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Abstract 

The narrow genetic base of cultivated rice necessitates the identification of diverse germplasm possessing superior 

agronomic performance and enhanced nutritional quality. The present study aimed to assess phenotypic and 

genetic diversity among a subset of 300 rice (Oryza sativa L.) germplasm accessions and identify elite accessions 

suitable for rice biofortification and yield improvement programmes. The accessions were evaluated during Kharif 

2023 for nine quantitative traits using an alpha lattice design at Mandya and Gangavathi. Analysis of variance 

revealed significant variation among the accessions for all traits, indicating the presence of substantial phenotypic 

diversity. Principal Component Analysis identified the major contributors to phenotypic variation, with the first 

four principal components accounting for 69.3% of the total variation. Based on phenotypic performance, 50 

accessions were selected and subjected to K-means clustering and Multi-Trait Genotype–Ideotype Distance Index 

analysis. Clustering grouped the accessions into three distinct clusters with contrasting combinations of grain yield 

and grain zinc concentration. MGIDI analysis identified G38 (IRGC 349) as the accession closest to the ideotype, 

exhibiting desirable values for grain zinc and yield-associated traits. Genetic diversity and population structure 

were assessed using 102,580 high-quality genome-wide SNP markers. STRUCTURE analysis, PCA and 

phylogenetic tree-based clustering consistently revealed the presence of two major genetic subpopulations within 

the germplasm panel. The combined phenotypic and genotypic analyses demonstrated substantial exploitable 

diversity and facilitated the identification of elite and genetically diverse accessions. These accessions represent 

valuable genetic resources for the development of high-yielding and zinc-biofortified rice varieties. 

Keywords: Rice, Principal Component Analysis, K-means clustering, Multi-Trait Genotype–Ideotype Distance 

Index, STRUCTURE 

1.INTRODUCTION 

Rice (Oryza sativa L.) is the principal food crop for a large proportion of the world's population and 

contributes significantly to global food security (Khush, 2005). In many developing countries, particularly across 

Asia, rice serves as the primary source of dietary energy and sustains the livelihoods of millions of farming 

households (FAO, 2023). Although remarkable progress has been made in enhancing rice productivity, current 

breeding efforts are increasingly focused on improving both yield and nutritional quality to address the challenge 

of hidden hunger. Among micronutrients, zinc is of particular importance because its deficiency affects a 

substantial proportion of the global population and is associated with several health disorders (Cakmak, 2008). 



Consequently, the development of zinc-enriched rice varieties has become a major objective in rice improvement 

programmes. 

The success of crop improvement largely depends on the availability and effective utilization of genetic 

variability (Spoorthi S R et al., 2025). Germplasm collections constitute an invaluable source of novel alleles and 

provide opportunities for identifying accessions with desirable agronomic and nutritional traits (Dwivedi et al., 

2016). However, the large number of traits recorded in germplasm evaluation studies often makes interpretation 

difficult when using conventional statistical approaches. Therefore, multivariate analytical methods have gained 

importance for studying complex trait relationships and understanding diversity within germplasm collections 

(Mohammadi and Prasanna, 2003). 

Principal Component Analysis (PCA) is one of the most widely used techniques for summarizing 

variation in large datasets. By converting correlated variables into a reduced number of independent principal 

components, PCA helps to identify the traits that contribute most to the observed variability and facilitates the 

visualization of relationships among accessions (Jolliffe, 2002). Such information is useful for identifying key 

traits responsible for differentiation within a germplasm panel. Another widely adopted approach is K-means 

clustering, which groups accessions according to their similarity across multiple traits (MacQueen, 1967). The 

resulting clusters provide insights into the pattern of diversity within a population and assist in identifying 

divergent genotypes that can be utilized as parents in hybridization programmes (Kaufman and Rousseeuw, 2005). 

The selection of parents from distinct clusters often increases the likelihood of obtaining superior recombinants 

in subsequent generations. 

While PCA and clustering are useful for diversity assessment, breeders also require methods that enable 

simultaneous selection for several traits. The Multi-Trait Genotype–Ideotype Distance Index (MGIDI) offers an 

effective framework for this purpose by ranking genotypes according to their distance from an ideal genotype 

possessing desirable trait values (Olivoto and Nardino, 2021). Genotypes exhibiting lower MGIDI scores are 

considered more desirable because they combine favourable performance across multiple traits. 

