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Abstract
Genetic variation is the cornerstone of genetic improvement of quantitative traits in crops. Improvement
of grain quality traits is challenging because intensive selection for quality often results in trade-offs with
yield. Therefore, simultaneous improvement of yield and quality requires broad genetic variation and a
strategic breeding approach. Our objective in this study was to identify potential donor genotypes
combining high grain protein content with improved yield potential from a diverse genetic base. A panel
of 435 rice accessions, including landraces, released varieties, and breeding lines from a nutritional
breeding program, was evaluated for yield and related agro-morphological traits. Principal component
analysis and cluster analysis were used to identify a representative subset while retaining genetic
diversity. The selected genotypes were genotyped using trait-specific single nucleotide polymorphism
markers and profiled for alleles associated with yield, grain quality, and stress tolerance. Substantial
allelic diversity was detected, complementing phenotypic variation and enabling identification of
genotypes carrying favorable alleles at key loci such as Gn1a, GS3, and NAL1. Genotypes with superior
phenotypic performance and favorable allele combinations were identified as potential donors for
biofortification and trait improvement. Elite genotypes including Dhinkiasali, Salibahan, CR Dhan 313, and
Ratna showed high favorable allele loads, while Malabati, Jasmine, and CR Dhan 310 exhibited superior
grain protein and quality traits. These results provide a comprehensive framework for strategic selection
and utilization of rice germplasm as donors in enhancing productivity, resilience, and nutritional quality.

Introduction
The development of nutrient-rich crop varieties is the need of the hour. However, a major limitation is the
trade-off between nutritional quality and productivity. Striking a balance between these two targets is
essential to develop cultivars with both high nutritional value and high yield potential. In rice, biofortified
high-protein varieties such as CR Dhan 310 have been released for cultivation in India (Chattopadhyay et
al. 2019) demonstrating the feasibility of genetic enhancement of nutritional traits. However, further
improvement in yield potential and stress tolerance is still required. The amalgamation of enhanced
nutritional quality, high productivity, and climate resilience is crucial, as rice is highly vulnerable to
climate change. Polygenic inheritance of these traits, their interactions with the environment, and the
frequent occurrence of negative correlations among them complicates the simultaneous improvement.
Achieving these goals necessitates the strategic evaluation and utilization of novel germplasm
resources.

Genetic resources in rice form the backbone of genetic improvement programs. Agro-morphological
characterization serving as a critical first step in harnessing their potential. Systematic evaluation and
characterization of germplasm for agro-morphological, nutritional, and stress-responsive traits are
critical for identifying superior donor lines and trait-specific genetic variation. Population improvement
combining alleles from various superior donors for multiple traits and yield is essential to ensure the
sustainability of production and commercial viability of new varieties. Such an approach also
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strengthens the genetic foundation of breeding populations, ensuring sustained genetic improvement
and gain (Awad-Allah et al. 2022).

Molecular resources including functional genetic markers available in rice help identification of
genotypes with favorable allele combinations for multiple traits (Nachimuthu et al. 2015; Choudhury et
al. 2023; Anjali et al. 2022; Zhang et al. 2023). Integration of molecular diversity information with
phenotypic and nutritional data enhances parent selection, enables pyramiding of favorable alleles, and
helps overcome negative correlations among complex traits. Genotyping with 1K RiCA genotyping array
includes trait-specific single nucleotide polymorphism (SNP) for quality, yield and stress tolerance traits
(Arbelaez et al. 2019). The cheaper cost of 1K RiCA array genotyping facilitates effective utilization in
regular breeding programs for improvement of stress tolerance (Maniruzzaman et al. 2022) and quality
traits (Cruz et al. 2021).

