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Abstract: 

Rice (Oryza sativa L.) is an important staple crop and a major contributor to food security and 

agricultural economies worldwide. This study evaluated the genetic diversity among 25 fine-grain 

rice genotypes, including advanced breeding lines and commercial checks, using 14 agro-

morphological, yield, and grain quality traits under field conditions at the Rice Research Institute, 

Kala Shah Kaku, Punjab, Pakistan. Significant variability was observed among the genotypes for 

most traits, indicating substantial genetic diversity. Principal Component Analysis (PCA) revealed 

that the first six principal components explained 81.27% of the total variation, with PC1 and PC2 

accounting for 39.87%. Traits such as panicle length, days to flowering, days to maturity, and 

paddy yield contributed markedly to genotype differentiation. Cluster analysis grouped the 

genotypes into distinct clusters, reflecting varying levels of genetic divergence. Highly divergent 

genotypes identified through Euclidean distance analysis may serve as valuable parents in 

breeding programs. The results demonstrate the effectiveness of multivariate analysis in 

characterizing genetic diversity and provide useful information for the selection and development 

of improved high-yielding rice cultivars. 
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Introduction: 

Rice (Oryza sativa L.) is a foundational crop for global food security, serving as the daily meal for 

over two-thirds of the world’s population and providing approximately 20% of all human caloric 

intake (Mohidem et al., 2022). Globally, rice production is heavily centralized, with more than 90% 

of total world production originating from Asian countries (Mohidem et al., 2022). In recent 

market cycles, global rice production scaled to 537 million tonnes, out of which roughly 53 

million tonnes are traded internationally, meaning that approximately 9.87% of the world's rice 

production enters global trade networks (Glauber & Mamun, 2025). Within this international trade 

framework, Pakistan plays a vital strategic role, traditionally positioning itself as a major global 

exporter (5.8 million tons), which accounts for 11% of the total world rice trade. 

Domestically, rice stands as Pakistan's primary agricultural economic asset and is classified as the 

country's second-largest cash crop, trailing only behind cotton (Khan et al., 2020). It contributes 

roughly 1.9% of the value-added in agriculture and adds about 0.4% to the national gross 

domestic product (GDP) (Khan et al., 2023). Cultivated as a premier commercial crop, Pakistan 

firmly secures its position as the 9th largest rice producer worldwide (Khan et al., 2023). In the 

2024–2025 cropping season, Pakistan achieved a production output of 9.4 million metric tons of 

rice, harvested from a total cultivated area under rice expanding to 3.80 million hectares. This 

production is concentrated within well-irrigated ecological zones, particularly within the Punjab 
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province, which is globally celebrated for its premium, long-grain aromatic Basmati varieties, and 

the Sindh province, which specializes in high-yielding, non-basmati long-grain rice and modern 

hybrids. 

Despite these production milestones, significant bottlenecks remain to achieving long-term food 

security and maintaining export momentum. Rice cultivation in Pakistan is increasingly 

constrained by climate change, erratic weather disruptions, skyrocketing input prices, and 

escalating water scarcity, which heavily pressures traditional, water-intensive puddled 

transplanting techniques. Meeting the demands of a rapidly growing population while confronting 

dwindling natural resources highlights an urgent need to improve and deploy high-yielding 

varieties. A comprehensive understanding of the genetic variation present within available 

germplasm is an indispensable preliminary step in breeding programs aimed at selecting parents 

and developing resilient new varieties (Kumbhar et al., 2015). Dissecting rice genotype diversity 

remains an essential method for identifying and transmitting vital genetic information across 

generations (Nambara & Nonogaki, 2012). 

To systematically navigate genetic variability, plant breeders utilize advanced statistical 

frameworks. The recent biplot technique provides breeders with a complete visual representation 

of all aspects of variables by producing a biplot that simultaneously represents both mean 

efficiency and stability (Yan & Frégeau-Reid, 2018). Multivariate analysis serves as a highly 

sufficient measurement of the true degree of difference between genotypes. In this context, 

Principal Component Analysis (PCA) and cluster analysis are both heavily relied upon as 

powerful multivariate methods to assess variation (Tiwari et al., 2020). Specifically, PCA is 

deployed to study diversity and to determine commitment to several specific characteristics, 

isolating the agronomic and morphological traits that contribute most significantly to total 

phenotypic variation. On the other hand, cluster analysis helps breeders choose unique parental 

combinations to maximise heterosis by grouping genotypes based on genetic or agronomic 

characteristics (Shabir et al., 2013). 

