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T
 his book presents Factor Analysis, an excellent data reduction multivariate statistical technique for the extraction, rotation, naming and interpretation of a few underlying explanatory constructs that most substantially account for a myriad of manifest variables. With Factor Analysis, very few latent factors or components are extracted from several interrelated manifest variables and technically rotated statistically to outrightly explain the total variance in specific sets of the manifest variables. While manifest variables are directly measured, the latent factors can only be indirectly inferred from clusters of overwhelmingly intercorrelated variables that substantially constitute uniquely distinguishable components.

In the Information and Communication Technology-led World that we live, billions of data are generated on millions of variables on an hourly basis (Desjardins, 2018; Kpolovie and Lale, 2017). Much over 2.5 quintillion bytes of data are daily created by humans (Marr, 2018). By reliable projection, human beings will generate over 463 exabytes of data per day in 2025 (Bulao, 2020). Factor Analysis is the foremost strategy for analyzing the ever-increasing data that are generated in order to understand best and ultimately utilize the data for the individual, societal, corporate, national, and world advancement. Acquisition of the IBM SPSS Statistics skills for the execution of Factor Analysis as explicitly presented in this book is essentially required to be an inventor, a scientist or researcher in our radically changing data-based and tech-savvy world.

Virtually in all fields of endeavor, some data could be collected on numerous manifest variables and most meaningfully reduced with Factor Analysis, using IBM SPSS Statistics. Such analyses are performed for flawless determination of the underlying explanatory traits that substantially account for the interrelationships among very numerous manifest variables.

Factor Analysis is a superb approach for the fundamental discovery of the few underlying explanatory components responsible for 
 high intercorrelations among very many variables. It is an excellent data reduction statistical technique for the very best explanation of occurrences. When copious variables are appreciably interrelated, there must be a few unknown underlying explanatory traits that make them so related. It is those few unknown latent or underlying explanatory factors that factor analysis ably extracts, rotates and reveals.

There are four major stages in Factor Analysis, each of which is elucidated practically in this book. The stages are Correlation matrix generation, Factor extraction, Factor rotation, and Factor interpretation and naming. Also covered is Higher-Order Factor Analysis with its needful Factor-Based Scales generation and Factor Scores estimation.

Principal components analysis (PCA) and Common factor analysis are two dominant factor extraction approaches in factor analysis. Orthogonal factor rotation procedures, including Varimax, Quartimax and Equamax, are thoroughly demonstrated in the book. Oblique factor rotation strategies, such as Direct Oblimin and Promax, with their unique features like factor pattern matrix, factor structure matrix, and factor correlation matrix, are extremely simplified in this text.

The book presents every information on Factor Analysis exquisitely with complete functional point-by-point illustrations, accompanied with unbroken screenshots for the execution of the analysis, using both SPSS syntax and dialog boxes selection methods. In this way, every user of the book is guaranteed effortless attainment of expert knowhow of SPSS Statistics application in Factor Analysis execution.

Superb interpretation of the entire process and the whole output is provided to ensure timely attainment of professional knowledge of the subject matter. For easy naming of the factors; sorting and suppression of item loadings on rotated factors, as well as rationalization of ≥.45 factor loadings for the inclusion of an item in a rotated factor are meticulously examined. The basis for classification of item loadings suitability on a rotated factor for purposes of optimum interpretability is specified. CNN Television Channel 
 Option Rationalization Scale (TCORS-CNN) is used for exemplification of the analysis.

The book is an excellent illustrative point-by-point easy to use guide that guarantees everyone mastery of the revolutionizing skills of using IBM SPSS Statistics for Factor Analysis. It is a comprehensive, pragmatic cutting-edge book, full of simplified SPSS statistical operations for various types of latent factor extraction as well as both orthogonal and oblique factor rotation techniques. Realistic datasets with thoroughly demonstrated screenshots are presented for the execution of First-Order Factor Analysis and Second-Order Factor Analysis. It is a complete self-guide book for beginners as well as intermediates and experts in the utilization of SPSS Statistics for the different aspects of factor analysis.

The book is a superb SPSS guide that excellently presents both First-Order Factor Analysis and Higher-Order Factor Analysis. For both types, the book has thoroughly demonstrated the key features that include:


	Correlation matrix creation

	Factor extraction techniques

	Orthogonal factor rotation approaches like Varimax, Equamax and Quartimax

	Oblique factor rotation procedures, such as Direct Oblimin and Promax

	The naming of rotated factors

	Specification of when to use each of the factor extraction and rotation methods

	Complete procedural steps for the analysis

	Impeccable screenshot illustrations

	Undistorted outputs

	SPSS dialog boxes selection method

	SPSS syntax method

	Superb interpretation of the outputs

	Factor Scores estimation

	Factor-Based Scales generation.




 With a copy of the book, a person can independently apply SPSS accurately in factor analysis of the different sorts of data, irrespective of the volume and complexity of the datasets. It is the most practical tool for the actualization of the paradigm shift from the use of a hand-held calculator and some unnecessarily complicated and slow statistical software to the accurately swift application of SPSS Statistics in factor extraction, factor rotation and factor interpretation.

Get a copy right away, and acquire the Factor Analysis skills, using SPSS.

[image: image]


[image: image]



Peter James Kpolovie


February 2021



 CHAPTER 1



FACTOR ANALYSIS



 Overview


Factor Analysis is an extraordinary data reduction multivariate statistical technique for the extraction, rotation and naming of a few underlying explanatory constructs that most substantially account for a myriad of manifest variables. With Factor Analysis, very few latent factors or components are extracted from several interrelated manifest variables and technically rotated statistically to outrightly explain the total variance in specific sets of the manifest variables. While manifest variables are directly measured, the latent factors can only be indirectly inferred from clusters of overwhelmingly intercorrelated variables that substantially constitute distinguishable components. The four stages in Factor Analysis (correlation matrix computation, factor extraction, factor rotation and factor naming) are elucidated. Principal component analysis (PCA) and Common factor analysis, as well as orthogonal factor rotation procedures (Varimax, Quartimax and Equamax) and oblique factor rotation strategies (Direct Oblimin and Promax) with their unique feature like factor pattern matrix, factor structure matrix, and factor correlation matrix are extremely simplified. Every information on Factor Analysis is exquisitely presented with complete functional point-by-point illustrations, accompanied with unbroken screenshots for the execution of the analysis, using both SPSS syntax and dialog boxes point and click methods. This is to guarantee that every user effortlessly attains expert knowhow of SPSS Statistics application in Factor Analysis. Superb interpretation of the entire process and the whole output is provided to ensure timely attainment of expert knowledge of the subject matter. For easy naming of the factors; sorting and suppression of item loadings on rotated factors, as well as rationalization of ≥.45 factor loadings for the inclusion 
 of an item in a rotated factor are meticulously examined. The basis for classification of item loadings suitability on a rotated factor for purposes of optimum interpretability is specified. CNN Television Channel Option Rationalization Scale (TCORS-CNN) is used for exemplification of the analysis.


Keywords
 : Factor analysis, Factor extraction, Factor rotation, Eigenvalue, Scree plot test, Principal components analysis, Confirmatory factor analysis, Orthogonal rotation, Oblimin rotation, Varimax, Quartimax, Equamax, Oblique rotation, Promax, Oblimin, Factor pattern matrix, Factor structure matrix, Factor correlation matrix, Interpretation of factors, Factor naming, TCORS-CNN, Output interpretation, Total variance explained, Communalities, Item loadings suitability, Classification of item’s loadings, Justification of ≥.45 loadings, Item loadings suppression, Factor analysis syntax, Cross-loading, General factor, Simple factor solution, Three-factor solution, Summary of output.



F
 actor Analysis
 is a special higher-order data reduction family of multivariate statistical techniques which best combines variables that are found to be naturally and practically measuring the same continuous latent construct, factor, or synthetic variable approximately in either exploratory or confirmatory fashion. Factor Analysis
 symbolized FA
 , is any of the broad mathematical approaches with which a few latent factors, components, or variables are extracted from several interrelated manifest variables. Manifest variables
 are the variables whose values are directly observed or measured individualistically. A latent construct
 , factor or variable is a theoretical entity whose values cannot be directly observed or measured, and are instead inferred or approximated indirectly from the manifest variables that assess parts of the entity or latent factor. A factor in Factor Analysis refers to a cluster of very highly intercorrelated variables that constitute a distinguishable component, an underlying unobservable latent construct of a larger group of independently measured or observed variables.


 In the Information and Communication Technology-led World that we live, billions of data are generated on millions of variables on an hourly basis (Desjardins, 2018; Kpolovie and Lale, 2017). Much over 2.5 quintillion bytes of data are daily created by humans (Marr, 2018). By reliable projection, human beings will generate over 463 exabytes of data per day in 2025 (Bulao, 2020). Factor Analysis is the foremost strategy for analyzing the ever-increasing data that are generated in order to understand best and ultimately utilize the data for the individual, societal, corporate, national, and world advancement. Acquisition of the IBM SPSS Statistics skills for the execution of Factor Analysis as explicitly presented in this book is essentially required to be an inventor, a scientist or researcher in our radically changing data-based and tech-savvy world.

Factor analysis is very often used for the empirical establishment of internal consistency reliability and unidimensional construct validity of a test. Factor analysis serves as supporting research evidence that indicates the degree of accuracy with which the different items and subtests in a test collectively measure a particular latent factor, trait or construct. This partly accounts for why factor analysis is not mainly employed merely for neither testing of null hypotheses on differences between groups nor for testing of null hypotheses on the prediction of unknown criterion variable values based on past observations or known values of predictor variables (Kpolovie, 2011; 2018a). The variables in factor analysis are neither predictor (independent) variables nor criterion (dependent) variables. Instead, factor analysis deals with the complex and necessary tasks of extraction of underlying explanatory unmeasured latent factors from numerous empirically observed manifest variables that depict the total variance.

In psychometry, therefore, factor analysis is seen as broad mathematical procedures for the establishment and strengthening of the validity and reliability of a measuring instrument by ensuring that both the total test and subtests accurately and adequately represent the same empirically-derived latent factors, structures, constructs or variables that the test was theoretically meant to measure 
 typically. Factor analysis is used for the practical development and refinement of complex models and theories on individuals and the radically changing world in which we live by best reducing the potentially confusing patterns of interrelationships that exist among a large set of manifest variables to guarantee a much simpler, yet most illuminating and substantially reduced set of underlying latent variables. With factor analysis, a heroic researcher can discover crucially important underlying explanatory variables, termed latent constructs or factors, from the very intricate patterns of apparently confusing correlations among a copious conglomeration of manifest variables (Kpolovie, 2021) as reflected by the factor loading matrix. Factor loading matrix is a matrix in which the columns represent the factors, and the rows depict the factor loadings for each of the manifest variables or indicators to explicitly portray the magnitude of each item’s loadings on the extracted factors.


 STAGES IN EXECUTION OF FACTOR ANALYSIS


Execution of Factor Analysis involves several statistical operations that can be grouped into four simple successive stages – Correlation matrix computation; Extraction of factors; Factor Rotation; and Interpretation of the factors. Each of these is aptly discussed next.


 CORRELATION MATRIX COMPUTATION


The correlation matrix of all the manifest variables under study is the foundation on which factor analysis depends. The several variables directly measured or observed independently necessarily have to be intercorrelated highly before factor analysis can be executed because the primary concern of factor analysis is the discovery of a very few underlying explanatory unobserved latent variables that are responsible for the high intercorrelations among the very many manifest variables. Factor analysis statistically scrutinizes the correlations among the several observed variables in an investigation for the elicitation of underlying explanatory components (factors) and the specification of the variables that constitute each elicited or extracted component. In a scenario that there are neither high nor 
 moderate correlations among the series of variables in the study, it is needless to proceed with factor analysis as no meaningful explanatory latent factors could be found. Thus, the observed raw data on the several manifest variables must first and foremost be subjected to multiple correlation for the establishment of a correlation matrix as the first step in performing factor analysis. However, the needed multiple correlation computation for the correlation matrix is inbuilt into the Factor Analysis
 statistical command such that a separate analysis does not have to be performed for the purpose.

The Factor Analysis
 command will automatically produce the correlation matrix of all the manifest variables. What matters is that a good number of the pairwise correlations in the correlation matrix just have to be large, not less than .33 or at the very least, .30. The necessary condition for the correlation matrix in factor analysis is that the sample for the study must be very large, greater than five times the number of manifest variables in the study. If the sample size is greater than ten times the number of manifest variables, the better. The required large sample size is necessary so that the results can be rightly generalized to the population from which it was representatively drawn.

To determine whether the intercorrelation of the variables in the correlation matrix and the necessary condition of large sample size are met, the KMO and Bartlett’s Test of Sphericity
 which is an option in the Factor Analysis: Descriptives
 dialog box must be chosen. To meet the conditions, the Kaiser-Meyer-Olkin (KMO) Measure of Sampling Adequacy
 must not be less than .60. The KMO is a test of the extent to which correlation between pairs of variables, with regards to the sample size, can be explained by other variables. The closer the value got is to 1, the better for factor analysis to be done because 1 is the maximum possible KMO.

The Bartlett’s Test of Sphericity
 must be statistically significant at less than .0005 alpha. The Bartlett’s Test of Sphericity is used to test the null hypothesis that beyond the diagonal in the correlation matrix, there are no true correlations among the manifest variables; or that the actual correlations among the manifest variables 
 do not significantly differ from zero; or that a true correlation structure does not significantly exist among the variables. This is why Bartlett’s Test of Sphericity
 must be statistically significant at .000 (read as less than .0005) alpha to ascertain that true correlations significantly exist among the variables at greater than 99% certainty before Factor Analysis can suitably be done.


 EXTRACTION OF FACTORS


Extraction of factors is the second stage in the execution of Factor Analysis. As the name implies, it is the phase at which the few underlying explanatory latent factors that best represent the several manifest variables are extracted. This extraction of latent factors from the copious observed variables is the primary function or essence of factor analysis. The first factor that factor analysis extracts is termed Factor 1
 . The Factor 1
 is the latent underlying unmeasured entity that best explains the greatest amount of variance in the entire manifest variables. Factor 1 is the combination of variables whose shared correlations best explain the component that constitutes the greatest amount of the total variance. Total variance
 in factor analysis is the initial concern of factor analysis that measures the total amount of observed variation which is made up of the true variance
 (the variability that is due exclusively to the effects of treatment) and the error variance
 (the variability that is due to error) in all the variables designated for the factor analysis. The true variance and the error variance that make up the total variance in factor analysis are respectively akin to the concept of true score
 and error score
 that make up the total score in Classical Test Theory
 (Kpolovie, 2014; 2020; 2021). Each test score in the classical test theory is composed of a true score component and an error score component. True variance
 represents the variation in the participants that is entirely a function of the true score, which is the actual magnitude of the attribute possessed by the individuals being measured. Error variance
 represents the variation in the participants that is solely attributable to error score, which is due to extraneous factors such as measurement imprecision and random fluctuation that are unexplained by the true score.


 After completing the extraction of Factor 1, factor analysis embarks on the extraction of the second factor that is termed Factor 2
 . The Factor 2
 is an underlying explanatory component or entity for the greatest additional magnitude of the total variation in all the manifest variables. Factor 2 is indeed the best combination of variables that explains the largest amount of the variance that remains after the first factor has been extracted. Factor analysis continues with the factor extraction for the third factor (Factor 3
 ), the fourth factor (Factor 4
 ), the fifth factor (Factor 5
 ) and so on until the number of extracted factors becomes equal with the number of variables designated for the factor analysis. That is, if 50 variables were observed and used for the analysis, factor analysis extracts up to the 50th
 factor, beginning with the factor that best explains the total variance down systematically to the very least factor in the explanation of the total variance in the participants’ scores on all the variables.

You might be wondering that if factor analysis initially extracts as many factors as the number of variables under investigation, why then is factor analysis said to be the best mathematical or statistical procedure for data reduction by most successfully reducing the numerous variables to a manageable few unmeasured explanatory underlying or latent factors. Just keep calm, you need not worry at all because factor analysis has inbuilt techniques that automatically reduce the abundant extracted factors to a minimum number of extracted underlying factors that best explain the total variance observed with the entire variables. Two most frequently used approaches for automatic reduction of the whole extracted factors to the optimum minimal few for best explanation or representation of the whole variation in all the variables are the Eigenvalues criterion
 and the Scree plot test criterion
 .


 Eigenvalues Criterion



Eigenvalue
 is a ratio between the shared variance and the unique variance that is explained by a particular extracted factor to best indicate the amount of variation in the original group of the entire 
 manifest variables that is accounted for by a specific extracted underlying explanatory factor. In other words, eigenvalue refers to a mathematical index which depicts the magnitude of the variance among the several correlated variables that is accounted for by a single but much more illuminating underlying factor. For each initially extracted factor, factor analysis computes and assigns an eigenvalue to clearly show the proportion of variance accounted for by each of the underlying explanatory factors. The first extracted factor must usually have the largest eigenvalue, followed by the second extracted factor, and the third extracted factor, and so on.

For the fact that the first factor typically explains the greatest amount of the total variance, the eigenvalue of the Factor 1
 must always be greater than 1
 . Only the very few extracted factors, beginning from Factor 1, that each has an eigenvalue that is greater than 1 are taken by factor analysis to constitute the number of critically substantial or relevant extracted factors for best representation and interpretation of the total variance of all the manifest variables. Thus, if out of the 50 variables with 50 initial extracted factors, only the first, the second and the third factors had eigenvalue that is greater than 1 (>1) each, then there are only three extracted factors that the factor analysis uses as the underlying explanatory components (factors) for the total variance created by the 50 variables.

The use of only critically substantial extracted factors that each has an eigenvalue greater than 1 in the interpretation of the total variance denotes that more shared or common variance than a unique variance (the default communality or variance that each one of the variables could explain) by its factor ordinarily, is a critically important criterion in the reduction of factors that factor analysis does. There is much rationale behind factor analysis use of the eigenvalue criterion in factor reduction because the amount of common variance explained by an extracted factor must at least exceed 1, which is the variance explained by a unique variance, before the factor can be retained as a significant explanatory extracted factor for the interpretation of the total variance.


 Factor analysis also computes the percentage of the total variance explained by the eigenvalue of each extracted factor, and the cumulative percentage of variance at the eigenvalue of each successively extracted factor. For each factor, the percentage of total variance accounted for by the specific eigenvalue is arrived at by dividing the eigenvalue by the total number of variables or of the initial factors and multiplying the result by 100. For instance, if out of the 50 initial factors where there are 50 manifest variables, and the Factor 1 has eigenvalue of 15, the percentage of variance accounted for by the eigenvalue of the Factor 1 is 30 (i.e., 15 ÷ 50 × 100). Beyond provision of initial eigenvalue cumulative percentage for all the variables and their individual factor loadings, factor analysis concentrates solely on only a few truly underlying explanatory factors whose eigenvalues are uniquely greater than 1.


 Scree Plot Test


The Scree plot test
 is an inbuilt simple visual pictorial approach for reduction of extracted underlying factors to the optimum minimal number that best explains or represents the total variance occasioned by the whole multitude of manifest variables in a given factor analysis. The very few extracted underlying factors that best interpret or explain the entire variation in factor analysis line up in a steep slope between the largest extracted factor and the gradual trailing off of the rest factors in a pictorial scree plot. The inflection point in a scree plot above which a few extracted factors with high eigenvalues form sharp slope and below which several extracted factors with low eigenvalues form a flat or gentle slope in the scree plot curve is the demarcation point that the few factor above the point of inflection alone can and should be used in substantially explaining the total variance depicted in a factor analysis. Scree plot is a special graph that plots eigenvalues in a descending order from the highest up at the left to the lowest down at the right in a factor analysis such that the factors more elevated than the break point (demarcation or inflection point) in the curve, denoting strong and 
 dominant extracted factors, are used in overwhelmingly explaining the total variance caused by the entire variables under investigation.

A scree test
 in factor analysis is performed by plotting the eigenvalues along the Y-axis against the number of factors along the X-axis in accordance with the order of extraction from the highest to the least. Recall that factor extraction is done from the highest and most relevant down to the smallest and least appropriate such that each successively extracted component explains less of the total variance than those extracted before it. This is anchored on the principle that the first few extracted factors or components, those above the demarcation point in the scree plot, cumulatively account for a relatively large percentage of the total variance. The first few extracted factors are large with high eigenvalues (usually greater than 1) and above the discrimination point vis-à-vis the numerous other extracted factors that are small with low eigenvalues (normally not greater than 1) and below the discrimination point in the scree plot. The very small number of factors above the point of discrimination depicts the maximum extracted underlying factors for the overwhelming explanation of the totality of observed variance with the entire measured variables in the factor analysis. Only the very few underlying extracted factors with greater than 1 eigenvalue and which fall above the discrimination point in scree test curve are reserved for subsequent processes in the factor analysis.

The few explanatory extracted factors are at this stage referred to collectively as unrotated factor solutions
 . The weaknesses of unrotated factor solutions will be elucidated shortly. The further processes in factor analysis to which the unrotated factor solutions are subjected are chiefly Factor Rotation
 and interpretation
 . It is imperative at this point to mention the key methods that are used for the extraction of underlying explanatory factors.


 FACTOR EXTRACTION METHODS


Factor extraction can be done via several different extraction procedures. The various factor extraction approaches can be summarized into two as Principal Components Analysis
 (PCA
 ) method and 
 Common Factor Analysis
 method. The basis for classification of factor extraction methods into two is to meet the purpose of any given investigation easily. Though the two procedures differ in detailed technicalities, their statistical operations and the interpretation of their outputs are the same. Thus, when a person masters Factor Analysis execution via application of one of the factor extraction methods, he can with greatest ease perform Factor Analysis with the other factor extraction method and interpret the outputs exquisitely. To this end, only one of the two factor extraction methods will be fully exemplified in this book. The user can, and is definitely required to, apply the wealth of knowledge gained to the other extraction method. First of all, the two methods are discussed with the detailed minor technicalities that make them to be classified differently as specified.


 PRINCIPAL COMPONENTS ANALYSIS (PCA) EXTRACTION METHOD


The Principal Components Analysis
 method is used when the investigation is exclusively concerned with the reduction of numerous observed variables into a very small minimum number of factors that best represent the original set of copious manifest variables. In this scenario, the factors extracted are not necessarily assumed to have a given theoretical validity. Principal components analysis method seeks to elicit a set of linear combinations known as components (factors) that help in the most simplified explanation of the complex intercorrelations among the several variables. The principal components analysis method of factor extraction is the simplest of factor extraction methods as it does not make stringent assumptions. The Principal Components Analysis is the most popularly used factor extraction method (Pett, Lackey & Sullivan, 2003; Meyers, Gamst & Guarino, 2017; Brown, 2015; Mertler & Reinhart, 2017; Johnson & Wichern, 2019: Ho, 2014; Kpolovie, 2010; Walkey & Welch, 2010; Gray & Kinnear, 2012).

SPSS sets the Principal Components Analysis
 method as the default factor extraction procedure in the Factor Analysis: Extraction
 dialog box. The Principal components analysis (PCA) 
 functions like Exploratory Factor Analysis
 (EFA
 ) that is executed for the unravelling or discovery of few underlying or latent dimensions, factors or constructs behind a large set of associated measures or variables. The PCA is, in the main, not used for testing of hypotheses and theories about the prespecified latent factors to be arrived at from specific combinations of manifest variables because it does not place a priori restrictions on the pattern of relationships that will exist between the manifest variables and the underlying explanatory variables.

In the Principal Components Analysis extraction method, the target variance to be explained by the extracted factors or components is the total amount of variance in the entire dataset. The magnitude of the total variance that the first few components vitally explains (usually greater than 50% cumulatively) becomes the yardstick for determination of the critically extracted factors for further analysis like rotation. Each of such first few components must possess a unilateral or unique initial eigenvalue that is greater than 1. The reason for the use of greater than 1 initial eigenvalues as the unique cut-off point is because in the principal component analysis, the initial communality as well as the total variance of each variable is 1. The principal factor analysis therefore uses the value, 1, throughout the diagonal of the correlation matrix as the basis for extraction of the components.


 COMMON FACTOR ANALYSIS EXTRACTION METHOD


The Common Factor Analysis
 method is a complex set of factor extraction techniques that is made up of six distinct approaches. The approaches are known as Principal-axis factoring
 , Unweighted least-squares
 , Generalized least-squares
 , Maximum-likelihood
 , Alpha factoring
 , and Image factoring
 . The common factor analysis extraction method makes more restrictive assumptions of the underlying common factors than the principal component analysis method. In the common factor analysis, the total variance of each variable or indicator is assumed to be composed of two distinct parts – Common variance
 and Unique variance
 . The common variance
 is 
 that percentage of the variance in each variable which is shared with the other observed variables; and it is only this portion (the common variance) that is employed in the extraction of latent variables. It is chiefly for this reason that the associated factor extraction procedures that deal with only the common variance section in each of the manifest variables are collectively regarded as Common Factor Analysis extraction method.

The unique variance
 is that portion of the variance in each variable or indicator that is exclusively unique to the variable alone. It is the section or percentage of the variance in each variable that is not shared with any of the other observed variables. Since the unique variance in each variable is not shared with any of the other measured variables, it is not considered at all in the extraction of latent variables.

It is only the common variance segment of the variance in each variable that the common factor analysis extraction procedure deals with. As the name of the extraction method implies, common factor analysis, it is the part of each item’s variance that is commonly shared with other items that could possibly be accounted for by an underlying or a latent explanatory extractable construct. Thus, unlike the principal components analysis
 extraction method that does the extraction of latent factors on the basis of the total variance (i.e., the common variance plus the unique variance components) of the manifest variables, the common factor analysis
 extraction strategy performs the extraction of latent factors on the basis of only the common variance component of the manifest variables.

The part of the total variance in a variable that is unique to only that variable cannot, in any way, be having an underlying latent factor that could explain it simultaneously with other variables that it has nothing in common with. Use of the common factor analysis extraction approach is justified by the fact that Factor Analysis deals with identification and description of latent factor(s) or structure(s) that commonly accounts for the interrelations among all the variables under consideration. Such underlying common structure, when identified, extracted and rotated, can only explain the segment of 
 variance that is commonly shared with the other variables in the observed set. That is, an extracted latent construct can and should only explain the variance that is common to the entire variables or, at least, to each of the clusters of the entire manifest variables that are under investigation.

Common factor analysis extraction procedures, therefore, make use of values that are less than 1 to constitute the initial communalities and the diagonal of the reproduced correlation matrix. The less than 1 values that common factor analysis uses to form the diagonal of the reproduced correlation matrix are said to be the stabilized estimates of the common variance in the variables of interest.

Emphatically, the total communality for each variable or item in common factor analysis is less than 1. Consequently, the total communalities in common factor analysis is less than the total number of items being analysed. The total communalities, be it the initial communalities or extracted communalities, is smaller than the number of the manifest variables in a given common factor analysis because each directly measured variable has a communality value that is not as large as 1. The earlier mentioned six strategies of factor extraction in the Common Factor Analysis method are each illuminated in the next six paragraphs.


 Principal Axis Factoring


The Principal axis factoring is an exploratory factor extraction technique in which underlying dimensions are sought to explain the complex intercorrelations among manifest variables after separating out communality and putting aside the error or unique variance in the set of variables. The Principal axis factoring is one of the options that can be chosen from the Method
 statistical operation within SPSS Factor Analysis: Extraction
 dialog box. In principal axis factoring, extraction of factors is anchored on the sum of the squared correlations between each variable and all the other variables. This basis is called communality, and it is the estimated sum of the common variance section of each variable that is placed on the diagonal of the correlation matrix. That is, for each row, the correlations in 
 the factor are squared and added to get the unit of the communality for the particular indicator. The derived values are further reestablished until stabilization is attained for the factor extraction. In other words, principal axis factoring uses the stabilized estimates of the commonly shared variance for each indicator to constitute the Reproduced Correlation Matrix diagonal as the basis for extraction of the factors. Reproduced Correlation
 refers to the correlation between the few extracted explanatory latent structures or factors and the copious manifest variables or indicators. To get the exact stabilized Extraction Communalities that principal axis factoring uses to form the diagonal of the Reproduced Correlation Matrix as the basis for the factor extraction, the Reproduced
 checkbox in the Factor Analysis: Descriptives
 dialog box has to be checked in the course of the analysis. Yes, it is as simple as that, checking the Reproduced
 checkbox.


