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Abstract

Tepary bean (Phaseolus acutifolius A. Gray) is a heat- and drought-adapted legume with potential for low-
input production but breeding resources for seed nutritional quality remain limited. A diversity panel of
206 accessions and four commercial checks was evaluated under certified organic field conditions in
Uvalde, Texas, in 2024 for hundred-seed weight, seed width, total soluble seed protein, and nineteen free
amino acids, and was genotyped with 49,384 high-quality SNPs generated by genotyping-by-sequencing.
Genome-wide association analyses identified significant loci for protein percentage, seed size traits, and
fifteen amino acid traits, with limited overlap among nutritional traits, indicating a largely modular
genetic architecture. Essential amino acids of breeding interest, especially threonine, methionine, and
lysine, showed distinct associations, while candidate genes near lead SNPs included a WNK kinase and
2-oxoglutarate/Fe(Il)-dependent oxygenase for protein percentage, a vacuolar H*-ATPase-related region
for hundred-seed weight, and an Aux/IAA-related region for seed width. Genomic prediction showed high
predictive ability for seed size traits (r = 0.90-0.96) and moderate predictive ability for protein and amino
acid traits (r = 0.15-0.45), supporting complementary use of marker-assisted and genomic selection.

These results provide the first genome-scale breeding benchmarks for seed nutritional traits in tepary
bean under a low-input production environment. Because the experiment was conducted in a single
environment and season, the identified loci should be treated as environment-specific hypotheses
requiring validation across years and locations before routine deployment in breeding.

Introduction

Tepary bean (Phaseolus acutifolius A. Gray) is native to the Sonoran Desert and has been cultivated for
centuries by Indigenous communities of the southwestern United States and northern Mexico. Its
domestication history reflects genomic adaptations to extreme heat and drought, as supported by a
chromosome-scale reference genome (Moghaddam et al. 2021). Within the Phaseolus genus, tepary
bean is closely related to common bean (Phaseolus vulgaris), enabling comparative genomics,
interspecific gene transfer, and pre-breeding strategies for crop improvement (Porch et al. 2017). These
attributes position tepary bean as a climate-smart, nitrogen-fixing legume with strong potential as a low-
input food and ingredient crop in arid and semi-arid regions (Lépez-lbarra et al. 2021).

Tepary bean seeds are relatively rich in protein and dietary fiber and contain essential amino acids,
suggesting a favorable nutritional profile compared with common bean (Porch et al. 2017; Lépez-lbarra
et al. 2021). However, small seed size has limited broader adoption, as it influences water absorption,
processing characteristics, and consumer acceptance (Porch et al. 2017; Giordani et al. 2022).
Consequently, improving both seed size and protein quality represents a key objective for increasing the
utility and marketability of tepary beans.

In Phaseolus and other legumes, association genetics provides a valuable framework for dissecting
these complex traits. In common bean, image-based GWAS and integrative GWAS/RNA-seq studies have
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identified polygenic control of seed shape and size (Giordani et al. 2022; Jurado et al. 2024). For
nutritional traits, GWAS have mapped mineral content in common bean (Gunjaca et al. 2021), while
soybean studies have advanced understanding of amino acid regulation, revealing modular trait
correlations and key regulatory loci (Qin et al. 2019). Parallel efforts in other pulses, including pea,
chickpea, lentil, and cowpea, have identified loci influencing seed protein composition and nutritional
quality (Warsame et al. 2024; Roorkiwal et al. 2022; Sari et al. 2024; Johnson et al. 2024; Chen et al.
2023).

The availability of a high-quality tepary bean reference genome reveals strong collinearity with P. vulgaris
and signatures of domestication under heat stress, providing a foundation for genome-informed
improvement. Research on tepary food ingredients supports the development of protein-rich flours but
also highlights limitations in specific amino acids, particularly sulfur-containing amino acids, motivating
efforts to optimize protein quantity and quality (Lopez-Ibarra et al. 2021). Recent association studies in
tepary have primarily relied on whole-genome resequencing and have focused on yield-related traits
across environments, leaving the genetic basis of seed protein percentage, free amino acid composition,
and their relationship with seed size relatively underexplored (Moghaddam et al. 2021; Ravelombola et
al. 2024).

