Principal Variables as an Alternative to Principal Components for Trait Selection in Agricultural Research(Part-II)


The experimental material comprised 200 germplasm lines of Indian mustard (Brassica juncea L. Czern. & Coss.) collected from diverse agro-climatic regions of India. The germplasm is maintained in the Oilseeds Section, Department of Plant Breeding, Chaudhary Charan Singh Haryana Agricultural University, Hisar, through continuous selfing and purification (Goyat, 2006). Data were recorded on the following quantitative traits.
	x1: Plant height(cm) 
	x7: Siliqua length(cm) 

	x2: Days to maturity 
	x8: Number of seeds per siliqua 

	x3: Number of primary branches per plant 
	x9: 1000-seed weight(gm)

	x4: Number of secondary branches per plant 
	x10: Oil content (%)  

	x5: Main shoot length(cm) 
	x11: Seed yield per plant(gm)  

	x6: Number of siliquae on main shoot 
	


 Correlation Matrix 
	
	x1
	x2
	x3
	x4
	x5
	x6
	x7
	x8
	x9
	x10
	x11

	x1
	1.000
	
	
	
	
	
	
	
	
	
	

	x2
	-0.037
	1.000
	
	
	
	
	
	
	
	
	

	x3
	0.222
	-0.001
	1.000
	
	
	
	
	
	
	
	

	x4
	-0.034
	-0.038
	0.015
	1.000
	
	
	
	
	
	
	

	x5
	0.253
	0.041
	0.089
	-0.048
	1.000
	
	
	
	
	
	

	x6
	0.335
	-0.046
	0.130
	-0.047
	0.695
	1.000
	
	
	
	
	

	x7
	-0.271
	0.094
	-0.118
	-0.069
	0.276
	0.146
	1.000
	
	
	
	

	x8
	-0.103
	0.005
	-0.013
	0.078
	-0.027
	-0.073
	0.207
	1.000
	
	
	

	x9
	0.076
	0.084
	-0.036
	-0.133
	0.198
	0.030
	0.221
	-0.068
	1.000
	
	

	x10
	0.171
	0.025
	0.007
	-0.118
	0.307
	0.322
	0.104
	-0.004
	0.002
	1.000
	

	x11
	0.051
	-0.130
	0.306
	0.352
	0.049
	0.151
	-0.021
	0.071
	0.034
	-0.012
	1.000

	

	
	
	
	
	
	
	
	
	
	
	


	Component
	Eigenvalues
	Variation Explained
(%) 
	Cumulative Variation 
 (%)

	1
	2.229
	20.261
	20.261

	2
	1.652
	15.017
	35.278

	3
	1.396
	12.695
	47.973

	4
	1.080
	9.815
	57.788

	5
	0.978
	8.894
	66.682

	6
	0.913
	8.296
	74.978

	7
	0.798
	7.251
	82.229

	8
	0.742
	6.748
	88.977

	9
	0.512
	4.650
	93.627

	10
	0.441
	4.011
	97.638

	11
	0.260
	2.362
	100.000



Scree plot (Fig-1) indicate a very slow decay in variance of PCs and hence one may like to retain PCs of the order of 6 to 8 for explaining a sizeable variation in the data.
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Table-1:  Loadings and variation explained by PCs in Indian Mustard 
	
	PC1
	PC2
	PC3
	PC4
	PC5
	PC6
	PC7
	PC8
	PC9
	PC10
	PC11

	x1
	0.510
	0.374
	-0.426
	0.076
	0.097
	-0.076
	0.497
	-0.054
	0.118
	0.362
	-0.048

	x2
	0.011
	-0.318
	-0.018
	0.391
	0.741
	0.417
	0.005
	-0.008
	-0.146
	0.036
	0.012

	x3
	0.261
	0.538
	0.024
	0.316
	0.360
	-0.416
	-0.369
	-0.041
	0.293
	-0.122
	0.038

	x4
	-0.123
	0.490
	0.503
	-0.038
	-0.050
	0.559
	0.213
	0.021
	0.344
	-0.091
	0.058

	x5
	0.846
	-0.153
	0.117
	-0.028
	-0.060
	0.127
	-0.010
	-0.254
	0.011
	-0.221
	-0.336

	x6
	0.851
	0.051
	0.032
	-0.175
	-0.065
	0.114
	-0.075
	-0.253
	-0.177
	-0.042
	0.348

	x7
	0.233
	-0.591
	0.573
	0.047
	-0.066
	-0.080
	-0.202
	-0.053
	0.243
	0.390
	0.010

	x8
	-0.087
	-0.099
	0.576
	-0.280
	0.362
	-0.442
	0.464
	-0.080
	-0.085
	-0.129
	0.024

	x9
	0.248
	-0.330
	0.070
	0.716
	-0.325
	-0.122
	0.302
	0.237
	0.034
	-0.184
	0.095

	x10
	0.537
	-0.150
	-0.089
	-0.389
	0.175
	0.032
	-0.046
	0.696
	0.093
	-0.054
	0.004

	x11
	0.181
	0.604
	0.523
	0.210
	-0.098
	-0.004
	-0.113
	0.242
	-0.406
	0.172
	-0.093



Based on the eigenvector elements shown in Table-1, principal variables are identified by retaining or discarding variables that make large contributions to specific principal components (PCs). Among the available approaches given by Jolliffe (1972, 1973), the B2 and B4 methods are widely used for variable selection or elimination. To simplify the application of the B2, B3, and B4 methods, Table-2 presents the absolute ranks of the coefficients in the loading matrix. These ranks support variable selection using the B2 and B4 methods. For the B3 method, Table-2 also includes the sums of squared coefficients for components associated with the smallest (p-q) eigenvalues, where 1 ≤ p-q ≤ 10. The bold, underlined entries in each column indicate the sequential selection or rejection of variables by the respective methods.
Table -2:  Variables corresponding to the bold faced-underlined orders are discarded in B2 and B3 methods from right to left and selected in B4 method from left to right in respective columns
	Method
	Variables
	Principal Components