 Maximum Likelihood Factoring


The Maximum likelihood factoring is a common factor extraction mechanism that is based on computed weights that are proportional to the magnitude of the interrelationships among the variables under analysis. The weighted computation maximizes the probability of obtaining multivariate normality distribution population correlation matrix as the basis of the factor extraction. By so doing, the Maximum likelihood factoring makes the sample data to become a more direct estimation of the population covariance for improved probability of replicability of the extracted factors. The Maximum likelihood
 factoring has to be chosen from the Method
 statistical operation within the Factor Analysis: Extraction
 menu. And the Extraction Communalities
 that constitutes the Initial Communalities and the Reproduced Correlation matrix diagonal on which the extraction of factors depends can be got by checking the Reproduced
 checkbox within the Factor Analysis: Descriptives
 menu in the process of the analysis. This statistical operation makes both the Reproduced Correlation matrix and the reproduced Residuals to form parts of the eventual Factor Analysis output. 
 Note that it is the correlation between the few extracted explanatory latent structures, factors or variables and the copious manifest items, variables or indicators that is termed reproduced correlation
 in Factor Analysis.


 Image Factoring


Image factoring is a common factor analysis extraction technique that uses multiple regression for prediction of the commonly shared variance among the numerous manifest variables. The predicted common variance component in each variable is the image
 of that particular indicator. The extraction of factors is then done only from the predicted variance (the image) because the residual variance that is also referred to as anti-image variance which is the difference between the actually observed and the predicted values is neither considered nor included in the extraction of the underlying explanatory factors. Like in the other common factor extraction procedures, the Image factoring
 is chosen from the Method
 statistical operation within the Factor Analysis: Extraction
 dialog box. Opting for the Image factoring
 extraction method automatically makes Image Covariance Matrix to be part of the eventual output. The Image Covariance Matrix contains the Initial Communalities along the diagonal. It is from the Initial Communalities that the Extraction Communalities on which the extraction of the few explanatory latent factors depends. Recall that the Extraction Communalities for the observed variables constitute the diagonal values in the Reproduced Correlation matrix that is arrived at by checking the Reproduced
 checkbox within the Factor Analysis: Descriptives
 dialog box.


 Alpha Factoring


Alpha factoring refers to the common factor analysis extraction procedure that is most apt in test development. The procedure maximizes the reliability of the entire test and of the subscales that make up the whole test. The Alpha factoring extraction is dependent on the portion of the variance of each item that is shared commonly with the other items for the estimation of communality value that 
 is less than 1 for each item. It uses the communalities to form the diagonal values in the Reproduced Correlation matrix. In the process of the Factor analysis execution, ensure to checkmark Reproduced
 in the Factor Analysis: Descriptives
 menu and compulsorily select Alpha factoring
 in the Method
 function within the Factor Analysis: Extraction
 menu. When the clusters of items that substantially load on the latent factors extracted via Alpha factoring are subjected to Cronbach’s Alpha for determination of reliability coefficients for the test, optimum values are arrived at for both the test and its subtests. Also, the alpha factoring orders the extracted and rotated latent factors in accordance with the magnitude of explicability of the latent factors to better capture the simple factor solutions that it yields.


 Generalized Least Squares Factoring


Generalized least squares factoring is a common factor extraction strategy in which the communalities on which the extraction is based are closely drawn from the factor solution. Thus, the factor solution determines the factor extraction that is dependent on the best minimization of all the off-diagonal differences between the reproduced and observed correlation matrices. Like in other common factor extraction procedures, the analysis begins with checking the Reproduced
 checkbox within the Factor Analysis: Descriptives
 dialog box. Plus, selection of the Generalized least squares
 in the Method
 subcommand within the Factor Analysis: Extraction
 menu. With this, the manifest indicators that have higher intercorrelations in the correlation matrix are automatically accorded more weights than their counterparts with smaller intercorrelations. Aptly put, in generalized least squares factoring, the extraction of latent factors depends first, on only the commonly shared variance and second, on the computed weights that are proportional to the magnitude of the interrelationships among the variables.


 Unweighted Least Squares Factoring


Apart from the fact that the unweighted least squares factoring does not accord different weights to the variables in the observed 
 and reproduced correlation matrices in line with the strength of the interrelationships among the variables, the unweighted least squares factoring is very much like the generalized least squares factoring. It is used for the minimization of the off-diagonal correlation matrices between the reproduced correlations and the directly observed correlations. While the reproduced correlation matrix is developed from the correlation between the extracted explanatory latent structures or factors and the copious manifest variables, the observed correlation matrix is based on the original correlations amongst the variables. The smaller the off-diagonal differences between the observed correlation matrix and the reproduced correlation matrix, the more suitable the extracted latent factors are a good fit for the explanation of the observed data on the manifest variables. In the unweighted least squares factoring, the weighting of the intercorrelations on which the analysis is based is not proportional to the magnitude of the interrelationships among the variables.

The Common Factor Analysis method of factor extraction is less widely used than the Principal Components Analysis method (Gray & Kinnear, 2012). Both the Principal Component Analysis and Common Factor Analysis methods of factor extraction serve exploratory functions. Yet, the Principal Components Analysis method makes little or no stringent assumptions about the covariance composition of the variables and tends to be more akin to Exploratory Factor Analysis (EFA) and theory formulation (not theory testing and verification) than the Common Factor Analysis that makes more stringent assumptions about the covariance composition of the variables and tends to be a bit more supportive of Confirmatory Factor Analysis (CFA). Common factor analysis makes more stringent assumptions about the covariance of the variables than the PCA, and is used when the concern of the investigation is the identification of few latent explanatory factors and formulation (not verification or confirmation) of theoretically meaningful underlying dimensions (factors) with assumed theoretical validity. Common Factor Analysis functions on the practical assumption that the total variance of 
 each of the manifest variables consists of a common variance component and a unique variance component; and bases the extraction of latent factors on only the portion of the variance in each item that is commonly shared with the other directly observed variables in the investigation.


 Confirmatory Factor Analysis (CFA)



Confirmatory Factor Analysis
 is very much the opposite of Exploratory Factor Analysis
 (EFA
 ) as the former is mainly used for testing of hypothesized and theorized prespecified latent factors on certain predetermined sets of manifest variables. Theories about specific underlying explanatory factors that an investigator expects to arrive at from specific combinations of manifest variables are tested for exact confirmation of their existence with Confirmatory Factor Analysis. Confirmatory Factor Analysis is adopted for the confirmation of a priory theory where the theory actually works practically in the population, or disconfirmation of a priory theory where, indeed, the theory does not work in the population.

Confirmatory Factor Analysis uses Structural Equation Modelling
 (SEM
 ) statistical procedures (Arbuckle, 2007; Byrne, 2016; Meyer, Gamst & Guarino, 2017; Brown, 2015; Warner, 2013; Hair, Black, Babin & Anderson, 2010) for execution of the analysis. IBM SPSS Amos
 is the statistical software adopted for performing Confirmatory Factor Analysis (Arbuckle, 2007). The Amos
 is a very powerful IBM SPSS add-on
 software for the seamless execution of Structural Equation Modelling (SEM) by exceptionally extending Multivariate Analysis methods that include Factor Analysis (Confirmatory Factor Analysis in particular), Analysis of Variance models, Regression strategies, and complex Correlation techniques (Kpolovie, 2021).

The Confirmatory Factor Analysis procedural steps are specification of the model, identification of the model, model estimation technique selection, evaluation of the model, and respecifying of the model. Every confirmatory factor analysis model is presented diagrammatically with key elements that include manifest variables, explanatory latent factors, error terms, directional paths, and parameter 
 constraints. Confirmatory Factor Analysis shall be treated in a subsequent unique book in the IBM SPSS Statistics Excellent Guide
 series.


 FACTOR ROTATION


Factor rotation is a most crucial stage in factor analysis in which the finally extracted factors (those with greater than 1 eigenvalue and which fell above the demarcation point in scree plot curve) are mathematically transformed rotationally to ultimately guarantee the simplest and most meaningful factor pattern or factor structure that explicitly specify the variables that uniquely constitute each factor. Indeed, it is with factor rotation that the ultimate goal of factor analysis is, at last, achieved. Factor rotation is a mandatory aspect of factor analysis for the repositioning of latent variables (factors) to a new, most illuminating and most interpretable configuration by a set of mathematically specifiable transformations. It is with factor rotation that factor analysis produces a most suitable and accurate factor solution (Gray & Kinnear, 2012; Johnson & Wichern, 2014; IBM, 2019; Warner, 2013; Mertler & Reinhart, 2017) that is both mathematically viable and logically sound in the interpretation of the comprehensively complex intercorrelations among the numerous manifest variables under investigation.

Factor rotation harmonizes the combination of composite variables in the best explanation of each of the transformed factors by identifying and positioning those variables that load heavily on a particular factor and not on any other factor. Factor rotation uses a transformational procedure that rotates the factor axes for increment in the size of large factor loadings and decrement in the size of small factor loadings. Then, it specifies the descriptors, items or variables that best account uniquely for one factor and not for another factor. That is, factor rotation produces simple factor structure such that where there are four factors, for instance, the variables with high loading on Factor 1 will have low loading on Factor 2, Factor 3, and Factor 4. Similarly, the variables that load highly on Factor 2 will have low loading on Factors 1, 3, and 4. In like manner, the variables loading high on Factor 3 will have low loading on Factors 1, 2, and 4. Plus, the variables loading substantially on Factor 4 will have low 
 loading on Factors 1, 2, and 3. Rotation of factors is done in different ways, and the investigator chooses the type to use in line with the purpose of his investigation. Each of the factor rotation techniques is discussed distinctly just after the brief clarification of unrotated factor solution flaw that is presented next.


 Unrotated Factor Solutions Flaw


When the crucial latent explanatory factors are just extracted, they represent what could be termed unrotated factor solutions
 . Unrotated factor solutions
 is the very small number of extracted factors that best summarizes the total variance or the entire information contained in the whole set of manifest variables before subjection to any of the factor rotation techniques. Unrotated factor solutions, in most cases, fail to provide meaningful and easily interpretable clusters of variables. Unrotated factor solutions tends to mislead the investigator into drawing an erroneous conclusion that a general factor (g) is present in the dataset when, in fact, it is not. The reason for such misleading conclusion is because as unrotated factors are extracted in their order of magnitude and importance, the Factor 1 (the first unrotated factor) is often a factor on which a great majority of the manifest variables load highly or substantially; and therefore, accounts for the largest amount of explainable variance among the whole manifest variables. Beyond the first unrotated factor, each additional unrotated factor extracted merely accounts for the remaining sum of variance in successively smaller proportions. To overcome the problems associated with unrotated factor solutions, the extracted factors must be subjected to factor rotation (Walkey & Welch, 2010; Meyers, Gamst & Guarino, 2017) for improved meaningfulness and accuracy of interpretability (Kpolovie, 2016; 2014; 2012, 2010), using any of the methods or types of factor rotation.


 TYPES OF FACTOR ROTATION


The techniques for factor rotation in factor analysis can safely be classified into two types – orthogonal rotation
 and oblique rotation
 , each of which is discussed vividly in the proceeding sections.


 
 ORTHOGONAL ROTATION


The orthogonal rotation is a factor analysis transformational system in which the different extracted underlying factors are required to remain separated from or uncorrelated with one another. Orthogonal rotation operates on the assumption that the extracted factors are uncorrelated, and are completely independent of one another. This assumption is in line with the rationalization that it would be totally senseless to have latent variables (factors) that are highly correlated because highly correlated factors will automatically make the factors indistinguishable from one another and therefore tend to defeat the whole essence of factor analysis (Kpolovie, 2018; 2016; 2010).

Orthogonal rotation process maintains the reference axes of the factors at right angles (900
 ) to one another and rotates as an independent pair to obtain an optimal fit with the distribution of the variables in geometric space. Even the newly rotated factors are independent and uncorrelated. That is, the results of orthogonal rotation are independent factors or are uncorrelated factors. Consequently, when extracted dimensions rotation is done with the orthogonal approach, the factor-loading matrix does not only represent the simple correlations of the manifest variables with the underlying factors but are equally like standardized regression beta weights that can be used for estimation of the unique contributions of each factor in the explanation of the variance due to a particular variable. The orthogonal rotation is most appropriate to use when the goal of the investigation is primarily data reduction to a most manageable proportion, irrespective of how meaningful the factors may be; and when there is reason to assume that the extracted factors are uncorrelated. Overall, orthogonal rotation is more commonly used widely than the oblique rotation.


 ORTHOGONAL ROTATION APPROACHES


There are three different approaches to the execution of orthogonal rotation. The decision on which of the three approaches to use depends on the goal of the rotation in accordance with the purpose of the investigation. The three orthogonal rotation approaches 
 in factor analysis are Varimax rotation; Quartimax rotation; and Equamax rotation.


 Varimax Rotation



Varimax orthogonal rotation
 is the most widely used technique for rotation of the axes in factor analysis with the ultimate goal of maximization of the variances of the factors. Varimax rotation is used on the basis of orthogonal principles to guarantee maximum simplification of rotated factor solutions and interpretation of the results. Varimax rotation makes each rotated factor to have a small number of large factor loadings and a large number of small (near zero) factor loadings. That is, Varimax orthogonal rotation simultaneously maximizes the variances of the loadings within the factors and maximizes the differences between the high and low loadings on each particular factor. In other words, for each factor, Varimax rotation makes high loadings on the factor higher; and low loadings on the factor lower. With Varimax factor rotation, each factor (termed component) represents only a small number of variables to which it is most highly associated; and by so doing, creates the best balancing of the variables across the rotated factor solutions for a maximally simplified explanation of the variance and interpretation of the factors.


 Merits and Demerits of Varimax Rotation


The merits of Varimax orthogonal rotation far outweigh its demerits to justify its widespread usage. Varimax rotation provides the most simplified factor solution. It presents a much clearer information about which variables correlate most strongly with a specific factor. Varimax factor rotation provides a most easily interpretable rotated factor solutions. With Varimax factor rotation, the probability of drawing an erroneous conclusion that there is a general factor in a scenario where, indeed, a general factor does not exist, is reduced to the barest.

The major demerits of Varimax rotation are reduction of the possibility of identification of an overall general factor, even when it does exist, because Varimax rotation tends to eliminate general 
 factor conclusion. It has a propensity for overinflating the importance of lesser factors by cleaving up the variances of the major factors among the less important factors.


 Quartimax Rotation



Quartimax orthogonal rotation
 is used for simplification of the rows of the factor-loading matrix by rotating the factors for maximization of the squared loadings of each variable in order to make each of the variables load most strongly on just one factor. Unlike the Varimax rotation that tends to eliminate the possibility of a general factor, Quartimax rotation is adopted for the identification and establishment of a general factor by tending to produce a single general factor with which most of the manifest variables are strongly correlated. The modus operandi of Quartimax rotation is the enlargement of the variance across the rows of the factor matrix by raising the loadings to the fourth power for the purposes of making large loadings larger and small loadings smaller. Once this is done, the first factor (Factor 1) with the highest loading, magnitude and importance in the explanation of the total variance tends to be considered as a general factor because a great majority of the manifest variables load highly on it than on any of the other factors which deal successively with smaller residual of the variance after extraction of Factor 1, Factor 2, and so on in their order of magnitude. Quartimax rotation is much less popularly used than Varimax rotation with regard to orthogonal methods of factor rotation. The Quartimax rotation is the best orthogonal rotation for identification and specification of the existence of a single General Factor, where it indeed exists.


 Equamax Rotation



Equamax orthogonal rotation
 is not as widely used as the Varimax rotation nor the Quartimax rotation within the family of orthogonal rotation in factor analysis (Kpolovie, 2010). Equamax rotation is employed for simultaneous simplification of both the factors and the variables that respectively constitute the column and the row in a Rotated Component (Factor) Matrix
 . Equamax rotation 
 does this well because it is mainly a factor transformation procedure that combines Varimax
 and Quartimax
 orthogonal rotational mechanisms. To reduce erratic operation that Equamax rotation is occasionally prone, it could better be used when a small number of factors has been identified and clearly specified in the Factor Analysis: Extraction
 window’s option of Fixed number of factors – Factors to Extract
 .


 OBLIQUE ROTATION


Oblique rotation is a factor analysis transformational technique for arriving at better simple structure factor solutions that are more flexible, richer, and detailed by generating a factor pattern matrix
 , factor structure matrix
 , and factor correlation matrix
 on the basis of the assumption that the rotated factors are correlated, not independent, and do not have to maintain right angles or 900
 angles of rotation. Oblique rotation is used for the reorientation of the extracted underlying explanatory factors to fall closer to clusters of vectors that represent the manifest variables for ensuring a simplified mathematical description of the manifest variables.

Oblique rotation advocates that beyond the fact that orthogonal rotation produces attractively simple factor solutions on the assumption that the factors are uncorrelated; orthogonal rotation factor solutions could occasionally be a mere unwary and unrealistic portrayals of phenomena in the behavioural sciences because underlying social constructs are in most cases interrelated by nature. Therefore, it could be better for factor rotation to be done with oblique rotation which rather assumes that the extracted latent factors are correlated since only less than the majority of the variables in a particular research will be uncorrelated in most instances. More so, some conceptually different variables in the social sciences, and even in the natural sciences, could be dimensionally correlated (Kpolovie, 2021) in their underlying constructs.

Emphatically, Oblique rotation works on the assumption that there is some correlation among two or more of the extracted underlying factors that are rotated, and that the factors are to an extent 
 dependent on one another. To this end, the oblique rotation allows rotation of the underlying components (factors) to depart from 90 degrees, which makes the angle of rotation between factors to become oblique; hence the name – oblique rotation
 . This, however, makes oblique rotation more complex because the strength and direction of the correlation between the factors are not known initially. That is why in oblique rotation, the factors (components) are mathematically made to intersect obliquely, rotating each original factor separately by different amounts of rotation angle; which finally culminates in the unique generation of a correlation matrix for the factors.

The partial regression-like beta weights estimating the unique contributions of each component in the explained variance in a specific item are not equal to the simple correlations between the items and the components because of the correlated factor solutions that oblique rotation generates. As a compensation, the oblique rotation simultaneously produces the three matrices mentioned at the beginning of this section – Factor Pattern Matrix
 , Factor Structure Matrix
 , and Factor Correlation Matrix
 . Each of these factor matrices is explicitly presented right away.


 Factor Pattern Matrix


Factor pattern matrix refers to the loadings occasioned by oblique factor rotation in factor analysis that functions like partial standardized regression coefficients (regression weights) in a multiple regression (Kpolovie, 2021) that indicate the composition of the manifest variables that are explained by a particular underlying rotated factor. See Kpolovie (2021), the second book in the IBM SPSS Statistics Excellent Guide
 series (Kpolovie, 2020) for complete information on correlation, partial correlation, regression and multiple regression. Factor pattern matrix depicts the extent to which a particular factor affects a specific variable when the influence of the other factors is controlled for.

The factor pattern matrix is not affected by the size of the correlations among the factors. Factor pattern matrix is very relevant in the determination of factor scores as well as the participants’ scores on the factors, and in the reproduction of the correlation matrix. 
 Where the rotated factors are highly correlated (>.20), the factor pattern matrix should, by necessity be the core determinant in the interpretation of the factor analysis. This is particularly so because it is much easier to interpret the factor pattern matrix than any other oblique factor rotation matrix. When the rotated factors are highly correlated, elements in the factor pattern matrix can even exceed 1, and it may even be opposite in direction (-) to their factor structure counterparts.

It is absolutely easier to visually observe the difference between high loadings and low loadings in the factor pattern matrix than in the factor structure matrix, and this demonstrates that factor identification and interpretation in the oblique rotation should better be done with the factor pattern matrix. In other words, with factor pattern matrix, each rotated factor has just a few high loadings on a particular factor, and the most other loadings on that specific factor are small, nearer to zero (0) than to one (1). This clearly depicts the simplicity in the interpretation of the factors in the factor pattern matrix. The factor pattern matrix depicts the loadings of each indicator/item on each rotated factor when the influence of the intercorrelations among the rotated factors has been held constant, controlled for, eliminated or partial out. This is the reason that the loadings of the items on each factor are usually smaller in the pattern matrix than in the structure matrix.


 Factor Structure Matrix


Factor structure matrix in oblique factor rotation is a factor analysis output table that clearly shows the loadings of each of the variables with each of the rotated factors. The matrix of factor loadings in the oblique rotation that specifies the correlations between the items and the rotated underlying explanatory factors is termed Factor Structure Matrix
 . Factor structure matrix, the zero-order correlations (Kpolovie, 2021) of the items with the factors in oblique factor solution, could be useful in the naming and interpretation of the factors, though not as clear or simple and straightforward as the factor pattern matrix.


 The factor structure matrix is good in the interpretation of the factor solutions because it is easily affected by an increase or decrease in the size of the correlations among the rotated factors. However, there is a greater possibility of each of some of the manifest variables having high loadings (say .45 and above) on two or more factors, which complicates or tends to mar identification and interpretation of the factor structure matrix, particularly when compared with factor pattern matrix as practical examples that will be presented later will demonstrate. Generally, the loadings of each item on the rotated factors are larger in the Factor/Component Structure Matrix than in the Factor/Component Pattern Matrix.


 Factor Correlation Matrix


Factor correlation matrix is an output table in oblique factor rotation that shows all the pairs of the actual correlation coefficients of the rotated factors. Factor correlation matrix is an oblique rotation table that explicitly specifies the matrix of intercorrelations among the latent explanatory factors. Since oblique rotation is anchored on the assumption that the extracted underlying factors are correlated and not independent, it becomes necessary to show the magnitude (strength) and nature (direction) of the pairwise correlations among the rotated factors as the factor correlation matrix presents.

It must, however, be noted that the greater the correlations among the factors, the wider the difference between the factor pattern matrix and the factor structure matrix in their loadings, and the more difficult explanation of the factor structure loadings becomes. Suppose each of the pairwise correlations among the factors is spuriously high, exceeding .5. In such case, it becomes more difficult to differentially interpret the factors because all the manifest variables will be measuring a single underlying entity (factor) that is termed, General Factor (g).

In other words, when each of the pairwise correlation coefficients among the rotated factors is very large, exceeding .5; it becomes expedient to conclude that an underlying General Factor exists among the manifest variables or indicators because if the extracted latent factors where indeed distinguishable, the 
 intercorrelations among the factors could not have been so large. This accounts for why a correlation coefficient that is greater than .2 between extracted factors is said to be high as a rotated factor is not expected to account for greater than 4% (i.e., .2 × .2 × 100) of the variance in another factor. A rotated factor is not expected to be doing what another factor is doing decisively.

In test validation, very high intercorrelations among factors are indicative of the internal consistency reliability of a measuring instrument as well as the unidimensional construct validity of the measuring instrument. That is why very large intercorrelations among subscales (each of the subscales measuring an underlying explanatory factor) in a test are indicative of the internal consistency evidence of reliability and validity of the test. Even in such test validation, if two subscales have a spuriously high correlation, above .7, then one of the subscales could rather be an unnecessary duplication of the other; and should therefore be discarded.


 OBLIQUE ROTATION APPROACHES


There are many types of oblique rotation in factor analysis that may be found in some statistical software (Johnson & Wichern, 2019; Brown, 2015; Pett, Lackey & Sullivan, 2003; Meyers, Gamst & Guarino, 2017). They include Direct Oblimin, Promax, Geomin, Procrustes, and Orthoblique.

Only the first two types, Direct Oblimin and Promax, which are the most suitable, widely used and readily available in the leading statistical software, SPSS Statistics, are distinctly discussed here and later exemplified exhaustively in this book. The Direct Oblimin and Promax methods of performing oblique rotation are the most suitable in identification, simplification and interpretation of the factor pattern matrix, factor structure matrix, and factor correlation matrix.


 Direct Oblimin Rotation



Direct Oblimin
 is the most popularly used approach for execution of oblique rotation in factor analysis. The Direct Oblimin is a factor analysis transformational procedure that uses a mathematical 
 parameter in multidimensional space for the control of the degree of obliqueness and correlation allowed between the factors for the purposes of arriving at the most readily interpretable solutions. Such factor solutions has two paramount qualities. First, each of the factors is explained by a clear subset of manifest variables that highly load on the factor. Second, every of the manifest variables possesses a high loading on just one of the factors and a trivial (near zero) loading on each of the other factors.

The mathematical parameter in multidimensional space is termed delta
 , symbolized δ in SPSS; and its value can take either a negative or positive sign, depending on the desired size of the correlation among the factors. In other words, delta
 (δ) is a constant value that determines the degree to which the factors are allowed to correlate in a given Direct Oblimin rotation.

While larger positive delta
 (δ) values denote an increase in the strength of the correlation among the factors, larger negative delta
 values depict decrease in the magnitude of correlation among the factors. A delta
 value of zero (0) is the most appropriate and therefore, the most preferred to use in computing the Direct Oblimin rotation in most cases. To this end, the SPSS Statistics has the default value of the δ set as 0
 . If the δ is to be set to a value other than the default value of 0, it should not deviate too much.

In other words, delta
 should not be set to a negative value beyond -.5 nor to a positive value beyond +.5. While setting δ beyond -.5 in Direct Oblimin rotation will more likely be reducing the correlation among the factors to a point that depicts Orthogonal (uncorrelated) rotation; setting δ beyond +.5 will more likely be increasing the correlation among the factors to a point that makes the factors indistinguishable from one another. As noted much earlier, it is unreasonable to set δ down to -.8 or to set δ up to +.8 when executing Direct Oblimin rotation.


 Promax Rotation



Promax
 is a technique for rotation of factors in the Oblique rotation approach of factor analysis by first raising the obtained factor 
 loadings in Varimax rotation to a certain power called kappa
 (κ) for the purposes of simultaneous maximization of the factor loadings that depend on true score and minimization of the squared error of prediction due to error score before the rotation in line with the least-squares principle for better interpretation of the Promax rotated factors and the accompanying factor correlation matrix. There are steps taken to ensure a better simple factor solution, and a most meaningful interpretation of the three matrices (factor pattern, factor structure and factor correlation), and a rotated factor solution with the highest correlated factors.

There are four main steps in Promax factor rotation. First, the starting point in Promax oblique rotation is the generation of Varimax orthogonal rotation factor loadings.

Second, the raising of the factor loadings to a most suitable value of kappa
 (κ), such as 2, 3, 4, 5, or 6 to guarantee that while the smaller factor loadings get closer to 0, and the factors with larger loadings remain substantially high relatively.

Third, the relative difference between low loadings and high loadings occasioned by the raising to a κ value automatically culminates in boosting the intercorrelations among the factors. SPSS Statistics, the most popularly and most widely used statistical software, sets a default of 4
 as the best suitable kappa
 (κ) value in most cases.

Rotation of the factor solution and production of the factor correlation matrix constitute the climax of the technical statistical steps in Promax factor rotation.


 INTERPRETATION OF THE FACTORS


Interpretation of the rotated factors is the fourth phase of factor analysis at which the enormous output is rendered easy data-based understanding from the perspective of the participants. Interpretation is the verbal description of the major unknown quantitative values from the known surrounding quantitative data points. If a given variable has a loading of .70 on the first factor, it means that the first factor accounts for 49% (i.e., .70 × .70 × 100) of the total variance in that particular variable. Interpretation entails the verbal 
 expression of the meaning that the correlation coefficients between each of the manifest variables or items and each of the extracted and rotated underlying factors as shown in the Component (Factor) Matrix (for orthogonal rotation), or Component Pattern Matrix and Component Structure Matrix (for oblique rotation).

Principally, while the variables with suitably high loadings (.45 and above) on a particular factor denote that they each constitute a significantly profound representative of that specific factor, the variables that have small loadings (less than .45) on that factor designate that they constitute a trivial set of measured variables for that factor and are each too poor to be considered as a representative of the given underlying explanatory factor. The rationale for the use of .45 loading criterion for a minimal level of practical significance is that when squared and multiplied by 100, approximately 20% of the total variance in the variable is accounted for or explained by the specific factor in question. The underlying construct for a group of variables or items with large loadings on a particular factor is indeed that factor (Nicol and Pexman, 2011), and the factor can then be named in accordance with the group of variables that constitute it.