The utility of these multivariate tools is well-documented in agricultural research. For instance, 

Nachimuthu et al. (2014) used PCA to assess variation between diverse rice genotypes, studying 

morphological traits like No. of grains per panicle, grain yield per plant, panicle length, and plant 

height. They reported high coefficients of variation for both the number of filled grains per 

panicle and grain yield per plant, successfully defining the key traits driving variation. Similarly, 

Chakravorty et al. (2013) evaluated the variation in rice genotypes through PCA, showing that the 

total number of grains per panicle heavily impacted the underlying diversity of the studied 

genotypes. Furthermore, Sanni et al. (2012) employed cluster analysis to evaluate the variability 

of 434 rice genotypes across 10 agronomic traits, successfully partitioning the germplasm into 

seven distinct groups and stating that specific clusters provide valuable guidance for establishing 

parental genotypes in breeding blocks. While these frameworks have been applied to distinct 

international populations, it is vital to evaluate how domestic lines adapt specifically to Pakistan's 

agro-climatic conditions. Therefore, the objective of this research was to estimate the possible 

diversity between the rice genotypes studied by multivariate analysis, define the contribution of 

each studied trait to the total variation, and determine the best genotypes for the breeding of new 

high-yielding cultivars in Pakistan. 

 

Materials and Methods 

The field research was carried out during the 2018–2019 cropping season at the experimental farm 

of the Rice Research Institute (RRI), Kala Shah Kaku, Punjab, Pakistan. A total of 25 fine-grain 

rice lines were evaluated, including 22 advance lines and three commercial checks: Super Basmati, 
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Basmati 515, and PK1121 Aromatic. These advance lines were acquired from National 

Coordinator, National Agricultural Research Council (NARC), Islamabad, Pakistan.  

The experiment was laid out using a Randomized Complete Block Design (RCBD) with three 

replications. Each replicate consisted of plots containing 7 rows, 5 meters in length, with a 22.5 

cm plant-plant and row-row spacing. Nursery sowing was initiated on 20th June, 2018, followed 

by manual transplanting on 20th July, 2018, and harvesting on 28th October, 2018. Standard 

regional agronomic interventions, encompassing thorough land preparation, precise irrigation, 

balanced fertilization, and targeted pest management, were applied uniformly across all 

experimental units. 

Data measurements for 14 quantitative traits were recorded from ten randomly selected guarded 

plants per plot to eliminate edge effects. Phenological traits included days to flowering (DF) and 

days to maturity (DM). Morpho-yield characteristics comprised plant height (PH, cm), tillers per 

plant (TPP), panicle length (PL, cm), grains per panicle (GPP), thousand-grain weight (TGW, g), 

and overall grain yield (Yield, kg/ha). Physical grain quality and seed morphology traits included 

head rice recovery (HRR, %), average grain length (AGL, mm), grain width (mm), length-width 

ratio (LW), and elongation ratio (ER), Bursting (%).  

The quantitative dataset was subjected to standard descriptive and multivariate statistical analyses. 

Principal Component Analysis (PCA) was used to minimise dimensionality and identify important 

characteristics influencing the overall phenotypic variance. Concurrently, a hierarchical Cluster 

Analysis was applied to group the 25 fine-grain rice lines into distinct clusters, helping pinpoint 

divergent parental lines for future premium-quality rice breeding programs.  

 

Table 1: List of Rice Genotypes tested at Rice Research Institute, Kala Shah Kaku (RRI, 

KSK) 

Genotypes Decoded Name Genotypes Decoded Name 

G1 P-47 G13 NB- 1395 

G2 PK 9966 G14 BASMATI 515 (Check) 

G3 PK1121 Aromatic (Check) G15 PK 10324 

G4 RRI 3 G16 NB-13122 

G5 PKBB- 15-116 G17 BBF-BB- EM-25-7- 4 

G6 NS-5 G18 P-35 

G7 PK 8892 G19 BR-51 

G8 NB-1519 G20 BBF-AP- EM-117- 23-23 

G9 BBF-BB- EM-25-7- 2 G21 P-48 

G10 PK 10683 G22 SRI-25 

G11 PK 9444 G23 PK PB8 

G12 SRI-23 G24 BR-1 

 G25 Super Basmati (check) 
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Results and Discussion 