In the last decade, numerous studies emphasized the importance of agro-morphological and phenotypic
diversity in rice germplasm for the development of high-yielding and resilient cultivars (Sar et al. 2024).
The application of multivariate statistical tools to agro-morphological and molecular datasets enables
robust interpretation of complex variation and supports informed decision-making in breeding programs
(Bhattarai and Subudhi, 2019; John et al. 2023). Clustering and classification of genotypes based on
combined phenotypic and molecular diversity help eliminate genetically redundant accessions and allow
efficient rationalization of germplasm collections, thereby optimizing the choice of parental lines.
Identification of genetically divergent and complementary clusters facilitates the strategic selection of
parents with maximum recombination potential, enhancing the likelihood of transgressive segregants.
Moreover, allelic profiling of representative genotypes from distinct clusters for known functional genes
enables the targeted identification of superior donor lines carrying favorable alleles for nutritional quality,
yield, and stress tolerance. Such an integrated approach directly strengthens parental selection,
accelerates trait introgression, and improves the efficiency and predictability of developing elite rice
cultivars with multiple desirable traits.

The objectives of the present study were to: (i) characterize genetically diverse rice germplasm through
comprehensive agro-morphological evaluation and narrow it down to a representative set of genotypes;
(ii) assess grain protein content in the selected representative genotypes; and (iii) elucidate allele
profiles of known functional genes in these genotypes. The outcomes of this study are expected to
facilitate the identification of genetically diverse and complementary parents for multi-trait mapping and
breeding, as well as to identify superior donor lines combining high grain quality, stress tolerance, and
yield potential. This integrated approach aims to address the trade-off between nutritional quality and
productivity and to accelerate the development of improved rice cultivars.

Material and Methods

Plant Materials and experimental layout
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A diverse panel of 435 rice germplasm consisting of landraces (284), released varieties (116) and
breeding lines (35) were considered for this study (Supplementary Table 1). Varieties and landraces,
collected from all over India and maintained in ICAR-Central Rice Research Institute (CRRI) Gene Bank
were considered for this study. Breeding lines were drawn from breeding programme for improvement of
grain nutritional quality. Genetic material represents geographical regions and different cultivation
ecologies. Seedlings of 21–25 days old were transplanted to the experimental plot of ICAR-CRRI,
Cuttack, Odisha (latitude- 20.448165° N and longitude- 85.932977° E) in wet-season 2023. Two rows for
each genotype were planted in two replications with the spacing of 20 cm (row to row) × 15 cm (plant to
plant) and grown using standard package of practices. Observation are recorded on days to 50%
flowering, plant height (cm), number of tillers/plant, number of panicles/plant, panicle length (cm), 100
grain weight (g) and grain yield/plant (g) were recorded from randomly selected 5 plants from each plot
following standard evaluation procedures (IRRI 2014).

Identification of a representative panel of 150 genotypes
Agro-morphological data of 450 genotypes was subjected to preliminary analysis. Data were first
subjected to descriptive statistical analysis to determine the population mean, range, standard deviation,
and coefficient of variation (CV%). Pearson’s correlation coefficients were computed among all trait pairs
to evaluate the direction and strength of linear associations. Principle component analysis, a multivariate
statistic, was performed to reduce the dimensionality of variation in the population. Major contributing
traits to total genetic variance were identified based on trait loadings on the principle components.
Furthermore, genotypes in the panel were clustered using K-means method based on Euclidian distance.

Based on the genetic diversity and variance in different clusters a representative set of 150 genotypes
(Supplementary Table 2) was selected from the panel. This representative set was used for further
experimentation.

Estimation of grain protein content
The representative set was raised in two replicated plots in wet-season 2024 using same package of
practices. Grains of selected 150 genotypes from wet-season 2023 and wet-season 2024 were analysed
for the grain protein content. The dehusked rice samples (20g) were subjected to estimation of protein
content using calibrated NIR spectroscopy (Bagchi et al. 2016). Protein yield/plant (g) was estimated by
multiplying grain protein content (GPC) (in 1 g) and grain yield/plant (g).

