement status (wild, landrace, cultivar), and key phenotypes such as seed size or growth habit, followed by
sampling within strata using proportional, logarithmic, or multivariate strategies (Oliveira et al., 2010). In soybean,
core development has progressively integrated molecular marker data—initially SSR and later SNP
genotypes—together with multi-environment phenotypic data to ensure that rare alleles and extreme trait values
are retained at acceptable frequencies (Lijuan et al., 2009).

Several methodological frameworks have been proposed to operationalize these principles in soybean. The
Chinese national platform developed a three-tier system of core, mini-core, and integrated applied core collections,
combining SSR-based diversity with extensive phenotyping to select accessions that represent broad gene pools as
well as trait-specific subsets for stress tolerance and quality (Guo et al., 2014). The USDA Soybean Germplasm
Collection applied stratified and multivariate sampling of passport, phenotypic, and later SNP data to assemble
cores that maximize variability while preserving quantitative trait distributions of the entire collection (Satyawan
and Tasma, 2021). More recently, algorithmic approaches such as Core Hunter have been applied directly to
high-density SNP datasets from >20,000 accessions to identify a few hundred entries with maximal pairwise
genetic distance, while maintaining original allele frequencies and phenotypic variation for key traits like yield
and branching (Song et al., 2015). Collectively, these experiences establish that effective soybean core sets must
balance representativeness, low redundancy, manageability, and explicit conservation of molecular diversity.

6.2 Elucidation of population structure based on SNPmarkers
High-density SNP genotyping has transformed population-structure analysis in soybean core and global
collections by enabling genome-wide characterization of relationships among thousands of accessions. Using tens
of thousands of SNPs from whole-genome resequencing or SoySNP50K-type arrays, Bayesian clustering,
ADMIXTURE/STRUCTURE analysis, and principal component analysis (PCA) routinely distinguish wild
(Glycine soja) from cultivated (G. max) groups and reveal transitional accessions with mixed ancestry (Zatybekov
et al., 2025). Within cultivated soybean, SNP-based analyses consistently identify geographically and ecologically
coherent subpopulations, such as distinct clusters for Chinese, Japanese, Korean, and American germplasm, as
well as separations among tropical, temperate, and high-latitude maturity groups (Tsindi et al., 2023). For example,
a 14,000-accession SNP survey of the USDA collection resolved five major ancestral clusters and demonstrated
that most North American cultivars trace their ancestry to a limited subset of Chinese landrace gene pools
(Bandillo et al., 2015).

Case studies using SNP-genotyped regional cores highlight both the power and limitations of global germplasm.
In a WGRS-based analysis of 694 accessions including Kazakh, European, North American, and wild soybeans,
PCA and phylogenetic trees showed Kazakh cultivars clustering closely with European and North American
material, while maintaining clear separation from G. soja; however, Kazakh accessions exhibited the lowest
within-group diversity, underscoring a narrow genetic base for this emerging production region (Zatybekov et al.,
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2025). Similarly, SNP-based studies in Southern Africa and Central Europe revealed low F_ST among introduced
temperate lines and modest overall molecular diversity, reflecting intensive germplasm exchange but also high
redundancy and shared pedigrees (Haupt and Schmid, 2019; Tsindi et al., 2023). When core collections are
derived from such global datasets, population-structure analysis is essential not only for defining clusters and
admixture patterns, but also for guiding sampling so that both major groups and admixed genotypes are
proportionally represented. In SNP-driven USDA core construction, for instance, structure analysis showed that
optimization algorithms tend to favor admixed accessions, which can efficiently capture allelic variation from
multiple ancestral groups in a limited number of entries (Figure 3) (Satyawan and Tasma, 2021).

Figure 3 Population structure analysis of global soybean core germplasm (Adopted from Satyawan and Tasma, 2021)

6.3 Applications of core germplasm resources in molecular breeding
Core and mini-core collections genotyped with dense SNP markers serve as powerful diversity panels for
molecular breeding, enabling efficient trait discovery, allele mining, and pre-breeding. Because they retain most of
the allelic richness and phenotypic range of the base collection, these panels are ideal for genome-wide association
studies (GWAS) targeting complex traits such as seed protein and oil content, flowering time, and stress tolerance
(Jo et al., 2023). The SoySNP50K-genotyped USDA collection has already supported large-scale GWAS that
identified and refined major loci controlling seed composition traits, including narrowing a chromosome-20
region for protein/oil to a handful of candidate genes and confirming many previously mapped QTL (Bandillo et
al., 2015). Similarly, wild soybean core subsets have been used to map loci for days to flowering and maturity,
revealing allelic variation at E-genes that can be introgressed into cultivars to broaden adaptation (Jo et al., 2023).
Trait-specific “integrated applied core collections” composed of accessions with documented resistance to cold,
drought, salinity, soybean cyst nematode, and viral diseases provide ready-to-use donor sets for marker-assisted
backcrossing and pyramiding of multiple resistance genes (Li et al., 2023).

