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1. INTRODUCTION

In forestry, it is seldom that researchers study only one parameter to define the system under study. Being the science of tree, a large number of variations causing factors are present, which are responsible for the variation on the variables under study and makes a complex issue for arriving at the concrete conclusions regarding the imposed problem. Due to under influence of several factors including effect of time as well as places, any parameter of biological study varies in nature. Thus, most of the parameters can be treated as random variable that follows some distribution. 

For defining any biological system many parameters that are correlated by nature, are required. Thus, result obtained through analysis of univariate may causing a serious problem and will not be appropriate for the conclusion regarding the system. Studying the joint relationships of variables in data that contain intercorrelations can solve the problem. Because several variables can be considered simultaneously, interpretations can be made that are not possible with univariate statistics. The opportunity for succinct summaries of large data set, especially in the exploratory stages of an investigation, has contributed to an increasing interest in multivariate methods (James and McCulloch, 1990). A number of multivariate statistical methods are developed according to the requirements of the problem. Rao (1952) has given clear exposition of basic theories of multivariate analysis and their practical application in biometrics research.  Among them one is factor analysis, by application of which experimenter can well predict the hidden relationships among the studied variables for the system under scrutiny. 


Factor analysis, a multivariate techniques, particularly suitable for analyzing the complex, multidimensional problems encountered by researchers is one of the more widely used techniques in the forestry research. It attempts to account for the variation in a number of original variables using a smaller number of artificial factors. It is assumed that each original variable can be expressed as a linear combination of these factors, plus a residual term that reflects the extent to which the variable is independent of the other variables (Manly, 1986).

Why Factor Analysis 

If experimenter is studying the joint relationships of a number of variables then under following circumstances/objectives factor analysis can provide solutions, due to Hair et al. 1990.

(i) To identify a set of variables that are latent (not easily observed) in a large set of variables: it is known as R-mode factor analysis approach.

(ii) To devise a method of combining or condensing large number of individuals into distinctly different groups within a large population: it is known as Q-mode factor analysis approach.

(iii) To identify appropriate variables for subsequent regression, correlation, ANOVA or discriminate analysis from a larger set of variables.

What is Factor Analysis
Factor analysis is an interdependence technique in which all correlated variables are considered simultaneously. In a sense each of the observed (original) variables considered as a dependent variable that is a function of some underlying, latent, and hypothetical set of factors (dimensions). Conversely, each factor is a function of the originally observed variables (Hair et al. 1990).

2. Factors Analysis Decision Diagram

A diagram has been given by Hair et al. 1990 for the steps followed in the application of factor analysis.
	RESEARCH PROBLEM

Which variables to include?

How many variables?

How are variables measured?

Sample size?



	Correlation Matrix

Covariance Matrix



	EXTRACTION METHOD

Orthogonal?

Oblique?



	Unrotated Factor Matrix

Number of Factors



	ROTATION METHOD

Quartimax?

Varimax?

Equimax?

Promax?


	Rotated Factor Matrix

Factor Interpretation


	FACTOR SCORES

i) Regression

ii) Discriminant

iii) Correlation

iv) ANOVA


3. Choice of Variable and Type of Data 

In factor analysis, the interest of researchers are mainly lies on extraction of common factors, and if variables are not having interdependence type of relationship, then it does not make sense to include such variables for analysis. According to Cureton and d' Agostino, 1983 the variables should be chosen, so that no two of them appear to resemble with each other more closely than they resemble at least one other attribute.


Factor analysis is in general based on covariance and correlation coefficient. Correlation co-efficient is a valid measure only if the joint distribution of the variables is substantially bivariate normal. Mild leptokurtosis and mild to moderate platykurtosis distribution make little differences. However, in extreme departures from normality the correlation coefficients become invalid. In factor analysis, normal standardizing recommended for variables with substantial skewed distributions (Howard, 1992). Factor analysis also assumes that the relationships between attributes/ variables are linear and the input data are on at least an interval scale.

4. Appropriateness of Data

Reliability of factor analysis depends on the appropriateness of data. To check the appropriateness of data is a difficult task for statistician as well as for the practitioners of factor analysis.  The factors obtained through analysis of appropriate data are often readily interpretable and intuitive appealing. 