SNP Genotyping using gene-specific markers
The representative set of 150 genotypes comprising of 22 breading lines, 49 landraces and 79 varieties
was subjected to trait-specific SNP genotyping (Supplementary Table 3). Young and healthy leaves were
collected from each plant for DNA extraction. Leaf tissues were punched into uniform discs using a
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sterile leaf puncher to ensure consistency in sample size. The leaf discs were shipped to service provider
for DNA extraction and genotyping. Extracted and purified DNA was subjected to genotyping by using
128 SNP markers of genes related to abiotic, biotic stress tolerance, grain yield and quality traits within
the 1K RiCA SNP genotyping panel (Arbelaez et al. 2019). The genotyping service was carried out by
AgriPlex Genomics Cleveland, USA by the service provider INTERTEK India Pvt. Ltd., Hyderabad,
Telangana, India. The genotypes in the representative set were sorted based on favorable alleles and
genotypes with more favorable alleles for target traits were identified.

Results

Genetic variation for yield traits in the population
The population showed a significant genetic variation for all the quantitative traits. The analysis of
variance (ANOVA) was performed for quantitative traits such as days to 50% flowering (DFF), plant
height (cm) (PH), panicle length (cm) (PL), tiller number/plant (TN), panicle number/plant (PN), hundred-
grain weight (HGW), and single plant yield (SPY). ANOVA revealed that all traits were found significant
differences (p < 0.05) among rice genotypes (Supplementary Table 4). A wide range of values of each of
the traits and higher genotypic and phenotypic coefficient of variances indicated the significant level of
variability in the studied germplasm.

Correlation matrix showing the degree of association among the yield and yield attributing traits is
presented in Fig. 1. Single plant yield (SPY) exhibited significantly high positive correlations with the
number of productive tillers/plant (r = 0.906, p < 0.01), number of tillers/plant (r = 0.872, p < 0.01), panicle
length (r = 0.275, p < 0.01) and hundred-grain weight (r = 0.467, p < 0.01). These findings highlighted that
grain yield in this germplasm panel was primarily driven by enhanced tiller productivity, panicle
architecture and grain weight. Days to 50% flowering (DFF) showed a significant negative association
with panicle length (r = − 0.204, p < 0.01), hundred-grain weight (r = − 0.345, p < 0.01) and single plant
yield (r = − 0.139, p < 0.01). Panicle length (PL) exhibited positive correlations with tiller number (r = 
0.208, p < 0.01) productive tiller number (r = 0.207, p < 0.01), hundred-grain weight (r = 0.255, p < 0.01)
and single plant yield (r = 0.275, p < 0.01), highlighting its contribution to grain yield.

Agro-morphological diversity and trait-contributions to variation
Principal Component Analysis (PCA) was performed to investigate the contribution of agro-
morphological traits to the total variation among 435 rice germplasm. The scree plot revealed that the
first two principal components, PC1 and PC2 accounted for 43.63% and 20.99% of the total variance,
respectively, cumulatively explaining 64.62% of the overall variability among the accessions. Eigenvalues
of rest of the principal components (Supplementary Fig. 1) indicated that these two components
captured the majority of meaningful variation, justifying their use for subsequent biplot interpretation.
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The PCA biplot (Fig. 2) illustrated the contribution and interrelationship of the studied traits to the overall
variability. Traits such as days to fifty percent flowering (DFF) and plant height (PH) showed strong
loadings along PC1, whereas panicle length (PL) and hundred-grain weight (HGW) were positively
associated with PC2. The PCA scatter plot (Supplementary Fig. 2) demonstrated the distribution pattern
of breeding lines, landraces, and released varieties based on the first two principal components.
Although a considerable overlap was observed among the three groups. Landraces exhibited wider
dispersion, reflecting greater phenotypic diversity, whereas breeding lines and varieties clustered more
closely, suggesting selective narrowing of variability through genetic improvement. Released varieties
were mainly located in the outer portion of 2D plot while landrace located inside the plot. Overall, the
PCA results highlight that agro-morphological variability in the studied rice germplasm is largely
influenced by flowering behavior, plant stature, and yield-contributing traits. The distinct yet partially
overlapping group distributions reflect both the genetic differentiation and shared ancestry among
breeding lines, landraces, and improved varieties.

