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ABSTRACT
Finger millet (Eleusine coracana L. Gaertn.) is a resilient and nutrient-dense small millet grown in semi-arid regions of India and Africa, where it plays a key role in food and nutritional security. Genetic variability assessment is essential for identifying promising parents and accelerating breeding progress. The present study evaluated 55 genetic accessions of finger millet for 15 agro-morphological characters using principal component analysis (PCA) to quantify diversity and identify traits contributing to variation. The experiment was conducted during kharif, 2023 at the Hill Millet Research Station, Navsari Agricultural University, Waghai, Vanarasi, Navsari and Dediyapada locations, Gujarat, in a randomized block design with three replications. PCA revealed that the first six principal components exhibited eigenvalues greater than unity and together explained a substantial proportion of the total variability among the accessions. PC1 accounted for the highest share of variance, mainly influenced by phenological and vegetative traits such as days to 50% flowering, plant height, basal tillers, and leaf area. PC2 was associated with yield-contributing traits including flag leaf dimensions, peduncle length, and ear characteristics. Subsequent components reflected variation in grain and ear head traits. The findings highlight the existence of considerable diversity among the accessions and confirm the utility of PCA in identifying key traits for genetic divergence. Accessions with superior scores in the first two components represent valuable genetic resources for use in breeding programmes targeting yield improvement and nutritional quality in finger millet.
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Introduction

Finger millet (Eleusine coracana (L.) Gaertn.) is an important annual kharif crop, commonly known as African millet or Ragi. It is a self-pollinated tetraploid species (2n = 4x = 36; AABB), belonging to the family Poaceae and genus Eleusine. Finger millet is primarily cultivated in two major continents—Africa and Asia—for both grain and fodder purposes. The name "finger millet" is derived from its distinctive inflorescence structure, where the spikes resemble human fingers.

Globally, finger millet ranks as the sixth most important cereal after wheat, rice, maize, sorghum, and pearl millet, and it holds the fourth position among millets. In India, it is predominantly grown in Karnataka, Tamil Nadu, Andhra Pradesh, Maharashtra, Odisha, Gujarat, Jharkhand, Uttar Pradesh, Madhya Pradesh, and Uttarakhand. It is widely regarded as a food-security crop due to its excellent nutritional profile and superior storage qualities (Sharma et al., 2023).

Finger millet grains are rich in nutrients, containing 65–75% carbohydrates, 2.5–3.5% minerals, 5–8% protein, and 15–20% dietary fibre (Chetan and Malleshi, 2007). It is particularly notable for its high calcium content (344 mg/100 g), which is approximately ten times higher than wheat, maize, or rice and nearly three times higher than milk. Additionally, its low glycaemic index and high fibre content make it beneficial in managing diabetes, obesity, and hypertension (Singh and Raghuvanshi, 2012).

Exploitation of the existing genetic variability is the cornerstone of any crop improvement program. An understanding of the magnitude of variability for important agro-morphological traits is critical to facilitate effective selection. Genetic improvement depends on the diversity and adaptability of genotypes across different environments. The characterization and evaluation of germplasm are essential to identify useful alleles and superior genotypes for breeding programs. (Sapkal et al. 2019)
Phenotypic expression of a trait is the result of interaction between genotype and environment. Therefore, it is essential to partition phenotypic variability into genotypic and environmental components to determine the heritable fraction of variation. Heritability, in broad sense, estimates the proportion of observed variation that is genetic in nature, while genetic advance provides an estimate of the expected improvement through selection. High heritability combined with high genetic advance suggests the predominance of additive gene action, and such traits are ideal targets for selection (Johnson et al., 1955 and Allard, 1960 and Anusha Udamala et al., 2020;).

Multivariate analysis through principal component analysis is a vital tool to study morphologically complex individuals as well as for determining the degree of divergence across the populations. It is widely employed in genetic diversity study, whether it is morphological, molecular or biochemical analysis. Using principal component analysis, the current work was attempted to estimate the genetic diversity for different characteristics in finger millet genotypes. (Gebreyohannes et al. 2024)
Materials and methods


The experiment was conducted during kharif, 2023 having 55 diverse finger millet genotypes, evaluated in randomized block design at Hill Millet Research Station, Navsari Agricultural University, Waghai, Gujarat; Niger Research Station, Navsari Agricultural University, Vanarasi, Gujarat; College Farm, N. M. College of Agriculture, Navsari Agricultural University, Navsari, Gujarat and KVK farm, Navsari Agricultural University, Dediyapada during kharif, 2023. The seedlings were planted at 22.5 x 10 cm2 spacing. All recommended practices were followed and timely plant protection measures were taken to avoid damage through insect-pests and diseases.