The simplest procedure for determining the appropriateness of data is the examination of correlation matrix, the plotting of the latent roots obtained from matrix decomposition and examination of communalities estimates. The small values of correlation coefficient are indicating inappropriateness of factor analysis. Factor analysis is concerned with the homogeneity of items. A pattern of low correlation indicates heterogeneous set of data. A plot of the latent roots obtained from a factoring procedure should ordinarily contain at least one sharp break. This break may represent the point where residual factors are separated from the `true' factors and if the result is not so, then factor analysis is inappropriate.


An examination of the communality estimates should reveal moderate to large values of  communalties for appropriateness. Consistently small values may be an indication that factor analysis is inappropriate. Although these all three may not be definitive. Another procedure for determining the appropriates of a correlation matrix for factoring is an inspection of the off-diagonal elements of the anti image covariance or correlation matrix. The anti image of a variable is that part, which is unique, i.e. cannot be predicted from the other variables. Kaiser (1963) suggested that for appropriateness of data, the matrix of  covariance or correlation of the unique parts of the variables should approach to diagonal.


The Bartlett's test of sphericity (1950, 1951) were also a statistical test of data appropriates, most of statistical packages are supported by this. Tobias and Carlson (1969) recommended that the test must be applied prior to the analysis. The test statistics is 
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where N is the sample size, P is the number of variables, and 
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 is the determinant of the correlation matrix. The statistics is approximately distributed as (2 with ½ P (P-1) df. The hypothesis tested is that the correlation matrix came from a population of variables that are independent i.e. the correlation matrix should be identity matrix. Rejection of that confirms the appropriateness of data for factor analysis. Knapp and Swoyer (1967) pointed out the problems with this test.


One more test for appropriateness of data for factor analysis is a Kaiser- Meyer -Olkin measure of sampling adequacy (Kaiser, 1970). This measure is measure of sampling adequacy (MSA).
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is the square of the off diagonal elements of the anti-image correlation matrix and 
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 is the square of the off-diagonal elements of the original correlation. The MSA provides a measure of the extent to which the variables belong together and are thus appropriate for factor analysis. Kaiser and Rice (1974) gave the following calibration of the MSA that is reported in the table. It is true that without proper checking the appropriateness of data, the factor analysis is misleading and inappropriate. Nature of factor analysis result can be adjudged by the table.

	Value of MSE
	Nature of Factor

 Analysis Result

	0.90 and + ve
	marvelous

	0.80 and + ve
	meritorious

	0.70 and + ve
	middling

	0.60 and + ve
	mediocre

	0.50 and + ve
	miserable

	below 0.50
	unacceptable


5. Why Correlation or Covariance 

A crucial problem generally encountered is selection of covariance and correlation matrix for factor analysis. For this the meaning of correlation and covariance are important. The computation of a covariance eliminates differences associated with the means of variables or observations, whereas the correlation co-efficient eliminates differences attributable to both the mean and the dispersion of the variables or observations. The information contained in the correlation coefficient describes only the extent to which variables or observations vary together and the shape of their distribution. Johnson and Wichern, 1992 advocated the use of correlation coefficient for the data having different measurmental units whereas if all the original variables are measured in the same units then there is no problem in use of covariance matrix (Anderson, 1958).

6. Modes of Factor Analysis


Two modes of factors analysis are very common, the R-technique whereby the relationship among variables are examined, and the Q-technique whereby the relationship among individuals or observations are examined. Chacko and Negi, 1965 applied Q-technique for bamboo culms of eight ages, based on the degree of correlation between different pairs of objects observed for a number of characters. R- techniques were applied by Sanchez  et al. 1996 for the evaluating site for reforestation on the soil parameters. In vegetational analysis, the classification of sites or stands using species as attributes has been called a normal analysis (i.e. R-mode), while the classification of species in terms of the sites in which they occur has been called an inverse analysis (i.e. Q-mode) reported by Lambert and Dale, 1964.