The descriptive statistics for fourteen agronomic, yield, grain quality, and milling traits evaluated 

in 25 rice genotypes are presented in Table 2. The mean days to flowering (DF) and days to 

maturity (DM) were 109.88 and 141.83 days, respectively, indicating moderate variation among 

the genotypes, with ranges of 34 days for both traits. Plant height (PH) averaged 112.70 cm and 

varied from 91.73 to 130.47 cm, reflecting considerable diversity in plant stature. The number of 

total productive tillers per plant (TPP) ranged from 13.73 to 20.87, with a mean of 17.25, while 

panicle length (PL) averaged 25.81 cm and varied between 22.20 and 31.30 cm. Grains per 

panicle (GPP) exhibited substantial variation, ranging from 68.40 to 132.50 grains with a mean of 

97.60 grains. Thousand-grain weight (TGW) showed moderate variability, averaging 25.20 g and 

ranging from 19.01 to 32.44 g. Paddy yield (PY) displayed a wide range from 2524.80 to 4250.57 

kg ha⁻¹, with a mean value of 3511.96 kg ha⁻¹, indicating the presence of high-yielding genotypes 

in the experimental material. 

Among grain quality traits, average grain length (AGL) ranged from 6.85 to 9.25 mm with a mean 

of 7.86 mm, whereas grain breadth averaged 1.75 mm and varied from 1.59 to 2.00 mm. The 

length-to-breadth (L/B) ratio had a mean value of 4.50, ranging from 3.42 to 5.40, suggesting 

diversity in grain shape characteristics. Elongation ratio (ER) exhibited the highest skewness (-

3.43) and kurtosis (12.52), indicating the presence of extreme values and a highly non-normal 

distribution. The mean ER was 1.95, with values ranging from 0.32 to 2.32. 

Cooking quality trait bursting percentage averaged 12.68%, ranging from 6% to 22%, while head 

rice recovery (HRR) had a mean value of 56.32% and varied between 53.00% and 61.00%. Most 

traits exhibited relatively low skewness and kurtosis values, indicating approximately normal 

distributions. However, DF and DM showed negative skewness, suggesting a greater 

concentration of genotypes with higher flowering and maturity durations. Overall, the observed 

variability across agronomic, yield, and grain quality traits indicates substantial genetic diversity 

among the evaluated rice genotypes, providing opportunities for selection and genetic 

improvement in breeding programs. 

 

Table 2: Descriptive statistics for the estimated variables in 25 rice genotypes 

Varia

ble 

(vars) 

Mean SD Medi

an 

Trimm

ed 

MA

D 

Min Max Rang

e 

Ske

w 

Kurto

sis 

SE 

DF 
109.8

8 

8.70 112.0

0 

110.95 6.92 86.67 120.6

7 

34.00 -

1.07 

0.33 1.74 

DM 
141.8

3 

8.66 144.0

0 

142.87 6.92 118.6

7 

152.6

7 

34.00 -

1.08 

0.36 1.73 

PH 
112.7

0 

8.91 112.8

0 

112.66 8.60 91.73 130.4

7 

38.73 -

0.01 

-0.08 1.78 

TPP 
17.25 1.88 17.73 17.30 1.19 13.73 20.87 7.13 -

0.57 

-0.48 0.38 

PL 25.81 2.01 25.33 25.66 1.43 22.20 31.30 9.10 0.84 0.50 0.40 

GPP 
97.60 18.2

3 

98.60 97.44 18.6

8 

68.40 132.5

0 

64.10 0.10 -1.11 3.65 

TGW 25.20 3.53 25.08 25.03 3.09 19.01 32.44 13.43 0.37 -0.48 0.71 

PY 
3511.

96 

460.

33 

3533.

61 

3530.3

1 

373.

56 

2524.

80 

4250.

57 

1725.