Reasons for active watching of CNN Television Network in preference over other television networks is used for illustration of Factor Analysis execution in this book. The CNN generally, with over 965,000 viewers was rated one of the leading 50 Television Networks in 2019 (Schneider, 2020). The CNN has consistently maintained a favourable position in the top 50 most-watched Television Networks in 2018 (over 986,000 active viewers) and 2017 (more than 1,049,000 active viewers) (Schneider, 2019). The CNN Television Channel is where most people receive news. The CNN qualifies for the most watched news network as majority of those who seek news in the United States, and perhaps even in some other countries, get it from the CNN.

The interpretation that will be provided for the SPSS output of the illustrative analysis, CNN Television Channel Option Rationalization Scale – TCORS-CNN
 , will explicitly clarify the points made about Factor Analysis, its execution and interpretation. The TCORS-CNN has 20 items, each of which is taken as a manifest variable in this 
 example. Factor Analysis is applied to the variables for possible reduction to a few underlying explanatory variables known as latent factors or latent constructs.


 CNN TELEVISION CHANNEL OPTION RATIONALIZATION SCALE (TCORS-CNN)


Television channel refers to broadcast frequency or virtual number for the production, distribution, and dissemination of television station or network programs and broadcasts. A television channel broadcasts TV signals mainly in the forms of video and sound signals that are transmitted over the air through radio waves for any functional television with a receiver and an antenna, satellite, cable, internet, or mobile wireless network to pick up with ease freely. Every TV channel is transmitted on its unique frequency to guarantee uninterrupted possibility of any functional TV to tune into it and receive. Examples of top TV channels include CBS (formerly Columbia Broadcasting System), NBC (National Broadcasting Company), ABC (American Broadcasting Company), Fox (Fox Broadcasting Company; 20th Century Fox), and the CW Television Network. There are approximately 29,467 TV channels in the world as of December 2019.

The CNN Television Channel Option Rationalization Scale (TCORS-CNN)
 with 20 items was designed on a 10-point response scale for each item with 10 points
 for Extremely Agree
 , and 1 point
 for Extremely Disagree
 to measure why the individual opts for and watches CNN TV Channel. Operationally, “CNN
 ” or “CNN Television Channel
 ” as used in TCORS-CNN and in the working example of this book refers strictly to the TV Channel – CNN International
 . It is CNN International alone that this Scale is measuring. The full scale-points are as follows:
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[image: image]


Name of the TV Channel: ___ CNN (i.e., the CNN International)
 ___


 
 TCORS-CNN
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The CNN Television Channel Option Rationalization Scale (TCORS-CNN) was administered to a randomly drawn sample of 2137 respondents. Only the scores of the first 120 respondents are used in this example as tabulated in Table 1.1
 .


 
 
 Table 1.1
 Chapter 1 Table 1 Data Book 3.sav [TCORS-CNN scores]
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 FACTOR ANALYSIS EXECUTION WITH SPSS DIALOG BOXES SELECTION METHOD



Step 1
 : Boot the computer.


Step 2
 : Click the SPSS Statistics logo [image: image]
 in the computer for launching IBM SPSS Statistics. When it is fully launched, close the superimposed window on the SPSS Data Editor.


Step 3
 : Enter the data in the Data View
 of the IBM SPSS Statistics Data Editor
 carefully without any mistake exactly as shown in Table 1.1
 with the 20 scores for each respondent constituting one row. The 
 data seem to be enormous, but you just have to accurately enter them. To analyze data for your research, you must first excitedly enter the whole data that you have collected from the fieldwork with all accuracy. Usually, data for a given research are incomparably more enormous than in this example. Practice and master the indispensable data entry skills as you work with these ones.

When the entire scores for the 120 participants have correctly been entered exactly the way they appear in Table 1.1
 , switch to the Variable View
 by clicking it beside Data View
 at the bottom extreme left corner of the screen. In the Variable View
 , under the Name
 column, type the actual names of the variables (i1
 , i2
 , i3
 , i4
 , i5
 , i6
 , i7
 , i8
 , i9
 , i10
 , i11
 , i12
 , i13
 , i14
 , i15
 , i16
 , i17
 , i18
 , i19
 , and i20
 ) to respectively replace the default names that SPSS has given them (VAR00001
 , VAR00002
 , VAR00003
 , and so on to VAR000020
 ). Under the Label
 column, type the variable names respectively as item1
 , item2
 , item3
 , and so on through to item20
 . For easy viewing of the entire data, reduce the Width
 column from 8
 to 4
 for each of the variables. Also reduce the Decimals
 column from 2
 to 0
 in each of the rows. Equally reduce the Columns
 column from 8
 to 4
 for each of the variables. In the Measure
 column, change Unknown to Scale for each of the rows. Now, the Variable View
 looks like Figure 1.1
 .
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 Figure 1.1
 Completed Variable View


 Switch back to the Data View
 by clicking Data View
 beside the Variable View
 at the bottom extreme left corner of the screen to happily see that the entered data have been appropriately named. The completed Data View
 of the IBM SPSS Data Editor
 with the data is presented in Figure 1.2
 .

[image: image]


[image: image]



 Figure 1.2
 Chapter 1 Table 1 Data Book 3.sav
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Figure 1.2
 Continued
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Figure 1.2
 Continued
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Figure 1.2
 Continued
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Figure 1.2
 Continued
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Figure 1.2
 Continued


Step 4
 : Save the data by moving the cursor to the Toolbar
 and clicking Save this document
 icon, [image: image]
 . The click produces the Save Data As
 dialog box. In it, type a most suitable name, Chapter 1 Table 1 Data Book 3.sav
 , in the File name
 box (see Figure 1.3
 ) and click Save
 .
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 Figure 1.3
 Save Data As… Chapter 1 Table 1 Data Book 3.sav


Step 5
 : Analyze the data. At this step, the required statistical operations for the execution of Principal Component Analysis
 are done. For illustrative purposes, the data will be analyzed using the different Orthogonal
 rotation methods (Varimax
 , Equamax
 , and Quartimax
 ) and the two major types of Oblique
 rotation (Direct Oblimin
 , and Promax
 ). And as much earlier stated, having mastery knowledge of this Factor Analysis method will automatically equip a person to accurately apply each of the Common Factor Analysis factor extraction procedures with the greatest ease.


 
 VARIMAX ORTHOGONAL PRINCIPAL COMPONENTS ANALYSIS


Click Analyze
 . From the Analyze
 dropdown menu, select Dimension Reduction
 . And from the Dimension Reduction
 window as shown in Figure 1.4
 , click Factor
 .
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 Figure 1.4
 Analyze [image: image]
 Dimension Reduction [image: image]
 Factor

The click on Factor
 makes the Factor Analysis
 dialog box to appear as given in Figure 1.5
 . It is in this dialog box that all the statistical operations required for performing factor analysis will be done directly or indirectly. While direct operations refer to what will be done right in the Factor Analysis
 dialog box (e.g., transfer of variables from the left panel to the right panel), indirect statistical operations refer to operations that will be done in submenus such as what selection of each of the pushbuttons (Descriptives
 , Extraction
 , Rotation
 , Scores
 , and Options
 ) in the Factor Analysis
 
 dialog box will produce. The Factor Analysis
 dialog box is so central that one must return to it from time to time in the course of executing factor analysis.
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 Figure 1.5
 Factor Analysis dialog box.

Select or highlight all the variables (item1
 , item2
 to item20
 ) in the left panel by simultaneously clicking and holding down shift and the arrow-down buttons on the keyboard. Then, move them into the Variables
 field at the right by clicking the right-pointed arrow [image: image]
 that is facing the Variables
 box as shown in Figure 1.6
 .
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 Figure 1.6
 Factor Analysis main menu with variables transferred


 Select Descriptives
 pushbutton to have the Factor Analysis: Descriptives
 dialog box as illustrated in Figure 1.7
 .
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 Figure 1.7
 Factor Analysis: Descriptives dialog box

In the Factor Analysis: Descriptives
 dialog box, checkmark three functions – Univariate descriptives
 , Coefficients
 , and KMO and Bartlett’s test of sphericity
 , in addition to the Initial solution
 that SPSS automatically checkmarks as the default, and click Continue
 . Checkmark of the Univariate descriptives
 will produce a table of the variables’ names, means, standard deviations, variables labels, and number of cases entered for each variable as part of the eventual output. Checkmark of the Coefficients
 will produce a correlation matrix as part of the eventual output. Checkmark of the KMO and Bartlett’s test of sphericity
 will generate results for showing the extent to which the data entered adequately meet the assumptions or basic requirements of multivariate normality, and sampling and variables adequacy for running the Factor Analysis. The click on Continue
 is to return to the main Factor Analysis
 menu, earlier shown in Figure 1.6
 .

This time in the Factor Analysis
 main dialog box, select Extraction
 that makes the Factor Analysis: Extraction
 dialog box to appear as illustrated in Figure 1.8
 .
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 Figure 1.8
 Factor Analysis: Extraction dialog box

The Factor Analysis: Extraction
 menu is concerned with the underlying factors extraction method to be adopted. There are seven methods of factor extraction in SPSS Statistics. They are Principal components, Unweighted least squares, Generalized least squares, and Maximum likelihood. The others are Principal axis factoring, Alpha factoring, and Image factoring. Each of these seven procedures has since been discussed under factor extraction methods.

Of all these, the Principal components
 is set by IBM SPSS Statistics as the default method for extraction of factors; and it is the most widely used method due to its appropriateness in most scenarios. The extraction method chosen in this dialog box determines the criteria for the factor solution, number of iterations, and how the eventual output will be displayed.

There are five sections (Method
 , Analyze
 , Display
 , Extract
 , and Maximum Iterations for Convergence
 (25
 is the default set by SPSS) in the Factor Analysis: Extraction
 dialog box. The Method
 section contains the seven factor extraction methods listed above; but any of the last six can only be activated from under the black small bottom-pointed arrow, [image: image]
 . The Analyze
 gives the researcher the option of choosing to provide either Correlation matrix
 or Covariance matrix
 
 at the beginning point of the analysis and output. The Display
 allows the researcher to choose either Unrotated factor solution
 or a solution based on Scree plot
 or both of them. I strongly recommend use of the two, the Scree plot
 in particular and the Unrotated factor solution
 .

In the Extract
 section, the investigator could choose to adopt the critically selected factors for further analysis Based on Eigenvalue
 (SPSS sets Eigenvalue greater than 1
 as the default) or on a Fixed number of factors
 (determined by the investigator) as the number of Factors to extract
 . Therefore, checkmark the Scree plot
 as shown in Figure 1.9
 for Scree Test to be part of the internal mechanism and of the output that will be used for determination of the very few critically extracted factors to be subjected to further analysis processes like Factor Rotation
 .
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 Figure 1.9
 Factor Analysis: Extraction with Scree plot checked

Lastly in this dialog box (Figure.1.9
 ), click Continue
 that takes you back to the main Factor Analysis
 menu (Fig. 1.6
 ). This is for further statistical operations to be done.

In the Factor Analysis
 main menu this time, select Rotation
 pushbutton. The click on Rotation
 makes Factor Analysis: Rotation
 dialog box to appear as shown in Figure 1.10
 that deals with choosing a specific approach from the different techniques of factor rotation.
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 Figure 1.10
 Factor Analysis: Rotation dialog box

There are two key sections in the Factor Analysis: Rotation
 menu, Method
 and Display
 . While the Method
 contains six rotation options (None
 , Varimax
 , Quartimax
 , Equamax
 , Direct Oblimin
 , and Promax
 ) of which the researcher must take one; the Display
 provides two possible options (Rotated solution
 , and Loading plot(s)
 ) for the investigator to take one or both. Opting for a rotation Method
 other than the None
 (set as default) automatically makes Rotated solution
 under Display
 to be activated and checked. If Loading plot(s)
 is also checked, a 3-D
 graph that requires editing for better meaningfulness will be produced as part of the output.

Click on Varimax
 as shown in Figure 1.11
 for SPSS to perform a Varimax
 rotation. Note that by opting for Varimax
 , the Rotated solution
 and Maximum Iterations for Convergence
 got activated. Recall that the current example is ‘Varimax Principal Components Factor Analysis.
 ’ After that, click Continue
 to return to the main Factor Analysis
 dialog box for yet other statistical operations to be done.
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 Figure 1.11
 Factor Analysis: Rotation menu with Varimax checked


 Select Options
 pushbutton in the Factor Analysis
 main menu (earlier shown in Fig. 1.6
 ). The click on Options
 instantly produced the Factor Analysis: Options
 dialog box as exhibited in Figure 1.12
 .
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 Figure 1.12
 Factor Analysis: Options dialog box

The Factor Analysis: Options
 window has two sections, Missing Values
 and Coefficient Display Format
 . The first section (made up of Exclude cases listwise
 [set as default], Exclude cases pairwise
 , and Replace with mean
 ) is meant for dealing with Missing Values
 as the name implies where some data values are missing at the point of data collection and or entry. The second section (made up of Sorted by size
 , Suppress small coefficients
 , and Absolute value below
 ) is vitally used for specification of how the rotated factor matrix should be displayed in the output.

In the example under consideration, leave the Missing Values
 option at the default (Exclude cases listwise
 ). In the Coefficient Display Formant
 , checkmark Sorted by size
 as this option displays the coefficient of factor loadings on each extracted and rotated factor from the largest to the smallest to guarantee easier comprehensibility and interpretability. That is, check marking the Sorted by size
 is critically important for interpretability simplification and incontestable comprehensibility.

If also the Suppress small coefficients
 is chosen and its default of .10
 is maintained, factor loadings on each rotated factor that is less than .10 will simply be blank. I suggest that if the Suppress
 
 small coefficients
 is chosen, the researcher should also increase the Absolute value below
 to at least .33,
 preferably to .45
 instead so that any variable that a particular factor loading does not account for up to approximately 11%
 (i.e., .33 × .33 × 100) or preferably to approximately 20%
 (i.e., .45 × .45 × 100) of its total variance does not appear under the factor. Emphatically, my recommendation, as shall be justifiably rationalized later, is the use of Suppress small coefficients
 of Less than .45
 (i.e., <.45).

Though choosing Sorted by size
 and also Suppress small coefficients
 constitute the best option to take, the Suppress small coefficients
 is not opted for here just to clearly illustrate that with the Varimax
 rotation, only the indicators, variables or items with high loadings (closer to 1) on a particular factor constitute the group of variables that the factor overwhelmingly accounts for; while the variables with small loadings (closer to 0) on the factor constitute a group of indicators, variables or items that the particular factor only very trivially accounts for, and are considered not to be part of that specific factor.

Checkmark Sorted by size
 in the Factor Analysis: Option
 menu as shown in Figure 1.13
 .
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 Figure 1.13
 Factor Analysis: Option menu with Sorted by size checked

Click Continue
 , which again takes you back to the Factor Analysis
 main dialog box (shown in Figure 1.6
 ). But now, it is when the necessary statistical operations for execution of the Varimax Principal 
 Components Factor Analysis
 have been completed. So, click OK
 to have IBM SPSS Statistics
 produce the results of the analysis in the Viewer
 as displayed in Output 1.1
 .


 
 Output 1.1 Chapter 1 Output 1 Book 3.spv



Factor Analysis
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 INTERPRETATION OF OUTPUT 1.1 [VARIMAX FACTOR ANALYSIS]


The Varimax Factor Analysis
 results presented in Output 1.1
 has nine subsections – Descriptive Statistics, Correlation Matrix, KMO and Bartlett’s Test, Communalities, Total Variance Explained, Scree Plot, Component Matrix, Rotated Component Matrix, and Component Transformation Matrix. Each of these is vividly interpreted.


 
 Descriptive Statistics


The Descriptive Statistics table provides the N (number of cases), Mean and Std. Deviation for each of the variables, indicators or items. For instance, while item1 has 6.97 Mean, 1.896 Std. Deviation and 120 N; item2 has 7.18 Mean, 1.734 Std. Deviation and 120 N. For each of the 20 variables, the N is 120 to show that none of the cases was excluded in the analysis because each of the 120 respondents answered every of the items.


 Correlation Matrix


The Correlation Matrix has shown the strength and direction of 400 intercorrelation coefficients among the 20 variables developed to measure people’s rationale for viewing CNN television channel. A close examination of the correlation matrix reveals reasonably high positive intercorrelations off the diagonal with very few of the coefficients that are small (less than .33), many that are moderately high (from .33 to .69), and many that are very high (.70 to .99). That the 20 variables have reasonable intercorrelation coefficients are indicative of the high probability that the factors to be extracted will be correlated (not orthogonal), as a prelude for the suitability of performing oblique factor rotation techniques. The high intercorrelations among the manifest variables may also serve as a prelude to the possibility of arriving at an underlying general factor because if all the extracted and rotated factors happen to have inter-factor correlation coefficients that are all from the high .4’s and above, unidimensionality conclusion may not be ruled out. Furthermore, if all the rotated factors intercorrelate highly, inter-subtests internal consistency reliability, subtest-total correlation evidence of reliability, and unidimensional construct validity of the measuring instrument (CNN Television Channel Option Rationalization Scale – TCORS-CNN) may be part of the conclusions.


 KMO and Bartlett’s Test


This section of the output suggests that there is great confidence in the appropriateness of the factor analysis because the 
 Kaiser-Meyer-Olkin (KMO) Measure of Sampling Adequacy is very high, .903 specifically, and the Bartlett’s Test of Sphericity (3143.137) is statistically significant at .000, read as less than .0005.

The Kaiser-Meyer-Olkin Test of Sampling Adequacy
 , abbreviated as KMO Test
 , is a measure of whether the partial correlations among the set of the 20 variables under investigation are indeed sufficient for conducting the Factor Analysis. The possible values of KMO test range from 0 to 1, and when the computed value is up to .6 and greater than .6, there is an overwhelming significant degree of relationship among the variables. Such relationship depict that the variables could be analyzed to reveal one or more explanatory underlying factors.

In the example under consideration, the value of KMO is .903 that is very close to the maximum value of 1. Assuming that each extracted factor is to explain a minimum of four manifest variables, as many as five underlying or latent explanatory factors could be extracted from the 20 manifest variables in the example under study. And supposing that each extracted factor is to explain a minimum of five manifest variables, as many as four underlying or latent explanatory factors could be extracted from the 20 manifest variables in the example under investigation. Thus, both the number of variables and of the respondents that make the sample of 120 (six times as high as the variables) are sufficiently adequate for performing the factor analysis.

The Bartlett’s Test of Sphericity
 is used for testing the adequacy of the correlation matrix to ascertain whether the correlation matrix has significant correlations among some of the variables at least. Where the variables are uncorrelated, orthogonal or independent, the observed correlation matrix will be having only small off-diagonal coefficients. Technically, the Bartlett’s Test of Sphericity tests two null hypotheses. First, that the correlation matrix in the population does not have values that are significantly different from 1 on the diagonal. Second, that the correlation matrix in the population does not have values that are significantly different from 0 off the diagonal.


 If these two null hypotheses happen to be eventually retained at .05 alpha for the 190 degrees of freedom, then all the 20 variables in the set are uncorrelated with one another; and therefore, it is needless to run the Factor Analysis. But results in the current example show that each of those two null hypotheses is rejected at .000 (read as less than .0005) alpha to reveal beyond all reasonable doubts that the 20 variables are significantly correlated; and therefore, the Factor Analysis should necessarily be run.

In other words, the Bartlett’s Test of Sphericity has overwhelmingly confirmed that first, the correlation matrix is an identity matrix in which all the diagonal terms are, indeed, 1; and second, all the off-diagonal terms in the correlation matrix are, indeed, different from 0.

The null hypothesis that the variables are significantly independent (uncorrelated or not correlated) is rejected because while the diagonal values are 1, the off-diagonal values are greater than 0 and the significance level is even very low (<.0005 alpha). It is therefore absolutely clear that the Bartlett’s Test of Sphericity value of 3143.137 is very large and the null hypothesis that the correlation matrix is an identity matrix is rejected at .0005 alpha under 190 degrees of freedom. Thus, making the data very suitable for the execution of the Factor Analysis.


 Communalities


Communalities is a table in the factor analysis output that presents the proportion of variance in each of the variables that is accounted for by the common factors. In SPSS, the Principal Component Analysis approach of factor extraction assigns 1
 as the default Initial
 communality for each of the variables; and computes as many factors as there are variables, indicating them under the Extraction
 column. With the inclusion of all the factors in the solution, all of the variance of each variable is accounted for by the common factors. This justifies the assignment of 1 as the communality for each of the variables because the proportion of variance accounted for by all the common factors is 1.


 In fact, the 1 that is assigned to each variable under the Initial column in the Communalities table also represents the values on the diagonals of the correlation matrix when Principal Component Analysis is applied in factor analysis. In this way, the Principal Component Analysis method treats each of the variables as being fully captured by the dimensional structure and explains the total amount of variance in the set of variables to be equal to the number of variables under study. Thus, in this example with 20 variables, the total amount of variance in the set of variables is 20. The total amount of variance that is 20 is equal to 100 percent of the total variance.

The values under Extraction in the Communalities table depict the amount of variance to which each variable is subsumed in the critically extracted three factors. In all, the three extracted factors account for 75.413 percent of the total variance. While Item1 has the highest amount of its variance captured by the three-component solution (.875), the variable with the smallest amount of captured variance by the three-factor solution is item15 (.477) that is substantial enough for inclusion in the component or factor structure.

Therefore, each of the 20 variables, items or indicators has a large enough amount of its total variance captured by the three-component (factor) solution. In other words, the three-factor solution accounts for enormous amount of the variance in each of the 20 variables. It also denotes that each of the 20 items is a substantial measure or indicator of people’s reasons for watching the CNN television channel. Therefore, none of the 20 manifest variables or items should be discarded from the CNN Television Channel Option Rationalization Scale (TCORS-CNN).


 Total Variance Explained


The Total Variance Explained
 section of the factor analysis output is a most comprehensive table that lists the 20 variables under the column labeled Component; with nine other columns that are categorized in threes under three broad columns that are labelled Initial Eigenvalues
 , Extraction Sums of Squared Loadings
 , and Rotated
 
 Sums of Squared Loadings
 that are respectively used to display the eigenvalues associated with each factor at three levels – before the critical extraction
 , after the critical extraction
 , and after rotation of the critically extracted factors
 under three respective broad columns. First, Initial Eigenvalues which is before the critical extraction of factors. Second, Extraction Sums of Squared Loadings which is after the critical extraction of factors. Third, Rotation Sums of Squared Loadings that is got after rotation of the critically extracted factors. Each of these is explained one after the other.


 Initial Eigenvalues broad column


There are three columns under the Initial Eigenvalues
 broad column that provide information on eigenvalues of each component before the critical extraction of only a few underlying explanatory factors. The three columns are referred to as the Total
 (i.e., the initial eigenvalues total); the % of Variance
 (i.e., the percentage of variance of the initial eigenvalues); and the Cumulative %
 (the percentage of cumulative initial eigenvalues).

These Initial Eigenvalues columns have complete list of the eigenvalues that are associated with each of the 20 components (factors) before the extraction of the critically few underlying explanatory factors or components. That is, all the 20 components within the dataset were identified by SPSS before extraction of the critically few latent factors. Before the critical extraction, the eigenvalues associated with each of the 20 factors represents the amount of variance explained by each particular factor.

Specifically, the Total Initial Eigenvalues
 lists the actual amount of eigenvalue accounted for by each of the 20 components to make up the total variance caused by all the variables. Recall that the total variance caused by all the variables is 20 as each of the manifest variables was expected by default at the Communalities
 level to contribute 1
 to the total variance.

In the Total
 Initial Eigenvalues column of the Total Variance Explained
 for instance, the actual amount of variance in the total variance accounted for by the Component or Factor 1 is 12.292, 
 by Component or Factor 2 is 1.545, by Component or Factor 3 is 1.246, by Component or Factor 4 is .880, by Component or Factor 5 is .743, by Component 6 is .600, by Component 7 is .516, by Factor 8 is .414, by Factor 9 is .314, by Factor 10 is .298, by Factor 11 is .267, by Component 12 is .213, by Component 13 is .176, by Factor 14 is .128, by Factor 15 is .123, by Factor 16 is .092, by Component 17 is .082, by Component 18 is .059, by Component 19 is .007, and by Factor 20 is .006.

When all the eigenvalues in the Total
 column of the Initial Eigenvalues
 (the amount of variance accounted for by each of the 20 components, factors, variables or items) are added, the result is 20 which is the total variance before extraction of the critically few underlying explanatory factors. Finally, in the Total
 column of the Initial Eigenvalues
 within the Total Variance Explained
 table, only the Total
 initial eigenvalues of the first three factors (12.292 + 1.545 + 1.246) out of the 20 components account for as much as 15.083 of the total 20 eigenvalues; leaving only 4.917 of the total 20 eigenvalues to be shared by as much as the remaining 17 factors. Note that Component
 and Factor
 are used interchangeably in the Principal Component Analysis extraction method of Factor Analysis.

The % of Variance
 column of the Initial Eigenvalues
 before the critically few factors extraction is a display of the eigenvalues in terms of the percentage of variance explained by each of the 20 components. In explicit terms for instance, Factor 1 alone explains 61.458% of the total variance. The 61.458% is arrived at by dividing 12.292 (the Total Initial Eigenvalues for Factor 1) by 20 which is the total number of components before the critical extraction, and multiplying the outcome by 100. That is, 12.292 ÷ 20 × 100 = 61.458%. In similar vein, the Factor 2 singlehandedly explains 7.726% of the total variance before the critical extraction. The value of 7.726% is arrived as follows: 1.545 ÷ 20 × 100 = 7.726%. Factor 3 has 6.230% of Variance of the Initial Eigenvalues (i.e., 1.246 ÷ 20 × 100 = 6.230), explaining 6.230% of the total variance before extraction of the critically few factors. By the same token each of the remaining components has the percentage of Variance of the Initial Eigenvalues that it explains of 
 the total variance listed under the % of Variance
 column as follows: Component 4 = 4.401%, Component 5 = 3.715%, Component 6 = 3.001%, Factor 7 = 2.580%, Factor 8 = 2.068%, Factor 9 = 1.571%, Factor 10 = 1.488%, Factor 11 = 1.33%, Factor 12 = 1.063%, Factor 13 = .879%, Factor 14 = .641%, Factor 15 = .616%, Factor 16 = .460%, Factor 17 = .410%, Component 18 = .296%, Component 19 = .036%, and Component 20 = .030%.

In all, when the % of Variance
 under the Initial Eigenvalues for each of the 20 that explains the total variance are added, the result is 100% of the entire variance. Thus, the complete 20 components account for 100% of the total variance in the scores obtained on the CNN Television Channel Option Rationalization Scale (TCORS-CNN), showing why members of the population differentially opt for and watch CNN television channel.

In fact, the first, the second and the third factors respectively explains 61.458%, 7.726%, and 6.230% of the total variance. When the percentage of total variance explained by the first three factors are added, as much as 75.413% of the total variance in the TCORS-CNN scores are explained by the first three underlying factors alone. Thus, the remaining 17 components explain only 24.587% of the total variance.

The Cumulative %
 of Initial Eigenvalues
 column of the Total Variance Explained
 table sequentially displays the cumulative percentage of the total variance accounted for by the 20 factors, beginning with the Factor 1 that accounts for the largest percent (61.458%) of the total variance and adds it cumulatively to the next percent of total variance accounted for by the Factor 2, Factor 3, Factor 4, and so no, through to the Factor 20 that completes the 100% of explained total variance. At Factor 2 for instance, the Cumulative %
 of total variance explained is 69.184 which is the addition of 61.458 (the % of variance uniquely explained by Factor 1) to 7.726 (the % of variance uniquely explained by Factor 2). At Factor 3, the Cumulative %
 of total variance explained is 75.413 which is the addition of 61.458 (the % of variance uniquely explained by Factor 1) to 7.726 (the % of variance uniquely explained by Factor 2) and to 6.230 (the % of variance 
 uniquely accounted for by Factor 3). And at Factor 5 for instance, the Cumulative %
 of total variance explained is 83.529 which is the addition of 3.715 (the % of variance uniquely explained by Factor 5) to 79.814 (the % of variance cumulatively explained by Factors 1, 2, 3, and 4).


 Extraction Sums of Squared Loadings


The second broad column under Total Variance Explained
 that is labelled Extraction Sums of Squared Loadings
 displays information under three columns after the extraction of the critically few underlying explanatory factors for only the critically extracted few latent explanatory factors. The three columns are labelled as Total
 (i.e., the total Extraction Sums of Squared Loadings
 ); % of Variance
 (that is explained in the information under the Extraction Sums of Squared Loadings
 ); and Cumulative %
 (of total variance explained by the information provided under the Extraction Sums of Squared Loadings
 ).