The choice between R-mode and Q-mode methods depend primarily on whether the researcher is interested on relationships among variables or individuals. In Q-mode analysis, the number of variables/ attributes must be sufficient to provide stability in the similarity or dissimilarities used. In R-mode analysis there must be sufficient objects to bring about stability in the variances and covariances or the derived correlation’s. Gorsuch, 1974, suggested that appropriate use of Q-factor analysis is as the transpose of R-factor analysis. When number of variables are more than observations then, Q-factor analysis will result in a more stable factor solution than R-factor analysis due to the reason that standard error of a correlation is a function of the sample size. Further, statistical independence of correlation coefficients in a R-mode analysis can be obtained only when the number of individuals is greater than number of variables. Thus for such circumstances, Q-mode can be applied (Stewart, 1981). 


Factors obtained from either mode are interpreted by the same, as dimensions. The factors obtained in the R-mode are dimensions along which variables may differ, and the factor of Q-mode analysis are dimensions along which individual may differ. Aside from the first factor the unrotated factors  Q-mode and R-mode/ techniques should be identical. Thus the choice of which mode to use is a tactical decision dictated by the relationship of attributes to individuals.


In fact, Q-type factor analysis and cluster analysis (a multivariate technique for discrimination study) approaches compare a series of responses to a number of variables and places on the individuals into several groups. The difference is that the resulting groups for a Q-type factor analysis would be based on the intercorrelation between the means and standard deviations of the individuals. In a typical cluster analysis approach, grouping would be devised based on a distance measurer between the individual’s scores on the variables being analysed. 

7. Types of Factor Analysis

Two very general types of factor analysis can be defined by the intended purpose of the analysis. That are Exploratory and Confirmatory analysis. In those cases, where the underlying dimensions of a data set are unknown, exploratory factor analysis is appropriate. That type of analysis is very common in forestry. In many of cases, exploratory factor analysis is applied post hoc to a set of data was collected without regard to the assumptions and requirements of factor analysis.

“Factor analysis is in general an exploratory technique, to be used when

one happens to known nothing about the subject matter”. 


Factor analysis is appropriate procedure for theory building. Relationships can be hypothesized and tested by use of confirmatory factor analysis, a procedure developed to allow the testing of hypotheses about the structure of a data set.


Krnac and Krancova, 1994 applied a number of exploratory and confirmatory techniques with latent variables for structural study of various ecosystems in forestry sciences for the different purposes. They performed exploratory study for setting up a primary structural hypothesis on a defined ecosystem and then used confirmatory techniques. Hansen et al. 1996 were used both types of analysis for assessment of the dimensions of softwood lumber quality. They tested the existing 12-dimensional model for measuring total product quality using confirmatory factor analysis on the buyer perception data from three segments (wood truss manufacturers, wood treaters and lumber building materials outlets of the softwood dimension lumber market in USA. The result was not favorable, consequently, exploratory factor analysis was applied and 5-dimensional model was obtained. Sinclair et al. 1993 used both methods for industrial forest product quality. The eight quality dimensional model (performance, features, reliability, conformance, durability, serviceability, aesthetics and perceived quality) was rejected on the basis of results of confirmatory factor analysis. And further exploratory factor analysis supported some more addition, mainly economic (price/value) dimensions.

8. Factor Analysis Model


Factor analysis is a tool, which does, seems to be useful for gaining insight into the structure of multivariate data. The basic idea of factor analysis is to find combination of say, ‘p’ correlated variables to produce ‘p’ uncorrelated factors for elucidation of the relationship between these variables to define the system in more lucid way. The significance of uncorrelated factors is representation of different dimensions in data. The factor analysis due to Charles Spearman is based on a special model.
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where, 

Xi is the ith standarised score with mean zero and unit  variance

ai1, ai2,…,aim  are the factor loadings for the ith score

Fi is the ith factor which has mean zero and unit variance for individual as a whole (i=1,…m)

ei  is the part of Xi , i.e. specific to the ith  variable only which is uncorrelated with any of the common factors and has mean zero

Infact, ai is the factor loadings square of which is the proporation of the variance of Xi , i.e. accounted for by the factor.

With the model
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 EMBED Equation.3  [image: image9.wmf])

(

...