77 

-

0.49 

-0.47 92.0

7 
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AGL 7.86 0.64 7.68 7.81 0.52 6.85 9.25 2.40 0.67 -0.51 0.13 

Breat

h 

1.75 0.12 1.71 1.74 0.12 1.59 2.00 0.41 0.57 -0.66 0.02 

LB 

Ratio 

4.50 0.44 4.62 4.51 0.28 3.42 5.40 1.98 -

0.44 

-0.18 0.09 

ER 
1.95 0.37 2.05 2.01 0.13 0.32 2.32 2.00 -

3.43 

12.52 0.07 

Bursti

ng 

12.68 4.71 14.00 12.43 5.93 6.00 22.00 16.00 0.33 -0.99 0.94 

HRR 56.32 2.16 56.00 56.21 2.22 53.00 61.00 8.00 0.43 -0.66 0.43 

 

DF = Days to flowering; DM = Days to maturity; PH = Plant height; TPP = Tillers per plant; PL = 

Panicle length; GPP = Grains per panicle; TGW = Thousand-grain weight; PY = Paddy yield; 

AGL = Average grain length; L/B Ratio = Length-to-breadth ratio; ER = Elongation ratio; HRR = 

Head rice recovery 

To reduce the dimensionality of the dataset while preserving maximum variance, a Principal 

Component Analysis (PCA) was performed on the evaluated quantitative traits across the 25 rice 

genotypes. A scree plot was generated by plotting the eigenvalues against their corresponding 

principal components to determine the optimal number of components to retain for structural 

interpretation. The scree plot displays a sharp, steep decline in eigenvalues from Principal 

Component 1 (PC1) to Principal Component 2 (PC2), followed by a distinct inflection point—or 

"elbow"—at PC3. Beyond PC3, the curve transitions into a gradual, linear decline, indicating that 

subsequent components contribute progressively less to explaining the total experimental variance. 

According to the elbow criterion, components prior to the primary inflection point capture the 

most meaningful biological variation. Therefore, the first two (or three) principal components 

should be retained for further multivariate analysis (Greenacre et al., 2022). These leading 

components account for the majority of the total dataset variability, effectively simplifying the 

complex trait interactions into a lower-dimensional space without substantial loss of information 

(Figure 1). 

Figure 1: Scree plot diagram of 

Eigenvalues constructed on studied traits  

Figure 2: Scatter plot diagram of 

Eigenvalues constructed on studied traits  
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To investigate the multi-directional relationships and underlying distribution patterns among the 

evaluated agro-morphological traits, a pairwise Scatterplot Matrix (SPLOM) was constructed. 

This visual matrix provides a comprehensive, simultaneous overview of the bivariate relationships 

across all studied quantitative variables for the rice genotypes. The diagonal elements of the 

matrix represent the individual traits (including labels such as DF, DM, PH, TPP, PL, GPP, TGW, 

Grain Length, Grain Breadth, L/B ratio, and Yield). The off-diagonal panels display the individual 

bivariate scatterplots for every possible trait combination, allowing for immediate identification of 

linear, non-linear, or clustered distributions. A preliminary assessment of the scatterplot matrix 

reveals distinct patterns of association:Highly prominent, tight linear distributions are visible 

between days to maturity and morphological traits (e.g., the strong positive linear relationship in 

the upper-left quadrant between Days to Flowering [DF] and Days to Maturity [DM]), signifying 

tightly linked genetic or physiological mechanisms. Yield and yield-contributing components 

(such as GPP and TGW) display more dispersed, multi-directional scatter patterns against 

vegetative traits, suggesting a complex, polygenic network of influence rather than simple linear 

dependencies.The uniform distribution of data points across the majority of the bivariate plots 

indicates a lack of severe anomalies or isolated clustering, confirming the statistical reliability of 

the phenotypic data for subsequent multivariate modeling (Figure 2). 

To simultaneously evaluate the relationships among the 14 agro-morphological traits and project 

the multivariate distribution of the 25 rice lines, PCA biplots were constructed. The analysis is 

visualized across two distinct projections: PC1 versus PC2, and PC1 versus PC3. These plots 

combine both the vector loadings of the traits (indicated by red arrows) and the individual scores 

of the genotypes (indicated by numbers 1 to 25). The cosine of the angle between any two trait 

vectors approximates their correlation; acute angles indicate positive correlations, obtuse angles 

indicate negative correlations, and right angles (90 degree) signify independence. A strong 

positive correlation is evident among grain quality traits such as LB.Ratio and AGL, which share 

a tight acute angle in the upper-right quadrant. Similarly, yield components like PH (Plant Height) 

and GPP (Grains Per Panicle) form a closely aligned cluster in the lower-right quadrant, pointing 

to a coordinated inheritance or physiological link. Conversely, traits like DF (Days to Flowering) 

and PY (Paddy yield) are positioned directly opposite to the right-quadrant clusters along the PC1 

axis, indicating a strong negative correlation with traits like PL (Panicle Length) (Figure 3). The 

same results were reported in research article by Ta et al., 2018. 