Alongside phenotypic characterization, molecular marker-based analyses provide a deeper understanding 

of genetic diversity and population structure. Single nucleotide polymorphism (SNP) markers have become the 

marker system of choice because of their abundance, genome-wide distribution and ability to capture genetic 

variation with high precision (Rafalski, 2002). Genome-wide SNP markers allow the assessment of genetic 

relationships and the identification of population stratification within germplasm collections. 



STRUCTURE based Bayesian clustering approaches are commonly used to infer the number of genetic 

subpopulations and estimate the degree of admixture among accessions (Pritchard et al., 2000). Likewise, PCA 

based on SNP marker data provides a graphical representation of genetic relationships and facilitates the 

identification of major genetic groups within a population (Patterson et al., 2006). Phylogenetic analyses, 

particularly those based on the Neighbour-Joining method, further complement these approaches by illustrating 

evolutionary relationships and genetic divergence among accessions (Saitou and Nei, 1987). The combined use 

of STRUCTURE analysis, PCA and phylogenetic clustering therefore provides a robust framework for 

understanding the genetic architecture of a germplasm panel. 

In view of the importance of identifying genetically diverse and agronomically superior germplasm, the 

present study combined phenotypic and genotypic approaches to evaluate a subset of rice accessions. Multivariate 

analyses, including PCA, K-means clustering and MGIDI, were employed to characterize phenotypic diversity 

and identify elite accessions, while genome-wide SNP markers were utilized to assess genetic diversity and 

population structure through STRUCTURE analysis, PCA and phylogenetic clustering. The integration of these 

approaches is expected to facilitate the identification of promising parental lines and accelerate the development 

of high-yielding and zinc-biofortified rice varieties. 

2. MATERIALS AND METHODS 

The plant material consists of subset of a 300 germplasm accessions selected from the 3K Rice Genome 

(3KRG) panel of the International Rice Research Institute (IRRI), Philippines, based on visualize observations 

such as, tillering ability, culm strength, leaf senescence, spikelet fertility, lodging resistance, photo-insensitivity 

and overall phenotypic acceptability to the local conditions. These accessions represent different subgroups of 

Oryza sativa, including indica (262), tropical japonica (21), temperate japonica (5), aus (8) and aro (4). They 

originate and evolve from diverse countries and capture a wide range of genetic diversity and variability. 

2.1 Phenotypic evaluation 

 A total of 300 accessions were evaluated for yield attributing traits and grain zinc concentration using an 

alpha lattice design with two replications. Each accession was planted in a 1 m2 plot consisting of six rows, with 

a spacing of 20 cm between rows and 15 cm between the plants, accommodating 42 plants per plot. The 

experimental layout comprised of 18 blocks, each accommodating 17 genotypes. The experiment was conducted 

during the Kharif  2023 at two locations: the Zonal Agricultural Research Station, V. C. Farm, Mandya, which lies 

in the Southern Dry Zone of Karnataka (Zone 6) at 12°31′ N and 76°54′ E and about 695 m above mean sea level, 



received 297.4 mm of rainfall during the Kharif season 2023 (Supplementary Table 1) and the Agricultural 

Research Station, Gangavathi, which is located in the Northern Transitional Zone (Zone 8) at 15°26′ N and 75°07′ 

E at an elevation of around 678 m, recorded 309.9 mm of rainfall in the same season (Supplementary Table 2). 

The contrasting agro-climatic conditions at the two locations provided an opportunity to assess genotype 

performance across diverse environments. Observations were recorded on five randomly selected plants from 

each accession for days to 50% flowering (DFF), plant height (PH), panicle length (PL), panicle weight (PW), 

productive tillers per plant (PT), spikelet fertility SF), test weight (TW), grain zinc concentration (Zn) and grain 

yield (GYD). 