Euclidean K-means clustering analysis grouped the genotypes into distinct clusters based on similarity in
trait profiles. The clustering pattern indicates the presence of both closely related and highly distinct
genotypes, offering opportunities for selecting diverse parental combinations to enhance transgressive
segregants and genetic gain. The resulting dendrogram, visualised in a circular layout, revealed
substantial genetic diversity within the panel. Euclidean distance as the similarity measure, the 435
genotypes were grouped into five distinct clusters (Fig. 3). Cluster I being the largest with 203 genotypes
was followed by Cluster II (88 genotypes), Cluster V (79 genotypes), Cluster III (49 genotypes), and
Cluster IV (16 genotypes). The clustering pattern aligned with the PCA groupings, where TN, PN, PL, and
DFF emerged as the primary traits contributing to the discrimination among clusters. No clear
demarcation in 5 clusters based on types of genotypes and all types of germplasm, i.e. landraces,
varieties and breeding lines were distributed among clusters.

A sub-set of 150 representative genotypes were selected from all five clusters and grown in the next year
(Supplementary Table 2). The across‑year mean grain protein content ranged from 4.89% to 13.33% with
a mean of 8.50% and standard deviation 1.58%, indicating significant phenotypic diversity for GPC.
Correlation coefficient matrix (Fig. 4) derived from association among yield attributing traits and grain
protein content of 150 selected genotypes revealed that grain yield had significant (p < 0.01) positive
association with number of panicles/plant, grain weight and panicle length. But GPC did not show any
significant association with yield and yield attributing traits. Standard deviation was highest in cluster III
(~ 1.85) and lowest in cluster V (~ 0.44), indicating that Cluster-III captured the larger diversity for GPC
and was particularly useful for selecting both high and low protein types. The across‑year mean of grain
yield/plant ranged from 6.38g to 38.07g with a mean of 18.7g and standard deviation of 7.02, indicating
moderate to high variability among selected germplasm for grain yield. Cluster III followed by Cluster II,
characterized by the high mean GPC (8.75% and 8.61%), and protein yield (1.71 g/plant and 1.77 g/plant)
and elite genotypes belonged to theses clusters containing both high protein and yield could be used as
donor for improving both grain productivity and nutritional value. Cluster I, despite moderate GPC and
protein yield, contained the highest number of genotypes with diverse nature, valuable for broadening the
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genetic base and introducing variability for recombination breeding. Cluster IV also exhibited
intermediate GPC (8.49%) and protein yield (1.48 g/plant). In contract, Cluster V had lowest mean GPC
and protein yield among all clusters.

Allelic diversity of germplasm for trait-specific gene based markers
Selected 150 rice germplasm were genotyped with 128 trait-specific SNP markers distributed across the
12 chromosomes (Supplementary Table 3). These SNPs were specific to genes or QTLs linked with grain
yield, flowering time, panicle architecture, grain quality, biotic or abiotic stress tolerance. The genomic
location and distribution of these SNPs are shown in Supplementary Fig. 3. The genotype-wise allele
profiles and frequency of each marker allele in the population are presented in Fig. 5 and Supplementary
Fig. 4A, respectively. Percentage of favourable alleles of SNPs associated with genes for economically
important traits in rice genotypes is presented in Supplementary Fig. B. The distribution of allelic classes
(favorable, unfavorable, and heterozygous alleles) across the tested markers revealed substantial
genetic variability among the rice germplasm for target traits (Fig. 5). Several markers of the QTLs such
as DTY1-1, DTY2-2, and DTY3-2 displayed a distribution of favorable and unfavorable alleles, indicating
greater opportunity for accumulating favorable alleles through combinatorial breeding. Conversely,
several loci associated with yield contributing traits such as Gn1a, GS3, GW5, and NAL1 showed a higher
proportion of favorable alleles, suggesting prior selection of these loci in breeding programs. In contrast,
genes such as Hd1, Hd3a, and Wx exhibited a greater frequency of unfavorable or mixed alleles, pointing
toward untapped opportunity for genetic improvement.

