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Abstract: An empirical investigation was carried out to study the relationship between the soil characteristics, 

including the Nitrogen (N), Phosphorus (P), Potassium (K), potential of Hydrogen (pH), Electrical conductivity 

(EC), Sulfur (S,), Zinc (Zn), Iron (Fe), Copper (Cu), Manganese (Mn) and Boron (B) using principal component 

analysis (PCA), Factor Analysis (FA), and Canonical Correlation analysis (CCA) for data reduction multivariate 

techniques. The first five main components accounted for 24.22%, 18.52%, 16.1%, 9.97%, and 9.27% of sample 

variances, respectively. All five principal components (PCs) accounted for 78.07% of the sample variance. The 

soil characteristics viz., P and K have highly dominated the first PC; the soil characteristics N and pH have 

dominated the second PC; K, EC, and Cu have dominated the third PC; Fe, Mn, and pH have dominated in the 

fourth PC; whereas the parameter Cu dominated the fifth PC. The first factor showed a strong negative loading 

on S and a strong favorable loading on Cu; P, K, and EC have substantial positive loadings in the second factor. 

Significant positive loadings on Mn, Fe, Cu, pH, N, and K are present in the third component. The fourth factor 

had a significantly positive pH, Fe, N, P, K, and B loadings. Fe, P, and B have much weight in the fifth factor. 

The soil characteristics viz., N, Zn, pH, K, Fe, and Mn have dominated the first PC; the soil characteristics B, 

P, S, Zn, and Fe have dominated the second PC; B and P have dominated the third PC whereas the only 

character Cu dominated the fourth PC. Cu and OC have much weight in the fourth factor. The canonical 

redundancies for dependent and independent sets are 12% and 17%, respectively. The Stewart-Love canonical 

redundancy index is 70.58%, which means that the first linear combination of the X-set explains 70.58% of the 

total variance in the Y-set. 

Dataset: https://www.kaggle.com/datasets/manikantasanjayv/crop-recommender-dataset-with-soil-nutrients 

Dataset License: CC0-BY-7.35 

Keywords: kaiser-meyer-olkin test; pearson correlation; eigenvalue; score plot; PCA; FA; CCA 

 

1. Introduction 

Soil is the most essential part of farming. Therefore, one should know a lot about soil 

characteristics before agriculture. The crop needs nutrients in large amounts. Nitrogen (N), 

Phosphorus (P), and Potassium (K) are the three primary nutrients. They combine to form the group 

known as NPK. The nutrients calcium, magnesium, and sulfur are also essential. Additionally, plants 

require trace elements, including iron, manganese, zinc, copper, boron, and molybdenum, which are 

tiny quantities that the plant only needs in trace amounts. It is complicated how these minerals affect 

plant development. Therefore, selecting a particular crop for the existing soil is very important. 

Studying nutrient patterns in the soil is very important, and these studies involve more multivariate 

current variables. When more variables are involved in the study, variables may be correlated; hence, 

some information would be redundant. Hence data reduction techniques are essential to reduce the 

data dimensionality. Principal component analysis and factor analysis help to eliminate the less 
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important variables that do not make a big difference [1]. According to [2,3], PCA may distinguish 

various agricultural plots and identify the essential soil factors that characterize them. 

2. Review of literature 

Factor analysis was employed by [4] to exploit the correlation structure in a data set containing 

11 highly correlated soil variables to group the variables into three uncorrelated factors for assessing 

soil and shrub effects on nutrient distribution patterns in a chaparral ecosystem. Based on factor 

loadings and the analysis of factor scores, shrub live oak appeared to directly influence the 

distribution of organic C, total N, bicarbonate-extractable P, and soil pH. Shrub live oak indirectly 

influenced the distribution of exchangeable K by affecting the distribution of fine soil particles. The 

exchangeable Ca, Mg, and CEC distribution was not influenced by shrub live oak in these soils but 

by soil morphological characteristics. However, the cycling of different interchangeable bases is plant 

species-specific, and their distribution may be strongly influenced by the presence of shrubs in other 

ecosystems. 