  Based on the phenotypic performance of the 300 germplasm accessions evaluated across two contrasting 

environments, 50 accessions were selected for further investigation. The selected set comprised accessions 

representing both extremes and the intermediate range of the phenotypic distribution, including 15 accessions 

from the lower tail, 15 accessions from the upper tail, and 20 accessions from the middle of the distribution. This 

sampling strategy ensured adequate representation of the entire spectrum of phenotypic variation present in the 

study panel. 

2.2 Estimation of Grain Zinc Concentration 

 Grain samples from each accession were dehusked using a palm dehusker and the resulting brown rice 

grains were cleaned to remove residual bran particles. Zinc concentration was determined from a 5 g grain sample 

using an energy-dispersive X-ray fluorescence (ED-XRF) spectrometer (X-Supreme 8000, Oxford Instruments, 

CA, USA). Grain zinc concentration was expressed as mg/kg (ppm).  

2.3 Multivariate Statistical Analysis for Diversity Assessment and Ideotype-Based Selection of Elite 

Germplasm Accessions 

 To assess the phenotypic diversity among the germplasm accessions, analysis of variance (ANOVA) was 

performed according to Patterson and Williams (1976) using the ‘metan’ package. Genetic variability parameters, 

including phenotypic and genotypic coefficient of variation, were estimated using the ‘psych’ package. To identify 

the major traits contributing to the total phenotypic variation, principal component analysis (PCA) was conducted 

using the ‘FactoMineR’ package and the results were visualized using the ‘factoextra’ package.  

To identify the proportion of traits contributing to each principal components (PCs), the Circos plot was 

generated based on PCA Scores (Krzywinski, M. et al 2009). Further, to classify the germplasm accessions into 



different groups, K-means clustering was performed using the ‘stats’ package in R. To identify the germplasm 

accession posing the desirable combination of grain zinc and yield associated traits, the Multi-Trait Genotype-

Ideotype Distance Index (MGIDI) was computed using the ‘metan’ package to rank and assess the stability of the 

germplasms based on multiple traits. Hence, MGIDI analysis facilitated the selection of genotypes closest to the 

predefined ideotype based on multiple trait performance. 

2.4 Assessment of Population Structure and Genetic Relationships among Germplasm Accessions Using 

STRUCTURE and Neighbour-Joining cluster Analyses  

To elucidate the population structure among the 300 germplasm accessions, the high-quality filtered SNP 

dataset was analysed using the STRUCTURE software. The most probable number of subpopulations (K) was 

determined based on the ΔK method and the results were visualized through STRUCTURE bar plots and ΔK 

graphs. To further assess the genetic relationships among the accessions, the filtered SNP dataset was subjected 

to Neighbour-Joining (NJ) cluster analysis using TASSEL version 5.2.79 (Bradbury et al., 2007). A genetic 

distance matrix was generated and used to construct the NJ phylogenetic tree. The resulting tree file was exported 

in Newick format and visualized as a circular dendrogram using iTOL version 6.5.2. (Letunic and Bork .2024) 

2.5 3KRG SNP Data set and quality SNP filtering 

The SNP Dataset for the 300 accessions was retrieved from the Rice SNP-Seek Database, which is 

maintained by IRRI, Philippines. From the ~29 million biallelic SNPs, a base set of approximately 18 million 

SNPs was generated by removing those with excessive heterozygous calls. The dataset was then filtered by setting 

a call rate threshold of 95% was applied, retaining SNPs present in at least 285 germplasm accessions. Markers 

with a minor allele frequency (MAF) ≥ 0.05 were selected to remove rare alleles occurring at frequencies below 

5%. A maximum heterozygosity proportion of 0.10 was imposed to exclude highly heterozygous loci. Missing 

genotype data were subsequently imputed using the Linkage Disequilibrium K-Nearest Neighbour Imputation 

(LD-KNNi) method. After applying these quality filtering and imputation steps, 1,02,580 high-quality SNPs were 

retained from approximately 18 million initial SNPs and were subsequently used for population structure analysis 

and phylogenetic based cluster assessment. 

3. RESULTS 

3.1 First- and Second-Order Genetic Statistics for Different Quantitative Traits in the Germplasm 

Accessions 



Analysis of variance revealed highly significant differences among the germplasm accessions for grain 

zinc concentration and all yield-related traits (Table 1). The magnitude of variation observed among the accessions 

indicated the presence of a broad phenotypic range for the traits studied. The pooled analysis across environments 

showed that neither the location effect nor the genotype × location interaction was significant for any of the traits 

(Table 2). Consequently, pooled means were considered appropriate for subsequent diversity and multivariate 

analyses. 