The observations on five randomly selected plants were recorded for 15 morphological and quality characters were considered for statistical analysis, viz., plant height (cm), days to 50 % flowering, Days to maturity, Productive tillers per plant, Fingers per panicle, finger width (cm), ear head length (cm), ear head weight (g), 1000 seed weight (g), grain yield per plant (g), fodder yield per plant (g), harvest index (%), iron content (mg/100g), calcium content (mg/100g) and protein content (%). PCA were used to analyse the data for fifteen characteristics in order to explore genetic diversity. PCA can be used to quantify the degree of genetic divergence and provide a quantitative assessment of the relationship between geographic and genetic diversity based on generalized distance, are an established and useful tool. To investigate morphologically complex individuals and gauge the degree of population divergence, multivariate analysis is a crucial technique. For analysing several measurements on one study subject, multivariate techniques are helpful. It is frequently employed in genetic diversity study, regardless of whether the method is morphological, molecular or biochemical. Principal component analysis (PCA) and cluster analysis are two multivariate techniques that have proved crucial in helping plant breeders choose genotypes for breeding programme that will accomplish their goals. The primary benefit of PCA over cluster analysis is the strict assignment of each genotype to a single group.

Principal Component Analysis (PCA)
Principal component analysis was carried out according to procedure described by Karl Pearson (1991). PCA could be performed on two types of data matrices viz., variance- covariance matrix and correlation matrix. With characters of different scale a correlation matrix standardizing the original data set was preferred. If the characters were of same scale, a variance-covariance matrix could be used. In the present study, PCA was performed on the correlation matrix of traits, thereby removing the effects of scale.

A data matrix of all 55 genotypes over sixteen variables of each genotype was prepared and used for analysis by r software. A covariance matrix derived from the data matrix was converted to correlation matrix.

The eigen value and eigen vector pairs created from data matrix were utilized to identify the principal components.
Eigen values and eigen vectors
The eigen values and eigen vectors were computed from data matrix. Eigen values defined the amount of total variation that was displayed on principal components. The proportion of variation accounted for each principal component (PC) is expressed as the eigen value divided by the sum of the eigen values.

	Per cent variance explained for PC 1 = 

	Eigen value (PC1)

	
	Sum of eigen value


The eigen vector (loading) defined the correlation of each variable with the principal components. The principal components were identified by following procedure:
The jth principal component (Yj) of the observations X was the linear combination given as below:

Yj = A1JX1 + A2jX2+
+ApjXp
Aij were found such that Yj is uncorrelated with Y1, Y2, ….,Yj-1 the jth largest variance. The Aij were the elements of the normalized eigen vector associated with largest jth eigen value. The variance of the jth principal component of the j and the total system variance trace (S) = 1+2+…+p.

	The importance of the jth principal component was given by =
	λp

	
	Trace (S)


As this was informative about the proportion of total variation that could be accounted for the ith principal component. The correlation between the ith original variable Xi and the jth principal component Yj was given by:

                                                                          Aij λj
                                                         p (XiYj) =
                                                                    √Si
Where,
Si was the standard deviation of Xi
Thus, a principal component was linear function of the test variables given as below: 
         Principal component = ax1 +bx2 +………….+ hx18

Where,
	a, b, … . = 
	Coefficients

	x1, x2, …. etc =
	Variables in such a way that the principal component had a unit variance


PCA scored for each genotype under concerned PCs were computed and utilized to derive a 2D or 3D (dimensional) scatter plot of genotypes (Jackson, 1991).
Euclidean Distance and Ward’s Minimum Variance Method of Clustering
Euclidean distance between two points in Euclidean space is the length of a line segment between the two points. It can be calculated from the Cartesian coordinates of the points using the Pythagorean theorem. The Euclidean distance matrix, also known as the Euclidean dissimilarity matrix, is a square matrix that represents the pairwise Euclidean distances between a set of points in a given space. Each element in the matrix represents the Euclidean distance between two points. Principal Co-ordinates and Mean values were subjected for calculation Euclidean dissimilarity matrix. Euclidean squared distances were calculated according to Sokal and Rohlf (1962).

d2 (p, q) = (p1 – q1)2 + (p2 – q2)2 +
+ (pn – qn)2
Ward’s Minimum Variance Ward's Method of minimum variance criterion minimizes the total within-cluster variance. To implement this method, at each step find the pair of clusters that leads to minimum increase in total within- cluster variance after merging. This increase is a weighted squared distance between cluster centers. The initial cluster distances in Ward's minimum variance method are therefore defined to be the squared Euclidean distance between points:

dij = d ({Xi}, {Xj})  = || Xi - Xj ||2
Dendrogram was generated in R package (“Dendextend”).