	
	
	PC1
	PC2
	PC3
	PC4
	PC5
	PC6
	PC7
	PC8
	PC9
	PC10
	PC11

	B2
	x1
	4
	5
	5
	8
	7
	9
	1
	7
	7
	2
	6

	
	x2
	11
	7
	11
	2
	1
	3
	11
	11
	6
	11
	9

	
	x3
	5
	3
	10
	4
	3
	4
	3
	9
	3
	7
	7

	
	x4
	9
	4
	4
	10
	11
	1
	5
	10
	2
	8
	5

	
	x5
	2
	8
	6
	11
	10
	5
	10
	2
	11
	3
	2

	
	x6
	1
	11
	9
	7
	9
	7
	8
	3
	5
	10
	1

	
	x7
	7
	2
	2
	9
	8
	8
	6
	8
	4
	1
	10

	
	x8
	10
	10
	1
	5
	2
	2
	2
	6
	9
	6
	8

	
	x9
	6
	6
	8
	1
	4
	6
	4
	5
	10
	4
	3

	
	x10
	3
	9
	7
	3
	5
	10
	9
	1
	8
	9
	11

	
	x11
	8
	1
	3
	6
	6
	11
	7
	4
	1
	5
	4

	B3
	x1
	9
	8
	8
	7
	6
	5
	2
	6
	5
	3
	6

	
	x2
	3
	1
	2
	1
	1
	11
	11
	11
	10
	11
	9

	
	x3
	1
	7
	6
	5
	3
	4
	6
	8
	7
	8
	7

	
	x4
	2
	3
	4
	6
	5
	2
	10
	7
	6
	9
	5

	
	x5
	7
	10
	11
	11
	10
	8
	7
	3
	3
	1
	2

	
	x6
	10
	11
	10
	9
	11
	9
	8
	4
	4
	4
	1

	
	x7
	8
	5
	9
	10
	9
	7
	4
	5
	1
	2
	10

	
	x8
	4
	2
	1
	4
	2
	3
	5
	10
	9
	7
	8

	
	x9
	5
	6
	3
	2
	7
	10
	9
	9
	8
	5
	3

	
	x10
	6
	9
	5
	3
	4
	1
	1
	1
	11
	10
	11

	
	x11
	11
	4
	7
	8
	8
	6
	3
	2
	2
	6
	4

	B4
	x1
	4
	5
	5
	8
	7
	9
	1
	7
	7
	2
	6

	
	x2
	11
	7
	11
	2
	1
	3
	11
	11
	6
	11
	9

	
	x3
	5
	3
	10
	4
	3
	4
	3
	9
	3
	7
	7

	
	x4
	9
	4
	4
	10
	11
	1
	5
	10
	2
	8
	5

	
	x5
	2
	8
	6
	11
	10
	5
	10
	2
	11
	3
	2

	
	x6
	1
	11
	9
	7
	9
	7
	8
	3
	5
	10
	1

	
	x7
	7
	2
	2
	9
	8
	8
	6
	8
	4
	1
	10

	
	x8
	10
	10
	1
	5
	2
	2
	2
	6
	9
	6
	8

	
	x9
	6
	6
	8
	1
	4
	6
	4
	5
	10
	4
	3

	
	x10
	3
	9
	7
	3
	5
	10
	9
	1
	8
	9
	11

	
	x11
	8
	1
	3
	6
	6
	11
	7
	4
	1
	5
	4



As for B2, at first looking at the coefficients for PC11 (last column of Table2), which has the smallest contribution to the total variation, discard x6 having the largest coefficient in absolute value.  Next looking at the coefficients for PC10, discard x7 and then delete x11 for PC9 and x10 for PC8 and so on. 

For a comparative study, principal variables selected (for subset sizes 6, 7 and 8) using various methods considered are presented in Table-3 along with the percentage of variation explained.  The percentage of variation explained by various subsets was computed by regressing of xj (j =1,2 …p) on the vector of variables in the selected subset. The following expression for percentage of variation due to McCabe(1984) have been used.

    Percentage of Variation  =     		(6)
 (if covariance matrix as input)


			 =  			(7)
(for correlation matrix as input)




 	where is the squared multiple correlation of Xj  with the q-dimensional vector Y of selected variables and P is the total number variables considered.

Based on the percentage of variation explained, the best subset of eight variables (x1, x2, x3, x4, x5, x8, x9, and x10) was selected by the B1, B2, and generalized variance criteria. This subset explained 82.3% of the total variation, which is nearly 92.5% of the variation explained by the first eight principal components. Similarly {x1, x2, x3, x4, x5, x8, x9} and {x2, x3, x4, x5, x8, x9} were identified as the best subsets of seven and six variables, respectively; both were also selected by the B2 method. The variation explained by the first seven PCs (82.23%) can be approximated by eight principal variables. Likewise, although the first six components account for 74.98% of the total variation, a comparable amount (74.3%) can be explained by seven principal variables: x1, x2, x3, x4, x5, x8, and x9. While the final decision to include or exclude variables rests with the breeder, Table-2 helps identify relatively informative and redundant variables in Indian mustard. For example, x6 (number of siliquae on the main shoot) appears to be the most redundant variable, followed by x7 (siliqua length).
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