3.2 Per se Performance of Germplasm Accessions for Grain Zinc and Yield-Associated Traits 

The frequency distribution of all quantitative traits approximated a normal distribution, indicating 

continuous variation among the germplasm accessions (Figure 1). Considerable variation was observed for grain 

zinc concentration, grain yield and their associated traits. The population means for DFF, PH, PL, PW, PT, SF, 

TW, GYD and Zn were 90 days, 95.83 cm, 20.43 cm, 7.25 g, 10, 86.95%, 19.26 g, 3.77 t ha⁻¹ and 22.35 ppm, 

respectively (Figure 1). Grain zinc concentration ranged from low to high values among the accessions, while 

grain yield also exhibited a wide distribution, reflecting the diverse nature of the germplasm panel. The presence 

of accessions at both extremes of the distribution suggests the availability of contrasting genetic resources for trait 

improvement. The top-performing accessions identified for grain zinc concentration and grain yield are presented 

in Tables 3 and 4. Several accessions exhibited superior performance for individual traits, while a few accessions 

combined favourable values for multiple traits. 

3.3 Estimates of Genetic Variability Parameters among Germplasm Accessions 

The PCV estimates were slightly higher than the corresponding GCV values for all traits, indicating some 

influence of environmental factors on trait expression (Figure 2). However, the differences between PCV and 

GCV were generally narrow. Among the traits, grain zinc concentration recorded the highest variability followed 

by plant height, test weight and spikelet fertility. Moderate levels of variability were observed for panicle length, 

panicle weight, productive tillers and grain yield, whereas days to 50% flowering exhibited the lowest variability. 

These results indicate that substantial variability exists within the germplasm panel for several economically 

important traits. 

3.4 Identification of Major Contributing Traits Through Principal Component Analysis 

Principal component analysis reduced the nine quantitative traits into four principal components 

explaining 69.3% of the total variation (Figure 3D). The first principal component accounted for the largest 



proportion of variation, followed by PC2, PC3 and PC4. Together, these components captured most of the diversity 

present within the germplasm accessions. The Circo’s plot revealed differential contributions of traits to individual 

principal components (Figure 3C). DFF contributed predominantly to PC1, while TW contributed substantially to 

PC2. Grain zinc concentration contributed significantly to both PC3 and PC4. The PCA biplot clearly separated 

the accessions across different quadrants (Figure 3A and 3B). Accessions distributed away from the origin 

exhibited greater divergence than those clustered near the centre. Several accessions were associated with specific 

trait vectors, indicating superior expression of those traits. The accessions G248 (IRGC 349), G28 (IRGC 993), 

and G204 (IRGC 972) were positioned farthest from the origin in the direction of important trait vectors such as 

DFF, PT, and PW (Figure 3B), indicating their superior performance for these attributes and their potential value 

in future breeding programmes. 

3.5 K-Means Clustering of Germplasm Accessions 

The Elbow method indicated three optimal clusters among the 50 selected accessions (Figure 4A). 

Cluster I consisted of 15 accessions with high grain zinc concentration and low grain yield. Cluster II contained 

16 accessions with intermediate values for both traits. Cluster III comprised 19 accessions characterized by high 

grain yield and comparatively low grain zinc concentration (Figure 4B and 4C). 

3.6 Identification of Superior Germplasm Accessions Through MGIDI 

MGIDI analysis ranked the selected germplasm accessions according to their distance from the 

predefined ideotype (Figure 5A). Eight accessions exhibited the lowest MGIDI values and were therefore 

considered superior. Among these, G38 (IRGC 647) recorded the lowest MGIDI value and ranked first. The 

strengths and weaknesses analysis partitioned the MGIDI values into three latent factors (Figure 5B). Factor 1 

was associated with DFF, PT and PW, Factor 2 with PL, SF and TW, and Factor 3 with GYD, Zn and PH. The 

relative contribution of these factors varied among accessions, indicating differences in the traits limiting their 

proximity to the ideotype. 