Results and Discussions

Principal Component Analysis (PCA)
Principal component analysis is a simple nonparametric method for extracting relevant information from confusing data sets. With minimum efforts, this provides a road map for how to reduce a complex data set to a lower dimension to sometimes hidden, simplified structures that often underlines it. PC is a statistical procedure that uses an orthogonal transformation to convert a set of observations of possibly correlated variables into a set of values of linearly uncorrelated variables called principal components the number of principal components is less than or equal to the number of original variables. This transformation is defined in such a way that the first principal component has the largest possible variance (that is accounts for as much of the variability in the data as possible) and each succeeding component in turn has the highest variance possible under the constraint that it is orthogonal to the proceeding components. The resulting vectors are an uncorrelated orthogonal basis set. The principal components are orthogonal because they are the Eigen vectors of the covariance matrix, which is symmetric. In present investigation principal component analysis was performed for yield and yield contributing traits of finger millet.
Number of Components (PC’s) / Eigenvectors / Principal Components
In principal component (PC) analysis, the number of variables was reduced to linear functions called canonical vectors which accounted for most of the variation produced by the characters under study. The Eigen values, per cent variance, per cent cumulative variance and factor loading of different characters studied are presented in Table 1 and Table 2. In this experiment, out of fifteen, five principal components (PCs) exhibited more than 1.00 Eigen value, and showed about 75.45% cumulative variability among the traits studied. Hence, these 5 PCs were given due importance for further explanation.
Wolie and Belete (2013) found that five principal components PC1 to PC5 with eigenvalues, 3.308, 2.727, 1.621, 1.088, and 1.034, respectively have accounted for 75.20% of the total variation. Ladumor et al. (2021a) showed that seven principal components PC-1, PC-2, PC-3, PC-4, PC-5, PC-6 and PC-7 explains 52.15 %, 33.37 %, 6.51 %, 4.69%, 1.48 %, 1.25 % and 0.52 %, respectively of the total variation.  Ladumor et al. (2021b) in their study on 66 accessions of finger millet identified five principal components which accounted for 80.7 per cent of the total variation among the test genotypes.

The PC1 showed 33.78% while, PC2, PC3, PC4 and PC5 exhibited 14.01%, 12.56%, 8.08% and 7.02% variability respectively among the fifty-five genotypes of finger millet.
The first principal component vector (PC I) observed 33.78% of the total variability. It could be seen from the first vector that the characters like days to maturity (0.352), days to 50% flowering (0.350), plant height (0.335), fingers per panicle (0.322), productive tillers per plant (0.286), ear head length (0.275), grain yield per plant (0.274), finger width (0.252), ear head weight (0.187), 1000 grain weight (0.149), iron content (0.050) and fodder yield per plant (0.039) displayed maximum positive contribution towards genetic divergence, while, the remaining characters like protein content (-0.020), calcium content (-0.134) and harvest index (-0.404) displayed negative contribution.

Second vector (PC II) accounted for 14.01% of total variation present in the population. It could be seen from the second vector that the characters like fodder yield per plant (0.476), ear head weight (0.284), productive tillers per plant (0.195), harvest index (0.094), plant height (0.023), days to maturity (0.023), days to 50% flowering (0.009), displayed maximum positive contribution towards genetic divergence, while, the remaining characters like finger width (-0.027), grain yield per plant (-0.031), fingers per panicle (-0.058), ear head length (-0.202), iron content (-0.318), protein content (-0.341), calcium content (-0.429) and 1000 grain weight (-0.445) displayed negative contribution.