2

2

2

2

1

i

im

i

i

e

V

a

a

a

+

+

+

+


where 
[image: image10.wmf]2

2

2

2

1

...

im

i

i

a

a

a

+

+

+

 is called communalities of  Xi (the part of its variance which is related to the common factors) while V(eI) is called the specificity of Xi (the part of its variance which is not related to common factors). Correlation between Xi and Xj is high if they have high loadings on the same factors.

 
There are three stages of a factor analysis.

i) Calculation of provisional factor loadings

ii) Transformation of provisional factor loadings i.e. factor rotation

 iii) Calculation of Factor scores

For these three stages there are several methods, which has discussed under the respective heads.

9. Extraction Methods: -


It is used to determine provisional factor loadings i.e. initial factor solution. Factor leading is correlation between the original variables and the factors, thus obtained. Square of factor leading is a measure of percentage of variance in an original variable which is explained by the factor. Factor leading provides key to understand the nature of particular factor. In literature as well as computer packages a number of factor extraction methods  are available based on the requirement of problem. Before discussing the methods, it will be reasonable to understand something about the types of variance. For the purpose of factor analysis total variance consists of three kinds (i) common, (ii) specific, and  (iii) error. Common variance is the variance of variable that is shared with all other variables in the analysis. Specific variance is the variance, which is associated with only a specific variable. And error variance is a random component in the measured phenomena's. Now it is convenient to described the methods below in brief as in SPSS, 1997.

(i) Principal Component Methods: - This method consists of extraction of p uncorrelated factors from p correlated original variables. The lack of correlation means that the factors are governing different dimensions in the data. The first factor has maximum variance. Successive factors explain progressively smaller portion of variances. The advantage is that this method can also be used when correlation matrix is singular.

(ii) Unweighted and generalized lest square methods: - In unweighted least square, sum of squared differences between observed and reproduced correlation matrices ignoring the diagonals are minimized. Whereas for generalized least square correlation's are weighted by the increase of their uniqueness, so that variables with high uniqueness are given less weight than those with low uniqueness and rest procedure is same as unweighted least square. 

(iii) Maximum likelihood method: - A method that produces parameters estimates that are most likely to have produced the observed correlation matrix if the sample is from a multivariate normal distribution. The correlations are weighted by the inverse of the uniqueness of the variables, through an iterative algorithm. 

(iv) Principal axis factoring: - A method of extracting factors from the original correlation matrix with squared multiple correlation coefficient placed in the diagonal as initial estimates of the communalties. These factors loading are used to estimate new communalties that replace the old communality estimates in the diagonal through iteration till the conversance criterion satisfies. 

(v) Alpha factoring methods: - This method estimate common factors that are having maximum correlation with the universe common factors from the given variables. Alpha coefficient of reliability or generalizability (Cronbach, 1951) can be treated as the squared correlation coefficient between a common factor in the selected variables and the corresponding universe common factor. Universe factors associated with negative alpha coefficient are rejected and the number of factors having positive alpha coefficients is the same as the number of eigenvalues of the correlation matrix, which are greater than unity. This method is scale independent but communalties can exceed from unity. The result obtained through it, can not be generalized outside the studied objects. 

(vi) Image analysis: - Guttman (1953) described the difference between image analysis and factor analysis is that the latter could be considered to involve the extraction of factors one at a time, and the replacement of the correlation matrix with the matrix of partial correlation of the attributes with the effects of those factors removed.  The procedure terminates when the remaining partial correlations are negligible. In image analysis, multiple correlation between the variables and the factors are considered. This method is also scale free and result can not be generalized.  

Sorokin et al., 1993 applied principal component extraction method for factor analysis and observed that microbiological indices can be used to relate forest soil and phytocoenoses to different ecological geographical conditions. Niederhofer, 1992 used principal factor analysis for evaluation of site on the basis of 26 soil and vegetation features in SW Germany and extracted only five factors, which can define the system under study. Bellefleur and Auclair, 1972 applied principal components factor analysis for comparative ecology of Quebec boreal forests based on meteorological parameters.