3.7 Population Structure Based on Genome-Wide SNP Markers 

After quality filtering, 102,580 polymorphic SNP markers were retained for diversity analysis. STRUCTURE 

analysis identified two major genetic subpopulations, with the highest ΔK value observed at K = 2 (Figure 6A and 

6B). Most accessions exhibited membership to one of the two groups, while a few accessions displayed admixed 

ancestry. The PCA based on SNP markers supported the STRUCTURE results. The first two principal components 



explained approximately 93% of the total molecular variation, with PC1 and PC2 contributing 52% and 41%, 

respectively (Figure 7). The scree plot showed a clear elbow after the second principal component. Similarly, the 

neighbour-joining phylogenetic tree grouped the accessions into two major clusters (Figure 8). The clustering 

pattern was largely consistent with the results obtained from STRUCTURE and PCA, confirming the presence of 

two major genetic groups within the germplasm panel. 

4. DISCUSSION 

The significant differences observed among the germplasm accessions for grain zinc concentration and 

yield-related traits indicate the existence of considerable variability within the panel. Such variability forms the 

foundation of any crop improvement programme because the effectiveness of selection largely depends on the 

extent of variation available in the breeding material. The non-significant genotype × environment interaction 

further suggests that the expression of these traits was relatively stable across the two environments, thereby 

increasing the reliability of selection based on pooled means. Similar observations have been reported in rice 

germplasm evaluations, where stable trait expression across environments facilitated the identification of superior 

accessions (Singh et al., 2022). 

The high GCV and PCV values observed for grain zinc concentration indicate substantial genetic 

variation for this trait, suggesting that considerable progress can be achieved through selection. Since zinc 

concentration is a primary target in rice biofortification programmes, the availability of accessions with high zinc 

content provides opportunities for introgressing favourable alleles into elite breeding lines. The close 

correspondence between PCV and GCV estimates further indicates that environmental influence on trait 

expression was limited, implying that phenotypic selection would be effective for these traits. 

The PCA results demonstrated that a relatively small number of principal components captured a large 

proportion of the total variation present in the germplasm panel. This indicates that diversity among the accessions 

was largely governed by a few key traits. The strong contribution of DFF, TW and Zn to the principal components 

suggests that these traits played a major role in differentiating the germplasm accessions. Similar findings have 

been reported by Gaur et al. (2017), who observed that flowering behaviour and grain zinc were among the major 

contributors to phenotypic diversity in rice. The negative association observed between grain yield and grain zinc 

concentration in the PCA biplot is particularly important from a breeding perspective. Such relationships have 

frequently been reported in rice and may arise due to dilution effects associated with increased grain production. 



This suggests that simultaneous improvement of yield and grain zinc concentration remains challenging and 

requires the identification of genotypes that possess favourable combinations of both traits. 

K-means clustering grouped the accessions into clusters with distinct trait combinations, indicating the 

presence of exploitable diversity within the germplasm panel. The high-zinc but low-yielding accessions grouped 

in Cluster I represent valuable donor sources for nutritional improvement, whereas the high-yielding accessions 

in Cluster III provide opportunities for enhancing productivity. The substantial divergence between these clusters 

suggests that crosses involving parents selected from these groups may generate wider segregation and increase 

the probability of recovering transgressive segregants combining high grain yield with elevated zinc 

concentration. The overlap observed among clusters indicates that the variation for grain zinc concentration and 

grain yield is quantitative and continuous rather than discrete. Such overlap is expected in diverse germplasm 

collections because most agronomic traits are controlled by multiple genes and influenced by environmental 

factors. 

Conventional selection methods often focus on a few individual traits and may fail to identify genotypes 

with balanced performance across multiple characteristics. The MGIDI approach overcomes this limitation by 

simultaneously considering several traits and ranking accessions based on their similarity to a predefined ideotype. 

In the present study, G38 (IRGC349) emerged as the most desirable accession because it combined superior grain 

yield, acceptable grain zinc concentration and favourable agronomic attributes. The strengths and weaknesses 

analysis further revealed the specific trait groups contributing to the distance of each accession from the ideotype. 