The third vector (PC III) accounted 12.56% of the total variability. The traits like fodder yield per plant (0.365), plant height (0.356), days to 50% flowering (0.315), days to maturity (0.312), 1000 grain weight (0.121), protein content (0.107), calcium content (0.098) and ear head length (0.019) displayed positive contribution towards genetic diversity. However, characters viz. harvest index (-0.067), fingers per panicle (-0.121), iron content (-0.165), ear head weight (-0.228), productive tillers per plant (-0.337), finger width (-0.382) and grain yield per plant (-0.387) exhibited negative contribution towards divergence.
The fourth vector, PC IV accounted for 8.075% total variability. The major characters that contributed to the fourth component include traits like 1000 grain weight (0.390), finger width (0.120), productive tillers per plant (0.093), days to maturity (0.067), plant height (0.066), iron content (0.059) and days to 50% flowering (0.056) displayed positive contribution towards genetic diversity, while rest of the traits exhibited negative contribution towards genetic divergence.

Fifth vector (PC-V) accounted for 7.019% total variability. The traits like plant fingers per panicle (0.467), ear head length (0.305), 1000 grain weight (0.236), productive tillers per plant (0.219), calcium content (0.165), plant height (0.062) and fodder yield per plant (0.055) showed positive contribution towards genetic diversity. However, rest of the traits had negative contribution towards divergence.

Bendi et al. (2017) reported that first two principal components of grain yield per plant, 1000-seed weight and days to heading were the most important traits contributed more towards the total divergence. Dela et al. (2022) reported that number of productive tillers per plant, ear weight per plant, days to maturity, days to 50 % flowering, number of fingers per ear, plant height, 1000-seed weight, grain yield per plant and finger length contributed maximum towards divergence in PC-1. Ladumor et al. (2021c) reported that the characters viz., days to 50% flowering, days to maturity, finger numbers per panicle, productive tillers per plant, finger length, finger width, 1000-grain weight and grain yield per plant were the most important traits contributed for the overall variability to the first four principal components. Nidhi Sharma et al. (2022) found similar results for third component which was a measure of 1000 seed weight. Plant height, number of tillers, days to 50 per cent flowering, grain yield per plant and 1000 seed weight were found to be the most important traits of foxtail millet genotypes at the morphological level. Dela et al. (2022) found similar results and reported that PC-1 contributed more variability in the characters viz., days to 50% flowering, plant height and number of productive tillers per plant. The second principal component (PC-2) described characters viz., grain yield per plot followed by number of tillers per plant and plant height explained the maximum variance in this component. The third principal component (PC-3) was characterized by characters viz., days to maturity, days to 50% flowering, and number of tillers per plant showed maximum loading values in this principal component. For fourth principal component (PC-4), characters viz., number of productive tillers per plant followed by days to maturity explained the maximum variance in this principal component. PC-2 had been positively accounted for days to 50% flowering, days to maturity and plant height. Savankumar et al. (2017) recorded eight morphological characters, two multivariate techniques, principal component analysis and cluster analysis were applied in finger millet. Principal component analysis indicates that three principal components PC-1, PC-2 and PC-3 explained 42.81 %, 18.43 % and 11.80 %, respectively of the total variation. Patro et al. (2018) studied 15 finger millet genotypes by using multivariate technique. The first three principal components in PCA analysis were with eigen values more than one and contributed to a maximum of 77.20 per cent of total variation. Ladumor et al. (2021a) assessed the important traits using principal component analysis with 35 finger millet genotypes for fifteen characters. Principal component analysis indicated that two principal components PC-1 and PC-2 contributed 74.89 and 24.26 per cent, respectively of the total variation. Nidhi Sharma et al. (2022) conducted experiment on 31 germplasm of finger millet to study genetic diversity employing cluster among principal component analysis. Using PCA, five PCs explained 77.50% of all genetic variability. Dela et al. (2022) conducted PCA analysis revealed that the first two components in the PCA analysis were with eigen values more than one and contributed to a maximum of 92.14 per cent of the variability among 50 genotypes evaluated for nineteen different traits. Rakeshkumar et al. (2022) conducted Principal Component Analysis (PCA) revealed that the first 5 PCs with eigenvalues greater than unity, hold 74.07% total variability.
PC scores of genotypes
           Principal scores of different genotypes and their contribution in each of the three major principal components were presented in the Table 3. These scores can be utilized to propose precise selection indices whose intensity can be decided by variability explained by each principal component. A high PC score for a particular genotype in a particular component denotes high values for the variables in that particular genotype. Based on PC scores, promising genotypes were selected.

  Genotypes selected on the basis of PC score in PC 1 having high and positive values for all the genotypes were accumulated positively on the side of PC1 axis which accounted for days to days to maturity, days to 50% flowering, plant height, fingers per panicle, productive tillers per plant, ear head length, grain yield per plant, finger width, ear head weight, 1000 grain weight, iron content and fodder yield per plant that contributed maximum towards divergence.