Factor analysis of soil nutrient distribution patterns under Chir, Teak, Eucalyptus, Shisham, and 

Khair in Mussoorie Forest Division (U.P) was studied. It was done to identify underlying factors 

responsible for the correlation among nutrients under five plantations. Eigenvalues for the first four 

factors were >0.90 and accounted for 77 percent of the total variation in the soil supporting the five 

plantations. The four models explained >90 percent of the variance in the phosphorus; 85 percent of 

the conflict in the organic matter and available nitrogen; and >70 percent of the variance in the total 

nitrogen, total potassium, and   

In the Mussoorie forest division, [5]used factor analysis to determine how soil nutrients were 

distributed among the chir, Teak, Eucalyptus, Shisham, and Khair trees. Eigenvalues for the first four 

factors were >0.90, accounting for 77% of the total variation in the soil supporting the five plantations.  

The Canonical Correlation study of three character sets containing 23 variables of Jinghai yellow 

chicken was carried out by [6]. Significant solid correlations were obtained between body weight and 

body measurement characters (0.9153), body measurement, and carcass characteristics (0.9618). The 

coefficients represented 98.46%, 98.96%, and 92.82% of the correlation between the two character sets. 

Using the Principal Component Analysis technique, [7] applied factor analysis to soil test data 

to reduce and summarize soil variables. Principal component analysis was highly suggestive in 

analyzing soil test data on which a rational fertilizer nutrients recommendation can be made for 

sustainable soil fertility management. 

Similarities and differences between exploratory factor analysis (EFA) and principal component 

analysis (PCA) were discussed by [8]. PCA retained accounts for a maximal amount of variance of 

observed variables, while factors account for common variance in the data. The author also explained 

that PCA decomposes the correlation matrix while EFA decomposes the adjusted correlation matrix. 

The Haringhata Black chickens dataset was utilized in [9] investigation into principal component 

analysis to determine which component was most effective in describing the morphological structure. 

Four main features were extracted, explaining 77.17% of the total variation in the original variables. 

PC1 and PC2 have the most significant share of 47.15% and 13.54% of the total variance described. 

A tool for doing PCA in the R environment was created by [10]; the example uses a simulated 

dataset with two PCs accounting for most of the variation. Additionally, the PCA visualization is 

emphasized. 

Principal component analysis was carried out [11] on the body morphometric of three genetic 

stocks of Nigerian indigenous chickens reared intensively under the southern guinea savanna 

condition of Nigeria. For PCA, two main components are extracted (PC1 and PC2). PC1 and PC2 

contribute 83.14% of the total variance while PC1 accounts for 65.44% of the total variance. The screen 

plot indicates that only the first two components have eigenvalues greater than 1.  

A canonical Correlation tool was applied [12] to layer data to estimate the relationships of egg 

production with age at sexual maturity, body weight, and egg weight. The number of eggs produced 

during the different weeks is highly negatively correlated with age at sexual maturity; positively 

correlated with body weight at the 12th and 16th weeks. The canonical correlation between the first 
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pair of canonical variates is found to be significant (p < 0.01), and the remaining canonical correlations 

are not statistically significant (p > 0.05). The proportion of the variance for Y-set and X-set variables 

accounted for by the first canonical variate is 73.58% and 33.06%, respectively. The redundancy 

coefficient for Y-set given X-set is 33.99%. 

Canonical relationships between different commodities stock price indexes have been 

investigated [13] using the monthly nominal commodities of Canara Gold Futures, HDFC Gold 

Futures, Axis Gold Futures, and monthly values of Gold Futures and Crude Oil Futures prices for 

the period of April 2012 to August 2018. The first Canonical correlation is found to be highly 

significant. The proportion of the variance of Y set and X set variables accounted for the first canonical 

variate is 95.76%. The redundancy coefficient for the Y set given the X set is 65.78%. 