10. Rotation Methods


The rotation of factors indicates specifically, the rotation that the reference axes of the factors are turned about the origin until some other position has been reached. It may be orthogonal (in which axes are maintained at 90o angle) and oblique (in which axes are not retained the 90o angle between each other). If the unrotated factor solutions are providing information that offers the most adequate interpretation of the variables under study, then there is no need of rotation. In general, rotation needed because it makes the factor structures meaningful and easily interpretable. Various methods of rotation are available in literature to give a new set of axes spanning the same space. The proportion of the total variance accounted for by the first few components will be unchanged but the variance of the individual new components and the loadings of variables will be different from the originals and they will not be subjected to maximum variance constraints, i.e. they will not be axes of hyperellipsoid. 


In practice, the objective of all rotation methods is to simplify the rows (making as many values in each row as close to zero as possible) and the columns (making as many values in each column as close to zero as possible). The different methods are discussed below in brief and also avaliable most of the software.

(i) Quartimax: - It simplify the rows (the observed variables) of a factor matrix, which minimizes the number of factors needed to explain each variable. It focuses on rotating the initial factors so that a variable loads high on one factor and as low as possible on all other factors. Creation of a large general factor is the limitation of this method.

(ii) Varimax: - It is an orthogonal rotation method, which simplify the columns (the factors) of the factor matrix. It minimises the number of variables that have high loadings on each factor (i.e. maximization of the sum of variances of required loadings of the factor matrix). Logically the interpretation of variance rotated solutions are easy due to the fact that some high loadings and some low loadings in each column of the matrix. Davidson, 1975 used varimax rotation in factor analysis to study the variation in wood of E. deglupta on the basis of 24 anatomical and chemical variables. 

(iii) Equimax: - It is a compromise between quartimax and varimax. Rather than simplify the rows or columns, it tries to accomplish some of each. The number of variables that load highly on a factor and the number of factors needed to explain a variable are minimized.

(iv) Promax: - Promax is straightforward oblique method. It is based on an attempt to find the best least squares fit between the oblique factor-pattern or factors structure matrix and a target matrix (based on orthogonal approximation to simple structure) which is thought to represent a simple structure solution. In this factors extracted are correlated and it is advisable to apply on large database.


There is no rule as such for the preference of any method on others. Due to availability of varimax method in most of computer programmes, it is most widely utilized. Whenever possible, the choice is totally a judgement of researcher on the basis of the particular needs of a given research problem. Thurstone (1942) provides five criteria for evaluating a solution for simple structure.

1. Each variable should have at least one zero loading.

2. Each factor should have a set of linearly independent variables whose factor loadings are zero.

3. For every pair of factors, there should be several variables whose loadings are zero for one factor but not for the other.

4. For every pair of factors, a large proportion of the variables should have zero loadings on both factors whenever more than about four factors are extracted.

5. For every pair of factors, there should be only a small number of variables with non-zero loadings on both.

Gomorova and Gomory, 1995 studied relationships of 34 morphological, physical and chemical properties of soil together with eight climatic and topographical characters to establish relation with top height of plot and yield of plot. By application of orthogonal Varimax and oblique Promax rotation method, five factors explaining 90% of variability for soil characters and three factors explaining 85% of variability for climatic/topographic characters were extracted, which were utilised for further analysis.

11. Number of Factors

Number of factors to be extracted is crucial for the factor analyst. Introduction of a few nonsignificant factors introduces some arbitrariness in interpretation, whereas discarding of a few will be resulted loosing of information. Thus, a balance is needed for the required information and number of factors to be extracted. In literature, number of attempt has been done to make some criterion to sort out this problem. The criterions are mentioned below.

(i) Latent Root Criterion: This criterion is based on the value of eigenvalues. In general, the choice of eigenvalue is 1. That is the factors, which are having value high or equal to 1 will be extracted through analysis. The rationale for the eigenvalue criterion is that any individual factor should account for at least the variance of single variable, if it is to be retained for interpretation. This approach is well performed, if the number of variables under study is more than 20 and less than 50. It is most frequently applied in analysis.

(ii) A Priori Criterion: Number of factors to be extracted is fixed a priori. 

Thus after getting desired number of factors the analysis will be terminated. This criterion is very useful for confirmatory analysis, where one wishes to verify the existing number of factors for the system under study. During hypothesis testing also, it can be applicable.