Such information is particularly useful for breeders because it not only identifies superior accessions but also 

highlights the traits requiring improvement. Therefore, MGIDI serves as an efficient decision-support tool for 

multi-trait selection in rice breeding programmes. 

The use of 102,580 genome-wide SNP markers enabled a comprehensive assessment of genetic diversity 

within the germplasm panel. The identification of two major subpopulations through STRUCTURE analysis, PCA 

and phylogenetic clustering indicates the presence of clear genetic stratification among the accessions. The 

grouping of indica, japonica, and aromatic accessions separately from aus accessions reflects their distinct 

evolutionary histories and breeding backgrounds. Interestingly, the phenotypic clusters did not completely 

correspond with the SNP-based population structure. This suggests that accessions sharing similar genetic 

ancestry may still differ considerably in agronomic performance due to historical selection, local adaptation and 



the polygenic nature of quantitative traits. Similar observations have been reported in rice diversity studies, where 

genetic relatedness was not always reflected in phenotypic similarity. 

4. CONCLUSION 

The present study demonstrated the existence of substantial phenotypic and genetic diversity among the 

rice germplasm accessions for grain zinc concentration and yield-associated traits. Significant variation observed 

across the accessions provided opportunities for identifying superior genotypes with desirable trait combinations. 

Multivariate analyses, including PCA and K-means clustering, effectively characterized the diversity present 

within the panel and grouped the accessions into distinct clusters with contrasting agronomic and nutritional 

attributes. The MGIDI analysis further enabled the identification of elite accessions that closely resembled the 

predefined ideotype and combined favourable levels of grain yield and grain zinc concentration. The use of 

1,02,580 Genome-wide polymorphic SNP markers revealed two major genetic subpopulations, which were 

consistently supported by STRUCTURE analysis, PCA and phylogenetic tree-based clustering. The partial 

correspondence between phenotypic and genotypic groupings indicated that accessions sharing a common genetic 

background may still exhibit considerable phenotypic variation due to environmental adaptation and the complex 

inheritance of quantitative traits. Overall, the integration of phenotypic and genotypic approaches facilitated the 

identification of elite and genetically diverse germplasm accessions with potential utility in rice improvement 

programmes. The superior accessions identified in this study can serve as valuable parental lines for developing 

high-yielding, zinc-biofortified rice varieties and contribute to future efforts aimed at enhancing both productivity 

and nutritional quality in rice. 
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Table 1: Analysis of variance for grain zinc and yield associated traits among the germplasm accessions 

 

Source of Variation 

 

df 
Mean Sum of Squares (MSS) 

Days to 50% Flowering Plant Height  Panicle Length 

Mandya Gangavathi Mandya Gangavathi Mandya Gangavathi 
Genotypes 299 88.21** 85.85** 878.35** 848.79** 25.58** 22.32** 

Replication 1 1.35 1.67 3.76 5.21 2.15 1.27 

Blocks 34 1.02 1.10 2.98 2.94 0.99 0.03 

Residual 265 8.95 6.47 11.45 15.02 6.95 9.86 

 

 

Source of Variation 

 

df 
Mean Sum of Squares (MSS) 

Test Weight Grain Yield Grain Zinc Concentration 

Mandya Gangavathi Mandya Gangavathi Mandya Gangavathi 

Genotypes 299 46.46** 42.32** 31.53** 28.46** 18.58** 15.22** 

Replication 1 0.021 0.07 0.08 0.01 0.79 0.47 

Blocks 34 0.79 0.81 0.26 0.25 0.85 1.11 

Residual 265 12.95 10.57 11.30 9.41 8.17 5.16 

 

 

 

Source of Variation 
 

df 
Mean Sum of Squares (MSS) 

Panicle Weight Productive Tillers Spikelet fertility 

Mandya Gangavathi Mandya Gangavathi Mandya Gangavathi 
Genotypes 299 24.93** 22.80** 31.58** 35.67** 24.94** 27.83** 

Replication 1 0.56 0.46 0.35 0.19 2.95 2.25 

Blocks 34 1.08 1.39 0.85 0.987 1.14 1.19 

Residual 265 10.95 8.30 9.95 13.29 5.65 8.25 



Table 2: Pooled Analysis of Variance for grain zinc and yield associated traits among the germplasm accessions 