There are only three critically extracted underlying components or factors in this example that overwhelmingly explain the entire total variance due to all the 20 manifest variables. Extraction of these three mega underlying explanatory factors is based on the SPSS default of Eigenvalues greater than: 1
 . The Eigenvalues greater than: 1
 that SPSS Statistics uses as the default yardstick for final factor extraction is in accordance with Kaiser’s criterion
 of retaining only the factors with greater than 1 eigenvalues, and in accordance with the Scree Test
 that uses the discrimination point (usually at greater than 1 eigenvalues by default) in the Scree Plot
 curve to determine the number of critically few underlying explanatory factors for retention and for subjection to subsequent analytical processes in the factor analysis, which is ultimately Factor Rotation
 .

The eigenvalues associated with the critically extracted three underlying explanatory factors are again displayed under the Extraction Sums of Squared Loadings
 under three columns (Total
 , % of Variance
 , and Cumulative %
 ) with the same values that were listed and interpreted under the three similar columns in Initial 
 Eigenvalues
 broad column. Of the three critically few extracted underlying explanatory factors, Factor 1 has 12.292 eigenvalues as shown under the Total
 column of Extraction Sums of Squared Loadings
 . The eigenvalues of 12.292 that Factor 1 alone has designates that the Factor 1 accounts for or explains as high as 61.458% (12.292 ÷ 20 × 100) of the total variance when all the 20 variables, indicators or items are considered. The 61.458% can be seen under % of Variance
 column in the Extraction Sums of Squared Loadings
 . The Cumulative %
 of the total variance accounted for by the Factor 1 is 61.458 as given in the Cumulative % column of the Extraction Sums of Squared Loadings
 .

The second row of the Total Variance Explained table has shown that Factor 2 has 1.545 eigenvalues (see Total
 column of Extraction Sums of Squared Loadings
 ); and the Factor 2 accounts for or explains 7.726% (1.545 ÷ 20 X 100) of the total variance for all the 20 variables or items. The 7.726% of Variance (see % of Variance
 column in the Extraction Sums of Squared Loadings
 ) that the Factor 2 has, is distinct from the % of Variance
 that has already been accounted for by Factor 1. Therefore, the amount of the total variance explained exclusively by the Factor 1 (61.458%) can and should be added to the amount of the total variance that is unilaterally accounted for by the Factor 2 (7.726) to have a Cumulative %
 of the total variance explained by the Factor 1 and Factor 2. The Cumulative % of total variance accounted for by only the first and second factors is 69.184 as can be observed in the cell made by the second row and the Cumulative % column of Extraction Sums of Squared Loadings
 .

It can be discerned from the third row of the Total Variance Explained table that the Factor 3 has 1.246 eigenvalues (under Total column of the Extraction Sums of Squared Loadings
 ). With the 1.246 eigenvalues, Factor 3 singlehandedly accounts for 6.230% of the total variance for all the 20 variables or items taken together. The 6.230% of variance (shown under % of Variance
 column of the Extraction Sums of Squared Loadings
 ) is not
 related to the variance of the Factor 1 and of the Factor 2. Therefore, the percentage of the total variance independently explained by the Factor 1 (61.458%), 
 the Factor 2 (7.726%), and the Factor 3 (6.230%) can and should be added to have 75.413 Cumulative %
 that can be seen at the cell made by the third row and the Cumulative %
 column of Extraction Sums of Squared Loadings
 . Conclusively therefore, the three critically extracted underlying explanatory factors (Factor 1, Factor 2, and Factor 3) collectively account for 75.413% of the total variance in the scores obtained by the population on the CNN Television Channel Option Rationalization Scale (TCORS-CNN)
 as unmistakably revealed by the Factor Analysis Total Variance Explained table of the Output 1.1
 .

The practical implication is that only 24.587% of the total variance that is not explained or accounted for by the three critically extracted latent explanatory factors. In other words, the 24.587% of unexplained total variance is shared by the remaining 17 out of the 20 components. Finally, on the Total Variance Explained section of the factor analysis output, only these three critically extracted underlying explanatory factors (Factor 1, Factor 2, and Factor 3) were subjected to the Factor Rotation
 that is readily interpreted shortly.


 Rotation Sums of Squared Loadings


The broad column of Total Variance Explained table that is called Rotation Sums of Squared Loadings
 is used to display the total eigenvalues and the percentage of the total variance explained by each of the factors, as well as the cumulative percentage of variance accounted for by the critically extracted few factors after these factors have been rotated. Like the two other broad columns, the Rotation Sums of Squared Loadings has three columns that are labelled: Total
 ; % of Variance
 ; and Cumulative %
 .

The Factor Rotation optimized the factor structure and, to an extent, better equalized the relative importance of the rotated factors. With the optimization and appreciable equalization of the reputation of the factors, the eigenvalues and the percentage of total variance explained by the Factor 1 decreased, while the eigenvalues and percentage of total variance accounted for by the subsequent factors, Factor 2 and Factor 3 increased.


 Factor rotation characteristically reduces the eigenvalues, the percentage of the total variance accounted for by, and the cumulative percent of the Factor 1 which usually accounts for a considerably more variance than the other extracted factors in factor analysis. Consequent upon rotation of the three critically extracted latent explanatory factors, the Total eigenvalues, the % of Variance, and the Cumulative % of the Factor 1 have respectively reduced from 12.292 to 7.835, from 61.458% to 39.175%, and from 61.458% to 39.175% before and after the rotation of the extracted factors. The Factor 2 has got increment of its Total eigenvalues from 1.545 to 4.130, and its % of Variance from 7.726 to 20.650 before and after rotating the factors. The Cumulative % at the Factor 2 has rather decreased from 69.184 to 59.825 before and after the factor rotation. The Factor 3 has gained in its eigenvalues from 1.246 to 3.118, and in its % of Variance from 6.230 to 15.588 before and after rotating the factors. The Cumulative % at the third factor is still 75.413 as it was before and after the critical extraction of the few underlying explanatory factors.

The % of Variance
 in the total variance accounted for by each rotated factor was arrived at just as it was done before and after the critical extraction of the factors. For Factor 1, the rotated % of Variance was arrived at by dividing its Total eigenvalues (7.835) by 20 (the total number of manifest variables or of the Initial Components) and multiplying the resultant value by 100. That is, 7.835 ÷ 20 × 100 = 39.175. The Cumulative % of the rotated Factor 1 is as shown in its column in the table, 39.175.

The rotated Factor 2 has 20.650% of variance (4.130 ÷ 20 × 100), the extent to which it uniquely explains the total variance. The rotated Cumulative % at the Factor 2 is 59.825 (i.e., 39.175 + 20.650).

With the Factor Rotation, the Factor 3 is now having 15.588% of the total variance (i.e., 3.118 ÷ 20 × 100) explained unilaterally. The Cumulative % of total variance accounted for by the three rotated factors – Factor 1, Factor 2 and Factor 3 is 75.413 that was arrived at by adding the % of Variance independently accounted for by each of the three rotated factors (i.e., 39.175 + 20.650 + 15.588). The optimization of the factor structure and equalization to a certain extent 
 that Factor Rotation accomplishes is so crucial in factor analysis because it balances the critically extracted factors to allow for the greatest possible meaningfulness and for extreme interpretability of the factor solution.


 Scree Plot


The Scree Plot section of the output is a graphical presentation that shows the number of critically extracted underlying explanatory factors from the point of demarcation (point of discrimination) up or from the point of the sharp curve up, which is at greater than 1 eigenvalue. The number of factors above the point of discrimination is three; ascertaining that there are only three factors or components that overwhelmingly explain or account for the total variance when all the 20 variables are taken under consideration. The point on the Scree Plot curve that is a little above 12 Eigenvalues is the Factor 1 (Component Number 1); the point on the Scree Plot curve that is close to 2 Eigenvalues is the Factor 2 (Component Number 2); and the point on the Scree Plot curve that is just closely above 1 Eigenvalue (slightly above the midway between 0 and 2) is the Factor 3 (Component Number 3). Only these three critically extracted factors that were subjected to the ultimate factor analysis processes – chiefly Factor Rotation.


 Component Matrix


The Component Matrix section of the Output 1.1
 is a matrix that presents the unrotated three critically extracted factors to show the magnitude and direction of the correlations that relate each of the 20 variables, indicators or items to the three Factors (Component 1, Component 2, and Component 3). The Component Matrix indicates how well each of the variables is accounted for or explained by each of the three critically extracted factors before subjection to factor rotation. In other words, the extent to which each of the manifest variables loads on the unrotated Factor 1, Factor 2 and Factor 3 is presented in the Component Matrix. However, for the fact that the extracted factors at the level of Component Matrix are unrotated 
 (have not been rotated yet), making of the important decisions about the factors and the variables that load on them for which factor analysis was adopted in the data analysis cannot and should not be taken merely on the basis of the information presented in the Component Matrix.


 Component Matrix (Unrotated factors) Inappropriateness


Crucially important decisions about the factors and the variables that load on them do not have to be taken based on only information in the Component Matrix which merely shows the unrotated factors with their loadings for a number of reasons as captured in the next four paragraphs.


Lacks optimization and equalization of the loadings on factors
 . The first of reasons for inappropriateness of Component Matrix in making crucially important decisions is that the variables that load highly on specific factors have not yet been optimized and have not yet been equalized to acceptable simple interpretability level. Out of the 20 variables for instance, items 3, 5, 10, 8, 1, 4, 2, 9, 11, 7, 6, 14, 13, 16, 19, 20, 12, 15, 17, and 18 all have very large loading (≥.45) each on Factor 1 alone and small loadings (<.45), with the exception of items 12, 17 and 18, on each of Factor 2 and Factor 3.


High probability of observing cross-loadings
 . A second reason is that some of the variable or items each has cross-loadings
 on the factors. Cross-loadings
 at this level here is when a single variable indicates suitably large loadings (≥.45) on two or more of the critically extracted unrotated explanatory factors. Cross-loadings is multiple large (equal to and/or greater than .45) loadings of one manifest variable on more than one of the critically extracted latent factors. For instance, while the item or variable 12 has very large loadings on both Factor 1 and Factor 2, the variables 17 and 18 each has very large loadings on both the unrotated Factor 1 and Factor 3. Such cross-loadings do not fit into the much-needed simple factor structure interpretation in which each variable loads highly (≥.45) on just one factor and poorly (<.45) on all the other factors. Thus, cross-loadings that are possible in the Component Matrix do not allow 
 for unmistakable interpretation of the factors in factor analysis. It is to overcome the problems associated with Component Matrix that factor analysis essentially performs Factor Rotation.


High propensity to conclude that a general factor exists even when it does not
 . The unrotated factor solutions presented in the Component Matrix fail to provide the best meaningful and the most easily interpretable clusters of items by erroneously enticing the investigator to conclude that an underlying general factor exists in the data set even when, in reality, there is no such general factor. The reason for the general factor conclusion temptation is because the unrotated factors are normally extracted in their order of importance such that the first unrotated factor most frequently appears as a general factor on which majority of the manifest variables or items load very highly. In this way, the first factor accounts for the largest amount of the explained total variance of all the items taken together; while each of the additional extracted factors accounts for the remaining amount of variance in successively smaller proportions.

But in actual fact, the seeming general factor might be a mere artifact of the unrotated factor solutions which is, indeed, not the true feature of the independently observed items or variables. This illusive general factor enticement of the unrotated factors can easily be seen in the Component Matrix in which each of the 20 items is having a very large loading (≥.45) on the Factor 1 and relatively small loadings on Factor 2 and Factor 3.


 Rotated Component Matrix


The Rotated Component Matrix
 is the most crucial section of factor analysis output. The Output 1.1
 has presented the Varimax orthogonal rotation
 of the critically extracted underlying factors in a matrix. The rotated component matrix explicitly shows the extent to which each of the three Factors (Components) explains each of the observed variables (items) in such a manner that the specific variables accounted for overwhelmingly by each of the rotated factors (Factor 1, Factor 2, and Factor 3) are unquestionably revealed to 
 guarantee simple and unmistakable interpretation. For each of the three rotated underlying explanatory factors (used interchangeably with components), the variables (used interchangeably with items) that are vitally accounted for constitute a cluster in which each variable has a very large loading on the factor.

For example, the cluster of variables that Factor 1 alone substantially accounts for is made up of item1, item2, item4, item3, item5, item6, item7, item8, item9, item10, and item11; each of which has a very large loading that ranges from .883 to .722 on the Factor 1. The cluster of variables that Factor 2 uniquely explains or accounts for vitally is made up of item12, item13, item14, item15, and item16; each of which has a very large loading that ranges from .850 to .612 on the Factor 2. The cluster of variables that the Factor 3 unilaterally accounts for enormously is composed of item17, item18, item19, and item20; each of which has a very large loading that ranges from .807 to .578 on the Factor 3. The values in the transformation matrix are functions of the angles of rotation of the factors or components.

On the contrary, the items that a particular factor does not overwhelmingly account for constitute a constellation in which each item has a very trivial (nearer to 0) loading on the factor, and therefore deserves to be suppressed. For instance, the items that Factor 1 does not vitally account for are item12, item13, item14, item15, item16, item17, item18, item19, and item20. Each of these items has trivial loading that ranges from .127 to .367 on the Factor 1. The items that the Factor 2 does not meaningfully account for are item1, item2, item4, item3, item5, item6, item7, item8, item9, item10, item11, item17, item18, item19, and item20; that each has a trivial loading which ranges from .026 to .440 on the Factor 2. As many as 16 of the variables are not accounted for substantially by the Factor 3. They are item1, item2, item4, item3, item5, item6, item7, item8, item9, item10, item11, item12, item13, item14, item15, and item16; with each having a trivial loading that ranges from .072 to .399 on the Factor 3.

Each of the items with low loading on a particular factor should at best be suppressed under that factor. Sorting of items with large 
 loadings (≥.45) and suppression of items with trivial loadings (<.45) when Absolute value below: .45
 are used shall very soon be treated.

It must be emphatically asserted that each of the items that are profoundly accounted for by a particular factor is not explained beyond triviality by any of the two other factors. In other words, with the Varimax orthogonal factor rotation, once an item loads very largely on a specific factor, it automatically lacks considerable loading on any of the other two factors. That is, each row of the factor matrix in the Rotated Component Matrix section of the Output 1.1
 contains only one vital or very large loading (nearer 1) on just one factor and two trivial (nearer 0) loadings on the other two factors.

Similarly, each column of the factor matrix explains only the few items with very large factor-loadings and renders not more than trivial explanations to each of the many other items with small factor-loadings on the factor in the column. It is with this sort of balancing of the factor-loadings in the rotated factors that the Varimax orthogonal rotation mathematically accomplishes turning the reference axes of the rotated factors about their origin at right angle (angle 900
 ) to accurately achieve a simple structure
 or simple factor solution
 that maximally simplifies interpretability with the best possible theoretical meaningfulness.


 NAMING OF THE FACTORS


Now, the Factor Analysis has overwhelmingly disclosed that only three factors (Factor 1, Factor 2, and Factor 3) were critically extracted and rotated. The Rotated Component Matrix on the basis of Varimax orthogonal rotation has very clearly revealed an ideal factor rotation with a simple structure solution. In the simple structure solution, each of the items has a truly large and most meaningful loading exclusively on just one factor. In addition, each factor has indisputably large and maximally meaningful loadings for only some of the items, the items with very large loadings that constitute a cluster on it.

Next, it has become necessary to closely examine the clustering of the items on each factor and their wordings in order to provide 
 appropriately distinctive name for each of the three rotated factors. Meticulous examination of the wordings of the items that constitute the exceptionally explained cluster by each of the three rotated factors (Nicol & Pexman, 2011; Johnson & Wichern, 2019) in the CNN Television Channel Option Rationalization Scale – TCORS-CNN
 has revealed that the Factor 1
 which has eleven items be named Irresistible world-improvement rationalization
 . The Factor 2
 which has five items be named Inbuilt quality rationalization
 . And that the Factor 3
 which is having four items be named Cautious appeal rationalization
 accordingly for watching CNN TV Channel as presented in Table 1.2
 .


 
 Table 1.2
 Factor names in TCORS-CNN via Varimax orthogonal rotation
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[image: image]



 
 SORTING AND SUPPRESSION OF ITEM LOADINGS ON ROTATED FACTORS


The thorough examination of the loadings of the items on the rotated underlying explanatory factors for determination of the magnitude or strength of the loadings and the extent to which the loadings are consistent with the original conceptualizations before the factor analysis began (Alamieyeseigha & Kpolovie, 2013; Kpolovie, 2014) was accomplished by sorting the factor component matrix and suppressing items with trivial loadings on each factor as shown in the Table 1.2
 . While the sorting was for the very large loadings items on each factor to form an easily visualized meaningful cluster, the suppression of items was to discard the items with trivial loadings from appearing on each of the factors. The trivial loadings cut-off used for each item on a factor in the example under consideration is <.45 which implies that the particular rotated factor accounts for less than 20% of the variance in the respondents’ scores on that item, indicator or variable.

Please, very quickly confirm the sorting and suppression of item loadings on the rotated factors as exhibited in Table 1.2
 with some simple statistical operations in the IBM SPSS Statistics for Windows. Retrieve the dataset saved as Chapter 1 Table 1 Data Book 3.sav
 . Click Analyze
 [image: image]
 Dimension Reduction
 [image: image]
 Factor
 . Click Reset
 to return the items to the original statistical status quo. Transfer the items into the Variables
 field. Click Rotation
 [image: image]
 Varimax
 [image: image]
 Continue
 . Click Options
 [image: image]
 Sorted by size
 [image: image]
 Suppress small coefficients
 . Type .45
 in the small box beside Absolute value below:
 [image: image]
 . Click Continue.
 Lastly, click OK
 .

With the above few and simple SPSS statistical operations, you can see that the Rotation Component Matrix
 has first of all, sorted the factor loadings by size from the largest to the smallest for each factor. Secondly, suppressed all the trivial loadings (<.45) of all the items under each of the factors. And thirdly, only the items with large loadings (≥.45) on a given factor as presented in Table 1.2
 are very neatly displayed in the Rotated Component Matrix
 of the output that you currently have in your IBM SPSS Statistics Viewer
 .


 These sorted values were highlighted in the Rotated Component Matrix section in Output 1.1
 . The factor loadings in each column that were not highlighted are the ones suppressed.

The Absolute value below:
 [image: image]
 is the cut-off indicator of how large a factor loading of an item is needed to be for the item to be regarded as an important contributor to the cluster of items that are used for the interpretation of a particular factor. For each factor, the items with the largest loadings on it are considered to be the best representatives of the specific underlying explanatory construct that the latent factor measures. The items with the least loadings on a latent factor are weaker representatives of the specific underlying explanatory construct that the factor substantially measures. For the purposes of factor interpretation, only the items with loadings up to and greater than the “Absolute value below: .45
 ” on a given rotated latent factor are used.


 JUSTIFICATION OF ≥.45 FACTOR LOADINGS FOR INCLUSION OF AN ITEM IN A FACTOR


By default, IBM SPSS Statistics uses <.10 in the Factor Analysis: Options
 dialog box for automatic suppression of an item’s loading on a particular factor. Pett, Lackey and Sullivan (2003) and Landau and Everitt (2004) suggest use of <.40 as the cut-off point. Some authors have recommended that any item with a loading of <.33 should not be included in the interpretation of a rotated factor because the factor will be accounting for only approximately less than 11% of the item (i.e., .33 × .33 × 100) (Ho, 2014). Others like Field (2018) have recommended the use of <.30 as the cut-off criterion for suppression of item loadings from the interpretation of a rotated factor because at .30 loading, a rotated factor explains 9% of the variance occasioned by an item. Brown (2015) noted that item loadings on a factor that could be interpreted as salient in using the item as one that has meaningful relation with either a primary or secondary latent factor should be ≥.30 or ≥.40. I consider all these four suggestions (<.10, <.40, <.33, and <.30) to be reasonable to an extent in some situations because an explicit guideline that is universally 
 accepted by all and sundry do not yet exist. The four different yardsticks suggested can be improved upon as I have posited hereunder.

Preferably, I recommend the use of ≥.45 loading as the yardstick for inclusion of suitable items in the interpretation of a rotated factor because an item that loads up to .45 on a factor has approximately 20% of its variance accounted for by the factor in question. An item with a loading of <.45 should not be included in the interpretation of the factor because the factor cannot account for up to 20% of its variance. Thus, item loadings of <.45 could better be suppressed. Some of the reasons for my recommendation of ≥.45 loadings as the yardstick for inclusion of an item in the interpretation of a crucially extracted latent factor in Factor Analysis include:



 Surer evidence of interpretability


Adoption of ≥.45 loading for inclusion of an item in the interpretation of a rotated factor serves as a much surer evidence that the item should indeed be part of the cluster of items with large loadings that a rotated underlying explanatory factor expressly accounts for. With <.45 as the yardstick for suppression of items that have low or unsuitable factor loadings on a given factor, there is a greater confidence and certainty that the items that form the cluster of large loading items on the factor will interpret the factor with greater ease and accuracy.


 Reduction of cross-loadings


Cross-loading is when an item loads acceptably high on two or more rotated factors. Another reason for preferably using ≥.45 for inclusion of an item in interpreting each rotated factor is reduction of cases of cross-loading. When <.33 loading is used for suppression of items (non-inclusion of the items) in the interpretation of underlying explanatory factors, there are bound to be more instances of cross-loadings than when <.45 loading is employed in the suppression of items from the interpretation of rotated factors in factor analysis. Put 
 differently, at cut-off loadings of <.33, approximately 11% of the variance due to a specific item is commonly shared with the latent factor in question, leaving as much as 89% of the item’s variance unaccounted for by the concerned underlying factor. But at <.45 loading as the cut-off point, as much as not less than 20% of the variance in that item is shared with and can be singlehandedly accounted for by the rotated factor in question, leaving a relatively smaller amount of the variance in that item (80%) unexplained by the factor. It is therefore much more desirable for a rotated factor to explain or account for 20% of a particular item’s variance than 11% for instance. Explaining 20% of an item’s variance by an extracted latent construct is better than explaining just 11%, 16%, 9% or 1% of the item’s variance.


 The ≥.45 loadings principle



The ≥.45 loadings principle
 is a factor analysis phenomenology wherein a small percentage of the components in the Initial Eigenvalues of the Total Variance Explained of a valid test accounts for a large proportion of the total variance that the test measures. With the ≥.45 loadings principle, 20% of the entire components that measure the attribute which the test validly and reliably covers, accounts for about 80% of the total variance in the attribute. In other words, 80% of the total variance in the respondents’ scores on the test with respect to the measured attribute, comes from the top 20% of the entire components in the set of indicators. The ultimate essence of factor analysis is the identification and interpretation of the latent components in the test that constitute the top 20% which accounts for as much as 80% of the total variance in the attribute measured by the test, set of items, indicators or variables.

In the current example, CNN Television Channel Option Rationalization Scale – TCORS-CNN, there are 20 components that explain the total variance. Twenty percent (20%) of the 
 20 components is four (i.e., 20 divided by 100, multiplied by the 20 components is equal to 4 components). Therefore, the top four components (Components 1, 2, 3 and 4) in the Initial Eigenvalues cumulatively accounts for roughly 80% of the total variance in the test scores. That is why the top three of the 20 components (Components 1, 2 and 3) that were critically extracted and rotated cumulatively accounts for as much as 75.413% of the total variance in the TCORS-CNN scores.

By the same token, when a critically extracted factor/component accounts for not less than 20% of the variance in an item, which is an equivalent of the ≥.45 loading of that item on the particular factor/component, the said factor would have explained roughly 80% of the causes of the entire variance in that item. The use of the ≥.45 loadings principle
 allows for 80/20 rule
 in the factor interpretation. With ≥.45 loading of an item on a factor as the criterion for inclusion of that item in the interpretation of the factor, the factor accounts for as much as 20% of the total variance in that item; and 80% of the causes of the variance in that item would have come from the top 20% of the components of that item; assuming the item were fragmented into several components. This is analogous with the 80/20 rule
 , the principle of factor sparsity
 , or the law of the vital few
 that is popularly referred to as the Pareto principle
 (Teodorescu, 2010; Pareto, 1896; 1897; Koch, 2014).

The Pareto principle
 asserts that for majority of events, roughly 80% of the effects come from 20% of the causes (Juran, 1964). When an underlying rotated factor explains 20% of the variance in an item, it could be that the factor has indeed accounted for roughly 80% of the plausible causes of the variance in that item in accordance with the ≥.45 loadings principle (Kpolovie, 2010). Therefore, once a factor uniquely accounts for up to 20% of the variance that is due to an item, the item can and should be taken with great confidence to 
 form part of the inextricable items that the rotated latent factor substantially explains.

The 80/20 Principle, according to Koch (2014, 217), is anchored on the observation that approximately the top 20% of virtually every distribution most often accounts for 80% of the impact of the distribution. As illustration, he asserted that many studies in business have shown that “the most popular 20 percent of products accounts for approximately 80 percent of sales; and that the 20 percent of the largest customers also account for about 80 percent of sales; and that roughly 20 percent of sales account for 80 percent of profits. Likewise, it is a safe bet that about 80 percent of crime will be accounted for by only 20 percent of criminals, that 80 percent of accidents will be due to 20 percent of drivers, that 80 percent of wear and tear on your carpets will occur in only 20 percent of their area, and that 20 percent of your clothes get worn 80 percent of the time.” It is with Factor Analysis that the 20% of the critically vital few out of the enormous manifest variables, items or indicators that account for 80% of the total variance in a test are extracted, rotated and interpreted. So, Factor Analysis is adopted for the discovery of the critically vital few latent variables (often less than the top 20%) that actually accounts for the near total (often greater than 80%) of the entire effect of all the manifest variables. In like manner, when an extracted and rotated factor explains up to 20% of the variance in an item, the item should be included as part of the items that vitally interpret the latent factor. The reason being that when a latent factor accurately accounts for up to 20% of the variance in a manifest variable, 80% of the common variance in that variable has been explained by the latent factor.


 Greater thoroughness in test development


The recommendation of suppression of <.45 item loadings on a factor demands greater thoroughness in the generation 
 of indicators for the measurement of a trait. When a construct has to be measured, only items that indeed are true indicators of the construct should be unambiguously structured for the purpose. An item should not be designed to confuse the respondents. The golden rule in test development is that the more suitable an item is in measuring a specific construct, the larger the loading of that item on the underlying explanatory factor of that construct (Kpolovie, 2016; 2014). An item should not be structured such that two or more interpretations can rightly be given to it. Each indicator in the measurement of a construct should be very precise in clearly measuring just the trait for which it is generated.

The quality of any test depends exclusively on the items with which it is composed. Each item should require the respondent to perform just one task, eliciting of a unit of his ability or personality. That is, every indicator or item should strictly be a true measuring unit of the construct. To generate good indicators on an attribute, the investigator must have first of all acquired a thorough mastery or knowledge of the trait. No sentences are read with more critical attention to both the expressed and implied meanings than those that constitute an item in a measuring instrument (Kpolovie, 2016). Every item must be composed in such clear terms that it communicates only the desired meaning. Detailed and crystal-clear instructions should be provided for a test because the responses that the measuring instrument elicits depends largely on the clarity and accuracy of the instructions. Only items that are typically in accordance with the theoretical specifications of the construct that the test is meant to measure should be generated. The odds are very high for items generated as indicators of a construct in line with the tips provided here to have large enough loadings (≥.45) on the factor than items that are arbitrarily bundled together for measuring the trait.




 
 CLASSIFICATION OF ITEM’S LOADINGS SUITABILITY ON A FACTOR FOR INTERPRETATION


The greater an item’s variance that a rotated factor explains, the better the item in interpretation of the factor. Quantitative categorization and qualitative evaluation of the suitability and accuracy of ranges of the magnitude of the loadings that an item should have on a factor for inclusion of the item in the clear interpretation of an underlying explanatory factor in factor analysis that I recommend are as given in Table 1.3
 .


 
 Table 1.3
 Description of the suitability of an item’s loading on a factor for inclusion in the factor’s interpretation

[image: image]
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It cannot be emphasized enough that the greater the loadings of the items in a cluster on a particular factor, the easier and the more appropriate the interpretation of that specific rotated factor. When the items in the cluster that constitutes a factor individually have extremely suitable
 , or very highly suitable
 loadings on the factor, the interpretation of the concerned latent factor becomes very easy and accurate because overpowering amount of the variance of each of the items in the cluster is commonly shared with the factor. In this way, the wordings that form the contents of the items can most appropriately be used to interpret or describe the factor that underlies the cluster of items.