Notably, the presence of heterozygous alleles was relatively low across most markers, reflecting the
predominantly inbred nature of the genotypes tested. However, certain loci (PRR37, Ghd7, and DTY12-1)
showed appreciable heterozygosity, suggesting potential introgressions or residual heterozygosity in
breeding lines and landraces. The allelic composition of each genotype for the 128 SNPs was visualized
to evaluate cumulative allele stacking (Fig. 5). Considerable variation was observed across the 150
genotypes, with some lines harbouring predominantly favorable alleles across multiple yield QTLs. Elite
cultivars such as IR64, Swarna, and N22 derivatives displayed mixed allele profiles, with favorable alleles
at major yield loci but unfavorable alleles at grain quality (Wx) or flowering-time (Hd) related markers.

Identification of donors with favorable allele for functional
genes
Several genotypes exhibited a markedly higher density of advantageous loci linked to biotic stress
resistance, abiotic stress tolerance, and grain quality enhancement (Supplementary Table 5), positioning
them as elite genomic resources for rice improvement. Notably, Dhinkiasali (M97), Salibahan (M71), CR
Dhan 313 (M200), Ratna (M57), Gayatri (M123), Nuakalazeera (M43), CR Dhan 317 (M375), and
Banskathi (M50) carried the highest favorable allele loads (79–85 alleles), reflecting broad genetic
potential and a high likelihood of stable agronomic performance across environments. Dhinkiasali (M97)
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emerged as the most enriched genotype, closely followed by Salibahan (M71) and CR Dhan 313 (M200),
all of which showed strong representation of loci governing multi-stress resilience. These genotypes
harbored key biotic stress resistance genes, including Pi2, Pi9, Pid2, Pid3, Xa7, Xa21, BPH17, BPH32, and
RYMV resistance alleles, conferring broad-spectrum protection against rice blast, bacterial blight, brown
planthopper, and viral diseases. Such genetic configurations make them highly suitable donors for
developing durable pest- and disease-resistant cultivars. In parallel, several elite lines possessed critical
abiotic stress tolerance loci, particularly Saltol (salinity tolerance), Sub1 (submergence tolerance), and
major drought-yield QTLs such as DTY1.1, DTY2.2, and DTY3. The co-occurrence of multiple abiotic
stress alleles in genotypes including CR Dhan 203 (M374), CR Dhan 210 (M201), Kamini (M128), and
MP-1-114 (M70) suggests enhanced adaptability to variable and stress-prone agro-ecosystems,
reinforcing their value in climate-resilient breeding pipelines.

Grain quality allele profiling further identified genotypes with superior end-use and nutritional attributes.
Lines such as Naveen (M34), ARC-10063 (M14), Ratna (M57), and Satabdi (M32) carried favorable
alleles for major quality-determining genes, including Wx (amylose content), GS3 and GW5 (grain size
and shape), Chalk5 (chalkiness reduction), SSIIa (gelatinization temperature), and TGW6 (grain weight).
Combining agro-morphological and nutritional traits such as grain yield, grain protein and protein yield
with the presence of favourable alleles of important biotic and abiotic stress tolerance and superior plant
type has been utilized to identify donors in breeding for nutritional quality (Table 1). Importantly,
genotypes like Malabati (M103), Jasmine (M64), MP-1-114 (M70), and CR Dhan 310 (M39) combined
high mean GPC (≥ 10.6%) with superior grain yield and a rich complement of yield-, nutrition-, quality-,
and stress-associated SNPs, underscoring their potential as multi-trait donor parents.

Discussion

Agro-morphological diversity among germplasm
In India and Asia as a whole, rice is the key to the food and nutritional security. Due to the overemphasis
on improving grain yield, often at the expense of stress tolerance and grain quality, both growers and
consumers of present-day high-yielding varieties suffer substantially as a result of climate change and
malnutrition. To address the problem, breeding scheme has been developed to simultaneously improve
grain yield and nutritional traits such as protein content (Chattopadhyay et al. 2018). Similarly, many near
isogenic lines (NILs) has been released with biotic and abiotic stress tolerance in the high yielding
background (Dixit et al. 2020). Identification and deployment of donors for quality breeding programme
to broadening genetic base and development of biofortified climate resilient varieties are gaining
importance. Biofortified rice will only be widely adopted if high micronutrient content is combined with
competitive yields, multiple stress tolerance, and grain quality that matches current farmer and market
favourites (Sanjeeva Rao et al. 2020). A large-scale diversity studies using national and international
germplasm repositories has potentiality to add significant value to breeding programs. The use of
multivariate statistics continues to aid in reducing data dimensionality and identifying key traits for
selection, while correlation studies enhance understanding of yield determinants and selection of
desired traits for varietal development. In the present study, the phenotypic evaluation of 435 indica rice
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genotypes revealed substantial variation in yield and yield contributing traits. Correlation coefficient
analyses also supported these findings, providing additional insight into the relationships between traits.
The correlation coefficients confirmed positive association of plant yield with number of productive tiller,
panicle length and hundred-grain weight. These results were in agreements with reported results in
diverse rice populations (Meena et al., 2020; Subramanian et al. 2025).