Multivariate statistics, such as cluster analysis (CA), principal component analysis (PCA), 

correlation analysis (CA), and discriminant analysis (DA), was used [14] to analyze the physical-

chemical properties of soil in the selected locations of the floodplain of River Kaduna In Niger State 

state.     

3. Data Description 

The data on eleven soil characteristics, including Nitrogen (N, Kg/Ha), Phosphorus (P, Kg/Ha), 

Potassium (K, Kg/Ha), potential of Hydrogen (pH, Acidity level), Electrical conductivity (EC, dS/m), 

Sulfur (S, %), Zinc (Zn, ppm), Iron (Fe, ppm), Copper (Cu, ppm), Manganese (Mn, ppm) and Boron 

(B, ppm) based on six crops, Mango, Grapes, Mulberry, Ragi, Potato. There are 620 soil samples from 

standardized information about the crop nutrient values in India.  

4. Methods 

Three different multivariate statistics, such as Canonical correlation analysis (CA), principal 

component analysis (PCA), and factor analysis, were performed in the soil nutrients dataset. 

4.1. Variance Inflation factor 

When the independent variables are correlated, the variance inflation factor calculates how 

much the predicted regression coefficient's variance is inflated. VIF is determined as  

2
1

1
VIF

R
=

−

 

where the tolerance is simply the inverse of the VIF, with decreasing tolerance, the risk of 

multicollinearity among the variables rises. There is no association between the independent 

variables when VIF=1. A very high correlation between the variables is indicated if the value of VIF 

is 1 to 5. According to [15,16], there will be multicollinearity among the predictors in the regression 

model if the VIF value is above 5. Another one is the Pearson correlation matrix method, which 

signifies the linear relationship between pairs of independent variables. The correlation coefficient is 

calculated using the formula: 

2 2 2 2

( ) ( )( )

( ) ( Y)

n XY x y
r

n X n Y

 −  
=

    −   −    
 

where X represents the first variable in the context, Y is the second variable in the context, n is the 

number of observations, and r is the correlation coefficient. Collinearity may be possible if the pair-

wise variables have a higher correlation coefficient value [17]. 

4.2. Kaiser-Meyer-Olkin (KMO) Test for Sampling Adequacy 

The Kaiser-Meyer-Olkin test for factor analysis was developed by [18] in the late 1950s. Then, in 

1974, it was modified by [19] Kaiser and Rice. How well-suited the data are for factor or principal 

component analysis is determined by the KMO test. The test examines whether sampling is adequate 

for the entire model and individual variables.   
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The test statistic can be calculated using the values that the KMO criteria return, which range 

from 0 to 1. 

2

2 2

n

jk

j k

j n n

jk jk

j k j k

r

KMO

r p

≠

≠ ≠

=

+



 
 

KMO values of 0.00 to 0.49 are considered unacceptable, 0.50 to 0.59 are considered wretched, 

0.60 to 0.69 are considered mediocre, 0.70 to 0.79 are considered moderate, 0.80 to 0.89 are considered 

meritorious (sufficient), and 0.90 to 1.00 are considered marvelous. KMO values close to zero indicate 

partial correlations significantly more significant than the sum of correlations. 

4.3. Bartlett’s Test of Sphericity  

Bartlett’s test of Sphericity statistic was established by [20] to assess the viability of a correlation 

matrix for a data reduction approach. The test's null hypothesis is the variables' orthogonality, or lack 

of correlation. The alternative view is that the variables are not orthogonal, i.e., sufficiently combined 

such that the identity matrix and correlation matrix considerably deviate from one another. The 

statistic will be given by and is roughly Chi-square distributed df.= p(p-1). 

2 *log(det( ) ( 1 (2* 5) / 6)Chi R N p= − − − +  

where N is the sample size, p is the number of variables, and det(R) is the correlation matrix's 

determinant.  

The dataset is appropriate for a data reduction strategy if the p-value from Bartlett's Test of 

Sphericity is less than our chosen significance level (popular options are 0.10, 0.05, and 0.01). For this 

test, multivariate normality is necessary. The Kaiser-Meyer-Olkin criterion (KMO) can still be applied 

if this prerequisite is not satisfied. 