Beyond gene discovery, SNP-anchored core collections help breeders rationalize crossing schemes and widen
genetic bases in targeted environments. Objective-driven cores assembled for Central European or Southern
African conditions, for example, combine environmentally pre-adapted accessions with maximum molecular
diversity, creating tailored panels for phenotyping under local climates and for identifying parental combinations
that optimize heterogeneity while avoiding close relatedness (Tsindi et al., 2023). In countries with emerging
soybean industries such as Kazakhstan, structure and diversity analyses of local versus global germplasm suggest
dual strategies: introgressing novel alleles from wild and exotic sources to broaden the base, while simultaneously
increasing the frequency of favorable alleles already present in adapted lines (Zatybekov et al., 2025). At a global
scale, SNP-based core populations that maintain haplotype diversity and LD structure are also central to genomic
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selection pipelines, where genomic estimated breeding values can be trained on core panels and applied to larger
breeding populations. As genebank-scale SNP datasets become ubiquitous, integrating well-designed core
collections with high-throughput phenotyping and omics will be critical for converting conserved diversity into
elite, climate-resilient soybean cultivars.

7 Prospects for the Application of SNPMarkers in Soybean Genetic Improvement
7.1 Marker-assisted selection (MAS) breeding
SNP markers are now central to marker-assisted selection in soybean because they are abundant, codominant, and
amenable to high-throughput, low-cost genotyping. A series of SNP arrays and targeted panels (e.g.,
BARCSoySNP6K, SoySNP3K, SoySNP1K, and GBTS-based 10K–40K panels) have been specifically optimized
for breeding, providing genome-wide coverage with 1,000–6,000 informative markers that are sufficient for most
MAS and genomic applications while avoiding redundant information and unnecessary costs (Niu et al., 2024).
These panels show high genotyping accuracy, with >98% concordance to resequencing data and high minor allele
frequencies in elite germplasm, ensuring that selected markers are polymorphic and reliable across breeding
populations (Yang et al., 2023). Such platforms support routine tasks in breeding pipelines, including germplasm
fingerprinting, pedigree verification, rapid backcross recovery, and early-generation selection of lines carrying
desirable alleles for key loci.

Trait-linked SNPs and KASP/TaqMan assays derived from GWAS, QTL mapping, and candidate gene studies are
increasingly deployed to target specific agronomic and quality traits. For example, tightly linked SNP assays to
the salt-tolerance gene GmCHX1 accurately distinguish tolerant and sensitive genotypes in diverse panels and
biparental populations (>91%–98% classification accuracy), greatly facilitating the introgression of salinity
tolerance into elite backgrounds (Patil et al., 2016). Similarly, a diagnostic TaqMan SNP test for pod-shattering
resistance (KSS-SNP5) achieved 92%–96% prediction accuracy across F2:3 and advanced breeding lines,
demonstrating that single-locus MAS can efficiently enrich resistant genotypes and reduce costly phenotyping for
difficult traits (Kim et al., 2020). GWAS-identified SNPs and haplotypes controlling yield components, seed
protein, sucrose, and other seed composition traits are also being integrated into MAS schemes, where pyramiding
favorable alleles at multiple minor-effect loci can substantially increase phenotypic variation explained for target
traits (Ravelombola et al., 2021; Qin et al., 2022; Ri̇az et al., 2023). As more trait-diagnostic SNPs are validated
across environments and genetic backgrounds, MAS based on robust SNP assays will remain a practical,
cost-effective strategy, especially for major genes and moderate-effect loci with clear, stable effects.