In the example under study, each of the eleven items in the cluster that loads on Factor 1 has a loading that is very highly suitable
 , 
 ranging from .883 to .722, in the interpretation of the factor. Therefore, the Factor 1 is easily named after a theme that commonly runs through the items that load on the factor – Irresistible world-improvement rationalization
 for watching of CNN TV Channel. Three of the five items in the cluster that loads on Factor 2 also have very highly suitable
 loading each on the factor; while each of the remaining two items equally have suitable
 loading on the factor. The Factor 2 is thus rightly named in line with the prominent theme that describes the contents of the items that the Factor 2 prominently accounts for – Inbuilt quality rationalization
 for watching of the CNN TV Channel. In like manner, the four items that load on the rotated Factor 3 (two very highly suitable
 , one highly suitable
 , and the other suitable
 ) have a common theme of caution. The Factor 3 is therefore named accordingly as Cautious appeal rationalization
 for watching of the CNN TV Channel. The interpretation of each of the rotated underlying explanatory factors is further elaborated in the next five paragraphs.


 Factor 1: Irresistible world-improvement rationalization


The Factor 1 is made up of 11 items (item1, item2, item4, item3, item5, item6, item7, item8, item9, item10, and item11 in the order of their loadings’ magnitude), each of which loads very highly on the Factor 1. The common theme or element that the 11 items suggest is irresistible world-improvement rationalization
 for the watching of CNN TV Channel. The Irresistible world-improvement rationalization for watching CNN TV channel represents how the CNN TV channel has positive effect in improvement of the world by enhancing society building, triggering positive imagination, providing quality information habitually, influencing better decision making, encouraging education, being highly educative, positively influencing adults, raising curiosity, effectively communicating desirable advertisements, and being most entertaining. The very important information in society building is that the CNN TV channel disseminates relevant information which stimulates imagination and curiosity that propel novel ideas for extraordinary advancement of the radically changing world (Kpolovie and Lale, 2017).


 
 Factor 2: Inbuilt quality rationalization


The Factor 2, Inbuilt quality rationalization, is made up of five variables or items (item12, item13, item14, item15, and item16) that individually load very highly on the Factor 2; and collectively suggests inbuilt quality rationalization for watching of the CNN TV channel. The inbuilt quality rationalization for watching CNN TV channel is a factor loading that represents an excellent combination of tuner, display and loudspeakers with which the CNN TV channel is internally designed to most flexibly and colourfully produce astonishing audio, life events, bright motion and still pictures for capturing and sustaining the attention of millions of people intercontinentally around common interests.


 Factor 3: Cautious appeal rationalization


The Factor 3, Cautious appeal rationalization, is made up of four variable (item17, item18, item19, and item20) that though each uniquely loads very highly on the Factor 3, they collectively share a common theme of cautious appeal rationalization for watching the CNN TV channel. The Factor 3 represents the caution that viewing the CNN TV channel elicits. The Cautious appeal rationalization of CNN TV channel depicts the cautiousness that in spite of the Channel’s compelling appeal, continuously viewing the CNN TV channel could be a bad influence on children as it might lead to decrease in academic achievement. Also, that watching the CNN TV channel more than 3 hours per day is likely to have negative effect on the health, and that too much watching of the CNN TV channel might be bad for the brain.

In all, the extracted and rotated latent Factor 1 (Irresistible world-improvement rationalization), Factor 2 (Inbuilt quality rationalization), and Factor 3 (Cautious appeal rationalization) account for over 75% of the total variance in the observed scores on the CNN Television Channel Option Rationalization Scale – TCORS-CNN as have earlier been revealed by the Cumulative Extraction Sum of Squared Loadings and the Cumulative Rotation Sum of Squared Loadings in particular. The high Cumulative Rotation Sum of Squared 
 Loadings denotes that as much as over 75% of the total variance in the TCORS-CNN is explained by the three extracted and rotated latent factors – irresistible world-improvement rationalization, inbuilt quality rationalization, and cautious appeal rationalization. It could also be theoretically concluded that the CNN Television Channel Option Rationalization Scale has three subtests or subscales as represented by the three named factors in reliably and validly measuring why people opt for and watch the TV channel – CNN. The entire 20 manifest variables of the TCORS-CNN have thus been excellently reduced into only three underlying explanatory variables, that each constitutes a unique subscale which could serve as the basis for theory formulation.

In addition to substantial loading of each of the items on the extracted and rotated latent factors as primary requirement for interpretation of factor analysis output, the Rotated Component Matrix in particular, easy interpretability of the factors demands that each factor should have many enough items that largely load on it. If out of the several items subjected to the analysis, only too few items, say one or two have considerably high loadings on a rotated factor, that factor cannot be meaningfully interpreted. It could even be better to delete the few items and rerun the analysis with only the other items than to contemplate inclusion of a factor that had only too few items loading on it. If out of the 20 items in the working example, four factors were extracted and rotated, and only two items loaded high enough on the third and fourth factors each, it will be better to specify in the course of the analysis that it should produce an output with only two factor loadings.

In the example under consideration with 20 items, each of the rotated factors had many enough items. The first factor had 11 items loading largely on it, the second factor had five items loading saliently on it, and there were four items with vital loadings on the third factor. More so, the items were neither biased nor ambiguous in the measurement of the attribute for which they were developed. Each item was specific, straightforward, simple, apt, and pure structurally in measuring only a single part of the attribute and 
 therefore fit for the interpretation of only one latent factor. That is, the items for the measurement of a trait should not be ambiguously or biasedly structured as ambiguity and biasness in the structuring of the wordings of an item make the item prone to load on multiple factors (Kpolovie, 2014).


 SUMMARY OF THE INTERPRETATION OF OUTPUT 1.1


Reasons for which people watch the CNN TV Channel as measured by the CNN Television Channel Option Rationalization Scale – TCORS-CNN were investigated. The TCORS-CNN is composed of 20 generated items on a 10-point scale with 1 for Extremely Disagree and 10 for Extremely Agree. A sample of 120 respondents, more than the recommended minimum number of 5 participants per item, was used. The mean and standard deviation per item were provided in addition to the interitem correlation matrix. For instance, the item1 has a mean of 6.97, a standard deviation of 1.896, a maximum interitem correlation of .876 with item3 and a minimum interitem correlation of .312 with item18. The Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy (.903) and Bartlett’s Test of Sphericity (3143.137, p < .0005) confirmed appropriateness of the data for subjection to Factor Analysis. The Initial (1.000 for each item) and Extracted Communalities for each item (e.g., .875 for item1, .815 for item2, and .583 for item20) were given.

With Principal Factor Analysis, three underlying explanatory factors were extracted on the basis of Scree Test and Eigenvalues greater than 1 criterion. The three extracted factors had Extracted Sums of Squared Loadings Cumulative % of 75.413. The Factor 1, Factor 2, and Factor 3 had 12.292, 1.545, and 1.246 Total Extracted Sums of Squared Loadings that respectively accounted for 61.458, 7.726, and 6.230 percent of the total variance explained before the Varimax orthogonal rotation. The Rotation Sums of Squared Loadings Total and % of Variance explained were respectively 7.835 and 39.175 for Factor 1, 4.130 and 20.650 for Factor 2, and 3.118 and 15.588 for Factor 3; that amount to the 75.413 Cumulative % of total variance explained by the three rotated factors.


 The Varimax Orthogonal Rotated Component Matrix revealed that the Factor 1 had overwhelming loadings from item1 (.883 loading) to item11 (.722 loading); Factor 2 was made up of item12 (.850 loading) to item16 (.612 loading); and item17 (.807 loading) to item20 (.578 loading) on Factor 3. The inclusion of an item in the interpretation of any of the rotated factors was based on ≥.45 loading of the item on a given factor in line with the ≥.45 loadings principle
 and in accordance with the classification of item’s loadings suitability on a factor for interpretation as presented in Table 1.3
 .

The extracted and rotated latent Factor 1
 was accordingly named Irresistible world-improvement rationalization
 , Factor 2
 was named Inbuilt quality rationalization
 , and Factor 3
 was named Cautious appeal rationalization
 for watching of the CNN TV Channel. Psychologically, the three critically extracted and rotated components – Factor 1
 , Factor 2
 , and Factor 3
 could respectively be named Cognitive rationalization
 , Affective rationalization
 , and Situational rationalization
 for viewing the CNN TV Channel. Therefore, the factor analysis most successfully reduced the 20 items of the TCORS-CNN into the named three underlying explanatory constructs, each of which could constitutes a subscale in the TCORS-CNN.

Haven executed the factor analysis and interpreted the output, named and explained the rotated underlying factors; follow the remaining SPSS Statistics data analysis procedure of viewing the output, saving the output (as Chapter 1 Output 1 Book 3.spv
 ), printing both the output and input (the data), closing SPSS, and shutting down the system as exceptionally presented in IBM SPSS Statistics Excellent Guide
 (Kpolovie, 2020) and Correlation, Multiple Regression and Three-Way ANOVA
 (Kpolovie, 2021) that are readily available on Amazon.


 SPSS SYNTAX METHOD OF EXECUTING VARIMAX FACTOR ANALYSIS


Like other statistical tests, the Varimax Factor Analysis can with greatest ease be done by using SPSS Syntax in one or two minutes instead of the dialog boxes point and click approach that has been 
 demonstrated. All that is required is careful entry of a short command syntax in the SPSS Syntax Editor. The needed syntax for the purpose is as given in Syntax 1.1
 .


 
 Syntax 1.1 Chapter 1 Syntax 1 Book 3.sps








       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT UNIVARIATE INITIAL CORRELATION



              
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA ITERATE (25)



           
 /ROTATION VARIMAX



           
 /METHOD=CORRELATION.


Boot the computer, launch IBM SPSS Statistics by clicking the IBM SPSS logo, [image: image]
 , and retrieve the data file saved as Chapter 1 Table 1 Data Book 3.sav
 . After clicking Open data document
 icon [image: image]
 in the toolbar for the Open Data
 menu to appear, look for and click the Chapter 1 Table 1 Data Book 3.sav
 document; and press the Enter
 key on the Keyboard. This last action displays the Chapter 1 Table 1 Data Book 3.sav
 as shown earlier in Figure 1.2
 .

Click Window
 and in its menu (see Figure 1.14
 ), click Go to Designated Syntax Window
 . On clicking the Go to Designated Syntax Window
 , the IBM SPSS Statistics Syntax Editor
 opens as given in Figure 1.15
 for entry of the required syntax. Alternatively, click File
 in the SPSS Data Editor
 that contains the requisite data; select New
 ; and click Syntax
 to have the IBM SPSS Statistics Syntax Editor
 as shown in Figure 1.15
 .
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 Figure 1.14
 Window dropdown Menu
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 Figure 1.15
 IBM SPSS Statistics Syntax Error

Accurately type the syntax presented in Syntax 1.1
 into the IBM SPSS Statistics Syntax Editor
 . You may use the prompting that SPSS gives once you type one or two digits of a word or phrase in the syntax command. On completion of the syntax entry, the Syntax Editor will be as shown in Figure 1.16
 .
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 Figure 1.16
 IBM SPSS Statistics Syntax Editor with the Varimax Factor Analysis syntax entered

With this entry alone, the entire Varimax Factor Analysis
 is completely done. To have SPSS display the results, click Run
 and click All
 . SPSS then presents the entire results in the IBM SPSS Statistics Viewer
 as exhibited in Output 1.2
 .


 
 
 Output 1.2 Chapter 1 Output 2 Book 3.spv




Factor Analysis
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 INTERPRETATION OF OUTPUT 1.2


The Output 1.2
 is for the same data and the same Factor Analysis – Varimax Orthogonal Rotation with Principal Component Analysis method of latent factor extraction. Consequently, the Output 1.2
 is parallel to Output 1.1
 . Therefore, the same interpretation provided for the Output 1.1
 most appropriately suffices for the Output 1.2
 . 
 Very closely go through the interpretation of Output 1.1
 again and apply it to the current results, Output 1.2
 .

Finally, observe the remaining conventions in SPSS data analysis to shut down the system. The protocols refer to viewing the output, saving it as Chapter 1 Output 2 Book 3.spv
 as well as saving the syntax as Chapter 1 Syntax 1 Book 3.sps
 . Others are printing the output, syntax and input; exiting SPSS Statistics, and shutting down the computer. In addition to mastering these conventions, you can acquire expert skills of SPSS utilization from IBM SPSS Statistics Excellent Guide
 (Kpolovie, 2020) for SPSS interface, descriptive statistics, the different types of t
 Test, Analysis of Variance, Analysis of Covariance plus lots more. For mastery of relationship measures like Correlation, Partial correlation; and prediction measures such as Regression and Multiple Regression; as well as for complex cause-and-effect statistical analysis like Three-Way ANOVA from Correlation, Multiple Regression and Three-Way ANOVA
 (Kpolovie, 2021) where performing such analyses with SPSS are superbly treated. Please, check for and acquire these two essential resources on Amazon.


 EQUAMAX PRINCIPAL COMPONENTS FACTOR ANALYSIS


The step-by-step procedure for performing Equamax Orthogonal Principal Factor Analysis
 is the same with that for the Varimax Orthogonal Principal Components Analysis that has just been demonstrated, except for one statistical operation. Execution of Equamax orthogonal factor analysis demands selection (clicking) of Equamax
 instead of Varimax
 in the Factor Analysis: Rotation
 dialog box.

For the fact that attainment of expert knowledge of a given skill demands practicing the skill severally; and for the established truth that the more the number of times that a statistical operation with SPSS is done by someone, the greater the person masters its application; the whole process of executing Equamax Factor Analysis is very quickly reiterated here. In the eventual output, only few sections will be presented and most aptly interpreted as a great majority of the output and interpretation are much like what have been done for the Varimax Orthogonal Factor Analysis.


 Alright! Better to get it done than spend much time describing the Equamax Factor Analysis. Recall that the necessary explanation of the concepts in Factor Analysis has already been appropriately treated at the beginning of this chapter. Refer to the relevant section to refresh your memory. Your knowledge of the preceding Varimax Factor Analysis, particularly the execution of the analysis and the interpretation of the output serve as an indispensable asset that you have already acquired. Use it liberally in the proceeding sections of this book.

Switch on the computer. Launch the SPSS Statistics by clicking its logo, [image: image]
 . Retrieve the data saved as Chapter 1 Table 1 Data Book 3.sav
 . In the SPSS Data Editor containing the retrieved dataset, click Analyze
 , select Dimension Reduction
 and click Factor
 as indicated in Figure 1.17
 and Figure 1.18
 .
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 Figure 1.17
 Analyze [image: image]
 Dimension Reduction [image: image]
 Factor
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 Figure 1.18
 Factor Analysis dialog box for Equamax FA


 Transfer all the items in the left box into the Variables
 field at the right. The transfer is achieved by highlighting all the 20 items and clicking the right-pointed arrow [image: image]
 that is facing the Variables
 field (see Figure 1.19
 ).
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 Figure 1.19
 Factor Analysis menu with the items transferred for Equamax FA

Select the Descriptives
 pushbutton to have Factor Analysis: Descriptives
 dialog box. In it, clicking Univariate descriptives
 , Coefficients
 , and KMO and Bartlett’s test of sphericity
 will make a number of tables that have already been presented and interpreted to be part of the eventual output. They are first, the Descriptive Statistics – that specifies the mean, standard deviation and number of cases for each of the 20 items. Second, the Correlation Matrix – that details 400 intercorrelation coefficients among the 20 items. Third, the KMO and Bartlett’s Test – that indicates the Kaiser-Meyer-Olkin measure of sampling adequacy, and the Bartlett’s test of sphericity for suitability of the data for factor analysis.

These are very useful information, but because they have earlier been presented and interpreted when Varimax Orthogonal Factor Analysis was done, there may not be much need presenting them again here. So, I will skip selecting the Descriptives
 pushbutton. Even with skipping the Descriptives
 pushbutton, the Initial solution
 in it that is set as default by SPSS will still be part of the output that will be generated. However, for the sake of practice, you may select the associated statistical operations.


 I am also skipping selection of the Extraction
 pushbutton. If the Extraction
 pushbutton were selected to have Factor Analysis: Extraction
 dialog box; and the Scree plot
 in it checked, could have made the Scree test graph, called Scree Plot
 to be part of the output. The Scree plot result could not have in any way been different from the one that constitutes part of the Output 1.1
 and Output 1.2
 that have already been interpreted.

But you may select the operations to benefit from the special gains of repetition of statistical analysis in SPSS. Again, attainment of professional skills requires several rehearsals and repetitions of the IBM SPSS statistical operations. Do not take rehearsing the SPSS statistical operations lightly. That ‘practice makes perfection’ is not refutable in performing statistical analysis with IBM SPSS Statistics. So, do not get tired of performing each statistical analysis repeatedly.

Click the Rotation
 pushbutton. The action instantly made Factor Analysis: Rotation
 dialog box to appear as given in Figure 1.20
 . It is in this dialog box that you choose the type of factor rotation that you want to execute by clicking it.
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 Figure 1.20
 Factor Analysis: Rotation

Since it is Equamax
 orthogonal rotation analysis that is being done currently, check Equamax
 merely by clicking on it. When done, the Factor Analysis: Rotation
 menu takes the form shown in Figure 1.21
 in which Rotation solution
 and Maximum Iterations for Convergence:
 [image: image]
 have been automatically activated.
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 Figure 1.21
 Factor Analysis: Rotation with Equamax checked

Click Continue
 to proceed with the analysis. The click on Continue
 returns you to the main Factor Analysis
 menu (given earlier in Figure 1.19
 ) for further selection of more statistical operations. So, select the Options
 pushbutton for its dialog box to be displayed as illustrated in Figure 1.22
 .
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 Figure 1.22
 Factor Analysis: Options dialog box for Equamax FA

Check Sorted by size
 as exhibited in Figure 1.23
 so that in the eventual results, the items with the highest loadings on the Factor 1 will be displayed first, from the largest loading to the smallest in the cluster of items that vitally load on the Factor 1. Next, the items with 
 the highest loadings on Factor 2 will be presented from the largest loading to the smallest in the cluster of items that have vital loadings on the Factor 2. Lastly, in the three-factor solution under consideration, the items in the cluster that load vitally on the Factor 3 will be displayed in their order of magnitude, from the highest loading item to the smallest acceptable item loading.
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 Figure 1.23
 Factor Analysis: Options dialog box with Sorted by size checked for Equamax FA

Supposing that you want to suppress all the trivial item loadings (<.45), simply check the checkbox for Suppress small coefficients
 ; and type .45
 in the small box beside Absolute value below
 in the Factor Analysis: Options
 menu that has just been shown in Figure 1.23
 . But do not perform the statistical operations for suppression of the trivial loadings yet, as that will be treated a little later.

Next, lick Continue
 to return to the main Factor Analysis
 dialog box when all the necessary statistical operations have been completed. At this point, SPSS Statistics is set for production of the much-awaited results of the Equamax orthogonal Principal Components Analysis.


 Needless wasting any more time. Click OK
 . With this click, SPSS displays the results in the IBM SPSS Statistics Viewer
 as shown in Output 1.3
 .


 
 Output 1.3 Chapter 1 Output 3 Book 3.spv [Equamax PCA]




Factor Analysis
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 Factor Analysis
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 INTERPRETATION OF OUTPUT 1.3 [EQUAMAX ROTATION]


There are five sections in the Output 1.3
 – Communalities, Total Variance Explained, Component Matrix, Rotated Component Matrix, and Component Transformation Matrix. The values in the first (Communalities), second (Total Variance Explained), and the Component Matrix sections are exact replica of their corresponding sections in the Varimax Rotation Factor Analysis that was presented in Output 1.1
 . Thus, the interpretation here will only cover the Rotated Component Matrix.


 
 Rotated Component Matrix Based on Equamax


The Equamax Rotated Component Matrix
 , like that of the Varimax Rotated Component Matrix, has revealed that the CNN Television Channel Option Rationalization Scale (TCORS-CNN) does not measure a single underlying factor or phenomenon. Rather, the TCORS-CNN is composed of items that closely measure three underlying explanatory factors that complementarily justify why people opt for and watch the CNN TV Channel. This accounts for why three Components – Factor 1, Factor 2, and Factor 3 individually has items with suitably large loadings. The orthogonal Equamax Rotation generated a simple factor solution that could be termed three factor pattern matrix/three factor structure matrix. In orthogonal factor rotation, factor pattern matrix and factor structure matrix are one and the same thing because the factors are uncorrelated unlike what will shortly be seen in Oblique rotation
 that the factor pattern matrix is different from the factor structure matrix because the rotated factors are correlated. A thorough examination of the wordings of the items that constitute the exceptionally explained clusters, each cluster by one of the three rotated factors in the CNN Television Channel Option Rationalization Scale (TCORS-CNN) has revealed the following three underlying explanatory constructs, factors or components for the watching of CNN TV Channel as measured by the TCORS-CNN.


Factor 1
 has eleven items (items 1, 2, 4, 3, 6, 7, 5, 8, 9, 10, and 11); that can be named rightly as Irresistible world-improvement rationalization
 .


Factor 2
 has five items (items 12, 13, 14, 15, and 16); that should rightfully be named Inbuilt quality rationalization
 .


Factor 3
 is made up of four items (items 17, 18, 19, and 20); that should by right be labeled Cautious appeal rationalization
 .

The names of the three Equamax rotated Factors and the items that each of the Factors substantially explain are presented in Table 1.4
 in 
 which the item loadings have been sorted by size and trivial loadings have been suppressed. The Equamax orthogonal rotated Factors are very much like the three Varimax orthogonal rotated Factors that were earlier displayed in Table 1.2
 .

These three factors are the same as the three factors already interpreted under Varimax orthogonal rotation. Therefore, the interpretation provided for the three factors in the Varimax Rotated Component Matrix is appropriately applicable for the Equamax Rotated Component Matrix. The factors are named in accordance with the predominant theme in the content of the items that load on each factor. The rotated Factor 1 explains 34.17% of the total variance; Factor 2 explains 22.41% of the total variance; and Factor 3 explains 18.83% of the total variance as can be seen in the Total Variance Explained Rotation Sums of Squared Loadings in Output 1.3
 .


 
 Table 1.4
 Equamax Rotated Component Matrix with trivial loadings on each factor suppressed
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 SORTING AND SUPPRESSION OF THE ITEM LOADINGS BY SIZE


The suppression of items under each of the factors was based on the criterion that I have described as the ≥.45 Loadings Principle
 in which all items that each had <.45 loading on a given factor were suppressed, while only the items that each has a loading that is up to or greater than .45 on a particular factor were retained under that factor. The suppression and sorting of the items was on the basis of the size of each individual item’s loading on a particular factor.

The sorting and suppression of items by the sizes of their loadings on each factor was and should be done with the SPSS Statistics by performing just a few statistical operations. Try them out. Retrieve the dataset saved as Chapter 1 Table 1 Data Book 3.sav
 . Click Analyze
 and in its dropdown dialog box. Select Dimension Reduction
 and from the dropdown menu of Dimension Reduction
 , click Factor
 to have the Factor Analysis
 main dialog box. Click Reset
 in the Factor Analysis
 main menu.

Next, Highlight and transfer the items into the Variables
 box at the right-hand side. Click Descriptives
 , uncheck Initial solution
 , and click Continue
 . Click Extraction
 , uncheck Unrotated factor solution
 , and click Continue
 . Click Rotation
 and in its menu, check Equamax
 , and click Continue
 .

The last rounds of statistical operations are precisely these. Click Options
 and in its menu, check Sorted by size
 . Click Suppress small coefficients
 . Type .45
 in the Absolute value below
 [image: image]
 ; and click Continue
 . Click OK
 for SPSS to produce the results as displayed in the last three sub tables of Output 1.3
 and summarized in the Table 1.4
 (except for a little editing – naming the factors).

With the suppression of trivial loadings (<.45), the three-factor structure solution has become most revealing with each of the three factors constituting a column, and each of the items that a particular factor overwhelmingly explains its variance constituting a row within the cluster of items that it belongs. That is, the suppression has removed all unworthy values from the cluster of items that the individual item’s variance is substantially explained by one specific factor. It is for this simplicity of interpretation, occasioned by rotation 
 of the factors, that I have emphatically averred that rotation of the factors in factor analysis is ultimately aimed at production of simple factor solution
 that is also referred to as simple structure
 (Vogt & Johnson, 2016; American Psychological Association, 2014). The sorting and suppression of items on the basis of the size of the loadings of the individual item per factor allows for the easiest possible and maximally meaningful view of the Component Matrix of the factor loadings in any of the orthogonal rotations. Though the loadings that are not vital under each factor have been suppressed for easy interpretation of the factors, they are still lurking in the background just as they were ab initio
 employed in determination of communalities of the items and the percentage to which each item is explained by the extracted latent factors. In reporting the results for purposes of journal article publication and additional clarification, the Table 1.4
 could better be presented in the form of Table 1.2
 .


 Multiple loadings issues


It can be seen in Table 1.4
 that item8 tends to load vitally on both Factor 1 (.729) and Factor 2 (.476); item10 loads both on Factor 1 (.706) and Factor 2 (.476); and item11 loads both on Factor 1 (.673) and on Factor 3 (.459). These are instances of cross-loadings also referred to as multiple factor loadings. What the investigator ideally wants in factor analysis is for each item to load substantially (≥.45) only on one factor and trivially (<.45) on all the other factors. Where an item with multiple loadings has the higher (in case of two) or the highest (in case of three or more) is termed Primary loading, while where it has the lower loading is referred to as Secondary loading.

When multiple factor loadings occur, the researcher has to determine the factor that is best for placing the item, particularly where the Sorted by size
 and the content of the item do not clearly suggest the best factor for the item to be placed under. On the basis of their loading magnitude (strength), contents (meanings as shown by their wordings), and sorted by size cluster positioning, the three items (8, 10 and 11) are much better related to the Factor 1 conceptually, 
 logically and theoretically. Therefore, they should be placed under the Factor 1.

The same positioning conclusion (placing them under the Factor 1) about the three items with multiple factor loadings is also glaring mathematically because while Factor 1 accounts for 53.14% of the total variance in item8, Factor 2 only accounts for 22.66% of the variance in item8. For item10, while Factor 1 explains 49.84% of its variance, Factor 2 explains just 22.66% of the item’s variance. Item 11 has 45.29% of its variance accounted for by Factor 1, while Factor 3 accounts for 21.07% of the item’s variance. It is with the Factor 1 that each of item8, item10 and item11 has Primary loading.

Furthermore, reference to the Varimax orthogonal rotation that has already been presented; and to Quartimax orthogonal rotation, as well as reference to both the Direct Oblimin oblique rotated factor Pattern Matrix and the Promax oblique rotated factor Pattern Matrix that will be presented shortly later, unanimously depict that the items 8, 10 and 11 squarely fall under the Factor 1 that best explains each of them.

When the items that are excellently suitable
 , very highly suitable,
 and highly suitable
 constitute the cluster of items for the interpretation of a specific factor, there is bound to be high internal consistency reliability of that particular subtest. That is why a test with factors that each has most suitable loadings with each of the items that constitute each of the factors never lacks high internal consistency reliability, and internal consistency evidence of construct validity. This fact can very easily be confirmed by subjecting the items that very suitably load on each rotated factor to establishment of Cronbach’s alpha for each of the factors and for the total test. The Cronbach’s coefficient alpha
 is a most appropriate measure of the internal consistency reliability of a whole test or of the subtests that make up the test, particularly when scoring of each item is not based on just 1 or 0 (right or wrong). The SPSS statistical procedures for establishment of test reliability are treated in another book in the IBM SPSS Statistics Excellent Guide
 series.


 
 EQUAMAX ORTHOGONAL FACTOR ANALYSIS WITH SPSS SYNTAX


The Equamax orthogonal factor analysis
 can with greater ease be very quickly performed with application of SPSS Statistics Syntax. The requisite syntax for the purpose is presented in Syntax 1.2
 .


 
 Syntax 1.2 Chapter 1 Syntax 2 Book 3.sps









       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT INITIAL EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION EQUAMAX



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT ROTATION



           
 /FORMAT SORT BLANK(.45)



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION EQUAMAX



           
 /METHOD=CORRELATION.