4.4. Principal Component Analysis (PCA) 

Pearson created PCA in 1901; Harold Hotelling later independently improved it and gave it its 

name in 1933 [21]. 

The PCA is frequently employed to minimize the dimensionality of the data and will reveal 

more information than element distribution; it was chosen as the investigating method. Because the 

study's variables were correlated, PCA is the best technique to show the data set's variability. The 

subsequent parts explain the various statistical methods used to analyze empirical data. 

Principal component analysis (PCA) involves a mathematical procedure that transforms several 

(possibly) correlated variables X1, X2, X3, …, XP into a (smaller) number of uncorrelated variables (Y1, 

Y2, Y3, …, Yp) called principal components, which are uncorrelated with each other and account for 

decreasing proportions of the total variance of the original variables defined as : 

1 11 1 12 2 1

2 21 1 22 2 2

1 1 2 2

p p

p p

p p p pp p

Y a X a X a X

Y a X a X a X

Y a X a X a X

= + + +

= + + +

= + + +








 

with the coefficients being chosen so that Y1, Y2, Y3, …, Yp account for the maximum variance of 

the total variance of the original variables X1, X2, X3, …, XP 

The first principal component accounts for as much of the variability in the data as possible, and 

each succeeding component accounts for as much of the remaining variability as possible. There are 

three standard criteria to select the number of principal components; the eigenvalue criterion, the 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 August 2023                   doi:10.20944/preprints202308.0886.v1

https://doi.org/10.20944/preprints202308.0886.v1


 5 

 

proportion of variance explained criterion, and the Scree plot criterion. More details on PCA can be 

found in [22–24]. 

4.5. Scree plot 

The Scree test is a method for utilizing a Scree plot to identify variables or components that are 

statistically significant [25]. A Scree Plot is a simple line segment plot that depicts each PC's 

eigenvalues. It displays the number of components on the x-axis and the eigenvalues on the y-axis. It 

consistently shows a declining slope. The majority of scree plots have a form that is essentially the 

same: they begin high to the left, drop swiftly, and then eventually flatten out. This is because the 

first component usually accounts for most of the variability, the following components describe a 

sizable fraction, and the final piece only accounts for a tiny amount of the overall variability. The 

scree plot criterion locates the "elbow" in the curve just before the line flattens out to select all 

components. 

4.6. Factor Analysis 

In that it is a method for analyzing the connections between a group of variables, factor analysis 

is comparable to principal component analysis [26]. In contrast to regression analysis, neither of these 

approaches has a dependent variable that a collection of independent factors can explain. However, 

there are other differences between PCA and FA. A group of variables X1, X2, ..., and Xp are used to 

start a factor analysis.  

The software application will typically standardize these variables such that their variances 

equal one and their covariances are correlated coefficients. We assume that xi is a standardized 

variable, i.e., the xi's are the Original or response variables in factor analysis. Each variable is 

represented by factor analysis as a linear combination of a smaller set of common factors and a factor 

specific to each response variable. This representation expressed as  

1 11 1 12 2 1 1

2 21 1 22 2 2 2

1 1 2 2

...
...

...

m m

m m

P P P Pm m P

x l F l F l F e

x l F l F l F e

x l F l F l F e

= + + + +

= + + + +

= + + + +



 

4.7. Canonical Correlation 

A multivariate analytical technique called canonical correlation analysis (CCA) examines 

correlations between two or more variables. We constructed Ui and Vi linear combinations of 

canonical vectors for major and micronutrients. 

1 1 2 2 ........i i i ip pU a X a X a X= + + +
 

1 1 2 2 ........i i i ip pV b Y b Y b Y= + + +
 

Canonical correlation is the relationship between Ui and Vi (Ci). The squared canonical 

correlation (canonical roots or Eigenvalues) represents the variation in one canonical variate that is 

accounted for by the other variate [27]. 