Genotyping-by-sequencing-based GWAS offers a cost-effective and scalable approach for SNP discovery
and trait mapping in underutilized legume species. Multi-locus models, such as BLINK and FarmCPU,
improve the detection of traits influenced by many genes, including those with complex architectures,
such as seed composition traits. When anchored to the tepary reference genome, this approach enables
hypothesis generation linking genomic regions to candidate genes involved in protein concentration,
amino acid profiles, and seed development. These insights can inform both direct improvement of tepary
bean and synteny-based translation to common bean.

In this study, a genome-wide association analysis of a diverse Phaseolus acutifolius panel was
conducted to investigate total soluble seed protein content and free amino acid composition, with seed
size traits used as complementary phenotypes. The objectives were to (i) quantify phenotypic variation
in protein, amino acids, and seed size, (ii) identify genomic regions associated with nutritional and size
traits, and (iii) evaluate the predictability of these traits using genomic selection models. Because seed
nutritional and size traits in Phaseolus are sensitive to environmental conditions, the associations
reported here reflect responses within a single certified-organic, low-input environment and therefore
require multi-environment validation to assess locus stability and genotype x environment interactions.

Materials and methods

Plant material, growth conditions, and experimental design

A diversity panel of 206 Phaseolus acutifolius accessions obtained from the USDA National Plant
Germplasm System, Western Regional Plant Introduction Station, was evaluated alongside four
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commercial varieties used as replicated checks (CK1: Sacaton Brown; CK2: Sonoran White; CK3: Blue
Speckled; CK4: Black), with seed sources listed in Supplementary Table S1. Field evaluations were
conducted at the Texas A&M AgriLife Research and Extension Center in Uvalde, Texas, during a certified
organic field season from July to October 2024. The trial adhered to standard organic practices, using
drip irrigation as needed and OMRI-certified bioinsecticides for pest management. Accessions were
sown on 25 July 2024 and harvested at physiological maturity between 26 and 30 September 2024.

The experiment was arranged as an augmented randomized complete block design with five blocks. In
each block, all four checks were replicated to help control field variability and support the calculation of
adjusted accession means for the unreplicated entries. Except for the checks, all phenotypic
measurements for accessions represent a single experimental unit per accession, and repeated
measurements were treated as technical subsampling or assay replication rather than as independent
biological replicates.

Phenotyping
Seed size traits

At physiological maturity, pods were collected from each accession and commercial variety. For
hundred-seed weight, three random 100-seed subsamples were taken from the harvested seed lot of
each experimental unit, representing technical subsampling rather than independent biological
replication, and seed weights were recorded using an ML54T/00 analytical balance with a precision of +
0.001 g. Seed width was measured from scanned images of five fully dried seeds per accession and
commercial variety, using ImageJ v1.54p and a scale bar for calibration. Seed width was retained as the
image-derived seed-size trait used for downstream association analysis.

Quantification of total soluble seed protein

Total soluble seed protein was estimated using a published method with minor modifications (Deans et
al. 2018). Freeze-dried seeds were ground to a fine powder, and 15 mg of homogenized powder derived
from the same harvested seed lot used for seed-size measurements was processed individually,
suspended in 0.1 M NaOH, sonicated for 15 min, and centrifuged at 14,000 x g for 15 min. Protein
concentration was determined using the Pierce Bradford Plus Protein Assay Reagent according to the
manufacturer's instructions, with bovine serum albumin as an internal standard and absorbance read at
595 nm using a Varioskan LUX multimode microplate reader. Measurements were performed in triplicate

and expressed as mg g~ ! seed tissue and as percentage protein.

Free amino acid extraction and analysis
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Free amino acids were profiled following Joshi et al. (2019) with instrument-specific settings.
Approximately 15 mg of seed powder from the pooled harvested seed material of the experimental unit
was derivatized using the AccQ.Tag 3X Ultra-Fluor kit and quantified on a Waters ACQUITY H-Class UPLC
coupled to an Xevo TQ mass spectrometer. Multiple reaction monitoring transitions, collision energies,
and cone voltages were optimized in IntelliStart; data acquisition used MassLynx, and quantification
used TargetLynx with external calibration.