Genotypes located in close proximity to specific trait vectors exhibit higher-than-average values 

for those traits. For instance, in the PC1 vs. PC2 plot, Genotypes 11, 12, and 20 are strongly 

associated with longer panicle lengths (PL). Genotype 25 stands out as an extreme outlier on the 

far right of both plots, showing a highly pronounced expression for traits loading heavily on 

positive PC1, while being sharply divergent from genotypes located on the left hemisphere (such 

as Genotypes 19, 27, and 2). Genotypes clustered near the origin (e.g., Genotype 14, 8, and 21) 

represent individuals with average performance characteristics across the majority of the 

evaluated parameters (Figure 3). 
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Figure 3: Biplot distribution of 25 rice genotypes and studied traits depending on principal 

component axes PC1 and PC2 

 
Principal Component Analysis (PCA) was performed to identify the major components 

contributing to total variation among the genotypes. The PCA extracted fourteen principal 

components (PCs), corresponding to the fourteen original variables, with eigenvalues ranging 

from 3.3936 to 0.0004 (Table 4). The first principal component (PC1) exhibited the highest 

eigenvalue (3.3936) and explained 24.24% of the total variation. The second principal component 

(PC2) accounted for 15.62% of the total variation with an eigenvalue of 2.1875. Together, PC1 

and PC2 explained 39.87% of the total variability present among the rice genotypes. The third 

principal component (PC3) contributed 12.75% of the total variance, increasing the cumulative 

variance explained to 52.62%. Among the fourteen principal components, the first six 

components had eigenvalues greater than one (3.3936, 2.1875, 1.7852, 1.5916, 1.3608, and 

1.0594), indicating their significant contribution to the overall variability according to the Kaiser 

criterion. These six principal components collectively explained 81.27% of the total variation, 

suggesting that most of the genetic diversity among the rice genotypes was captured within these 

components. The remaining principal components (PC7–PC14) individually contributed less than 

6% of the total variance and collectively accounted for only 18.73% of the variation. Therefore, 

their contribution to genotype differentiation was relatively minor (Table 3). 

 

Table 3. Principal Component Analysis (PCA) of 25 Rice Lines Based on 14 Traits 

Statisti

cs 

PC

1 

PC

2 

PC

3 

PC

4 

PC

5 

PC

6 

PC

7 

PC

8 

PC

9 

PC

10 

PC

11 

PC

12 

PC

13 

PC

14 

Eigenv

alue 

3.3

936 

2.1

875 

1.7

852 

1.5

916 

1.3

608 

1.0

594 

0.7

524 

0.6

243 

0.5

100 

0.3

663 

0.2

394 

0.1

278 

0.0

011 

0.0

004 

Standa

rd 

Deviati

on 

1.8

422 

1.4

790 

1.3

361 

1.2

616 

1.1

665 

1.0

293 

0.8

674 

0.7

901 

0.7

142 

0.6

052 

0.4

893 

0.3

575 

0.0

329 

0.0

211 

Propor

tion of 

Varian

ce (%) 

24.

24 

15.

62 

12.

75 

11.

37 

9.7

2 

7.5

7 

5.3

7 

4.4

6 

3.6

4 

2.6

2 

1.7

1 

0.9

1 

0.0

1 

0.0

0 
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Cumul

ative 

Varian

ce (%) 

24.

24 

39.

87 

52.

62 

63.

99 

73.

70 

81.

27 

86.

65 

91.

11 

94.

75 

97.

37 

99.

08 

99.

99 

100

.00 

100

.00 

The eigenvectors (factor loadings) of the fourteen principal components indicate the relative 

contribution of each trait to the total variability among the 25 rice genotypes. Traits with higher 

absolute loading values (positive or negative) contribute more strongly to a particular principal 

component and are therefore important in differentiating the genotypes. PC1 accounted for 24.24% 

of the total variation and was primarily associated with panicle length (PL, 0.4208), days to 

maturity (DM, -0.4123), days to flowering (DF, -0.4118), paddy yield (PY, -0.3077), total 

productive tillers per plant (TPP, -0.2594), bursting (0.2593), and length-to-breadth ratio 