5. Results and Discussion 

The Pearson correlations between the study variables' soil characteristics have been calculated, 

as depicted in Figure 1. The result reveals that Mn is positively correlated with Cu and highly 

negatively correlated with P and K. pH is positively correlated with Fe, whereas OC is positively 

correlated with Zn. N is negatively correlated with K, Fe, and Mn, whereas P is entirely and highly 

associated with K and negatively correlated with Mn. N is negatively correlated with EC and B and 
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positively correlated with pH, whereas K is positively correlated with pH and EC. B is positively 

correlated with Zn and P and negatively correlated with Cu, K, N, pH, EC, and Mn. 

 

Figure 1. Pearson Correlation matrix. 

5.1. Variance inflation factor 

Detecting multicollinearity is essential because while multicollinearity does not reduce the 

explanatory power of the model, it does reduce the statistical significance of the independent 

variables. The results presented in Table 1 reveal that as the Variance inflation factor is less than 5, 

The Linear regression of VIF proved that there is no strong correlation between the multiple soil 

parameters or that all the parameters are independent. 

Table 1. Characteristics of Multicollinearity. 

S. No 
Response 

variable 
Regressors R2 (%) Adj. R2 (%) VIF 

1 N P, K, pH, EC, S, Cu, Fe, Mn, Zn, B 0.27 0.26 1.37 

2 P N, K, pH, EC, S, Cu, Fe, Mn, Zn, B 0.51 0.50 2.02 

3 K N, P, pH, EC, S, Cu, Fe, Mn, Zn, B 0.61 0.60 2.56 

4 pH N, P, K, EC, S, Cu, Fe, Mn, Zn, B 0.41 0.40 1.69 

5 EC N, P, K, pH, S, Cu, Fe, Mn, Zn, B 0.50 0.49 1.98 

6 S N, P, K, pH, EC, Cu, Fe, Mn, Zn, B 0.07 0.06 1.07 

7 Cu N, P, K, pH, EC, S, Fe, Mn, Zn, B 0.38 0.37 1.60 

8 Fe N, P, K, pH, EC, S, Cu, Mn, Zn, B 0.44 0.43 1.78 

9 Mn N, P, K, pH, EC, S, Cu, Fe, Zn, B 0.54 0.53 2.17 

10 Zn N, P, K, pH, EC, S, Cu, Fe, Mn, B 0.34 0.34 1.51 

11 B N, P, K, pH, EC, S, Cu, Fe, Mn, Zn 0.48 0.47 1.96 

5.2. Principal Component Analysis 

KMO and Bartlett's tests have been computed and provided in Table 2 to evaluate the suitability 

of PCA. 0.641 is the KMO test statistic value. Compared to the sum of correlations, partial correlations 
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are hence tiny. 64% of the analysis's variables are combined. This demonstrates that the correlation 

pattern does not exhibit diffusion. The PCA is, therefore, appropriate in this situation. Because 

Bartlett's test p-value is significant and the approximate Chi-Square value obtained is 2067.48, it can 

be concluded that the correlation matrix is not an identity matrix. This shows that there is a strong 

correlation between the variables. Therefore, PCA is suitable for this type of data. Consequently, these 

two test statistics attest to relationships among the various soil parameters. 

Table 2. Characteristics of KMO and Bartlett's Test. 

KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 0.64 

Bartlett's Test of Sphericity 

Approx. Chi-Square 2067.48 

df 55 

Sig. 0.00 

The number of eigenvalue values greater than one determines the number of significant 

components. The first five principal components have been taken into account because it is evident 

from the Scree plot (Figure 2) that there are five eigenvalues with values greater than one.    

 

Figure 2. Scree plot showing a component number with eigenvalues. 