DNA extraction, GBS library construction, and SNP calling

Leaf DNA was extracted from 3- to 4-week-old seedlings using the DNeasy Plant Mini Kit according to
the manufacturer's instructions, and DNA concentration was quantified with a DS-11 spectrophotometer.
Library preparation and genotyping-by-sequencing were performed at the University of Minnesota
Genomics Center using ApeKI. Reads were aligned to the Phaseolus acutifolius v1.0 reference genome,
and SNPs were filtered before imputation to retain markers with minor allele frequency of at least 0.05,
site missingness of 20% or less, and heterozygosity of 10% or less. After LD-kNNi imputation in TASSEL,
49,384 high-quality SNPs were retained for downstream analyses.

SNP density across the genome was determined by counting SNPs in non-overlapping 1 Mb segments
along each chromosome, and unanchored scaffolds were combined into a single category (ChrUn) to
simplify visualization of genome-wide SNP distribution. LD decay was analyzed using SNP data from the
HapMap file, with pairwise LD (r?) calculated for SNPs within a 50 kb window on the same chromosome.
For visualization, r? values were binned by distance, and a smoothed decay curve was generated by
cubic interpolation to identify the distance at which LD decayed to r? = 0.2.

Population structure was characterized by using both STRUCTURE and principal component analysis.
After LD pruning in PLINK v1.9, 2,869 non-redundant SNPs were used for STRUCTURE 2.3.4 runs from K
=1 to 10, and the optimal number of groups was identified using Structure Harvester and the Evanno
method (Pritchard et al. 2000; Evanno et al. 2005). The first five principal components were included as
covariates in GWAS models.

Statistical analysis, GWAS, and genomic prediction

Data processing and statistics were performed using JMP and R v4.3.3, and figures were generated in R.
GBS processing was performed by the University of Minnesota Genomics Center, and imputation used
LD-kNNi in TASSEL version 5.2. Because accessions in the augmented randomized complete block
design were unreplicated, BLUPs were obtained by borrowing strength from replicated checks and block
structure, and adjusted entry values are reported as entry effects relative to the fitted model intercept;
thus negative adjusted values reflect centering and do not imply negative biological trait values.

Stage-1 models produced adjusted entry values (BLUPs/BLUEs) and associated uncertainty measures,
and the unweighted adjusted entry values were used as phenotypes in downstream GWAS and genomic
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prediction analyses. Adjusted entry values were obtained using the augmentedRCBD package in R,
following stage-wise analysis concepts described for genomic studies and unbalanced breeding data
(Damesa et al. 2019; Endelman 2023; Fernandez-Gonzalez and Sanchez 2025; Schulz-Streeck et al.
2013). For each trait, the model form was:

y = u + Block + Entry + €

where y is the plot-level observation, u is the intercept, Block is the effect of the five blocks, Entry is the
genotype or check effect, and € is the residual term. BLUPs were used for protein percentage, hundred-
seed weight, and all amino acid traits, whereas BLUEs were used for seed width to report adjusted
means on the observed scale.

GWAS was performed in GAPIT v3 using GLM, MLM, BLINK, and FarmCPU models, with population
structure controlled by five principal components and kinship where applicable. A Bonferroni correction
was used to declare genome-wide significance, and for the present panel of 206 accessions and 49,384
SNPs the threshold corresponded to approximately -log10(p) = 6 (L6pez-Hernandez and Cortés 2019).
Candidate genes were identified using a conservative + 10 kb window around each significant SNP
based on Phytozome annotations.

BLUP-based pseudo-heritability was estimated as the proportion of variance explained by genetic
differences after adjustment for block effects and replicated checks. Genomic prediction was conducted
with seven learners, BA, BB, BL, BRR, RF, rrBLUP, and SVM, using five-fold cross-validation and predictive
ability defined as the Pearson correlation between adjusted phenotypes and genomic estimated
breeding values. The genomic prediction framework followed widely used GBS and breeding-genomics
approaches (Elshire et al. 2011; Federer and Crossa 2012; Mohring et al. 2014; Piepho et al. 2012; Smith
et al. 2001; Williams et al. 2011).