(0.2553). The positive loadings of panicle length and grain quality traits coupled with negative 

loadings of maturity-related traits suggest that PC1 mainly represents variation related to yield and 

maturity characteristics. PC2 explained 15.62% of the total variation and was characterized by 

high positive contributions from length-to-breadth ratio (0.5362), average grain length (0.4032), 

and total productive tillers per plant (0.3324). In contrast, breadth (-0.3568) and bursting (-0.3487) 

contributed negatively. This component predominantly reflects grain dimension and grain quality 

attributes. PC3 contributed 12.75% of the total variation and was mainly influenced by 

elongation ratio (ER, 0.4392), days to maturity (0.3740), days to flowering (0.3670), and 

average grain length (-0.2705). The component therefore represents variation associated with 

cooking quality and maturity-related traits. PC4 accounted for 11.37% of the total variation and 

showed strong positive loading for thousand-grain weight (TGW, 0.6510) and plant height (PH, 

0.4499), while grains per panicle (GPP, -0.4617) contributed negatively. This component mainly 

reflects grain weight and plant architecture traits. PC5 explained 9.72% of the total variation and 

was largely influenced by head rice recovery (HRR, -0.5340), elongation ratio (ER, -0.3712), 

average grain length (AGL, 0.2874), days to flowering (DF, 0.2883), and days to maturity 

(DM, 0.2857). This component is associated primarily with grain quality and milling 

characteristics. PC6 accounted for 7.57% of the variation and was dominated by head rice 

recovery (HRR, -0.6244) and elongation ratio (ER, 0.4720). Therefore, this component reflects 

important cooking and milling quality parameters (Table 4). 

 

Table 4. Eigenvectors (Factor Loadings) of the First six Principal Components for 14 Traits 

Trai

t 

PC

1 

PC

2 

PC

3 

PC

4 

PC

5 

PC

6 

PC

7 

PC

8 

PC

9 

PC

10 

PC

11 

PC

12 

PC

13 

PC

14 

DF 

-

0.41

18 

0.12

48 

0.36

70 

-

0.03

42 

0.28

83 

-

0.01

75 

0.03

33 

-

0.09

97 

0.13

01 

-

0.19

55 

0.08

17 

0.15

75 

-

0.02

02 

0.70

53 

DM 

-

0.41

23 

0.11

36 

0.37

40 

-

0.03

76 

0.28

57 

-

0.01

99 

0.03

82 

-

0.09

28 

0.11

90 

-

0.18

00 

0.09

75 

0.16

10 

0.03

05 

-

0.70

77 

PH 
0.18

92 

-

0.20

74 

0.24

77 

0.44

99 

0.20

31 

-

0.28

69 

0.00

42 

0.06

25 

-

0.47

27 

-

0.40

24 

-

0.36

96 

-

0.08

91 

-

0.00

98 

-

0.00

33 

TPP 

-

0.25

94 

0.33

24 

-

0.25

42 

-

0.04

25 

-

0.21

99 

0.13

88 

0.29

36 

0.46

30 

-

0.17

87 

-

0.51

05 

0.15

94 

-

0.26

37 

0.00

53 

-

0.00

31 

PL 0.42 0.13 - - 0.07 0.22 0.19 - - - 0.30 0.55 - 0.00
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08 95 0.02