PCA was employed, and the outcomes are shown in Table 3. There are eleven primary 

components because the data included eleven soil properties: five principal components (Figure 3), 

each with Eigen values over one. The eigenvalue of the first principal component, 2.27, can explain 

24.22% of the total variance, the eigenvalue of the second component, 2.04, can explain 18.52% of the 

total sample variance, the eigenvalue of the third component, 1.18, can explain 16.1% of the total 

sample variances, the eigenvalue of the fourth component, 1.10, can explain 9.97%, and the 

eigenvalue of the fifth component, 1.02, can explain 9.27%. Together, the five main features account 

for 78.02% of the variance in the entire sample. 
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Table 3. Characteristics of computed five principal components and Eigenvalues. 

Soil Parameters PC1 PC2 PC3 PC4 PC5 

N -0.04 0.82 0.13 -0.09 -0.10 

P 0.88 -0.11 -0.06 0.12 -0.08 

K 0.70 0.24 0.54 0.10 -0.04 

pH 0.14 0.72 0.02 0.38 0.07 

EC 0.24 -0.54 0.67 -0.05 0.02 

S -0.03 -0.06 0.04 -0.01 0.97 

Cu -0.59 -0.12 0.34 0.34 -0.30 

Fe -0.10 0.36 -0.24 0.78 -0.08 

Mn -0.75 0.05 0.02 0.44 0.01 

Zn 0.06 0.09 -0.36 -0.76 -0.03 

B 0.22 -0.30 -0.82 -0.10 -0.05 

Eigenvalues 2.27 2.04 1.18 1.10 1.02 

% of variance 24.22 18.52 16.10 9.97 9.27 

Cumulative % of the variance 24.22 42.74 58.83 68.804 78.072 

 

 

Figure 3. Percentage of variance explained by the principal components. 

The graphs (Figure 4a–e) describe the loadings of each soil attribute on five separate principal 

components. Cu and Mn have strong negative correlations with the first principal component; P, K, 

EC, and B have strong positive correlations. EC and B are adversely connected with the second main 

component; N, pH, and Fe are all positively correlated. EC, K, and Cu have a strong positive 

correlation to the third principal component; B, Zn, and Fe have a strong negative correlation. Zn is 

negatively connected with the fourth central component; Fe, Mn, pH, and Cu are positively 

correlated. Cu is significantly negatively associated with the fifth principal component, and S 

detected a very high negative correlation.  Therefore, each of the five primary components positively 

relates to pH. 
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(a) (b) 

(c) (d) 

 

(e) 

Figure 4. (a–e) Association of different soil characters with the first five principal components. 

The five principal components, PC1, PC2, PC3, PC4, and PC5, collectively account for 78.07% of 

the variation in the entire sample. It is frequently recommended to standardize the scores to the 

variance of one. The standard scores are fresh variables that could be employed in further 

investigations. It has reduced this data complexity without sacrificing much information because the 

five new variables account for 78.07% of the sample variance across the original 11 soil attributes. 
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The score plot in Figure 5 shows the locations of the items in the multivariate space of the first 

two main component score vectors. The scores are mainly separated into two groups. However, these 

two groups exhibit a unique diversity. P, K, Zn, and B contributed more too positively influenced 

because their vector length in the score plot was longer in the PC1, and Mn contributed highly 

negatively. Each color represents the six different crops, and the outside dots of the circle represent 

the outliers. 

 

Figure 5. Score plot of soil characteristics based on the first two principal components in different 

crops. 

5.3. Factor Analysis 

The computed eigenvalues and corresponding factors were calculated and presented in Table 4 

for the given soil data. 

On the recommendation of [19], only the factors with eigenvalues greater than unity were 

retained. This implies that only the top five factors from Table 4 were considered. These five variables 

explained over 78.07% of the variation in the sample's overall variance. The five components were 

extracted and rotated using the Varimax technique to obtain a distinct and predictable pattern of 

variation. Loadings of each soil characteristic on five different factors were described using the 

graphs (Figure 6a–e). S and EC are highly positively correlated; Cu, Fe, and N parameters negatively 

connect with the first Factor. Mn, pH, Fe, and EC correlate positively, whereas P, K, and EC correlate 

positively with the second factor. Cu, Fe, Mn, pH, N, and K are highly positive with the third factor. 