  Genotypes selected on the basis of PC score in PC 2 having high and negative values for all the genotypes were accumulated negatively on the side of PC2 axis which accounted for fodder yield per plant, ear head weight, productive tillers per plant, harvest index, plant height, days to maturity, days to 50% flowering that contributed maximum towards divergence.
  Genotypes selected on the basis of PC score in PC 3 having high and positive values for the genotype FM-3015, FM-3013, FM-3010, FM-3016, FM-4003, FM-4005 which accounted fodder yield per plant, plant height, days to 50% flowering, days to maturity, 1000 grain weight, protein content, calcium content and ear head length displayed positive contribution towards genetic diversity. This type of results was reported by Ladumor et al. (2021 a,b,c), Savan Kumar et al. (2017), Nidhi Sharma et al. (2022) and Dela et al. (2022).

   The central idea of principal component analysis was to reduce the dimensionality of a data set in which there were a large number of interrelated variables, while retaining as much as possible of the variation present in the data set. The positive signifying genotypes could be useful in finger millet breeding. Hence, these genotypes could be utilized in hybridization programme to produce superior recombination (Gebreyohannes et al. 2024). 

Table 1. Eigen values and contribution of variability for various principal components of    

finger millet genotypes.
	Statistics
	PC1
	PC2
	PC3
	PC4
	PC5
	PC6

	Eigen Values
	5.07
	2.10
	1.88
	1.21
	1.05
	0.83

	% Variance explained
	33.78
	14.01
	12.56
	8.08
	7.02
	5.53

	Cumulative % Variance
	33.78
	47.79
	60.35
	68.43
	75.45
	80.97


Table 2.  Principal component scores of fifteen different traits for five principal components
	Characters
	PC1
	PC2
	PC3
	PC4
	PC5

	1.  Plant height (cm)
	0.335
	0.023
	0.356
	0.066
	0.062

	2.  Days to 50 % flowering
	0.350
	0.009
	0.315
	0.056
	-0.289

	3.  Days to maturity
	0.352
	0.023
	0.312
	0.067
	-0.314

	4.  Productive tillers per panicle
	0.286
	0.195
	-0.337
	0.093
	0.219

	5.  Fingers per panicle
	0.322
	-0.058
	-0.121
	-0.178
	0.467

	6.  Finger width (cm)
	0.252
	-0.027
	-0.382
	0.120
	-0.243

	7.  Ear head length (cm)
	0.275
	-0.202
	0.019
	-0.255
	0.305

	8.  Ear head weight (g)
	0.187
	0.284
	-0.228
	-0.415
	-0.102

	9.  1000 Grain weight (g)
	0.149
	-0.445
	0.121
	0.390
	0.236

	10. Grain yield per plant (g)
	0.274
	-0.031
	-0.387
	-0.088
	-0.128

	11. Fodder yield per plant (g)
	0.039
	0.476
	0.365
	-0.205
	0.055

	12. Harvest index (%)
	-0.404
	0.094
	-0.067
	-0.022
	-0.035

	13. Iron content (mg/100g)
	0.050
	-0.318
	-0.165
	0.059
	-0.489

	14. Calcium content (mg/100g)
	-0.134
	-0.429
	0.098
	-0.238
	0.165

	15. Protein content (%)
	-0.020
	-0.341
	0.107
	-0.659
	-0.206


Table 3. Principal factor scores of fifty-five finger millet genotypes in three major principal component.
	Genotypes
	PC 1
	PC 2
	PC3
	Genotypes
	PC 1
	PC 2
	PC3