98 

0.21

07 

89 15 19 0.24

71 

0.38

73 

0.23

25 

73 37 0.00

15 

33 

GPP 
0.22

77 

-

0.23

94 

0.20

06 

-

0.46

17 

0.26

51 

-

0.30

95 

0.04

41 

0.07

12 

-

0.08

23 

-

0.01

35 

0.46

12 

-

0.49

44 

-

0.01

24 

0.00

84 

TG

W 

-

0.15

55 

-

0.17

16 

-

0.09

39 

0.65

10 

0.05

80 

0.03

72 

0.20

53 

-

0.05

38 

-

0.12

02 

0.26

38 

0.61

56 

-

0.02

92 

0.00

52 

0.01

05 

PY 

-

0.30

77 

-

0.00

83 

-

0.14

45 

-

0.08

10 

-

0.22

93 

-

0.17

43 

-

0.74

77 

-

0.14

69 

-

0.38

74 

-

0.10

45 

0.22

40 

0.05

41 

-

0.00

89 

0.00

13 

AGL 
0.23

36 

0.40

32 

-

0.27

05 

0.20

95 

0.28

74 

-

0.12

16 

-

0.19

29 

-

0.23

16 

0.30

21 

-

0.21

55 

0.08

16 

-

0.16

84 

-

0.55

12 

-

0.03

12 

Brea

dth 

-

0.10

53 

-

0.35

68 

-

0.47

00 

-

0.03

09 

0.25

73 

0.16

33 

0.02

79 

-

0.40

45 

0.17

39 

-

0.35

90 

-

0.06

70 

-

0.15

02 

0.44

29 

0.00

75 

L/B 

Ratio 

0.25

53 

0.53

62 

0.07

92 

0.17

21 

0.07

26 

-

0.21

35 

-

0.17

52 

0.06

67 

0.10

37 

0.06

28 

0.09

90 

-

0.04

80 

0.70

57 

0.02

18 

ER 
0.10

35 

0.10

75 

0.43

92 

0.09

27 

-

0.37

12 

0.47

20 

-

0.03

95 

-

0.44

86 

-

0.03

91 

-

0.09

90 

0.01

89 

-

0.44

87 

0.00

41 

-

0.00

29 

Burst

ing 

0.25

93 

-

0.34

87 

0.18

76 

0.14

90 

-

0.19

04 

0.14

61 

-

0.30

01 

0.36

36 

0.46

53 

-

0.38

50 

0.24

63 

0.21

97 

0.01

49 

0.00

01 

HRR 

-

0.02

84 

-

0.03

33 

0.01

07 

-

0.00

13 

-

0.53

40 

-

0.62

44 

0.33

30 

-

0.34

27 

0.20

49 

-

0.18

66 

0.05

92 

0.11

97 

0.00

22 

-

0.00

08 

DF = Days to flowering; DM = Days to maturity; PH = Plant height; TPP = Tillers per plant; PL = 

Panicle length; GPP = Grains per panicle; TGW = Thousand-grain weight; PY = Paddy yield; 

AGL = Average grain length; L/B Ratio = Length-to-breadth ratio; ER = Elongation ratio; HRR = 

Head rice recovery. 

A pairwise distance matrix was constructed using the squared Euclidean distance method based on 

the evaluated agro-morphological traits (Table 5). The dissimilarity values provide a quantitative 

measure of genetic diversity, serving as a critical foundation for identifying divergent parents for 

future hybridization programs. The highest dissimilarity values are observed between specific 

distantly related pairs, notably between Genotype G16 and Genotype G11 (with a distance value 

of 8.48), followed closely by pairs such as G22 and G16 (8.09) and G16 and G10 (8.02). 

Genotypes displaying such high distance values are phenotypically highly divergent and represent 

excellent candidates for heterosis breeding, as crosses between deeply divergent parents often 

yield superior segregants. Conversely, the lowest non-zero dissimilarity values indicate high 

phenotypic similarity i.e; include the pairs G4 and G23 (2.56) and G13 and G7 (3.01). These 

closely aligned values suggest that these genotypes share highly similar agro-morphological 

profiles and may possess similar genetic backgrounds. Genotypes (G16) consistently maintain 

higher average dissimilarity values against almost all other lines in the matrix, indicating a unique 
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or outlier phenotypic signature within this collection of genotypes, matching its distinct 

positioning observed in the multivariate cluster models (Table 5). 

 

Table 5: Matrix of dissimilarity according to Euclidean square based on studied traits in 

rice genotypes 

 

The dendrogram (Figure 4), constructed using the squared Euclidean distance matrix, successfully 

groups the genotypes into distinct clusters highlighted by colored bounding boxes. 

Cluster I (Red box) contains a distinct group of 4 genotypes (including G22, G11, G10, and G17). 

These genotypes branch off early from the rest of the germplasm at a high linkage distance, 

indicating a unique phenotypic baseline compared to the remaining groups. Cluster II (Green Box) 

represents one of the largest clusters, encompassing approximately 7-8 closely related genotypes 

(including G24, G5, G15, G8, G7, G25, G13, and G16). The internal nodes of this cluster show 

very short vertical branch lengths (e.g., between G7 and G25, or G13 and G16), reflecting a high 

degree of phenotypic similarity and minimum Euclidean distance among these individuals. 

Cluster III (Purple Box) contains 4 genotypes clustered together, indicating intermediate similarity 

values that separate them from the adjacent larger groups. A highly unified group (Cluster IV) 

containing 3 genotypes (G20, G18, and G21) that share tightly linked branching patterns. Cluster 

V (Green Box) forms the final major cluster on the right hemisphere of the tree, bringing together 

4-5 genotypes (such as G14, G1, G4, and G23) under a single nested branch structure. Notably, 

isolated singletons or highly independent lines (such as the narrow blue vertical boxes flanking 

the larger clusters, e.g., near G19 and G12) fail to cluster tightly with the larger groups until much 

higher linkage thresholds. This highlights their highly divergent nature within the evaluated 

population. 