7.2 Genomic selection (GS) breeding
Beyond locus-specific MAS, genome-wide SNP datasets enable genomic selection, which estimates genomic
breeding values from all markers simultaneously and is particularly powerful for complex, polygenic traits such as
yield and seed composition. Multiple studies in soybean demonstrate that GS can achieve moderate to high
predictive accuracies for protein, oil, seed weight, maturity, and related traits using ridge regression BLUP,
GBLUP, Bayesian models, and selected machine-learning approaches (Jiahao et al., 2025). For instance, GS
accuracies of ~0.75–0.87 for seed weight and ~0.81 and 0.71 for protein and oil have been reported in elite
breeding populations, clearly outperforming traditional MAS for these quantitative traits (Ravelombola et al.,
2021; Qin et al., 2022). Even for grain yield, where prediction remains more challenging, GS routinely achieves
useful accuracies (0.26–0.4) that can accelerate selection cycles when combined with optimized training sets and
appropriate statistical models (Ćeran et al., 2024).

Efficient GS pipelines depend critically on SNP density, marker quality, training population composition, and the
selection of informative marker subsets. Empirical evaluations in soybean suggest that approximately 1,000–2,000
genome-wide, well-distributed SNPs are sufficient to reach a plateau in prediction accuracy; further increases in
marker number add cost but little additional information (Qin et al., 2022; Song et al., 2024). Marker sets derived
from GWAS—i.e., SNPs significantly associated with the target trait—can further improve prediction efficiency
and allow high accuracies at relatively low marker densities (~5K), especially when combined with Bayesian
models (Ri̇az et al., 2023). Selective genotyping and phenotyping schemes that maintain the genetic diversity of
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the initial population while reducing the number of genotypes or markers offer additional cost savings without
compromising accuracy, particularly when model-based strategies are used to choose training individuals and
markers (Ćeran et al., 2024). With these methodological and technological advances, SNP-enabled GS is poised to
become a routine component of soybean breeding programs, supporting rapid recycling of parents, optimal cross
prediction, and multi-trait selection for yield, quality, and adaptation (Jiahao et al., 2025).

7.3 Multi-omics technologies and soybean genetic improvement
The expanding use of SNP markers is increasingly integrated with other omics layers—transcriptomics,
metabolomics, and phenomics—to dissect complex traits and drive more precise soybean improvement.
High-density SNParrays and resequencing provide the foundational genomic variation, which can be linked to
expression (eQTL) data, metabolite profiles, and detailed phenotypes to identify causal genes and pathways
underlying yield, stress tolerance, and seed quality (Miller et al., 2023; Gai et al., 2025). For example, combining
GWAS with transcriptomic data has helped prioritize candidate genes within QTL regions for traits such as
flowering and maturity, while metabolite-associated SNPs refine the genetic control of nutritional components like
sucrose, isoflavones, tocopherols, and amino acids (Jiahao et al., 2025). Multi-omics data also reveal pleiotropic
effects and gene networks, providing systems-level targets for breeding and genome editing rather than focusing
solely on single loci.

In parallel, advances in high-throughput genotyping (e.g., GBTS panels, GBS) and phenotyping, together with
machine-learning and artificial-intelligence approaches, are reshaping how breeders exploit SNP-based diversity
in a multi-omics context. Integrative frameworks now couple SNP-based genomic prediction with environmental,
physiological, and management data to model genotype-by-environment interactions and support climate-resilient
cultivar development (Miller et al., 2023). Multi-omics-informed GS models, which incorporate SNPs alongside
expression or metabolite markers, are being explored to improve prediction for complex traits and to design
ideotypes optimized for both productivity and sustainability. At the same time, large resequencing datasets and
SNP resources spanning thousands of accessions facilitate the construction of mutant gene libraries and enable
rapid identification of natural alleles suitable for CRISPR/Cas-based editing or allele replacement. Together, these
developments indicate that SNP markers will remain the genomic backbone of soybean improvement, increasingly
embedded within holistic, multi-omics breeding strategies that integrate MAS, GS, and genome editing to
accelerate genetic gain and broaden the adaptive potential of global soybean germplasm.