(iii) Percentage of variance Criterion: The cumulative percentage of 

variance to be extracted by successive factors is pre-decided in this approach. After achieving the desired cumulative percent of variance the analysis will be terminated. This criterion may be very useful for confirmatory analysis.

(iv) Scree Test Criterion: Cattell’s (1966) proposed this criterion. This is 
based on plot between latent roots obtained from decomposition of correlation and covariance matrix against the number of factors in their order of extraction. A large break in the plot is an indication of stopping the procedure. The point at which the curve first begins to straighten out is considered to indicate the maximum number of factors to be extracted. This can be very helpful in exploratory factor analysis.
In practice, it is very common to apply more than one criterion to reach a decision for the extraction of factors. Most authorities in the field recommended a combination of approaches for determining the number of factors to extract. The use of Latent root criterion and the Scree test appears to provide an effective means for determining the number of factors (Stewart, 1981).

Naming of Extracted Factors

 The name of extracted factor plays most important role for interpretation of the system. So, it should be named carefully and reflected the contained information. In fact, there is no scientific method to name extracted factors. It is generally based on the subjective view of the analyst. Different analyst can assign different name to the same factor. A logical name, which considers the role of factors according to their factor loading with their respective sign, is appreciable. Most of the specialists of factor analysis are of the view that the name should be assigned by the subject specialist.
12. Methods for Factor scores


There are many methods for the calculation of factor scores.

(i) Regression Method: In this the produced score are having mean 0 and varince equal to the squared multiple correlation between the estimated factor scores and the true factor values. Factor scores calculated through this method may be correlated even when factors are orthogonal.

(ii) Bartlett’s Methods: In this the produced scores are having a mean of 0. In this, the sum of squares of the unique factors over the range of variables is minimised.

(iii) Anderson-Rubin Method: A modification of Bartlett’s method, which ensures the orthogonality of the estimated factors. The scores are having mean 0 and standard deviation 1 and are uncorrelated.

13. Existing Application of Factor Analysis in Literature


Numerous examples are existing in the forestry literature. A brief review of some of them are reported with description of species, variables and forests etc. This will provide a clue to the scientists that in what situation and what for factor analysis should used. Gether and Kovacs, 1973 reported that it could be used for selecting the most important characteristics of soil.  Zlobin, 1975 studied advance growths of woody species on seven morphological parameters such as : (i) annual leader increment (ii) annual increment of side shoots (iii) the ratio of (i) to (ii) , (iv)number of side shoots per whorl, (v) number of shoots between whorls, (vi) annual wood increment determined by ring width at stem base and (vii) amount of foliage. By application of factor analysis only three parameters (i, ii, iii) were obtained for assessing advance growth of woody species. Menard and Belanger, 1976 appreciated it’s use to study the most important environmental variables in relation to forest production for 85 transition communities of Populus termuloides, and the level of production at which they can take effect. 

 
Kangas, 1977 showed through it that mean height is the most important site- quality characteristic, and to obtain reliable estimate two more parameter were required for natural stand in Finland. Thum, 1977 appreciated factor analysis to study the soil plant relations on forested dumpsites planted with black poplar and observed that variation in tree height was due to four factors of soil. James et al. 1978 studied relationships between growth of Picea sitchensis, soil factors and mycorrhizal activity on basaltic soils in western Scotland. Results of factor analysis confirmed that low avaliability of P in soils may be ameliorated by mycorrhizal development. 

Arp, 1984 presented a case study to illustrate how factor analysis can be used to quantify probable causes of physical and chemical forest floor variability. Stocker, 1986 used it in the ecological assessment based on the complex relation of 15 factors (chemical properties) of upper humus layers in 11 forest types and extracted only 4 components, which provided a quantitative description of the ecological structure. Neiman, 1987 were applied it on Abies grandis, Thuja plicata and Tsuga heterophylla based on vegetation, soils and site information of 89 sites within six similar habitat. Woodcock, 1989 tried to assess the functional significance of wood anatomical variables in Quercus rubra and Fraxinus americana by examing the relations among variable viz., vessel diameter and density, conductive area and conductivity in the early wood and latewood; and width of the early wood and late wood increments. 