Results

Phenotypic variation and nutritional diversity

Seed size and composition varied substantially across the tepary bean diversity panel. Hundred-seed
weight ranged from 2 to 16 g per 100 seeds across the 206 accessions and four checks (Fig. 1A), and
several accessions, such as Pl 653254, PI 502217, Pl 666351, and Pl 535227, showed high seed weight
values ranging from 14 to 16 g per 100 seeds. Checks showed an average of 10.5 g per 100 seeds.

Seed width ranged from 0.261 to 0.711 cm, with the checks clustering more narrowly around 0.536 to
0.640 cm (Fig. 1B). PI 502217, W6 38693, and Pl 440805 showed the largest seed widths, ranging from
0.651t0 0.71 cm. Total soluble seed protein ranged from 10 to 38%, with an overall significant genotype
effect detected by one-way ANOVA (p < 0.0001) (Fig. 2). Checks averaged around 23% protein, and
several accessions, including PI 201268, W6 38850, Pl 640957, Pl 440802, Pl 440806, Pl 200902, PI
321638, and PI1 319439, showed comparatively high protein values.
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Across all accessions, nineteen free amino acids were detected. Arginine (~ 28%), asparagine (~ 20%),
aspartic acid (~ 18.5%), and glutamic acid (~ 12.4%) dominated the free amino acid pool (Fig. 3A).
Principal component analysis revealed clear multivariate structure among amino acid traits, with PC1
(24.3%) driven primarily by essential and branched-chain amino acids, including methionine, histidine,
leucine, isoleucine, and valine, and PC2 (13.0%) reflecting variation in nitrogen-rich amino acids and
allantoin (Fig. 3B). Frequency distributions for all amino acids are provided in Supplementary Figure S3.

Trait pseudo-heritability, SNP resources, and population
structure

BLUP-based pseudo-heritability varied strongly across traits (Supplementary Table S4), reflecting
considerable differences in genetic signal strength. Seed size traits and total soluble protein exhibited
high pseudo-heritability, approximately 0.80 to 1.0, indicating strong genetic control under the single
tested environment. Several amino acids, including arginine, asparagine, aspartic acid, glutamic acid,
proline, and valine, also showed high values, whereas methionine, isoleucine, leucine, tyrosine, and
glycine showed low pseudo-heritability (< 0.10), indicating weaker genetic signal and greater
environmental or residual variance.

GBS produced approximately 830 million raw reads, with a mean of approximately 3.95 million reads per
sample. After alignment, quality filtering, and LD-kNNi imputation, 49,384 high-quality SNPs distributed
across the eleven tepary chromosomes were retained for downstream analyses (Supplementary Figure
S1). Population structure analysis identified two major subpopulations (K = 2), consistent between
STRUCTURE and PCA, with PC1 and PC2 explaining 23.2% and 7.3% of the variation, respectively
(Supplementary Figure S4). Genome-wide LD decayed rapidly to r? = 0.2 at approximately 14 kb
(Supplementary Figure S2), supporting the use of a narrow = 10 kb window for candidate-gene discovery.

GWAS for total soluble protein and amino acid traits

Association analyses were performed on stage-1-adjusted phenotypes, with population structure
controlled by five principal components and kinship, where appropriate. For total soluble protein content,
four significant or suggestive associations were detected on chromosomes 1 and 8 (Fig. 4A). Three loci
exceeded the Bonferroni threshold, S08_8796692 (p = 1.38 x 10~ 1), S01_17593283 (p = 2.59 x 10 9),
and S08_8784174 (p = 6.95 x 10” /), whereas S08_8761065 (p = 2.70 x 10™ %) was classified as
suggestive. Candidate genes within + 10 kb included Phacu.CVR.008G093800 encoding a 2-
oxoglutarate/Fe(ll)-dependent oxygenase, Phacu.CVR.007G7179900 encoding a Ran-binding zinc finger,
and Phacu.CVR.008G093700 encoding a WNK kinase (Table 1; Supplementary Table S5).