In the fourth factor, pH, Fe, N, P, K, and B observed a positive correlation with the fourth factor. 

Finally, Fe, B, P, EC, Mn, and Cu are highly positively correlated; Zn, N, and pH negatively correlate 

with the fifth factor. 

Table 4. Characteristics of computed five factors and eigenvalue. 

Soil parameters FA1 FA2 FA3 FA4 FA5 

N -0.08 -0.01 0.31 0.39 -0.32 

P -0.05 0.62 -0.29 0.30 0.29 

K -0.03 0.83 0.26 0.23 -0.03 
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ph -0.01 0.03 0.44 0.56 -0.08 

EC 0.07 0.58 0.08 -0.62 0.20 

S 1.00 0.00 0.00 0.00 0.00 

Cu -0.15 -0.29 0.47 -0.33 0.13 

Fe -0.10 -0.28 0.47 0.46 0.39 

Mn -0.01 -0.60 0.50 -0.18 0.16 

Zn -0.01 -0.04 -0.55 0.07 -0.37 

B -0.04 -0.21 -0.73 0.23 0.31 

Eigenvalues 2.27 2.04 1.18 1.10 1.10 

% of variance 24.22 18.52 16.10 9.97 9.27 

Cumulative % of the variance 24.22 42.74 58.83 68.80 78.07 
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(e) 

Figure 6: (a–e) Association of different soil characters with the first five factors. 

5.4. Canonical Correlation 

The general fit of the model reporting Pillai's, Helling's, and Wilk's multivariate criteria are 

shown in Table 5.  Wilk's lambda is a frequently used test, yet in the table below, all of these tests 

have significance levels of p> 0.05. A specific test statistic's F-value and p-value are shown in the table. 

Table 5. Multivariate tests of significance. 

Test Name Value Approx. F Hypoth. DF Error DF Sig.  

Pillai’s 1.16 30.88 30 3065 0.00 

Hotellings 1.88 38.12 30 3037 0.00 

Wilks 0.23 35.83 30 2438 0.00 

From Table 6, the first four canonical correlations are highly significant (p<0.01) from the 

likelihood ratio tests. The remaining canonical correlation is not statistically significant (p>0.05). The 

squared canonical correlation reveals that 43%, 40%, and 29% of the variation in U1, U2, and U3 is 

explained by V1, V2, and V3 variation. 

Table 6. Canonical Correlation between two sets of variables, Eigenvalues, likelihood ratios, and their 

probabilities. 

S. No 
Canonical 

Correlation 

Squared Canonical 

Correlation 
Pct. Eigenvalues Wilks L. Prob. Pr>F 

1 0.66 0.43 40.59 0.76 0.23 0.00 

2 0.63 0.40 35.76 0.67 0.41 0.00 

3 0.54 0.29 21.78 0.41 0.68 0.00 

4 0.18 0.03 1.78 0.34 0.97 0.00 

5 0.04 0.00 0.09 0.00 0.98 0.61 

The result presented in Table 7 reveals that the first canonical function represents 16.58% of the 

variance in independent variables and 13.45% in separate variables. The second function represents 

22.59% of the conflict in the independent variables and 6.63% in the dependent variables. 
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Table 7. Variance in covariates and dependent variables explained by canonical variables. 

Can 

Var. 

Covariates Dependent variables 

Pct. Var. 

Dep. 

Cum. Pct. 

Dep. 

Pct. Var. 

Cov. 

Cum. Pct. 

Cov. 

Pct. Var. 

Dep. 

Cum. Pct. 

Dep. 

Pct. Var. 

Cov. 

Cum. 

Pct. Cov. 

1 7.18 7.18 16.58 16.58 31.05 31.05 13.45 12.45 

2 0.09 16.27 22.59 39.17 16.49 47.54 6.63 20.09 

3 4.32 20.59 14.86 54.03 30.19 77.73 8.78 28.87 

4 0.52 21.12 16.08 70.11 13.14 90.86 0.43 29.30 

5 0.03 21.15 17.44 87.55 9.14 100.00 0.15 29.31 

Ri2=(Y/X) = 70.58%. 