For practical demonstration, retrieve the data document saved as Chapter 1 Table 1 Data Book 3.sav
 simply by clicking the Open data document
 icon, [image: image]
 , clicking the file named Chapter 1 Table 1 Data Book 3.sav
 , and pressing the Enter
 key on the Keyboard. In the SPSS Data Editor
 containing the data in question, click Window
 and from the Window
 dropdown menu, click Go to Designated Syntax Window
 . Or simply click File
 , select New
 and Syntax
 . In either case, the last click opens the SPSS Syntax Editor
 . Accurately enter the Syntax 1.2
 into the IBM SPSS Statistics Syntax Editor
 . When completed, the Syntax Editor will look like Figure 1.24
 .
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 Figure 1.24
 SPSS Syntax Editor with the Equamax factor analysis syntax

Finally, click Run
 and in its dropdown menu, click All
 . With this last action, SPSS completes the whole analysis and produces the results in the Viewer
 as exhibited in Output 1.4
 .


 
 Output 1.4 Chapter 1 Output 4 Book 3.spv




Factor Analysis
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 Factor Analysis
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 INTERPRETATION OF OUTPUT 1.4


The Output 1.4
 contains results of the Equamax orthogonal Principal Component Analysis that was performed, using SPSS Statistics Syntax. The results in Output 1.4
 are synonymous with those in Output 1.3
 that were arrived at via SPSS dialog boxes selection method. Therefore, the interpretations offered for the Output 1.3
 are also applicable for this Output 1.4
 .

Save the results as Chapter 1 Output 4 Book 3.spv
 and the SPSS syntax as Chapter 1 Syntax 2 Book 3.sps
 . Print the output and the syntax. Then, close all SPSS files, exit SPSS and shut down the computer.


 
 QUARTIMAX ORTHOGONAL FACTOR ANALYSIS EXECUTION


The process for performing Quartimax orthogonal factor analysis
 is as required for the Varimax and Equamax orthogonal factor analysis. For better understanding, please refer back to the description of the Quartimax Rotation at the introductory section of this chapter under Orthogonal Rotation Approaches. To execute Quartimax orthogonal factor analysis, simply do as follows.

Boot the laptop and launch SPSS Statistics by clicking the IBM SPSS logo, [image: image]
 . Retrieve the data file that was saved as Chapter 1 Table 1 Data Book 3.sav
 . The file retrieval can be done by clicking the Open data document
 icon, [image: image]
 in the SPSS Data Editor, and from its dialog box, click the document named – Chapter 1 Table 1 Data Book 3.sav
 as illustrated in Figure 1.25
 . Next, press the Enter
 key on the Keyboard. By pressing the Enter
 key, the Chapter 1 Table 1 Data Book 3.sav
 file gets displayed on your screen as shown much earlier in Figure 1.2
 .
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 Figure 1.25
 Open data document dialog box for Quartimax FA

In the SPSS Data Editor
 containing the data under study, click Analyze
 , select Dimension Reduction
 , and click Factor
 . (See Figures 1.26
 and 1.27
 ).
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 Figure 1.26
 Analyze [image: image]
 Dimension Reduction [image: image]
 Factor

[image: image]
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 Figure 1.27
 Factor Analysis dialog box for Quartimax FA

Transfer the items from the left box into the Variables
 panel at the right. This is accomplished by highlighting all the items and clicking the right-pointed arrow [image: image]
 that is facing the Variables
 field for the Factor Analysis
 main menu to take the form illustrated in Figure 1.28
 .
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 Figure 1.28
 Factor Analysis dialog box with the items transferred for Quartimax FA


 The Figure 1.28
 is the main menu for execution of Factor Analysis
 , and from time to time in the course of performing the analysis, you will be required to return to this menu for selection of the critical windows like Descriptives
 , Extraction
 , Rotation
 , Scores
 , and Options
 that are needed for specific statistical operations. To have the mean, standard deviation and number of cases for each variable (item), as well as to have interitem correlations for all the variables in addition to the KMO and Bartlett’s test of sphericity
 , you have to select the Descriptives
 pushbutton and do the needful statistical operations in it. The needful statistical operations in the Factor Analysis: Descriptives
 dialog box include checking of Univariate descriptives
 , Coefficients
 , KMO and Bartlett’s test of sphericity
 checkboxes as shown in Figure 1.29
 , and clicking of Continue
 .

[image: image]
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 Figure 1.29
 Factor Analysis: Descriptives dialog box for Quartimax FA

But since the mean, standard deviation and number of cases for each of the items, and the interitem correlations as well as the KMO and Bartlett’s test of sphericity results that the Descriptives
 statistical operations will produce are exactly the same as the ones already shown and interpreted under Varimax orthogonal factor analysis
 , you may skip selection of the Descriptives
 pushbutton here to save space. I am skipping them here but you can better check them for faster attainment of mastery of the SPSS statistical analysis skills. 
 The eventual output in your system will show all of them as presented earlier in Outputs 1.1
 and 1.2
 .

If you select Extraction
 pushbutton for Factor Analysis: Extraction
 dialog box to appear; and in it, you check Scree plot
 as displayed in Figure 1.30
 , a graph that plots eigenvalues against each of the components (taken each item as a factor or component) will constitute a section in the imminent output. Then, click Continue
 to return to the Factor Analysis
 main menu, given previously in Figure 1.28
 . The Scree plot
 pictorially shows the number of underlying explanatory factors that are extracted in the analysis on the basis of the loadings of each of the items on the factors. Only factors that each has an eigenvalue that is greater than 1 are critically extracted for meaningful explanation of the total variance in the test. The crucially extracted factors will form the steep slope part of the Scree Plot, while all the components will constitute gentle slope in the graph. SPSS Statistics uses Eigenvalues greater than 1
 as the default.

But since the Scree plot graph will be exactly the same as the one displayed and interpreted under Varimax orthogonal factor analysis
 , I am skipping the selection of the Extraction
 pushbutton here just to reduce the space that the output will occupy. Your laptop does not lack space, click the Extraction
 and checkmark Scree plot
 . This way, your eventual output will be complete unlike the abridged one that is presenter here in Output 1.5
 .
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 Figure 1.30
 Factor Analysis: Extraction dialog box for Quartimax FA


 Remember that I have said after check marking the Scree plot
 , click Continue
 to return to the main Factor Analysis
 window. In the main Factor Analysis
 dialog box (Figure 1.28
 ), select Rotation
 pushbutton. This selection instantly produces Factor Analysis: Rotation
 dialog box, given in Figure 1.31
 . It is in this menu that the choice of the type of factor rotation that the analysis is to be subjected is made. The factor rotation under study right now is the Quartimax
 .
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 Figure 1.31
 Factor Analysis: Rotation dialog box for Quartimax FA

Check Quartimax
 radio button as demonstrated in Figure 1.32
 because it is the Quartimax Rotation
 that is being executed currently. The Quartimax Factor Analysis: Rotation
 maximizes the variance across the factor matrix rows by optimally increasing the loadings to the fourth power to ensure that large loadings are particularly large and small loadings are particularly small for the ultimate goal of very easy interpretability of the imminent simple factor structure output.
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 Factor 1.32
 Factor Analysis: Rotation menu with Quartimax checked

Notice that the checking of the Quartimax
 automatically activated Rotated solution
 and Maximum Iterations for Convergence:
 [image: image]
 . Click Continue
 to return to the main Factor Analysis
 menu earlier exhibited in Figure 1.28
 .

In the main Factor Analysis
 menu this time, select the Options
 pushbutton. By clicking the Options
 pushbutton, a new dialog box that is called Factor Analysis: Options
 immediately appeared as illustrated in Figure 1.33
 .
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 Figure 1.33
 Factor analysis: Options dialog box for Quartimax FA


 Put a tick in the small box beside Sorted by size
 merely by checking or clicking it as demonstrated in Figure 1.34
 . This statistical operation ensures that the items are ordered in terms of their loadings, from the highest to the lowest, for each of the rotated factors in the eventual output. This allows for easiest detection or visualization of the clustering of largely loadings items on each of the factors in their order of magnitude.
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 Figure 1.34
 Factor Analysis: Options with Sorted by size checked for Quartimax FA

Click Continue
 . This click returns you to the Factor Analysis
 main menu (see Figure 1.28
 ) when all the necessary statistical operations for performing the Quartimax orthogonal factor analysis
 have been done. For IBM SPSS Statistics
 to produce the results in the SPSS Viewer
 as displayed in Output 1.5
 , click OK
 .


 ROTATED COMPONENT MATRIX WITH ONLY VITALLY LOADINGS ITEMS (≥.45)


To, in addition, have the Rotated Component Matrix
 in which only the vital loadings (≥.45) items are shown after suppression of all the trivial loadings (<.45) on each of the factors as part of the Output 1.5
 , the following dialog boxes pointing and selections have to be done.

Retrieve the data saved as Chapter 1 Table 1 Data Book 3.sav
 . Certainly, by now you must have mastered the art of saved data retrieval, and the other basic dialog boxes selections.


 Click Analyze
 . Select Dimension Reduction
 . Click Factor
 . Click Reset
 . Transfer the items into the Variables
 field.

Click Descriptives
 pushbutton. And in its dialog box, uncheck the Initial solution
 . Then, click Continue
 .

Click Extraction
 pushbutton. In its dialog box, uncheck Unrotated solution
 . Next, click Continue
 to get back to the main Factor Analysis menu.

Click Rotation
 pushbutton to have Factor Analysis: Rotation menu. In this dialog box, check Quartimax
 ; after which you click Continue
 .

Plus, click Options
 pushbutton and its dialog box instantly appears. Check Rotated by size
 . Also check Suppress small coefficients
 . Then, type .45
 in the small box at the front of Absolute value bellow:
 to have [image: image]
 . Click Continue
 to return to the main Factor Analysis
 dialog box when it is ready for production of the results. Finally, click OK
 for SPSS to display the results as presented in the later parts of Output 1.5
 .


 
 Output 1.5 Chapter 1 Output 5 Book 3.spv




Factor Analysis
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 INTERPRETATION OF OUTPUT 1.5 – QUARTIMAX ROTATION


It can be seen clearly from the Total Variance Explained Rotation Sums of Squared Loadings
 that of the three rotated factors via the Quartimax rotation
 , Factor 1 has 11.970 Total
 , 59.849 % of Variance
 , and 59.849 Cumulative %
 . This has shown that even after the Quartimax rotation of the three critically extracted factors that best equalized the item loadings of all the indicators across the three critically extracted factors, the Factor 1 alone still accounts for as much as 59.85% of the total variance occasioned by the 20 items of the TCORS-CNN. Thus, the rotated Factor 1 has explained approximately 60% of the total variance; leaving the remaining 19 factors to account for only 40% of the total variance as the reasons why people opt for and watch the CNN TV channel.

Factor 2 has a much lower Total
 (1.654), % of Variance
 (8.270), and a Cumulative %
 of 68.119. The third crucially extracted and rotated factor, the Factor 3 has 1.459 Total
 , 7.294 % of Variance
 , and 75.413 Cumulative %
 in accordance with the ≥.45 loadings principle.

In all therefore, the rotated Factor 1 explains approximately 60% of the total variance, Factor 2 explains approximately 8% of the total variance, and Factor 3 explains approximately 7% of the total 
 variance in the responses given as the reasons for opting for and viewing the CNN TV Channel. The Factor 2 and Factor 3 collectively accounts for only 15.564% of the total variance in TCORS-CNN meaningfully. Put together, only three of the 20 factors (Components 1, 2 and 3) account for as much as 75.413% of the total variance in the scores on the CNN Television Channel Option Rationalization Scale.


 General Factor Elucidation


The Rotated Component Matrix
 has clearly revealed that with the Quartimax orthogonal rotation method
 , a General Factor
 (which is the Factor 1) does exist because virtually all the 20 items on the TCORS-CNN have very large loadings on the Factor 1 and trivial loadings on the second and third rotated factors. This means that the Factor 1 alone fundamentally accounts for each of the 20 variables, except item 18. Precisely, 19 of the 20 indicators have overwhelmingly large loadings on the Factor 1. Three of the loadings (item3, item5 and item1) are Extremely suitable
 ; eight of the loadings (item8, item10, item4, item2, item9, item7, item11, and item6) are Very highly suitable
 , three of the items (item14, item13, and item16) are Highly Suitable
 , and five of the items (item20, item19, item15, item12 and item17) are Suitable
 in accordance with the classification of item loadings on a factor that I have earlier provided and rationalized in Table 1.3
 .

The item12 has cross-loadings on the Factor 1 and Factor 2; item17 also has cross-loadings on the Factor 1 and Factor 2; and item18 has high loading on Factor 3. Since each of the Factor 2 and Factor 3 has too few items with suitably high loadings on it, the two factors cannot meaningfully be used in practical explanation of the total variance. With the Quartimax orthogonal approach therefore, the Rotated Factor Matrix
 has shown that though three factors were extracted and rotated, the Factor 1 tends to be a General Factor
 that fundamentally accounts for the variance in virtually all the observed 20 items.

A very close examination of the contents of the items tends to show that the General Factor should be named Informed Quality Decision-making
 . This name is appropriate for the General Factor 
 (the Factor 1) because a common theme that runs across all the items is that watching the CNN TV Channel influences quality informed decision-making for world improvement. In the naming of a rotated factor, the first three or four items with the largest loadings on it play a great role because the dominant theme in them usually put forward the most appropriate descriptive label for the factor. Actually, the indicator with the highest loading on the factor denotes a common name for the factor, particularly when the highest item’s loading on the factor is ≥.90. For the General Factor under consideration, each of the top three items with the highest loadings on the factor has a loading that is ≥.90.

The three items with the highest loadings on the Factor 1 (the General Factor) are structured that watching the CNN TV Channel:

Item3 - Provides quality information.

Item5 - Influences better decision making.

Item1 - Improves the world.

Since the rationalization for watching CNN TV Channel in these items has the common element that the CNN Channel provides quality information that influences decision making for improvement of the world, naming of the Factor 1 as World-improvement Informed Quality Decision-making
 or simply as Informed Quality Decision-making
 is suitable.


 Disentanglement of the General Factor


A General Factor occurs when all the observed indicators in an instrument for the measurement of a construct constitute a whole that is composed of diverse elements by correlating positively high. General factor is a very important factor in psychometric test development because it is very necessary to know the percentage of the variance of the full test, subtests, and individual items that is associated with the underlying explanatory general factor of the test. At least 50% of the variance of the test should be accounted for or explained by the general factor that underlies the test (AERA, 
 APA & NCME, 2014; Kpolovie, 2014). The Rotated Sums of Squared Loadings
 for % of Variance
 has revealed that with the Quartimax
 orthogonal rotation, approximately 60%
 (precisely 59.849%) of the total variance in the TCORS-CNN is accounted for or explained by the Factor 1, which is the General Factor, after the rotation of the critically extracted factors. All the indicators in the measuring instrument load substantially high on the general factor, with only negligible number of the indicators load on each of the other group factor that is termed cluster structure. Elaborately, the total variance of the test can be clarified by classification into four sources – General factor, Cluster structure factor, Unique factor, and Error factor.


General factor
 : is the amount of the total variance which is common to all the items. The first factor is considered to have met this condition, particularly if it explains up to or greater than 50% of the total test variance after rotation of critically extracted components. The TCORS-CNN has approximately 60% of the total variance explained by the first factor after the Quartimax rotation of three critically extracted factors. Therefore, Factor 1 is, indeed, a General Factor.


Cluster structure factor
 : is the amount of the total variance that is common to some items as a cluster that load on each of the rotated factors. Virtually all the TCORS-CNN items vitally load on the General Factor (the Factor 1) which is a factor cluster. While only three of the items (only one primary and two secondary) cluster on the Factor 2 that accounts for only 8% of the total variance. Only three items (just two primary and one secondary) cluster on the Factor 3 that explains only 7% of the total variance of the TCORS-CNN after the Quartimax rotation. At the cluster structure factor level, 75.413% of the total variance of the TCORS-CNN has been explained by the Factor 1 (59.849%), Factor 2 (8.270%), and Factor 3 (7.294%).


Unique factor
 : is the variance that is unique to each item on the test. Only part of the remaining 24.587% of the total variance of the TCORS-CNN that is unique to each of the 20 items that make up the scale. The unique variance can be said to be actually less than the remaining 24.587% of the total variance because part of the 24.587% is due to Error.


 Error factor
 : is the variance which is due to unsystematic measurement error and is termed error variance
 . While part of the remaining 24.587% of the total variance of the TCORS-CNN is accounted for by the unique factor, the other part is accounted for by the error factor. The more valid and reliable a test is, the smaller the error variance. The test in question, TCORS-CNN, reliably and validly measures one construct that is represented by the Factor 1, the General factor.

The existence of a General Factor as revealed by the Quartimax orthogonal factor analysis is not surprising because all the TCORS-CNN 20 items were generated to closely measure one construct, the rationale for watching of CNN TV Channel. Furthermore, the items have positively high interitem correlations as depicted by the Correlation Matrix produced much earlier. It is also suspected that even the three critically extracted factors (the Factor 1, Factor 2, and Factor 3) will be highly correlated in measuring a common underlying construct as a further evidence of a General Factor or Unidimensionality of the TCORS-CNN as the oblique Direct Oblimin and Promax factor rotations will reveal shortly afterward.

The suspicion of high correlation among the factors as a prelude to existence of a common general latent factor in the TCORS-CNN is more so because once the eigenvalue
 is set as greater than 2
 instead of the greater than 1
 default that SPSS uses, only one factor will be extracted, and that single factor is the general factor that the Quartimax rotation has identified. Whether or not the three extracted factors correlate highly will soon be determined once the data are subjected to the Direct Oblimin rotation
 and the Promax rotation
 that are methods of oblique factor rotation
 .


 Verification of a General Factor Existence


Rough characteristics for verification of the existence of the general factor are listed here. You can quickly check whether the general factor
 that the Quartimax
 orthogonal factor analysis suggests does exist in the data or not by using Eigenvalues greater than 2
 . If the general latent factor existence is indeed a reality, when eigenvalues 
 greater than 2
 is applied, the characteristics in the next seven paragraphs shall be seen in the eventual output.

Virtually all the interitem pairwise correlations will be ≥.3. When each of the interitem correlations is high, there is greater tendency for a single underlying explanatory construct, referred to as a general factor, to be discovered for the manifest indicators.

Only one underlying explanatory factor will be extracted. This is strictly because if more than one latent factor is extracted at Eigenvalues greater than 2
 , the Quartimax output could not have in any way suggested a general factor on which almost all the items (variables) suitably load in the first place.

The Scree plot
 will not portray more than a single factor that is having higher than 2 eigenvalues. If only one of all the components is having a greater than 2 eigenvalues, then that component is very likely a general factor.

The loading of each of the manifest variables/items on the single factor will be suitably high (≥.45), apart from an item that demands immediate modification or expunge from the test. A general latent factor is often a factor that is able to unilaterally explain up 20% of the variance in each of the manifest variables that constitute the measuring instrument. To explain at least 20% of the variance in each indicator demands that every of the indicators should have a loading that is equal to or greater than .45 on the single latent explanatory factor.

The Total Variance Explained Initial Eigenvalues
 for % of Variance
 and for Cumulative %
 of the single extracted factor will not be less than 50%. That is, the value will characteristically be ≥50%
 .

The Total Variance Explained Extraction Sums of Squared Loadings
 for % of Variance
 and for Cumulative %
 of the single extracted factor cannot fall below the 50.

There will not be Rotated Component Matrix
 in the eventual output. This is because when only one factor is critically extracted in Factor Analysis, it is impossible for factor rotation to be done. That is, a single extracted factor solution cannot be rotated.

To determine whether these conditions or characteristics for plausible existence of a general underlying explanatory factor are all present 
 in the TCORS-CNN, run the factor analysis again with any or some of the approaches other than the Quartimax
 for the dataset saved as Chapter 1 Table 1 Data Book 3.sav
 , applying Eigenvalues greater than 2
 .

Retrieve the data document that was saved as Chapter 1 Table 1 Data Book 3.sav
 . Click Analyze
 . Select Dimension Reduction
 . Click Factor
 . Click Reset
 to move the manifest variables to status quo. Transfer the items into the Variables
 field in the Factor Analysis
 main menu. Select Descriptives
 pushbutton and in its menu, check Univariate descriptives
 , Coefficients
 , and KMO and Bartlett’s test of sphericity
 , and click Continue
 . Select Extraction
 pushbutton and in its menu, check Scree plot
 ; and type 2
 in the small box for Eigenvalues greater than:
 [image: image]
 as illustrated in Figure 1.35
 ; and click Continue
 .
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 Figure 1.35
 Factor Analysis: Extraction with Eigenvalues greater than 2

Select Rotation
 pushbutton and in its menu, check any of the factor rotation methods – Varimax
 , Equamax
 , Direct Oblimin
 , or Promax
 ; and click Continue
 . The Quartimax
 rotation method is not mentioned here because it is its results that suggest a general factor existence that is being verified. Select Options
 pushbutton and in its menu, check Sorted by size
 ; and click Continue
 .

Finally, click OK
 to have the results produced, part of which is presented in Output 1.5A
 . If you have performed the listed statistical operations, the entire Output 1.5A
 shall be on your screen now. Scroll down and up, right and left to closely scrutinize the results to see whether all the seven characteristics for a general factor existence are met.


 
 
 Output 1.5A Chapter 1 Output 5A Book 3.spv
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 INTERPRETATION OF THE OUTPUT 1.5A


It can be discerned from the Output 1.5A
 that all the seven characteristics for rough verification of a single factor existence in the TCORS-CNN are met as designated in the next seven brief paragraphs.

Most of the interitem pairwise correlations in the Correlation Matrix are ≥.3. Only 10 (actually 5 only) of the 400 interitem correlations are <.3 (item12 vs item6 [.269], item15 vs item7 [.293], item17 vs item12 [.238], item18 vs item12 [.238], and item17 vs item15 [.177]).


 Only one underlying explanatory factor, the General Factor, is extracted because only the row for Component 1 out of the 20 is having values for Total Variance Extracted Sums of Squared Loadings
 for Total
 , for % of Variance
 , and for Cumulative %
 in the Total Variance Explained
 section of the Output 1.5A
 .

The Scree plot
 has pictorially shown only a single factor that has eigenvalue greater than 2, actually an eigenvalue that is even a little higher than 12.

The loading of each of the observed items on the single factor as shown in the Component Matrix
 is suitably high (≥.45), with item18 having .522 as the least loading on the unidimensional factor, the General Factor.

The Total Variance Explained Initial Eigenvalues
 for % of Variance
 is 61.458 and for Cumulative %
 is 61.458. That is, the single factor, which is the General Factor, explains as much as 61.46% approximately of the total variance caused by all the 20 items, each of which is a source of variation. In other words, only less than 38.54% of the total variance that could be unique to the 19 other factors.

The Total Variance Explained Extraction Sums of Squared Loadings
 for % of Variance
 is 61.458 and for Cumulative %
 is also 61.458. This denotes that the single factor (the General Factor) alone accounts for as high as 61.46% of the total variance in the TCORS-CNN. That is, only approximately 38.54% of the total variance that is unique to the 19 other factors.

There is no Rotated Component Matrix
 in the Output 1.5A
 because a general factor solution, a one-factor solution, is not rotatable in factor analysis.

Therefore, a general factor as indicated by the Quartimax orthogonal factor analysis does exist in the TCORS-CNN; and it is that factor that is responsible for the high interitem correlations among the 20 indicators that make up the CNN Television Channel Option Rationalization Scale. Put differently, when the single extracted general latent factor is partialed out, the observed high interitem correlations among the 20 indicators or items in the TCORS-CNN will 
 cease to exist, and each of the items will be measuring only a trivial variance that is unique to it.

The general factor could theoretically be seen in accordance with the common factor model
 which holds that each item in a set of manifest (observed) indicators for the measurement of a construct is a linear function of one underlying factor (as in the case indicated by the Quartimax orthogonal rotation) or more than one underlying factor (as earlier indicated in the three-factor solution by the Varimax and Equamax orthogonal rotation analyses) on the one hand, and one unique factor on the other hand (Thurstone, 1947). It is on this basis that factor analysis typically partitions the variance of each item into two complementary parts – common variance
 and unique variance
 . Refer to the Factor Rotation Methods section where clarification of Common Factor Analysis with its techniques was done.

The Common Variance is the variance accounted for by the extracted factor that is rightly estimated on the basis of variance shared with other items that make up the test or measuring instrument. The unique variance that each of the items will then be measuring is said to be a combination of systematic factors that influence only an item (i.e., reliable variance that is specific to one item) and measurement error or unreliability in the one item (i.e., random error variance that is specific to only the one item).

With the interpretation of the results done, follow the remaining SPSS conventions of data analysis to save the output as Chapter 1 Output 5 Book 3.spv
 , print the entire output, close all opened SPSS files, exit SPSS, and shut down the computer.


 SPSS SYNTAX METHOD FOR QUARTIMAX ORTHOGONAL FACTOR ANALYSIS


Application of SPSS Statistics Syntax approach in execution of Quartimax Orthogonal Factor Analysis
 mainly requires just typing a few lines of syntax into the SPSS Statistics Syntax Editor. The required syntax for Quartimax rotation orthogonal factor analysis is as given in Syntax 1.3
 .


 
 
 Syntax 1.3 Chapter 1 Syntax 3 Book 3.sps








       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT INITIAL EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION QUARTIMAX



           
 /METHOD=CORRELATION.



       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT ROTATION



           
 /FORMAT SORT BLANK(.45)



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION QUARTIMAX



           
 /METHOD=CORRELATION.



       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(2) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION VARIMAX



           
 /METHOD=CORRELATION.


For practical demonstration, boot the laptop, and launch IBM SPSS Statistics. Accurately enter the entire data in Table 1.1
 exactly as shown into the SPSS Data View
 . Then, and name and label the variables in the SPSS Variable View
 exactly as demonstrated at the beginning of this chapter. This will increase your SPSS data entry skills. Alternatively, since you have much earlier entered and saved the data in question, simply retrieve the data file that was saved as Chapter 1 Table 1 Data Book 3.sav
 very quickly by clicking the Open data document
 icon, [image: image]
 , clicking the data document that is 
 called Chapter 1 Table 1 Data Book 3.sav
 , and either clicking Open
 or pressing the Enter
 key on the Keyboard.

In the SPSS Data Editor
 containing the data in question as exhibited in Figure 1.2
 , click Window
 and from the Window
 dropdown menu, click Go to Designated Syntax Window
 . Or better still, just click File
 , select New
 and click Syntax
 . This click opens the SPSS Statistics Syntax Editor
 . Accurately enter the Syntax 1.3
 into the SPSS Syntax Editor
 . The Syntax 1.3
 has three parts, each ending with a period. The first part is for the Quartimax orthogonal factor analysis without suppression of trivial loadings on each factor. The second part is for the Quartimax orthogonal rotation with trivial loadings (<.45) suppressed. And the third part is for rough verification of the existence of a General Factor with Eigenvalues greater than 2
 Varimax orthogonal analysis. When completed, the Syntax Editor will look like Figure 1.36
 .

[image: image]
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 Figure 1.36
 SPSS Syntax Editor containing the syntax for Quartimax rotation


 For IBM SPSS Statistics to display the results in the SPSS Viewer
 , click Run
 and from its dropdown menu, click All
 . By clicking the All
 , SPSS produces the results within a split-second as previously displayed in Output 1.5
 and Output 1.5A
 . With the click of the All
 , you are now having the entire results live on your screen. For space, I have displayed only a small part of the results in Output 1.6
 here. Scroll down and up, right and left to view the whole results on your system. For consistency, save the current results as Chapter 1 Output 6 Book 3.spv
 .


 
 Output 1.6 Chapter 1 Output 6 Book 3.spv




Factor Analysis
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 INTERPRETATION OF OUTPUT 1.6


The Output 1.6
 is equivalent to Output 1.5
 and Output 1.5A
 . Therefore, the interpretation given to Outputs 1.5 and 1.5A is equally applicable to the current Output 1.6
 . Finally, follow the remaining SPSS data analysis protocols to save the Syntax as Chapter 1 Syntax 3 Book 3.sps
 and to shut down the computer.