Donkin and Fey, 1991 were applied factor analysis on soil properties viz. texture, OM, loss of ignition, pH, and extractable bases and acidity from a site, potential for afforestation. Malan, 1991 reported that the variation in the basic wood properties of young E. grandis can adequately expressed by wood density, fiber lengths and vessel properties such as size, frequency and traditional volume. Pakhuchii et al. 1991 reported through the application of factor analysis that the physiognomic criteria (i.e. the relationships of the different life terms and dominants) are the most important for describing and assessing the variation of forest communities, where as floristic criteria are more important for descriptive inventory, while studying the variation in the vegetation as result of forest drainage operations. Hirokazu and Fujiwara, 1994 tried to identify factors that determine the cuttings activity (Logging) based on eleven variables such as forest timber volume, infrastructural activities, labour and groups, the sow milling industry, log prices and the volume of timber cut and two methods of felling. Rugmini and Balagopalan, 1994 studies the influence of elevation on soil properties such as: gravel, sand, pH, water holding capacity, organic carbon,  exchange acidity and total N, P and K through factor analysis. Rugnini and Balagopalan, 1994 used factor analysis to study soil properties in different layers (0-20, 20-40, 40-60 and 0-60 cm) in Parasenrianthes falcataria plantations in Kerala on 11 variables (gravel,s and, pH, OC, exchange acidity, exchangeable bases and total N,P,K, Ca and Mg) and reported  only four factors textural, organic matter, acidic and nutrient components  were sufficient to describe the variation present in each layer. Abeboya, 1997 reported only five factors viz., organic matter, CEC, level of exchangeable cautions and proportions of sand and clay can be explained the forest floor variability in a Savana wood land of Nigeria. Kozak and Boruvka, 1998 studied Al speciation in arable and forest soils with the help of factor analysis. The result showed that soil reaction and whilst soil organic matter content were the important factors for species of Al ions.

14. Potential Areas of Application in Forestry

Forestry, being a diversified fields of a large number of interacting components, it is very complicated to describe the system under investigation. But there are existing tools, which can dictate that which components are to be studied, and which should not. A number of potential areas are under forestry research, where such sort of analysis can provide a vital clue to researchers.

1) In the study of distinguishing seed origins, this study can be appropriate and can suggest which of the variables need to be measured and which could safely be omitted.

2) In the study of effect of pollution on trees, such analysis can easily demonstrate that which variables should monitor to judge the effect.

3) In study of growth of trees, which variables are clearly indicating the 
      growth  under that condition.

4) In study of taxonomy, which variables/ attributes can safely studied for identification of genera/ species.

5) In study of logging operations, which of the variables/ attributes should be studied, whether infrastructural or economical or both can be adjudged by this analysis.
6) In study of the effect of plantation on mining areas, which soil, plant and microclimatic parameters should be studied for monitoring the improvement of the site.
7) In study of the effect of plantations on any site, which soil and microclimatic parameter should be studied for description of vegetation.
8) In survey of any provinances for variability study, which botanical variables are essential to judge the variability.
9) In wood anatomy study, which variables are necessary for the study of anatomical structures.
10) To study the impact of joint forest management, which underlying attitude lead people to respond.
11)  It can also used to generate hypotheses regarding casual mechanism or to screen variables for subsequent analysis for a lucid look of the system.
The forestry system under study can be scrutinised and synthesises, by the application of factor analysis depending upon the objectives of the experiment.  

15. Conclusion

A critical look to raw data and correlation matrix can give an indication to the researcher of its appropriateness. Before initiation to the factor analysis, one must examine the sampling adequacy and Bartlett’s test of sphericity, although these two are not sufficient measure, but can provide a vital clue regarding its applicability. The method of extraction and rotation are too critical for the final solution in most of the situations. Generally, Principal Component Extraction and Varimax Rotation method are most likely to apply for practical purposes and its availability in most of the computer packages. Use of roots criterion and the Scree test can provide a reliable and consistent indication of the number of factors to extract, which most of the research did not consider. The naming of factor is very crucial and it should be done by the experts of the respective fields. If some sort of study has been performed earlier than before going straightforward exploratory analysis, one must use confirmatory analysis.
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