The cluster analysis grouped the genotypes into five distinct clusters with clear phenotypic
differentiation, largely consistent with PCA patterns. Classification of genotypes into different clusters
which endorse the significant morphological differences indicate the substantial genetic diversity in the
germplasm panel (Verma et al., 2023). This genetic diversity is suitable for identifying novel allelic
combinations contributing to yield and yield attributing traits.

Identification of diverse genotypes with differential protein
yield
Quantitative differences between grain yield and micronutrient content traits indicate exploitable QTLs
are positively associated, allowing simultaneous improvement through careful QTL pyramiding and
selection (Prasad et al. 2025). From a breeding perspective, the observed clustering reveals clear
opportunities for strategic parental selection to improve grain yield, grain protein content (GPC), and
protein yield simultaneously. This approach of parental selection was reported earlier by Chattopadhyay
et al. (2018) for improvement of protein content and gain yield in rice. The genotypes with high protein
yield such as M 26 (Pandari Gurmatiya) (2.42 g/plant), M39 (CR Dhan 310) (2.85 g/plant) belonged to
Cluster II and M 70 (MP-1-114) (2.55g/plant), M-80 (PB-140) (3.08 g/plant), M-165 (Kalinga-II) (2.65
g/plant) belonged to Cluster III could be hybridized with high yielding genotypes such as M318 (CR Dhan
318) with 1.00 g/plant protein yield of Cluster V having low grain protein and protein yield. This type
cross combinations allow superior transgressive segregants to produce high grain protein content and
yield. These combinations help accumulate gene combination to overcome trade-off between protein
content and yield.

Allele profiling in diverse germplasm sub-set
Marker-assisted breeding are now used to stack micronutrient QTLs with major genes/QTLs for abiotic
and biotic stress tolerance while maintaining an elite, high-yield background (Mohanavel et al. 2024). The
agro-morphological diversity has been complemented by molecular diversity in the current investigation.
Trait-specific SNP markers play a crucial role in rapid identification of genotypes for different traits based
on molecular markers and deploy in breeding activities (Shanmugam et al., 2025). 1K SNP chip has been
instrumental with trait-specific SNPs for grain yield, biotic, abiotic stress tolerance and other economical
important traits (Arbelaez et al. 2019). The distribution of favorable and unfavorable alleles at loci such
as DTY1-1, DTY2-2, and DTY3-2 indicates moderate frequency of yield-enhancing variants within the
studied panel. In contrast, the subset was enriched with favorable allele at loci including Gn1a, GS3, GW5,
and NAL1, suggesting prior selection for yield improvement in breeding programs. The low frequency of
favorable alleles at key loci such as Hd1, Hd3a, and Wx highlights the importance of identifying suitable
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donor lines for improving quality traits. A few landraces and breeding lines, particularly those carrying
favorable alleles for Gn1a, GS3, NAL1, and DTY loci, and favorable alleles for quality traits emerged as
promising donors for allele pyramiding. The relatively low heterozygosity across loci reflects the inbred
nature of most genotypes, although loci such as PRR37, Ghd7, and DTY12-1 showed evidence of
introgression or residual heterozygosity, indicating possible utility in recombination breeding.