 DIRECT OBLIMIN OBLIQUE FACTOR ANALYSIS WITH SPSS DIALOG BOXES SELECTION


Execution of the Direct Oblimin Oblique Factor Analysis
 with SPSS dialog boxes point and click is very much like each of the three orthogonal factor analysis that have been done. The only different statistical operation is checking of Direct Oblimin
 in the Factor Analysis: Rotation
 window.

The eventual results too will be similar to those of the Varimax
 , Equamax
 and Quartimax
 orthogonal rotation but instead of a single Rotated Component Matrix
 , there will be three matrixes: Pattern Matrix
 , Structure Matrix
 , and Component Correlation Matrix
 . The loadings in the Pattern Matrix
 and the loadings in the Structure Matrix
 are not equivalent in oblique factor rotation methods, unlike in orthogonal rotations.


 Pattern Matrix Meaning



Pattern Matrix
 presents factor loadings that strictly represent the unique relationship of each item with each rotated factor when the influence of the correlations between the factors has been held constant, removed, controlled for or partialed out. The Pattern Matrix
 has a relative advantage over the Structure Matrix
 because factor loadings in the Pattern Matrix
 reveal greater differences between high and low loadings of the items on each of the rotated factors. Furthermore, the factor loadings in a Pattern Matrix
 function much like Standardized Coefficients Beta
 in standard multiple regression; and are so interpreted (Kpolovie, 2021). Emphatically, the Pattern Matrix guarantees the ultimately desired simple structure
 
 interpretation in which each item or variable loads largely (≥.45) on just one factor and trivially (<.45) on all the other factors.

That is, each loading on a factor represents the relationship between the factor as a predictor and the item as a criterion, when the influence of all other factors (predictors) due to interfactor correlations has been controlled for or eliminated. In this way, the Pattern Matrix most effectively eliminates unnecessary cross-factor loadings (the possibility that more than one factors explain the variance in an item) that could have been caused by the intercorrelations between rotated factors. It is for these relative advantages of Pattern Matrix over Structure Matrix in applied research that the Pattern Matrix is by far more often interpreted and reported than the Structure Matrix. Whenever any of the oblique factor rotation methods is employed in factor analysis, the interpretation and reporting of the Pattern Matrix is unreservedly recommended.


 Structure Matrix Meaning



Structure Matrix
 represents the simple correlations of the observed indicators, items or variables with the rotated factors without elimination of the influence of the intercorrelations among the rotated factors. The loadings in the Structure Matrix are usually bigger in magnitude than in the Pattern Matrix because of the influence of the intercorrelations among the rotated factors. That is, loadings in the Structure Matrix are typically inflated by the overlap in the factors (the correlations among the rotated factors).

Whatever underlying component that makes the critically extracted factors to be correlated in oblique rotation, produces a positive inflation effect on the loadings of each of the items on each of the extracted factors. In other words, loadings in the Structure Matrix are reflections of the combination of both (a) the unique relationship between the item and the factor (as in Pattern Matrix) and (b) the relationship between the item and the shared variance among the rotated factors.

Such combination allows for easy cross-loadings of some of the items on two or more factors. That is, in the Structure Matrix, an item 
 can easily load suitably ≥.45 on two or more factors. Consequently, the ultimately desired simple structure
 interpretation in which each item loads largely (≥.45) on just one factor and trivially (<.45) on all the other factors is never guaranteed in the Structure Matrix. The Structure Matrix does not often allow for simple structure interpretation that a given factor alone accounts for an overwhelming amount of the variance in each of the items that load suitably on the specific factor, particularly when the factors are highly interrelated.

Due to the shortcomings of the Structure Matrix
 , data-based debates in oblique factor analysis on whether it is the Pattern Matrix
 or the Structure Matrix
 that should be interpreted and reported, usually favour the Pattern Matrix
 . That is, it is the Pattern Matrix that should necessarily be interpreted and reported when any oblique factor rotation is done for data which more suitably call for application of the oblique (correlated) rotation than the orthogonal (uncorrelated) rotation. Even in a situation that a research is specifically designed for the Structure Matrix to be used in the interpretation and reporting of the outcome, the Pattern Matrix should as well be interpreted and reported for a much better understanding of the rotated factors; and for an explicit explanation of each item by just one factor. This recommendation is also strongly supported mathematically because the Structure Matrix is the product of the Pattern Matrix and the Factor Correlation Matrix. That is, the Structure Matrix is mathematically calculated by multiplying the Pattern Matrix by the Factor Correlation Matrix that oblique rotation inevitably produces.

How exactly is the Direct Oblimin Oblique Factor Analysis
 done with SPSS dialog boxes selection? Direct Oblimin oblique factor analysis is executed with the following statistical operations after booting the system, launching SPSS, and the data entry and naming/labelling or retrieving the dataset saved as Chapter 1 Table 1 Data Book 3.sav
 .

Click Analyze
 [image: image]
 Dimension Reduction
 [image: image]
 Factor
 to have Factor Analysis
 main dialog box in which all the requisite statistical operations will be done directly or indirectly. See Figure 1.37
 .


 [image: image]
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 Figure 1.37
 Factor Analysis main dialog box for Direct Oblimin FA

Transfer the indicators in the left box into the Variables
 box at the right. To do this, highlight all the variables and click the right-pointed arrow [image: image]
 that is facing the Variables
 panel for the Factor Analysis
 menu to assume the form shown in Figure 1.38
 .
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 Figure 1.38
 Factor Analysis main menu with the items transferred for Direct Oblimin FA

Click Descriptives
 pushbutton for its dialog box to immediately appear. In the Factor Analysis: Descriptives
 window, check Univariates descriptives
 , Coefficients
 , and KMO and Bartlett’s test of sphericity
 as given in Figure 1.39
 and click Continue
 .
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 Figure 1.39
 Factor Analysis: Descriptives menu with requisite options checked for Direct Oblimin FA

Click Extraction
 pushbutton and in it, check Scree plot
 as exemplified in Figure 1.40
 and click Continue
 . Checking of the Scree plot
 will produce a graph with a curve that depicts the number of factors which lie at and above Eigenvalues greater than 1
 as well as those that lie below Eigenvalues greater than 1
 . Only the factors that lie at Eigenvalues greater than 1
 will constitute the critically extracted factors for further analysis like rotation.
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 Figure 1.40
 Factor Analysis: Extraction with Scree plot checked for Direct Oblimin FA

Click Rotation
 pushbutton and in its dialog box, check Direct Oblimin
 radio button as exhibited in Figure 1.41
 and click Continue
 . It is the checking of the Direct Oblimin
 that bears the SPSS command for performing the Direct Oblimin
 oblique rotation in factor 
 analysis. With this check, the SPSS output will present the Pattern Matrix, the Structure Matric, and the Component Correlation Matrix.
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 Figure 1.41
 Factor Analysis: Rotation for Direct Oblimin FA

Click Options
 pushbutton to have its dialog box in which you check Sorted by size
 as illustrated in Figure 1.42
 , and click Continue
 . The Sorted by size
 will ensure that the item loadings on each rotated factor are arranged from the largest to the smallest in a cluster of items with suitably high loadings (≥.45) on the factor.
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 Figure 1.42
 Factor Analysis: Options dialog box for Direct Oblimin FA

At this point, the analysis has been completed. Accordingly, click OK
 for SPSS to instantly produce the results in the IBM SPSS Statistics Viewer
 as presented in Output 1.7
 .


 
 SUPPRESSION OF TRIVIAL LOADINGS IN PATTERN MATRIX AND STRUCTURE MATRIX


There is great need to also have Pattern Matrix
 and Structure Matrix
 in which the item loadings on each of the rotated factors are not merely Sorted by size
 , but equally suppressed automatically by SPSS such that only the loadings that are up to the ≥.45 loadings principle remain. These statistical operations have to be done for suppression of trivial loadings.

Retrieve the data file saved as Chapter 1 Table 1 Data Book 3.sav
 . Respectively click Analyze
 , Dimension Reduction
 , Factor
 , and Reset
 . Transfer the items into the Variables
 box. Click Descriptives
 and in its menu, uncheck Initial solution
 and click Continue
 . Click Extraction
 and in its menu, uncheck Unrotated factor solution
 and click Continue
 .

Next, click Rotation
 and in its menu, check Direct Oblimin
 and click Continue
 . Click Options
 and in its menu, check Sorted by size
 . Check Suppress small coefficients
 . Type .45
 in the small box beside Absolute value below:
 [image: image]
 as shown in Figure 1.43
 ; and click Continue
 . Finally, click OK
 to have the results as displayed toward the end of Output 1.7
 .
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 Figure 1.43
 Factor Analysis: Options menu that is completed for Direct Oblimin FA


 
 
 Output 1.7 Chapter 1 Output 7 Book 3.spv




Factor Analysis
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 INTERPRETATION OF OUTPUT 1.7 – DIRECT OBLIMIN OBLIQUE FA


Vivid comments will not be made on some parts of the Output 1.7
 even though it has as many as 14 sections. Interpretations already given to most of these sections in previous analysis in this chapter will suffice here. The sections of the Output 1.7
 are Descriptive Statistics, Correlation Matrix, KMO and Bartlett’s Test, Communalities, Total Variance Explained, and Scree Plot. Others are Component Matrix, Pattern Matrix, Structure Matrix, and Component Correlation Matrix. Plus, Factor Analysis – Component Matrix, Pattern Matrix, Total Variance Explained, Structure Matrix, and Component Correlation Matrix after suppression of trivial loadings.


 
 Descriptive Statistics


The Descriptive Statistics
 used mean, standard deviation and number of cases to describe the respondents’ scores on each of the observed variables, items or indicators. While the mean ranges from 4.33 for item15 to 7.650 for item11, the standard deviation ranges from .863 for item16 to 1.960 for item5. The number of respondents is 120.


 Correlation Matrix


The Correlation Matrix
 has displayed 400 interitem correlation coefficients, a great majority of which are large. Only ten (actually five) of the correlation coefficients are <.30. Thus, the items are highly intercorrelated in measuring the rationale to opt for and attentively view the CNN TV Channel instead of the myriad of other TV channels available in the Information and Communication Technology-led World.


 KMO and Bartlett’s Test of Sphericity


The Kaiser-Meyer-Olkin (KMO)
 measure of sampling adequacy has shown very high suitability, .903 out of a maximum possible value of 1. Factor Analysis could have been unsuitable for the data if the sampling adequacy were less than .6 in most cases. The Bartlett’s Test of Sphericity too affirms that subjecting the data to Factor Analysis is most suitable as the test is significant at .000 (read as less than .0005).


 Communalities


The Communalities
 has shown the Initial and the Extraction communality for each of the items. Each variable’s Initial Communality is 1. The total Initial eigenvalue for all the items is 20. The Extraction Communality value for each item denotes the percentage of the item’s variance that can be accounted for by the three critically extracted Factors or Components. For instance, the three critically extracted underlying Components/Factors ably account for 87.5% of item1 variance, 81.5% of item2 variance, 86.6% of item3 
 variance, 81.5% of item4 variance, 84.3% of item5 variance, 76.3% of item6 variance, 76.5% of item7 variance, 82.1% of item8 variance, 77.3% of item9 variance, 81.3% of item10 variance, and so forth. For each item, the Extracted Communality is calculated by summing its squared factor loadings on the Factor 1, the Factor 2 and the Factor 3. For item3
 for instance, the percentage of variance accounted for by the three critically extracted factors is got thus: (.914 × .914 + -.173 × -.173 + -.036 × -.036) 100; = (.835 + .030 + .001) 100; = (.866) 100; = 86.6%.


 Total Variance Explained


The Total Variance Explained
 is a display of the Initial Eigenvalues Total, % of Variance and Cumulative % for each of the 20 Components or Factors. Bear in mind that each of the items or variables is a component that is otherwise termed factor. The Extracted Sums of Squared Loadings Total, % of Variance, and Cumulative % for the three critically extracted Components or Factors are equally presented in this section. For instance, the Factors/Components 1, 2, and 3 have a Total of 12.292, 1.545, and 1.246, respectively. The % of Variance for Factor (Component) 1 is 61.458, Factor 2 is 7.726, and Factor 3 is 6.230. The Cumulative % at Factor 1 is 61.458, at Factor 2 is 69.184, and at Factor 3 is 75.413.

Furthermore, the Rotated Sums of Squared Loadings Total for Factor 1 is 11.448, Factor 2 is 7.467, and Factor 3 is 5.887. It should be noted straightway at this point that when the critically extracted Factors are correlated as mandated by any of the oblique rotation methods, the Rotated Sums of Squared Loadings are not and should never be added to obtain a total variance explained by the rotated Components/Factors.


 Scree Plot


The Scree Plot
 has pictorially revealed that of the 20 maximum possible components, only three (Factor 1, Factor 2, and Factor 3) are the critically extracted ones for subjection to rotation because each of the three Factors has Eigenvalues greater than 1
 . Thus, the 
 remaining sections of the factor analysis will be providing values for only these three Components.


 Component Matrix


The Component Matrix
 indicates the loadings of each of the indicators/items on the three critically extracted factors before the Direct Oblimin rotation. As a result, the values in this section tend to show the highest loading of each item on only the Factor 1 even when a general factor does not exist. Consequently, values in the Component Matrix fail to depict the most needed simple structure solution
 for which factor analysis is executed. It should however be mentioned that it is the loadings of each item on Factor 1, Factor 2, and Factor 3 in the Component Matrix that were squared and added to arrive at the Communalities Extraction for each indicator, as I have earlier asserted under Communalities.

These can be illustrated. For item1
 for instance, the Communalities Extraction
 value was arrived as .8672
 + -.3162
 + -.1502
 ; = .752 + .100 + .023; = .875. For item3
 for instance, the Communalities Extraction
 value was arrived at as .9142
 + -.1732
 + -.0362
 ; = .835 + .030 + .001; =.866. For item18
 for instance, the Communalities Extraction
 value was arrived at as .5222
 + .3182
 + .5252
 ; = .272 + .101 + .276; = .649.


 Pattern Matrix


The Pattern Matrix
 is most crucial in the interpretation and reporting of the Direct Oblimin oblique factor analysis. The Pattern Matrix is a table that explicitly shows three distinct features.

First, the items that best constitute or interpret the rotated underlying explanatory construct, termed Component 1 or Factor 1, in a sorted by size cluster (from the highest to the smallest overwhelming loadings on the Factor 1).

Second, the items that best constitute or interpret the rotated underlying explanatory construct, termed Factor 2 or Component 2, in a sorted by size cluster (from the highest to the smallest overwhelmingly large loadings on the Factor 2).


 Third, the items that best constitute or interpret the rotated underlying explanatory structure, termed Factor 3, in a sorted by size cluster (from the most vital to the smallest but overwhelmingly vital loadings on the Factor 3).

That is, the Pattern Matrix
 section of the Output 1.7
 has presented the Direct Oblimin oblique rotation
 of the critically extracted underlying factors in a very special manner that explicitly reveals the magnitude to which each of the three rotated Factors (Components) explains each of the manifest items such that the specific variables accounted for overpoweringly by each of the rotated Factor 1, Factor 2, and Factor 3 are unquestionably revealed to guarantee unmistakable simple structure
 interpretation. For each of the three rotated underlying explanatory factors, the items that are most suitably accounted for by a factor constitute a cluster in which each of the items has a very large loading on the specific factor.

For example, the cluster of variables that Factor 1 alone substantially accounts for is made up of item1, item2, item4, item6, item7, item3, item5, item9, item8, item10, and item11, respectively from the highest to the lowest suitable. Each of these items has very suitably large loading that ranges from 1.002 to .736 on the Factor 1.

The cluster of variables that Factor 2 uniquely explains or accounts for extremely is made up of item12, item13, item14, item15, and item16. Each of these variables has very suitably large loading that ranges from .920 to .549 on the Factor 2.

The cluster of variables that the Factor 3 unilaterally accounts for absolutely is composed of item17, item18, item19, and item20. Every of these variables has a very large loading that ranges from .804 to .511 on the Factor 3. The values in the transformation matrix are functions of the angles of rotation that is usually smaller or larger than right angle (angle 900
 ) of the factors or components in the dimensional space.

On the contrary, the items that a particular factor does not tremendously account for constitute one or two constellations in which each item has a very trivial (nearer to 0, actually <.45) loading on the factor, and therefore requires only to be suppressed. For instance, 
 the items that Factor 1 does not account for are item12, item13, item14, item15, item16, item17, item18, item19, and item20. The items that the Factor 2 does not account for are item1, item2, item4, item3, item5, item6, item7, item8, item9, item10, item11, item17, item18, item19, and item20. As much as 16 of the variables are not accounted for by the Factor 3; and they are item1, item2, item3, item4, item5, item6, item7, item8, item9, item10, item11, item12, item13, item14, item15, and item16. Each of the items with low loading on a particular factor should at best be suppressed under that factor.

It must be asserted that each of the items that are profoundly accounted for by a particular rotated factor is not explained beyond triviality by any of the two other rotated factors. In other words, once an item loads very largely on a specific factor, it automatically lacks considerable loading on any of the other two factors. That is, each row of the factor matrix in the Pattern Matrix contains only one vitally suitable loading (nearer 1, actually ≥.45) on just one of the rotated factors, and trivial (nearer 0 or <.45) loadings on the other two factors. Similarly, each column of the Factor Matrix explains only the few items with very large factor-loadings and renders not more than trivial explanations to each of the many items with small factor-loadings on the factor in the column. It is with this sort of balancing of the factor-loadings in the rotated factors that the Direct Oblimin oblique rotation mathematically accomplishes by turning the reference axes of the rotated factors about their origin at an angle that is different from angle 900
 (right angle) to accurately achieve a simple factor solution
 that maximally simplifies interpretability of the rotated factors with the best possible theoretical meaningfulness.


 Naming of the Factors in Direct Oblimin Rotation


Since the Direct Oblimin oblique Pattern Matrix has unquestionably revealed a three-factor simple solution
 in which each of the items has a truly large and most meaningful loading exclusively on just one factor; and each factor has absolutely large and maximally meaningful loadings for only some of the items; the stage is fully ripe to 
 closely examine the clustering of the items on each factor and their wordings in order to provide appropriately distinctive name for each of the three factors. A thorough examination of the wordings of the items that constitute the exceptionally explained cluster by each of the three rotated factors in the CNN Television Channel Option Rationalization Scale
 (TCORS-CNN
 ) has revealed that the appropriate names for the Direct Oblimin rotated factors.

The Factor 1
 is Irresistible world-improvement rationalization.
 The Factor 2
 is Inbuilt quality rationalization
 . The Factor 3
 is Cautious appeal rationalization
 .

Carefully go through the wordings that constitute the contents of the items to be fully convinced of the appropriateness of the labelling of the three underlying explanatory factors. The three-factor solution showing only the highest loading for each item of the TCORS-CNN when trivial loadings (<.45) on each of the factors have been suppressed is presented in Table 1.5
 .


 
 Table 1.5
 Naming of each factor in accordance with items that most suitably load on it
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 Emphatically, the greater the loadings of the items in a cluster on a particular factor, the easier and the more appropriate the interpretation of that specific rotated factor. The classification and description of suitability of an item’s loading on a factor for inclusion in the factor’s interpretation previously provided in Table 1.3
 is equally applicable to Pattern Matrix and Structure Matrix in oblique methods of factor rotation. When the items in the cluster that constitutes a factor individually have extremely suitable
 , or very highly suitable
 loadings on the factor, the interpretation of the concerned factor becomes very easy and accurate because overpowering amount of the variance of each of the items in the cluster is commonly shared with the factor. In this way, the wordings which constitute the contents of the items can most appropriately be used to interpret or describe the factor that underlies the cluster of items that substantially load on it.

In the example under study, the first of the eleven items in the cluster that loads on Factor 1 has a loading of 1.002 that is extremely suitable
 , and the other ten items in the cluster each has a loading that is very highly suitable
 , ranging from .883 to .722, in the interpretation of the factor. Therefore, the Factor 1 is easily named after a theme that commonly runs through the items that load on the factor – Irresistible world-improvement rationalization
 for sedulously watching of CNN TV Channel.

While one of the items in the cluster that loads overwhelmingly on the Factor 2 has a loading (.920) that is extremely suitable
 , one of the items in the cluster has a .810 loading that is very highly suitable
 . The remaining three items in the cluster that loads on Factor 2 have very highly suitable
 (.671), suitable
 (.599), and fairly suitable
 (.549) loadings on the factor. The Factor 2 is therefore rightly named in line with the prominent theme that describes the contents of the items that the Factor 2 prominently accounts for – Inbuilt quality rationalization
 for assiduously viewing of the CNN TV Channel.

Two of the four items in the cluster that loads on Factor 3 have very highly suitable
 loadings (.804 and .798) on the factor. The third of the items in this cluster has a loading of .593 that is described 
 as suitable
 , and the fourth item in the cluster has a fairly suitable
 (.511) loading on the Factor 3. The Factor 3 is consequently named accordingly as Cautious appeal rationalization
 for watching of the CNN TV Channel attentively. The interpretation of each of the rotated underlying explanatory factors is a little further elaborated in the next five paragraphs.


 Factor 1: Irresistible world-improvement rationalization


The Factor 1 is made up of 11 items (item1, item2, item4, item6, item7, item3, item5, item9, item8, item10, and item11, in the order of their loadings’ magnitude), each of which loads very highly on the Factor 1. The common theme or element that the 11 items suggest is irresistible world-improvement rationalization
 for the sedulous watching of CNN TV Channel. The Irresistible world-improvement rationalization for watching CNN TV channel represents how the CNN TV channel has positive effect in improvement of the world by enhancing society building, triggering positive imagination, providing quality information habitually, influencing better decision making, encouraging education, being highly educative, positively influencing adults, raising curiosity, effectively communicating desirable advertisements, and being most entertaining. The quality information that the CNN TV channel disseminates; stimulates imagination and curiosity that propel novel ideas for extraordinary advancement of the radically changing world (Kpolovie and Lale, 2017). The Factor 1
 , Irrepressible world-improvement rationalization
 could also be psychologically christened Cognitive rationalization
 for viewing the CNN TV Channel.


 Factor 2: Inbuilt quality rationalization


The Factor 2, is made up of five items (item12, item13, item14, item15, and item16) that individually load very highly on the Factor 2; and collectively suggests Inbuilt quality rationalization
 for watching of the CNN TV Channel. The inbuilt quality rationalization for watching CNN TV Channel is a factor loading that represents an excellent combination of tuner, display and loudspeakers with which the 
 CNN TV channel is internally designed to most flexibly and colourfully produce astonishing audio, life events, bright motion and still pictures for capturing and sustaining of the attention of millions of people intercontinentally around common interests. The Factor 2
 , Inbuilt quality rationalization
 , could equally be named psychologically as Affective rationalization
 for viewing the CNN TV Channel diligently.


 Factor 3: Cautious appeal rationalization


The Factor 3 is made up of four manifest indicators (item17, item18, item19, and item20) that though each uniquely loads very highly on the Factor 3, they collectively share a common theme of Cautious appeal rationalization
 for watching the CNN TV Channel. The Factor 3 represents the caution that viewing the CNN TV Channel elicits. The Cautious appeal rationalization of CNN TV Channel depicts the cautiousness that in spite of the Channel’s compelling appeal, continuously viewing the CNN could be a bad influence on children as it might lead to decrease in academic achievement. Also, that watching the CNN TV channel more than 3 hours per day is likely to have negative effect on one’s health, and that too much watching of the CNN TV channel might be bad for the brain. Too much of everything, they say, is bad. The Factor 3
 , Cautious appeal rationalization
 , may as well be appropriately referred psychologically as Situational rationalization
 for viewing the CNN TV Channel.

In all, the Direct Oblimin oblique rotation Pattern Matrix has extracted and rotated three latent components – Factor 1 (Irresistible world-improvement rationalization), Factor 2 (Inbuilt quality rationalization), and Factor 3 (Cautious appeal rationalization) which collectively account for over 75% of the total variance in the observed scores on the CNN Television Channel Option Rationalization Scale as have earlier been revealed by the Cumulative %
 of Extraction Sums of Squared Loadings
 . It could also be theoretically concluded that the CNN Television Channel Option Rationalization Scale has three subscales as represented by the three named factors in reliably and validly measuring why people opt for and watch the TV 
 Channel – CNN. All the 20 items in the TCORS-CNN are good indicators of the attribute because none of the items showed trivial loadings across the three rotated factors. The entire 20 manifest indicators of the TCORS-CNN have thus been excellently reduced into only three underlying explanatory variables, that each constitutes a unique subscale theoretically.

In addition to substantial loading of each of the items on the extracted and rotated latent factors as primary requirement for interpretation of factor analysis output, the Pattern Matrix in particular, easy interpretability of the factors demands that each factor should have many enough items that largely load on it. If out of the several items subjected to the analysis, only too few items like one or two have considerably high loadings on a rotated factor, that factor cannot be meaningfully interpreted. It could even be better to delete the few items and rerun the analysis with only the other items than to contemplate inclusion of a factor that had only too few items loading on it. In the TCORS-CNN under consideration with 20 items, each of the rotated factors had many enough items. The first factor had 11 items loading largely on it, the second factor had five items with largely suitable loadings on it, and there were four items with vital loadings on the third factor.

More so, the items were neither biased nor ambiguous in the measurement of the attribute for which they were developed. Each item was specific, straightforward, simple, apt, and pure structurally in measuring only a single part of the attribute and therefore fit for the interpretation of only one latent factor. That is in line with Kpolovie (2014) and Kpolovie (2016) that the items for the measurement of a trait should not be ambiguously or biasedly structured as ambiguity and biasness in the structuring of the wordings of an item make the item prone to load vitally on multiple factors.

It should be noted that the items with suitably large loadings on each of the factors and which constitute a cluster of items on the factor in the Direct Oblimin oblique rotation are the same with the ones in the Varimax orthogonal rotation. For more interpretation of the factors such as justification of the use of ≥.45 loadings for 
 inclusion of observed indicators in the explanation of a rotated factor, please refer back to the detailed interpretation provided under the Varimax factor analysis in Output 1.1
 .


 Structure Matrix


The Structure Matrix
 is a very important section in Direct Oblimin
 oblique factor analysis output. The Structure Matrix
 is a section of the Output 1.7
 that represents the simple correlations of the manifest items with the rotated factors without elimination of the influence of the interrelationships among the rotated factors. The loadings in the Structure Matrix are usually bigger or inflated in magnitude than in the Pattern Matrix because of the influence of the intercorrelations among the rotated factors. Whatever underlying component that makes the critically extracted factors to be expressively correlated in the Direct Oblimin oblique rotation, produces a positive inflation effect on the loadings of each of the items on each of the rotated factors.

The Structure Matrix is mathematically calculated by multiplying the Pattern Matrix by the Factor Correlation Matric that the Direct Oblimin oblique rotation characteristically produces. Consequently, loadings in the Structure Matrix directly reflect the combination of both the unique relationship between the item and the factor on the one hand, and the relationship between the item and the shared variance among the factors on the other hand. Such combination is highly prone to causing cross-loadings of some of the items on two or more factors. An item can easily load ≥.45 on two or more factors in the Structure Matrix due to inflation of the loadings by the obliqueness of the rotated factors. Consequently, the ultimately desired simple structure
 interpretation in which each item loads largely on just one factor and trivially on all the other factors is never guaranteed in the Structure Matrix. Yes, it is uncertain that the Structure Matrix that oblique factor rotation produces will clearly display simple structure solution in a factor analysis despite the fact that factor analysis is aimed ultimately at the discovery of latent factors for outright simple structure interpretability 
 of the complex interrelationships amongst the numerous manifest variables.

Since the Structure Matrix does not often allow for simple structure interpretation that a given factor alone accounts for an overwhelming amount of the variance in each of the items that load on the specific factor, particularly when the factors are highly correlated, the Structure Matrix is not as appropriately straightforward as the Pattern Matrix in the interpretation and reporting of the factor loadings when oblique factor rotation is done in Factor Analysis. Thus, it is the Pattern Matrix that should necessarily be interpreted and reported when any oblique factor rotation is done for data which more suitably call for application of the oblique (correlated) rotation than the orthogonal (uncorrelated) rotation. The Structure Matrix should however be also reported and interpreted accordingly alongside with the Pattern Matrix. That is, both the Pattern Matrix and Structure Matrix should be reported and interpreted correctly as the latter usually tends to corroborate the factor loading in the former; showing consistency and some sort of room for replicability.