Across the nineteen amino acid traits, fifteen showed at least one genome-wide significant association
(Fig. 5; Supplementary Figures S5-S7). Representative examples included glutamine on chromosome 9

(S09_37434888, p = 1.39 x 10~ '°) and threonine on chromosome 8 (S08_49548543, p = 6.95 x 10™ 19). At
the stringent Bonferroni threshold, overlap among amino acid associations was limited, supporting trait-
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specific regulation rather than widespread pleiotropy, although shared signals may be underpowered and
potentially more detectable under replicated multi-environment phenotyping, multi-trait models, or
relaxed suggestive thresholds.

Candidate-gene analysis across all significant amino acid GWAS identified 192 unique genes involved in
seed metabolism, nutrient transport, and developmental regulation (Table 1; Supplementary Table S5).
Functional annotations showed enrichment for gene families involved in primary carbon and nitrogen
metabolism and in membrane-associated and transport-related protein families, consistent with roles in
amino acid transport and storage during seed development. Threonine revealed five significant SNPs
and a plausible candidate region on chromosome 8 containing a Ser/Thr protein phosphatase family
gene, while lysine displayed three significant associations, S07_22884181, S11_10209988, and
S04_6376564, near candidate genes including Phacu.CVR.011G105200 encoding an S-adenosyl-L-
methionine-dependent methyltransferase and Phacu.CVR.004G0521700 encoding WOX11.

GWAS for hundred-seed weight and seed width

For hundred-seed weight, two genome-wide significant associations were detected, S02_41997902 (p =
7.24 x 10" 8) and S01_49536594 (p = 7.57 x 10" /) (Fig. 4B; Table 1). Candidate genes included

Phacu.CVR.002G331300, which encodes a vacuolar H*-ATPase subunit involved in pH-dependent
transport and endomembrane processes, and Phacu.CVR.001G230400, which encodes a CTR1-like
protein kinase. For seed width, five significant associations were identified on chromosomes 1, 3, 5, 7,
and 8 (Fig. 4C). Among the candidates, Phacu.CVR.007G127900 encodes an auxin-responsive Aux/IAA
family protein, consistent with known roles of auxin signaling in organ growth and seed development.

Genomic prediction accuracy and breeding utility

Genomic prediction was used to quantify the predictability of seed nutritional and seed-size traits using
the GBS marker set. Seven genomic prediction models were evaluated by five-fold cross-validation, with
approximately 80% of accessions used for training and 20% held out for testing in each fold. Absolute
predictive ability across traits is summarized in Fig. 6, while relative model performance benchmarked
against rrBLUP is summarized in Supplementary Figure S8.

Seed-size traits showed consistently high predictability across models, with hundred-seed weight and
seed width achieving predictive abilities of r= 0.90-0.96 for most learners. These results are consistent
with previous reports indicating that morphological seed traits in pulses exhibit strong, polygenic genetic
signals (Giordani et al. 2022; Warsame et al. 2024). In contrast, total soluble protein and free amino acid
traits showed moderate predictive abilities (r = 0.15-0.45), mirroring the modular and mostly small-
effect architectures revealed by GWAS and paralleling reports in soybean, chickpea, pea, and lentil (Qin
et al. 2019; Roorkiwal et al. 2022; Sari et al. 2024; Johnson et al. 2024).

Across traits, rrBLUP and BRR performed comparably to Bayesian sparsity-based learners and nonlinear
models, indicating that nutritional composition traits in tepary bean are governed largely by many small-
effect loci rather than sparse large-effect signals. When averaged across traits, BRR showed a small
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positive advantage relative to rrBLUP, whereas BA, BB, BL, RF, and SVM showed near-zero or slightly
negative relative values. From a breeding perspective, these results support genomic selection as a
practical strategy for seed-size improvement, while protein and amino acid improvement will likely
require a combination of marker-assisted selection at prioritized loci and genomic selection to capture
background polygenic variance.