 

 

 

 

 

 

 

 

 

 

 

 

G 1 G2 G 3 G 4 G 5 G 6 G 7 G 8 G 9 G 10 G 11 G 12 G 13 G 14 G 15 G 16 G 17 G 18 G 19 G 20 G 21 G 22 G 23 G 24 G 25

G 1 0

G2 4.88 0

G 3 3.53 2.93 0

G 4 3.27 3.20 2.87 0

G 5 5.09 4.41 5.23 3.82 0

G 6 4.39 4.56 4.26 4.25 4.36 0

G 7 4.53 3.81 4.40 3.64 3.01 3.98 0

G 8 5.04 4.91 5.15 4.96 5.83 5.02 5.62 0

G 9 5.52 5.41 5.39 5.75 5.61 4.54 5.45 3.25 0

G 10 6.71 4.66 5.54 5.52 4.84 5.65 3.93 6.32 4.92 0

G 11 7.22 5.89 6.62 6.24 5.26 6.94 4.61 6.20 5.43 3.86 0

G 12 5.52 6.39 5.83 5.65 6.37 6.28 5.50 6.73 6.57 6.59 7.69 0

G 13 3.43 3.68 4.03 3.56 3.55 4.06 3.01 4.38 4.09 4.61 5.40 5.33 0

G 14 4.22 5.66 5.78 4.05 4.72 5.72 4.59 5.02 5.74 6.54 6.24 4.73 4.29 0

G 15 5.41 6.26 5.57 4.85 4.93 4.23 4.45 5.54 5.36 5.81 6.33 4.44 5.24 4.78 0

G 16 6.51 6.96 5.69 6.45 6.44 6.18 6.40 7.00 6.98 8.02 8.48 7.06 6.28 7.67 6.02 0

G 17 5.42 4.35 4.81 4.39 4.13 3.70 3.67 5.21 3.63 3.37 4.78 6.18 3.38 5.32 4.84 7.22 0

G 18 3.63 4.42 4.33 3.63 3.47 4.53 2.82 4.96 4.19 3.70 4.49 5.03 2.42 3.73 4.56 6.63 3.34 0

G 19 4.11 4.36 4.47 3.94 3.85 2.36 3.01 4.39 4.51 5.23 6.42 5.77 3.22 4.81 4.06 5.59 3.90 3.67 0

G 20 5.52 6.56 5.78 5.70 6.33 3.99 4.66 5.72 5.54 6.34 7.29 6.19 5.15 6.29 3.93 6.12 5.03 5.25 3.30 0

G 21 5.84 6.67 6.58 4.65 4.46 5.62 4.33 6.27 6.36 5.91 6.10 6.03 4.99 4.39 3.72 7.01 4.85 4.27 4.52 4.81 0

G 22 7.56 7.69 7.74 7.51 7.10 7.43 6.60 6.09 4.23 5.30 4.84 6.64 5.80 6.25 6.17 8.99 4.91 5.08 7.01 7.02 6.36 0

G 23 3.60 4.65 3.72 2.56 5.22 4.32 4.81 5.63 5.72 6.12 7.40 5.23 4.13 4.35 4.90 6.95 4.18 4.16 4.39 5.36 4.83 7.20 0

G 24 4.58 5.00 5.84 4.57 3.50 3.80 4.07 5.39 5.75 6.45 7.24 7.06 3.86 4.76 5.91 7.29 5.05 4.43 2.91 5.91 5.57 8.21 5.34 0

G 25 4.22 4.61 5.07 3.72 3.18 4.35 4.02 5.20 5.13 5.19 6.77 5.83 2.83 4.64 5.26 6.62 4.28 3.22 3.30 5.74 4.49 6.98 4.20 3.25 0
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Figure 4: Dendrogram of 25 rice genotypes based on studied traits 

  
The rice genotypes exhibited substantial genetic variability for key agronomic traits. PCA and 

cluster analyses effectively differentiated the genotypes and identified promising parental lines for 

breeding programs. These findings provide valuable information for the development of improved 

rice varieties.  
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