The standardized canonical weights and loadings estimated for Y-set and X-set associated with 

the first highly significant canonical correlation are given in Table 8.  

Table 8. Estimated Canonical weight (CW), canonical loadings (CL), the proportion of variance (PV) 

extracted, and Redundancy co-efficient R12 (Y/X). 

Y set 

variables 

Canonical variate 1 
X set 

variables 

Canonical variate 1 

Canonical 

weights 

Canonical  

loadings 

Canonical 

weights 

Canonical 

loadings 

S 0.90 0.13 N 0.10 0.03 

Cu 0.53 0.34 P 0.84 0.53 

Fe 0.17 -0.27 K 0.87 0.70 

Mn 0.83 0.93 pH 0.30 0.70 

Zn 0.91 0.33 EC 0.20 0.19 

B 0.04 0.23    

PV (%) 12 PV (%) 17 

The first pair of canonical variates is given by 

V1 = 0.90S + 0.53Cu + 0.17Fe + 0.83Mn + 0.91Zn + 0.04B 

U1 = 0.10N + 0.84P + 0.87K + 0.30pH + 0.20EC 

The canonical variate for the criterion set is almost entirely determined by K (0.87) and P (0.84) 

as it has the highest canonical weights. Similarly, the enormous canonical consequences of Zn (0.91) 

and S (0.90) are more critical in determining the canonical variate for the predictor set. Inspection of 

Canonical loadings reveals that all the Major nutrients N, P, K, pH, and EC positively correlate with 

the canonical variate V1. Similarly, the micronutrients have a positive loading with the canonical 

loading U1. 

The proportion of the variance for Y-set and X-set variables accounted for by the first canonical 

variate is 12% and 17%, respectively. The redundancy coefficient for Y-set given X-set is 70.58%. Thus, 

70.58% of the total variance of the Y-set is explained by the first linear combination of the X-set, or 

the predictor variables explain 70.58% of the total variability in criterion variables. Figure 7 illustrates 

that comparing rotated and un-rotated structures and canonical coefficients implies that both 

solutions are equivalent. Equivalence between rotated and un-rotated solutions suggests that these 

data have a simple design and that the current canonical correlation has identified this structure. The 

canonical correlation of soil major and Micronutrient content is 90.57%. 
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Figure 7. Correlation between the pair of canonical variables U1 and V1 and their canonical variables 

and original variables. 

6. Conclusion 

The Pearson correlation matrix and variance inflation factors are identified all the soil 

parameters are independent. The first five principal components (PCs) accounted for 24.22%, 18.52%, 

16.1%, 9.97%, and 9.27% of sample variances, respectively. All five PCs together accounted for 78.07 

% of the total sample variance. The soil characteristics viz., P and K have highly dominated the first 

PC; the soil parameters N and pH have dominated the second PC; K, EC, and Cu have dominated 

the third PC; Fe, Mn, and pH have dominated in the fourth PC; whereas the parameter Cu dominated 

the fifth PC. The first factor in the factor analysis had a significant negative loading on S and a strong 

positive loading on Cu. P, K, and EC have substantial positive loadings in the second factor. The third 

component has significantly high positive Mn, Fe, Cu, pH, N, and K loadings. The fourth component 

had a very positive pH, Fe, N, P, K, and B loadings. The fifth component had Fe, P, and B have 

significant positive loadings, and N and Zn are negative loadings based on the overall results 

concerning different analyses. The canonical redundancies for dependent and independent sets are 

12% and 17%, respectively. The Stewart-Love canonical redundancy index value is 70.58% indicating 

that the first linear combination of the X-set explains 70.58% of the total variance of the Y-set. PCA, 

FA, and CCA proved to be handy methods for identifying the most influential variables and quickly 

pointing out the relationships among them. This implies that soil nutrients are the most valuable 

factors or components considered in the collected dataset and control of crops. 
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