Discussion

Seed protein and amino acids in tepary beans are
controlled by modular, pathway-aware genetic loci

Prior studies on Phaseolus indicate significant genotype x environment interactions for seed traits, and it
is expected that effect sizes and signal stability will differ across production systems. Since phenotyping
was conducted in a single certified-organic environment over a single growing season, the GWAS
associations reported here should be interpreted as environment-dependent hypotheses rather than
universally stable loci. Within this context, the results reveal that total protein percentage and 15 of 19
free amino acids map to distinct genomic regions, supporting a modular genetic architecture rather than
control by a single pleiotropic locus. These results align with legume GWAS in soybean, lentil, and pea,
where protein quality traits and amino acid composition are dispersed across different genomic regions
(Qin et al. 2019; Warsame et al. 2024; Johnson et al. 2024).

The association for protein percentage on chromosome 8 coincided with a WNK kinase and a 2-
oxoglutarate/Fe(ll)-dependent oxygenase, indicating a connection between regulatory signaling and the
2-oxoglutarate node that links carbon and nitrogen metabolism during seed filling, consistent with the
central roles of GS/GOGAT, glutamate, and transamination in amino acid synthesis (Forde and Lea 2007;
Saddhe et al. 2021). Collectively, these findings support a transport-and-sink model in which
biosynthesis, long-distance transport, and sink import each contribute trait-specific variance that
becomes detectable in different genomic windows during seed development (Tegeder and Rentsch
2010).

Essential amino acid loci and nutritional improvement
targets

Among essential amino acids, threonine and methionine are traditionally limiting in pulses and are key
targets for improving dietary protein quality (Khazaei et al. 2019; Nosworthy et al. 2025). Threonine
showed a significant genome-wide association on chromosome 8 within a phosphatase-rich region,
providing a tepary-specific GWAS signal that motivates downstream validation in replicated multi-
environment trials and/or segregating populations. This locus provides a prioritized candidate for marker
development pending validation to increase threonine levels while monitoring related amino acids
(Johnson et al. 2024; Forde and Lea 2007).
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Methionine also showed genome-wide association, providing an important signal for this nutritionally
critical amino acid in tepary bean. When considered jointly with the protein-percentage interval, this
locus offers a potential strategy for improving protein quality without compromising total protein
content, while genomic selection can capture residual polygenic variance distributed across the amino
acid panel (Qin et al. 2019; Khazaei et al. 2019). In addition, lysine mapped to intervals including
S11_10209988 near a SAM-dependent methyltransferase (Phacu.CVR.011G105200) and S04_6376564
near WOX11 (Phacu.CVR.004G052100), suggesting complementary regulatory mechanisms involving
epigenetic control via the SAM cycle and developmental regulation via a WUSCHEL-related homeobox
factor that integrates auxin/cytokinin cues (Lee et al. 2023; Meng et al. 2018; Zhao et al. 2009; Zhou et
al. 2017).

Consistent with coordinated control in the aspartate-family pathway, feedback at key branch-point
enzymes links Lys-Thr-Met pools, providing a mechanistic context for the observed lysine associations
and their potential effects on related essential amino acids (Galili 1995; Azevedo et al. 1997; Goto et al.
2005; Jander and Joshi 2009). The chromosome 11 signal colocalizing with a SAM-dependent
methyltransferase further connects lysine to the SAM cycle and epigenetic control during seed filling,
because SAM supply via MAT enzymes is known to influence DNA and histone methylation and
transcriptional programs in plants (Lee et al. 2023; Meng et al. 2018). Taken together, tepary bean's
suitability for low-input, heat- and drought-adapted systems makes it a resilient legume protein source
that can improve protein quality in resource-limited environments (Moghaddam et al. 2021; Barrera et al.
2024).

Seed-size genetics and deployment under low inputs

Seed-size GWAS in tepary bean identified a small number of loci with modest effects, reflecting an
overall polygenic architecture like that reported in image-based GWAS of common bean (Giordani et al.
2022). A chromosome 2 locus influencing hundred-seed weight was associated with a vacuolar H*-
ATPase subunit and a 6-phosphogluconate dehydrogenase, while a chromosome 7 association for seed
width localized near an Aux/IAA gene. The V-ATPase plays a key role in energizing tonoplast transport
and maintaining vacuolar pH, which are vital for nutrient storage and cell expansion, thus linking
endomembrane functions to organ growth (Krebs et al. 2010). Aux/IAA proteins are key repressors in the
auxin regulatory pathway, and auxin influences cell division and expansion in developing seeds, placing
the seed-width signal within a well-established growth control pathway (Leyser 2018; Wang and Estelle
2014).