8 Summary and Outlook
Over the past decade, SNP genotyping and resequencing have transformed understanding of global soybean
genetic diversity and population structure. Large-scale efforts have characterized hundreds to thousands of
accessions spanning wild relatives, landraces, and elite cultivars, revealing millions to tens of millions of SNPs
and providing a high-resolution view of genome-wide variation. These studies consistently distinguish wild from
cultivated groups, identify transitional or hybrid genotypes, and show that domestication and modern breeding
have dramatically reduced diversity and reshaped linkage disequilibrium (LD) through selective sweeps. At
regional scales, population-wide SNP analyses have clarified how breeding history and geography structured
germplasm in Brazil, Southern Africa, Kazakhstan, and Korea, often revealing a small number of genetic clusters
and strong within-population variation with relatively low differentiation among groups. Such insights have
directly informed strategies to broaden the genetic base and guide parental selection for adaptation to tropical,
temperate, or stress-prone environments

Parallel advances in SNP array and GBS platforms (e.g., SoySNP50K, Axiom SoyaSNP, DArT-SNP, and custom
low-to medium-density panels) have delivered robust, evenly distributed, and cost-effective marker sets that are
now widely used for diversity analysis, fingerprinting, and association mapping. Consolidation of resequencing
data for 1.5K and 3,661+ accessions into unified variant resources with 30–32 million SNPs has created versatile
public datasets for post-genomic research, facilitating in-silico genotyping, high-resolution GWAS, and
cross-collection comparisons. These genomic resources underpin discovery of loci for domestication traits, yield
components, quality, and stress tolerance, and enable identification of region-specific or rare favorable alleles in
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landraces and wild soybean. Collectively, SNP-based diversity and structure analyses have shifted soybean from a
sparsely characterized crop to one with dense global genomic coverage, providing a foundation for modern
molecular breeding.

Despite this progress, several challenges limit full exploitation of genomic diversity for soybean improvement.
Many regional germplasm pools, including Brazilian, Kazakh, and Southern African collections, show narrow
genetic bases and low molecular diversity, often reflecting heavy reliance on a small set of ancestors and extensive
germplasm sharing. Such bottlenecks constrain long-term genetic gain, reduce resilience to emerging stresses, and
increase vulnerability to climate change. Even where diversity exists globally, it is unevenly represented in
working breeding pools, and pre-breeding to introgress favorable alleles from wild and exotic sources remains
limited and slow. In addition, most diversity studies report that the overwhelming proportion of variation resides
within rather than among populations, emphasizing that effective use of diversity requires careful within-pool
sampling and crossing strategies, not just inter-population contrasts.

Methodological and translational gaps also persist. Although high-density SNP resources are abundant, their
integration with deep, standardized multi-environment phenotyping remains incomplete, leading to underpowered
GWAS for complex traits and limited validation of candidate genes. Many association signals are population-or
environment-specific, and genotype-by-environment interactions reduce the robustness of marker–trait
relationships for direct deployment in breeding. In emerging production regions, infrastructure for
high-throughput genotyping and data analysis is often insufficient, slowing adoption of genomic tools. Finally,
even where strong genomic resources exist (e.g., USDA and Asian collections), regulatory, logistical, and
data-sharing barriers can impede the exchange and utilization of diverse germplasm and associated genomic data
at a truly global scale.

Future work on soybean genomic diversity should prioritize systematic broadening of breeding germplasm using
global SNP and resequencing resources as guides. Whole-genome analyses already demonstrate that wild soybean,
Asian landraces, and regionally adapted landraces harbor substantially higher diversity and distinct haplotypes
than many modern cultivars. Strategic identification of complementary parental combinations—such as crossings
between narrow-based regional pools and diverse foreign or wild accessions—can be optimized using
genome-wide similarity matrices, haplotype block maps, and FST scans to maximize novel allelic recombination
while preserving local adaptation. Pre-breeding pipelines that couple genomic prediction with targeted
introgression of domestication and adaptation alleles from underutilized germplasm will be essential to generate
broadly adapted, yet genetically rich, base populations for both temperate and tropical regions.

At the same time, integrating SNP-based diversity analyses with multi-omics and advanced computational
approaches will deepen understanding of how genetic variation translates into phenotype. Combining
genome-wide SNP data with transcriptomics, metabolomics, epigenomics, and high-throughput phenotyping,
together with AI-driven modeling, can resolve causal genes and networks underlying yield, stress resilience, and
quality traits and refine models of genotype-by-environment interaction. Large consolidated variant resources and
curated mutant libraries derived from millions of SNPs and InDels offer powerful starting points for reverse
genetics and genome editing to validate candidate alleles and engineer ideal haplotypes. Continued development
of low-cost, breeder-friendly SNP panels tailored to regional germplasm, combined with training and
infrastructure for MAS, GS, and GWAS in under-resourced programs, will help translate genomic diversity
knowledge into practical genetic gain worldwide. Together, these directions point toward a future in which global
soybean improvement is driven by coordinated, data-rich exploitation of the full spectrum of genomic diversity.
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