 

Source of Variation 

 

df 

                                                     Mean Sum of Squares (MSS) 

DFF PH PL PW PT SF TW GYD Zn 

Genotypes 299 73.59** 96.22** 44.69** 11.71** 11.44** 39.76** 12.74** 2.98** 24.05** 

Replication 2 2.01 1.68 2.71 0.618 0.19 1.14 7.64 0.04 1.03 

Blocks 68 1.06 0.96 0.01 1.37 0.98 0.17 0.80 0.25 0.98 

Location 1 12.9 8.59 1.59 3.75 4.05 2 0.58 3.66 0.49 

Genotypes X Location 299 4.71 9.14 3.29 2.58 4.26 8.68 7.39 0.012 1.75 

Residuals 576 2.164 4.02 1.33 0.605 0.359 1.06 0.3063 0.117 1.10 

 



Table 3: Perse performance of germplasm accessions for yield associated traits  

 

 

Table 4: Perse performance of germplasm accessions for grain zinc concentration 

Germplasm accessions 

Traits IRGC  647 IRGC 652 IRGC 414 IRGC 173 IRGC 940 

DFF 86.00 88.00 87.00 90.00 93.00 

PH 115.21 114.25 106.54 108.32 112.65 

PL  21.54 20.96 19.65 22.04 21.96 

PW  5.68 6.05 5.55 6.45 6.84 

PT 9.00 9.00 10.00 10.00 11.00 

SF 86.21 85.24 86.96 87.65 88.65 

TW  16.24 16.75 18.24 18.65 19.24 

GYD  2.56 2.96 3.45 3.27 3.75 

 Zn  35.75 35.25 34.96 34.59 34.45 

 

 

Germplasm accessions 

Traits IRGC  349 IRGC 993 IRGC 972 IRGC 1150 IRGC 1143 

DFF 99.00 101.00 98.00 102.00 98.00 

PH 98.23 98.23 104.36 96.32 110.45 

PL  26.23 26.89 27.15 25.78 27.23 

PW  7.95 7.05 6.85 7.52 7.62 

PT 14.00 13.00 14.00 12.00 13.00 

SF 93.65 92.56 93.85 92.85 93.24 

TW  21.65 21.12 20.63 20.45 20.23 

GYD  6.23 6.13 6.02 5.94 5.85 

 Zn  24.23 24.96 25.87 25.45 26.68 



Figure 1: Normal distribution of grain zinc concentration and yield associated traits among the rice 

germplasm accessions  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Estimates of genetic variability parameters for quantitative traits among rice germplasm 
accessions 

  

 

 

 

 

 

 

 

 

 

 

 

 



Figure 3: Principal component analysis of rice germplasm accessions: (A) PCA biplot showing the major 

traits contributing to genetic variation (B) Ranking of the germplasm accessions based on PCA biplot. (C) 
Circo’s plot depicting the contribution of traits to each principal components. (D) Scree plot depicting the 

variance explained by the principal components  

(A)                                                                                   (B) 
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Figure 4: (A) Identification of optimum number of clusters among germplasm accession for quantitative 

traits. (B) K-means clustering scatter plot of germplasm accessions based on grain zinc and yield-associated 
traits. (C) Heat map showing the clustering of germplasm accessions and trait variation among clusters.  

        (A) 
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Figure 5: (A) Multi-Trait Genotype–Ideotype Distance Index (MGIDI)-based identification of superior rice 

germplasm accessions for grain zinc and yield-associated traits. (B) Radar chart illustrating the 
proportional contribution of different factors to the MGIDI values of the selected germplasm accessions 

       (A)  

 

 

 

 

 

 

 

 

 

                

 
 

 



           (B)  

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Population structure of 300 germplasm accessions. (A) Bar plot depicting the number of 

subpopulation based on colours through STRUCTURE (B) Determination of optimum number of 

subpopulation through Delta K graph  

            (A) 
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Figure 7: Scree plot-based determination of population structure among germplasm accessions through 

Principal Component Analysis  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Figure 8: Neighbour-Joining cluster analysis revealing the genetic relationships among the germplasm 

accessions 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

   