	
	X Vector
	Y Vector
	Z Vector
	
	X Vector
	Y Vector
	Z Vector

	FM-3009
	16.20
	-17.45
	-1.04
	FM-3025
	12.50
	-11.74
	-3.10

	FM-3015
	15.26
	-13.95
	0.05
	FM-4008
	14.53
	-14.48
	-2.82

	FM-3012
	13.92
	-12.08
	-1.57
	FM-4012
	19.31
	-15.62
	-2.19

	FM-3013
	17.51
	-17.31
	0.03
	FM-4006
	15.39
	-12.51
	-1.93

	FM-3023
	14.53
	-14.40
	-2.00
	FM-4004
	15.12
	-15.25
	-1.87

	FM-3010
	17.23
	-16.15
	0.60
	FM-4001
	15.57
	-12.07
	-1.28

	FM-3024
	17.50
	-15.30
	-0.79
	FM-4009
	14.56
	-14.68
	-2.08

	FM-3018
	17.85
	-18.91
	-1.50
	FM-4003
	16.36
	-13.48
	0.04

	FM-3019
	16.81
	-19.42
	-1.05
	FM-4005
	16.49
	-14.33
	0.17

	FM-3020
	13.62
	-16.85
	-1.35
	FM-4002
	13.71
	-13.30
	-1.04

	FM-3022
	16.01
	-12.63
	-0.85
	FM-4011
	14.68
	-15.40
	-4.19

	FM-3001
	17.89
	-17.98
	-2.97
	FM-4007
	18.04
	-15.04
	-2.57

	FM-3027
	16.73
	-13.85
	-0.56
	FM-4010
	13.73
	-13.77
	-1.43

	FM-3017
	14.33
	-15.28
	-2.85
	WN-494
	15.30
	-10.94
	-0.63

	FM-3008
	20.09
	-17.92
	-2.16
	WN-544
	16.56
	-15.65
	-1.63

	FM-3002
	15.06
	-13.58
	-2.73
	WN-548
	17.60
	-15.21
	-1.60

	FM-3007
	14.51
	-14.40
	-3.89
	WN-550
	16.39
	-12.79
	-0.24

	FM-3026
	18.36
	-13.58
	-1.10
	WN-560
	15.60
	-12.14
	-1.89

	FM-3003
	17.38
	-18.48
	-2.08
	WN-569
	17.47
	-13.37
	-1.47

	FM-3011
	17.87
	-15.05
	-0.25
	WN-581
	15.28
	-12.99
	-2.14

	FM-3006
	15.13
	-13.29
	-2.37
	WN-591
	18.38
	-13.24
	-1.09

	FM-3014
	12.84
	-12.66
	-2.41
	WN-561
	18.78
	-15.00
	-1.98

	FM-3028
	13.59
	-13.33
	-1.31
	WN-562
	18.62
	-13.57
	-1.93

	FM-3005
	15.71
	-15.85
	-2.20
	WN-566
	18.31
	-13.84
	-1.51

	FM-3016
	16.21
	-11.85
	0.23
	WN-572
	16.44
	-12.63
	-0.28

	FM-3021
	13.15
	-12.76
	-1.11
	WN-575
	17.44
	-12.50
	-1.43

	FM-3004
	15.02
	-12.42
	-1.62
	WN-577
	20.10
	-15.41
	-3.49

	FM-3009
	16.20
	-17.45
	-1.04
	FM-4006
	12.50
	-11.74
	-3.10

	WN-592
	19.75
	-15.65
	-4.25
	



Conclusion


      In this experiment, out of fifteen, five principal components (PCs) exhibited more than 1.00 eigen value, and showed about 75.45% cumulative variability among the traits studied. Hence, these 5 PCs were given due importance for further explanation.

            The first principal component vector (PC I) observed 33.78% of the total variability. It could be seen from the first vector that the characters like days to maturity, days to 50% flowering, plant height, fingers per panicle, productive tillers per plant, ear head length, grain yield per plant, finger width, ear head weight, 1000 grain weight, iron content and fodder yield per plant displayed maximum positive contribution towards genetic divergence.

           Second vector (PC II) accounted for 14.01% of total variation present in the population. It could be seen from the second vector that the characters like fodder yield per plant, ear head weight, productive tillers per plant, harvest index, plant height, days to maturity, days to 50% flowering displayed maximum positive contribution towards genetic divergence.

            The third vector (PC III) accounted 12.56% of the total variability. The traits like fodder yield per plant, plant height, days to 50% flowering, days to maturity, 1000 grain weight, protein content, calcium content and ear head length displayed positive contribution towards genetic diversity.

           The fourth vector, PC IV accounted for 8.075 % total variability. The major characters that contributed to the fourth component include traits like 1000 grain weight, finger width, productive tillers per plant, days to maturity, plant height, iron content and days to 50% flowering displayed positive contribution towards genetic diversity.
            Fifth vector (PC V) accounted for 7.019 % total variability. The traits like plant fingers per panicle, ear head length, 1000 grain weight, productive tillers per plant, calcium content, plant height and fodder yield per plant showed positive contribution towards genetic diversity.

            PCA analysis revealed that the first two PCs were more divergent along with different positive signifying genotypes for different characters would be utilized in hybridization programmes to produce superior recombinants in finger millet breeding improvement programme.
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