These loci represent prioritized candidates for marker development and downstream validation rather
than immediately deployable marker-assisted selection targets. Physical proximity does not establish
causality, and the stability of marker-trait associations must be evaluated across environments and
populations. Since tepary beans thrive in low-input environments and fix nitrogen biologically, even small
increases in seed size could substantially boost marketability without requiring more fertilizer or
irrigation (Moghaddam et al. 2021; Barrera et al. 2024). Compared with earlier tepary GWAS using whole-
genome resequencing that focused on seed yield and hundred-seed weight across multiple
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environments, the present GBS-based analysis in a single certified-organic environment identified a
distinct chromosome 2 region enriched for growth-regulatory candidates, suggesting that tepary seed
size is influenced by both environment-responsive loci and developmentally anchored loci (Giordani et al.
2022; Ravelombola et al. 2024).

Integrating genomic prediction with GWAS for seed
composition and seed size

Genomic prediction analyses complemented GWAS by quantifying the predictability of seed protein,
amino acid, and seed-size traits across models of varying complexity. The high predictive ability
observed for hundred-seed weight and seed width mirrors findings in common bean and pea, where seed
morphological traits exhibit a strong polygenic signal that is readily captured by shrinkage-based models
(Giordani et al. 2022; Warsame et al. 2024). These accuracies confirm that both major GWAS loci and
background polygenic variance contribute consistently to seed-size traits.

In contrast, predictive abilities for total soluble protein and amino acid traits were moderate, mirroring
the modular genetic architecture detected in GWAS. Similar patterns are reported in soybean and lentil,
where amino acids and protein-quality traits show dispersed, low-effect loci and correspondingly modest
prediction accuracies (Qin et al. 2019; Johnson et al. 2024). Across all traits, rrBLUP and BRR performed
comparably to Bayesian and nonlinear learners, indicating that nutritional composition traits in tepary
bean are governed largely by many small-effect loci rather than sparse large-effect signals.
Improvements relative to rrBLUP were small and trait-consistent, with BRR showing slightly higher mean
accuracy, a pattern consistent with reports across soybean, lentil, chickpea, and pea (Qin et al. 2019;
Roorkiwal et al. 2022; Sari et al. 2024; Johnson et al. 2024).

Collectively, the GWAS-GP integration supports a dual breeding strategy: marker-assisted selection for
the major protein-quality and essential-amino-acid loci and genomic selection to capture distributed
polygenic variance influencing overall protein composition. Such MAS + GS pipelines are increasingly
adopted in legume improvement and are well matched to tepary bean's adaptation to heat- and drought-
stressed, low-input systems (Johnson et al. 2024; Moghaddam et al. 2021; Lépez-Ibarra et al. 2021).
Variation in BLUP-based pseudo-heritability across traits further contextualizes differences in GWAS
power and prediction accuracy: traits with high pseudo-heritability showed stronger GWAS signals and
higher predictive ability, whereas traits with low pseudo-heritability, such as methionine and some
branched-chain amino acids, exhibited weaker signals, consistent with tighter metabolic regulation and
greater environmental sensitivity.

Positioning tepary among pulses and delivering tools for
introgression

Within the expanding field of nutrition genetics across pulses, this study provides first-generation SNP
markers for tepary bean targeting protein percentage, essential amino acids, and seed size (Qin et al.
2019; Warsame et al. 2024; Johnson et al. 2024; Chen et al. 2023). Coupled with a chromosome-scale
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reference genome and intrinsic adaptation to heat and drought, these markers enable nutrition-focused
breeding under low-input, nitrogen-fixing systems, an uncommon but increasingly valuable combination
in climate-resilient agriculture (Moghaddam et al. 2021; Lopez-Ibarra et al. 2021; Barrera et al. 2024). The
identified loci facilitate marker-assisted selection for protein quality and seed size within tepary, while
synteny can be leveraged to identify orthologous regions in common bean for comparative mapping and
introgression. Genomic selection can further harness polygenic variation underlying amino acid
composition, and integration with genome-environment pipelines developed for common bean and other
legumes should aid deployment of these alleles in challenging environments (Qin et al. 2019; Chen et al.
2023; Lépez-Hernandez and Cortés 2019).