High yielding nutrient-rich genotypes with positive alleles
of biotic-abiotic stress tolerant and yield -related genes
The identification of landraces and breeding lines carrying favorable alleles for major yield loci highlights
their potential as pre-breeding resources for allele pyramiding and genomic-assisted selection.
Furthermore, enhancing grain protein content is in staple food like rice is significant, as recent studies
emphasize its importance in improving rice nutritional quality (Jukanti et al. 2025; Chen et al. 2022).
These results reinforce the importance of combining SNP-based diversity analysis with phenotypic and
biochemical data to accelerate the development of rice varieties that ensure yield stability while
addressing nutritional challenges. Overall, the integration of favorable allele mapping enabled precise
identification of multi-dimensional elite genotypes with strong potential for use in breeding programs
aimed at enhancing stress resilience, productivity, and grain quality. The top-performing genotypes,
enriched with advantageous alleles across biotic, abiotic, and quality-related pathways, provide valuable
genetic resources for accelerating varietal improvement and boosting genetic gains in rice.

Conclusion
The integration of agro-morphological evaluation and trait-specific SNP genotyping provided a robust
framework to elucidate the extent and structure of genetic diversity among rice germplasm. The results
underscore the coexistence of wide phenotypic variability and substantial allelic diversity, reflecting a
rich genetic base that can be strategically harnessed for improving yield, nutritional quality, and stress
resilience. The clustering patterns and allele distribution across functional loci identified specific
genotypes as valuable donors for future biofortification and climate-resilient breeding programs.

The findings emphasize that combining morphological characterization with targeted genomic profiling
enables precise selection of parental lines for gene pyramiding and genomic-assisted breeding. The
diverse set of donors identified in this study including landraces and pre-breeding lines offers significant
promise to strengthen the genetic foundation of rice improvement efforts, supporting the development
of high-yielding, nutrient-enriched, and climate-resilient varieties suited to diverse agro-ecological
regions.
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Figure 1

Correlation coefficient matrix of yield and yield-attributing traits in rice derived from 435 rice genotypes.
Values inside the boxes represent Pearson’s correlation coefficients, with significance levels indicated as
p < 0.05 (*), p < 0.01 (**), and non-significant (NS). Traits include days to 50% flowering (DFF), plant
height (PH), panicle length (PL), tiller number/plant (TN), panicle number/plant (PN), hundred grain
weight (HGW) and single plant yield (SPY).
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Figure 2

Principal Component Analysis (PCA) of 435 rice germplasm accessions based on agro-morphological
traits; Location of traits in 2-D graph generated based on principal component analysis (PCA) taking first
two principal components, PC1 (43.63%) and PC2 (20.99%) of the total variation
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Figure 3

Phylogenetic tree based on Hierarchical clustering using Euclidean distance taking yield and yield
attributing traits in rice
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Figure 4

Correlation coefficient matrix of yield, yield-attributing traits and grain protein content derived from the
selected 150 rice genotypes. Values inside the boxes represent Pearson’s correlation coefficients, with
significance levels indicated as p < 0.05 (*), p < 0.01 (**), and non-significant (NS). Traits include days to
50% flowering (DFF), plant height (PH), panicle length (PL), tiller number/plant (TN), panicle
number/plant (PN), hundred grain weight (HGW), single plant yield (SPY) and grain protein content
(GPC).
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Figure 5

Chromosomal distribution of 128 SNPs markers associated with important traits in rice across all 12
chromosomes. Each chromosome is represented as a vertical bar, with markers indicated at their
respective positions in mega base pairs (Mb). (Details of genes and markers are available in Table S3)
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Figure 6

Allelic profiles across rice genotypes; (A) Graphical presentation of allelic variation across genotypes
using 128 trait-based SNP markers, where each cell shows the allelic status: green for favorable alleles,
orange for unfavorable alleles, purple for heterozygous alleles, and grey for missing data, (B) Graphical
presentation of genotype count versus favourable allele frequency and, (C) Percentage of favourable
alleles of SNPs associated with genes for economically important traits in rice genotypes (allelic status:
green for favorable alleles, orange for unfavorable alleles, purple for heterozygous alleles, and grey for
missing data)
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