Comparative synteny studies among Phaseolus species should help identify orthologous variants in
common bean and interspecific materials, and integrating selected SNPs or candidate loci identified
here from tepary could accelerate the development of nutrition-focused ideotypes suited for arid
conditions (Moghaddam et al. 2021; Lépez-lbarra et al. 2021; Giordani et al. 2022; Lépez-Hernandez and
Cortés 2019; Forde and Lea 2007; Saddhe et al. 2021; Tegeder and Rentsch 2010; Barrera et al. 2024).
Because all associations were identified in a single certified-organic environment, validation across
multiple locations, seasons, and stress regimes is necessary to assess genotype x environment
interactions and locus stability. The candidate genes reported here should therefore be viewed as
systematic hypotheses rather than confirmed causal loci, and future work combining fine-mapping,
multi-environment trials, transcriptomics, and metabolomics during seed filling will be needed to validate
the roles of WNK signaling, 2-oxoglutarate oxygenases, amino acid transporters, and regulatory
phosphatases.

Conclusion

This study provides a genome-wide assessment of seed nutritional quality and seed size in tepary bean
by integrating phenotyping, GWAS, and genomic prediction within a single low-input, certified-organic
field environment. Using a diversity panel of 206 accessions, key genomic regions associated with total
protein percentage, essential amino acids, and seed-size traits were identified. Trait-specific
associations across fifteen amino acids support a modular genetic architecture rather than extensive
pleiotropy, which is encouraging for marker stacking, index-based selection, and genomic selection. The
threonine, methionine, and lysine signals represent especially relevant nutritional targets because they
point to loci associated with essential amino acids that are often limiting in pulse-based diets. Likewise,
hundred-seed weight and seed-width associations implicate biologically plausible growth-related
candidates, including V-ATPase- and Aux/IAA-linked regions, that can be prioritized for follow-up
validation. Together, these results provide a first set of marker-to-trait hypotheses, candidate genes, and
genomic prediction benchmarks for improving both nutritional value and marketable seed size in tepary
bean. More broadly, this work helps position tepary bean as a resilient legume protein source for hot,
arid, and low-input production systems, while also creating a foundation for comparative mapping and
eventual introgression-oriented work within Phaseolus. At the same time, the results should be
interpreted cautiously because the study was conducted in a single environment and year, and because
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limited seed quantity and prohibitive germination performance across parts of the panel currently
constrain large-scale multi-season and multi-location validation trials. Accordingly, the reported loci
should be regarded as breeding hypotheses and priority targets for future validation rather than as
confirmed deployment-ready markers.
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Figure 1

Variation in seed size traits in the tepary bean diversity panel. Frequency distributions of (A) hundred-
seed weight and (B) seed width measured in 206 Phaseolus acutifolius accessions and four commercial
checks grown under certified organic management at Uvalde, Texas.
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Figure 2

Frequency distribution of total soluble seed protein in tepary bean.Total soluble protein percentage
estimated by Bradford assay for each accession and commercial check.
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Nutritional diversity of free amino acids in tepary bean seeds. (A) Relative contribution of nineteen free
amino acids to the total free amino acid pool and (B) principal component analysis of accession-level
amino acid profiles.
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Genome-wide association analysis of major breeding traits in tepary bean. Manhattan and Q-Q plots for
(A) total soluble protein, (B) hundred-seed weight, and (C) seed width. The dashed line indicates the
Bonferroni threshold based on 49,384 SNPs.
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Figure 5

Association signals for breeding-priority essential amino acids. Manhattan and Q-Q plots for (A)
threonine, (B) methionine, and (C) lysine. Lead SNPs and nearby candidate genes are summarized in
Table 1 and Supplementary Table S5.
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Figure 6

Predictive ability of genomic prediction models for seed size and nutritional traits. Predictive ability
was estimated as the Pearson correlation between adjusted phenotypes and genomic estimated
breeding values using five-fold cross-validation across seven genomic prediction models.
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