The Structure Matrix has factor loadings that are similar with those in the Pattern Matrix, though there are several cross-loadings. The simplest guiding principle for interpretation of rotated factors in the Structure Matrix, particularly when the factors are highly interrelated, is each item should be used to interpret the factor that it has the largest loading on (i.e., the primary loading). In line with this principle, it can be seen in the Structure Matrix that the first eleven items load on Factor 1 with loadings that range from .927 for item1 to .845 for item11. The next five items load on Factor 2 with loadings that range from .907 for item13 to .677 for item15. Plus, the remaining four items that suitably load substantially on Factor 3 with loadings that range from .862 for item17 to .692 for item20.

A very close look at the contents of each of the items that constitute a cluster of items that most appropriately load on a particular factor reveals that the three factors could rightly be named thus: Factor 1
 – Irresistible world-improvement rationalization; Factor
 
 2
 – Inbuilt quality rationalization;
 and Factor 3
 – Cautious appeal rationalization
 .

The Factor 1 exceptionally explains the variance in item1 (.927), item3 (.927), item5 (.914), item2 (.897), item8 (.888), item10 (.884), item9 (.869), item7 (.868), item6 (.858), and item11 (.845). The loadings are in parentheses. Factor 2 best explains substantially large amount of the variance in item13 (.907), item12 (.881), item14 (.829), item16 (.738), and item15 (.677). The Factor 3 is most appropriate in explanation of the largest possible amount of the variance in item17 (.862), item18 (.798), item19 (.753), and item20 (.692).

The Structure Matrix presents the 60 structure coefficients (i.e., 20 for each of the three rotated Factors), each of which must range between ±1, because it depicts “the true zero-order correlation coefficient” (Kpolovie, 2021) between a particular item and a specific factor when the influence of the interrelationships among the rotated factors has not been eliminated, controlled for or held constant (Kpolovie, 2021).

Recall that it has been emphasized repeatedly that for an item’s loading on a factor to be considered meaningful and used in the interpretation of a rotated factor, it must be in accordance with what I have earlier termed the ≥.45 loadings principle
 . This is why though a structure coefficient must range between ±1, each of the 20 out of the 60 structure coefficients in the Structure Matrix that suitably loads on either Factor 1 or Factor 2 or Factor 3 as listed above is large, ranging from the largest, .927 for item1; to the least, .692 for item15.

A great number of the items in the Structure Matrix load suitably (≥.45) on two or three of the factors; and the loadings of the items across the factors are relatively higher than obtainable in the Pattern Matrix because the high intercorrelations among the rotated factors caused overlap of the factors, which in turn inflated the magnitude of the items’ loadings on the factors. The inflation of the loadings of the items on the factors that has culminated in majority of the items cross-loading on two or more factors has ordinarily occasioned what tends to be uninterpretability or at least difficulty in the interpretation of the factors.


 Uninterpretability is said to have occurred in factor analysis when the ultimately desired simple factor solution
 fails to be arrived at as two or more obliquely rotated factors individually explains either up to or greater than 20% of the variance in an item, across very many of the items. Such uninterpretability is however indicative of the existence of a higher-order underlying explanatory construct
 , termed general factor
 that made the obliquely rotated factors to be very highly intercorrelated. In such situation, when Factor Scores
 are generated and subjected further to factor analysis, known popularly as Higher-order Factor Analysis
 , a unidimensional factor which is the general factor is often extracted. A demonstration of higher-order factor analysis
 shall be lucidly examined with illustrations in the next chapter
 .


 Component Correlation Matrix


The Component Correlation Matrix
 is a display of the intercorrelations among the rotated factors. The correlation coefficients between the Direct Oblimin rotated factors are very high. The Oblimin oblique rotated Factor 1 and Factor 2 have .579 interfactor correlation, depicting that the two underlying explanatory factors have approximately 34% variance in common. The rotated Oblimin oblique Factor 1 and Factor 3 have .512 interfactor correlation, denoting that these two latent components have approximately 26% of variance in common. The Oblimin oblique rotated Factor 2 and Factor 3 have a .370 interfactor correlation which implies that the two factors share approximately 14% of their variance with each other.

Oblique rotation of extracted factors is anchored on the assumption that the extracted underlying explanatory factors are correlated and not independent. Therefore, it is indispensable to show the magnitude and nature of the pairwise correlations among the rotated factors as presented in the Factor/Component Correlation Matrix.

It must however be noted that the greater the correlations among the factors, the wider the difference between the Factor Pattern Matrix and the Factor Structure Matrix in their loadings, and the more difficult explanation of the factor structure loadings 
 becomes. If each of the pairwise correlations among the rotated factors is spuriously high, exceeding .5 as seen in two of the pairwise factor correlations of the TCORS-CNN, then it becomes more difficult to differentially interpret the factors because all the manifest variables will tend to be measuring a single underlying entity (factor) that is termed General Factor as earlier discussed under Quartimax orthogonal principal factor analysis output.

Put differently, when each of the pairwise correlation coefficients among the rotated factors is very large, up to and exceeding .5; it becomes expedient to conclude that an underlying General Factor exists among the manifest variables or indicators because if the extracted latent factors where indeed distinguishable, the intercorrelations among the rotated factors could not have been so large. This accounts for why a correlation coefficient that is greater than .2 between extracted factors is said to be a high correlation because a rotated factor is not expected to account for greater than 5% of the variance in another factor. A rotated factor is not expected to decisively be doing what another of the rotated factors is doing.

The good thing, however, is that very high intercorrelations among rotated factors are indicative of the internal consistency reliability of a measuring instrument as well as the unidimensional construct validity of the measuring instrument. It is because of this that very large intercorrelations among subcales (each of the subscales measuring an underlying explanatory factor) in a test are indicative of the internal consistency reliability and construct validity of the test (Kpolovie, 2016; 2014). Even in such test validation, if two subscales have a spuriously high correlation, up to .8, then one of the subscales could just be an unnecessary duplication of the other; and should therefore be subsumed in the other, or considered as part of Form B of the other (taking the other as part of Form A) of the test; or it should be outrightly discarded.

The intercorrelation coefficients among rotated factors are arrived at mathematically by correlating the generated Factor Scores
 . How this is done with SPSS will vividly be demonstrated in the next chapter
 .


 
 Factor Analysis – Component Matrix


The Factor Analysis – Component Matrix
 has simply stated the number of critically extracted factors, the number of factors extracted and subjected to the Direct Oblimin rotation to be three.


 Pattern Matrix and Structure Matrix with trivial loadings (<.45) suppressed


Two of the remaining sections of the Output 1.7
 display the Pattern Matrix and Structure Matrix after sorting of the loadings and suppression of items with trivial loadings (<.45) on a rotated component/factor. These two matrices are merely tabulated here in Table 1.6
 for easy visualization of the explicit interpretable nature of the Pattern Matrix and the seeming uninterpretable or at best ambiguous nature of the Structure Matrix, when in fact the Direct Oblimin rotation has produced them for interpretation of the same three latent factors in the TCORS-CNN.


 
 Table 1.6
 Comparison of Pattern Matrix and Structure Matrix with trivial loadings suppressed

[image: image]
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 Table 1.6 has shown that in the Pattern Matrix, each item loads on just one factor; and each factor uniquely explains only the items in the cluster that load on it. Thus, guaranteeing simple factor solution interpretation. In the Structure Matrix, though the items that load largest on each factor form a cluster of particularly high loading items for the factor, there are numerous cases of cross-loadings of each item, with the exception of item18, on two or all the three rotated factors. The overlapping of the factor loadings in the Structure Matrix makes clear-cut simple factor solution interpretation impossible. The several cross-loadings in the Structure Matrix are indicative of the existence of a higher-order latent construct
 or a general factor
 that underlies all the TCORS-CNN items as discussed under Quartimax orthogonal rotation.

Congratulations! Now, you are done with the SPSS Dialog Boxes execution and interpretation of the Direct Oblimin oblique Factor Analysis, save the results as Chapter 1 Output 7 Book 3.spv
 . View the entire output again, bearing in mind how each section was interpreted. Close all opened SPSS windows. Exit IBM SPSS Statistics, and shut down the laptop.


 SPSS SYNTAX FOR DIRECT OBLIMIN OBLIQUE FACTOR ANALYSIS


Execution of the Direct Oblimin oblique Principal Factor Analysis with SPSS Statistics Syntax is very simple and most timesaving without much dialog boxes selection. The only requirement is correct entry of the short Syntax for Direct Oblimin factor analysis into the SPSS Syntax Editor
 . The much-needed syntax for the purpose is given in Syntax 1.4
 .


 
 Syntax 1.4 Chapter 1 Syntax 4 Book 3.sps








       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.







       
 
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT ROTATION



           
 /FORMAT SORT BLANK(.45)



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.


While the first part of the syntax executes the Direct Oblimin Factor Analysis, the second part of the syntax is a demonstration of the Direct Oblimin Factor Analysis execution when all items with <.45 loadings on the critically extracted factors have been suppressed in the rotation Pattern Matrix and Structure Matrix.

To perform the analysis, switch on the computer, launch SPSS Statistics by clicking its logo, [image: image]
 . Retrieve the dataset saved as Chapter 1 Table 1 Data Book 3.sav
 . Retrieval of the data file can be done by clicking Open data document
 icon, [image: image]
 . Or by clicking File
 , selecting Open
 and clicking Data
 . Then, look for the file name, select it for it to be highlighted, and click Open
 in the dialog box or press the Enter
 key on the Keyboard.

In the SPSS Data Editor
 containing the requisite data exactly as was presented in Figure 1.2
 , click File
 , select New
 and click Syntax
 . Accurately type the syntax provided in Syntax 1.4
 into the IBM SPSS Statistics Syntax Editor
 . Enjoy the fascinating prompting and colourful display that is associated with entry of the syntax. On completion of the syntax entry, the SPSS Syntax Editor
 will look like the one displayed in Figure 1.44
 .
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 Figure 1.44
 SPSS Syntax Editor with Oblimin oblique factor analysis Syntax entered

With the correct entry of the syntax as shown in Figure 1.44
 , the Direct Oblimin oblique Factor Analysis
 is completely executed. All that is left is to request SPSS to produce the results, part of which is shown in Output 1.8
 . You can prompt SPSS to display the results by clicking Run
 and in its menu, clicking All
 . Try it straightway and see the whole output in the IBM SPSS Statistics Viewer
 window of your computer.


 
 
 Output 1.8 Chapter 1 Output 8 Book 3.spv




Factor Analysis
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 INTERPRETATION OF OUTPUT 1.8


Do a close section-by-section comparison of the Output 1.8
 as shown in your IBM SPSS Statistics Viewer
 and the Output 1.7
 for detection of discrepancies. Both of the outputs are for Direct Oblimin oblique principal component analysis on the same dataset, the Table 1 data on CNN Television Channel Option Rationalization Scale. The Output 1.7
 was arrived at by analysing the data with SPSS Statistics dialog boxes point and click method, while the Output 1.8
 was got by analysing the data with SPSS Statistics Syntax method. On completion, 
 you must have noticed that each section in the two outputs are exactly the same. The implication is that the same interpretation accorded to the Output 1.7
 is equally suitable for the Output 1.8
 . So, using the interpretation for Output 1.7
 as exemplar, write out a detailed interpretation for Output 1.8
 within the shortest possible time limit. When you are done with it, save the current output as Chapter 1 Output 8 Book 3.spv
 and save the Syntax as Chapter 1 Syntax 4 Book 3.sps
 . After that, follow the remaining SPSS Statistics data analysis conventions to finally shut down the computer. Great job! Congratulations!


 PROMAX FACTOR ANALYSIS WITH SPSS DIALOG BOXES POINT AND CLICK



Promax
 is another oblique (correlated) method of factor rotation in factor analysis. Promax oblique factor rotation raises Varimax orthogonal rotation values to a certain power that is known as Kappa
 such as 4
 , which SPSS uses as the default, and rotates the raised Varimax factor solution in a special manner that guarantees high intercorrelations among the critically extracted latent factors. The raising of Varimax values in a correlated rotational mechanism that Promax oblique factor analysis does, causes the suitably high factor loadings to become particularly higher and the unsuitably low factor loadings to become particularly lower. With this, the Promax oblique factor analysis produces an exceptionally clear-cut simple factor solution in which the items that load on a particular factor have very large loadings, and the items that do not suitably load on the particular factor have very small loadings.

Thus, the Pattern Matrix of Promax rotation reduces the probability of obtaining cross-loadings to the minimum ever possible even when the rotated factors have seemingly spuriously high intercorrelations. By the same mechanism, Promax rotation maximally increases the intercorrelations among the critically extracted underlying explanatory factors. To perform the Promax PCA (Principal Component Analysis), some exciting statistical operations are required.


 Boot the laptop. Launch SPSS Statistics. Retrieve the data much earlier saved as Chapter 1 Table 1 Data Book 3.sav
 . To do this, click File
 , select Open
 , click Data
 , click on the name of the data file (Chapter 1 Table 1 Data Book 3.sav
 ), and press Enter
 . Click Analyze
 , select Dimension Reduction
 , and click Factor
 . In the Factor Analysis
 dialog box, transfer the items from the left box into the Variables
 field at the right.

Click Descriptives
 pushbutton and in its dialog box, check Univariate descriptives
 , check Coefficients
 , and check KMO and Bartlett’s test of sphericity
 ; and click Continue
 . Click Extraction
 push button and in its dialog box, check Scree plot
 ; and click Continue
 .

Click Rotation
 pushbutton and in its dialog box, check Promax
 ; and click Continue
 . Click Options
 pushbutton and from its dialog box, check Sorted by size
 ; and click Continue
 .

Finally, in the Factor Analysis
 main menu, click OK
 for SPSS to complete the analysis instantly and produce the results in the IBM SPSS Statistics Viewer
 as you can see on your screen right now if you have just performed all these actions accordingly. Part of the results is displayed in Output 1.9
 .

In addition, to have Pattern Matrix
 and Structure Matrix
 in which trivial item loadings on the rotated factors (≥.45) are suppressed as part of the output, do the following. Retrieve the data file that was saved as Chapter 1 Table 1 Data Book 3.sav
 . Click Analyze
 , select Dimension Reduction
 , and click Factor
 . Then, click Reset
 in the Factor Analysis
 dialog box.

Move the items from the left box into the Variables
 box at the right. Click Descriptives
 pushbutton and in its menu, uncheck Initial solution
 ; and click Continue
 . Click Extraction
 pushbutton and in its menu, uncheck Unrotated factor solution
 ; and click Continue
 . Click Rotation
 pushbutton and in its menu, check the Promax
 ; and click Continue
 . Click Options
 pushbutton and in its menu, check Sorted by size
 . Check Suppress small coefficients
 . Type .45
 in the small box beside Absolute value below:
 [image: image]
 ; and click Continue
 . Finally, in the Factor Analysis
 main dialog box, click OK
 for SPSS to complete the 
 analysis in a split-second and produce the results as exhibited in the last sections of Output 1.9
 .


 
 Output 1.9 Chapter 1 Output 9 Book 3.spv




Factor Analysis
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 INTERPRETATION OF OUTPUT 1.9 – PROMAX FACTOR ANALYSIS


The Descriptive Statistics, Correlation Matrix, KMO and Bartlett Test, and Communalities sections of the Promax oblique factor analysis
 are exactly the same with those of Varimax orthogonal factor analysis
 ; and should therefore be similarly interpreted.


 
 Total Variance Explained


With the exception of the Rotation Sums of Squared Loadings major column, the Total Variance Explained section of the Promax oblique factor analysis output is exactly like that of the Varimax orthogonal Principal Component Analysis. In both outputs, the Total Variance Explained Extraction Sums of Squared Loadings for Total are 12.292, 1.545 and 1.246, respectively for the Component 1, Component 2, and Component 3. The % of Variance are 61.458, 7.726 and 6.230, respectively for the Factor 1, Factor 2, and Factor 3. The Cumulative % are 61.458 for Component 1, 69.184 at Component 2, and 75.413 at Component 3.

While the Factor/Component 1 alone accounts for 61.458% of the total variance in the TCORS-CNN scores, the three extracted Components (Factors) cumulatively account for as much as 75.413% of the total variance in the test scores in both the Promax oblique and Varimax orthogonal Factor Analysis. The only point of departure between the Promax oblique and Varimax orthogonal is that while Rotation Sums of Squared Loadings in the Promax rotation cannot be added to obtain total variance because the components are correlated; the Rotation Sums of Squared Loadings in the Varimax orthogonal rotation can be and were added to obtain the total variance because the components are not correlated, and are therefore addable.


 Pattern Matrix


The Pattern Matrix
 of the Promax oblique factor analysis has presented some very key information.

Items that best interpret the rotated underlying explanatory Factor 1
 , in a sorted by size cluster from the highest (1.033) to the smallest (.727) overwhelming loadings on the factor.

Indicators that best interpret the rotated underlying explanatory Factor 2
 in a sorted by size cluster from the highest (.992) to the smallest (.573) overwhelming loadings on the factor.

Items with best interpretation of the rotated underlying explanatory Factor 3
 in a sorted by size cluster from the highest (.891) to the smallest (.539) overwhelming loadings on the factor.


 The Pattern Matrix
 section of the Output 1.9
 has revealed the Promax oblique rotation
 of the three critically extracted latent factors to explicitly show the magnitude to which each of the Factors/Components explains each of the manifest variables or items. In this way, the specific variables accounted for overpoweringly by each of the three rotated components (Factor 1, Factor 2, and Factor 3) are incontrovertibly displayed to guarantee simple and unambiguous interpretation. For each of the three rotated factors, the items that are most suitably accounted for by a particular factor constitute a cluster in which each of the items has a highly substantial loading on just one of the factors.

Specifically, the cluster of indicators that Factor 1
 substantially explains consists of item1, item2, item4, item6, item7, item3, item5, item9, item8, item10, and item11, respectively in accordance with the magnitude of the loadings. Each of these eleven items has very suitably large loading that ranges from 1.033 for item1 to .727 for item11.

The cluster of items that Factor 2
 uniquely accounts for tremendously is made up of item12, item13, item14, item15, and item16, respectively. Each item in the cluster has very suitably large loading that ranges from .992 for item12 to .573 for item16.

The cluster of variables that the Factor 3
 uniquely accounts for or explains in an absolute manner is composed of item17, item18, item19, and item20. Every of the items in the cluster has suitably large loading that ranges from .891 for item17 to .539 for item20.

The factor loadings in the Promax Pattern Matrix are functions of the angles of rotation (typically smaller or larger than that of angle 900
 ) in geometric space. The items that a particular factor does not tremendously account for do not belong to the cluster of items that tremendously load on the particular factor. It must be asserted that each of the items that are profoundly accounted for by a specific factor is not explained beyond frivolousness by any of the two other factors.

In the Pattern Matrix of the Promax oblique rotation, once an item loads very largely on a specific factor, it automatically lacks 
 considerable loading on any of the other two factors. This is because, each row of the factor matrix in the Promax Pattern Matrix contains only one vitally suitable loading (nearer to 1, actually ≥.45) on just one of the three factors and two trivial loadings (nearer to 0, precisely <.45) on the other two of the three critically extracted and rotated underlying explanatory factors. Similarly, each column of the factor matrix explains only the few items with very large factor-loadings and renders not more than trivial explanations to each of the many items with small factor-loadings on the factor in the column. It is with this sort of balancing of the factor-loadings in the rotated factors that the Promax oblique rotation accurately accomplishes turning the reference axes of the rotated factors about their origin at an angle that is different from angle 90 degrees to guarantee a simple structure factor solution
 that maximally simplifies interpretability of the rotated factors in line with the best possible theoretical meaningfulness.


 NAMING THE FACTORS IN PROMAX OBLIQUE ROTATION


The Pattern Matrix in Promax rotation has incontestably revealed a three-factor simple solution for the CNN Television Channel Option Rationalization Scale. Each of the items in the TCORS-CNN has a truly large and most meaningful loading exclusively on just one factor. Complementarily, each factor has absolutely large and maximally meaningful loadings for only some of the items. Therefore, very close examination of the clustering of the items on each factor in terms of the structuring (wordings) of the items can unfailingly suggest appropriate distinctive name for each of the three rotated factors.

A thorough examination of the wordings of the items that constitute the exceptionally explained constellation by each of the three rotated factors in the TCORS-CNN
 shows suitability of the following names for the rotated factors. Factor 1
 is Irresistible world-improvement rationalization. Factor 2
 is Inbuilt quality rationalization
 . Factor 3
 is Cautious appeal rationalization
 .

These three latent components (Factor 1, Factor 2, and Factor 3) can equally be named psychologically as follows. The Factor 1
 is 
 Cognitive Rationalization
 . The Factor 2
 is Affective Rationalization
 . The Factor 3
 is Situational Rationalization
 .

Take a careful look at the wordings that constitute the contents of the items to be fully convinced of the appropriateness of the labelling of the three underlying explanatory factors. The three-factor simple solution
 showing only the highest factor loading for each item of the TCORS-CNN when trivial loadings (<.45) on each of the factors have been suppressed are shown in Table 1.7
 .


 
 Table 1.7
 Naming of each factor in accordance with items that most suitably load on it
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 The rule-of-thumb in factor interpretation is that the greater the loadings of the items in the constellation on a particular factor, the easier and the more appropriate the interpretation of that specific rotated factor. The classification and description of suitability of an item’s loading on a factor for inclusion in the factor’s interpretation that I have earlier provided in Table 1.3
 is equally applicable to the Pattern Matrix and Structure Matrix in Promax oblique method of factor rotation. When the items in the cluster that constitutes a factor individually have extremely suitable
 (.90 – 1 or higher
 ), or very highly suitable
 (.71 – .89
 ) loadings on the factor, the interpretation of the concerned factor becomes very easy and accurate because overpowering amount of the variance of each of the items in the cluster is commonly shared with the factor. In this way, the wordings which constitute the contents of the items can most appropriately be used to interpret or describe the factor that underlies the cluster of items that adequately load on it.

In the example under study, the first, second and third of the eleven items in the cluster that loads on Factor 1 have loadings of 1.033, .912 and .910, respectively, that are described as extremely suitable
 , and the other eight items in the cluster each has a loading that is very highly suitable
 , ranging from .893 for item6 to .727 for item11, in the interpretation of the factor. Therefore, the Factor 1 is easily named aptly after the most common theme that runs through the items that load on the Factor 1 – Irresistible world-improvement rationalization
 for watching of the CNN TV Channel.

While one of the indicators (item12) in the cluster that loads on the Factor 2 has a loading of .992 that is extremely suitable
 , two of the items in the cluster (item13 and item14) have loadings of .872 and .709, respectively; that are very highly suitable
 . The remaining item15 with .651 loading is highly suitable
 and item16 with a loading of .573 is suitable
 in the cluster that loads on Factor 2. The Factor 2 is thus rightly entitled in line with the prominent theme that describes the contents of the items that the Factor 2 very conspicuously accounts for – Inbuilt quality rationalization
 for watching of the CNN TV Channel.


 Two of the four items in the cluster that best loads on Factor 3 have very highly suitable
 loadings (item17 = .891 and item18 =.863) on the third factor. The third of the items in this cluster (item19) has a loading of .623 that is described as suitable
 , and the fourth item (item20) in the cluster has .539 loading that is described as fairly suitable
 on the Factor 3. The Factor 3 is therefore named accordingly as Cautious appeal rationalization
 for watching of the CNN TV Channel.

Psychologically, the naming of the three factors (Factor 1 as Irresistible world-improvement rationalization
 , Factor 2 as Inbuilt quality rationalization
 , and Factor 3 as Cautious appeal rationalization
 ) correspond with Cognitive rationalization
 , Emotional rationalization
 , and Situational rationalization
 , respectively. That is, the items with suitably large loadings which cluster on Factor 1 are concerned with cognition; and therefore, the Factor 1 could psychologically be labelled Cognitive rationalization
 for watching CNN TV Channel. The items with suitably large loadings that cluster on Factor 2 deal with emotion, and the Factor 2 could therefore be psychologically termed Affective rationalization
 for viewing the CNN TV Channel. The items with suitably high loadings that cluster on Factor 3 deal with a combination of circumstances or the state of affairs at a given time; and the Factor 3 could therefore be psychologically titled as Situational rationalization
 for watching CNN TV Channel.

The indicators (items) in the CNN Television Channel Option Rationalization Scale have adequately sampled the three necessary types of content, psychological processes or reactions that are critically encompassed by the construct (reasons for watching CNN TV Channel) which the TCORS-CNN measures. The essential constituents of the construct that items in the Scale efficiently represent and which the factor analysis has revealed are the (a) cognitive dimension, (b) affective (emotional) dimension, and (c) situational dimension in the rationalization for viewing CNN TV Channel. The three underlying explanatory factors or components that the factor analysis critically extracted and rotated Promax-wise
 in the CNN 
 Television Channel Option Rationalization Scale matches these three dimensions, each of which is adequately captured by the items that constitute a cluster on it.

Therefore, the three underlying explanatory factors extracted and rotated can as well be named thus. Factor 1
 as Cognitive Rationalization
 . Factor 2
 as Affective Rationalization
 . Factor 3
 as Situational Rationalization
 .

The interpretation of each of the rotated underlying explanatory factors is a little further elaborated in the next five paragraphs.


 Factor 1: Irresistible world-improvement rationalization


The Factor 1, psychologically referred to as the Cognitive Rationalization
 , is made up of 11 items (item1, item2, item4, item6, item7, item3, item5, item9, item8, item10, and item11, in the order of their loadings’ magnitude), each of which loads very highly on the Factor 1. The common theme or element that the 11 items suggest is irresistible world-improvement rationalization
 for the watching of CNN TV Channel. The Irresistible world-improvement rationalization for watching CNN TV Channel represents cognition of how the CNN TV Channel has positive effect in improvement of the world by enhancing society building, triggering imagination, providing quality information habitually, influencing better decision making, encouraging education, being highly educative, positively influencing adults, raising curiosity, effectively communicating desirable advertisements, and being most entertaining. The quality information that the CNN TV channel disseminates; stimulates imagination and curiosity that propel novel ideas for extraordinary advancement of the radically changing world (Kpolovie & Lale, 2017).


 Factor 2: Inbuilt quality rationalization


The Factor 2, psychologically termed Affective rationalization
 , is made up of five items (item12, item13, item14, item15, and item16) that individually load very highly on the Factor 2; and collectively suggests inbuilt quality rationalization
 or affective (emotional) rationalization
 for watching of the CNN TV Channel. The inbuilt quality 
 rationalization for watching CNN TV Channel is a factor loading that represents an excellent combination of tuner, display and loudspeakers with which the CNN TV Channel is internally designed to most flexibly and colourfully produce astonishing audio, life events, bright motion and still pictures for capturing and sustaining positive attention and feelings of millions of people intercontinentally around common interests. It elicits emotions or feelings which depict the affective domain rationalization for watching of the CNN TV Channel.


 Factor 3: Cautious appeal rationalization


The Factor 3, psychologically christened Situational rationalization
 , is made up of four observed indicators (item17, item18, item19, and item20) that though each uniquely loads very highly on the Factor 3, they collectively share a common theme of cautious appeal rationalization, a combination of conditions and circumstances at a given moment, for watching the CNN TV Channel. The Factor 3 represents the caution that viewing the CNN TV Channel elicits. The Cautious appeal rationalization of CNN TV Channel depicts the cautiousness that in spite of the Channel’s compelling appeal, continuously viewing the CNN for too long could be a bad influence on children as it might lead to decrease in their academic achievement. Also, that watching the CNN TV Channel more than 3 hours per day is likely to have negative effect on one’s health, and that too much watching of the CNN TV Channel might be bad for the brain.

In all, the Promax oblique rotation Pattern Matrix has extracted and rotated three latent components – Factor 1, Factor 2, and Factor 3 which collectively account for over 75% of the total variance in the observed scores on the CNN Television Channel Option Rationalization Scale as has earlier been revealed by the Cumulative %
 of the Extraction Sums of Squared Loadings
 in the Total Variance Extracted
 section of the Output 1.9
 .

It could also be theoretically concluded that the TCORS-CNN has three subscales as represented by the three named factors in reliably and validly measuring the construct (why people opt for and 
 watch the TV Channel – CNN) for which the test (scale) was developed. All the 20 items in the TCORS-CNN are good indicators of the attribute because none of the items showed trivial loadings across the three rotated factors.

The entire 20 manifest indicators of the TCORS-CNN have thus been excellently reduced into only three underlying explanatory variables, factors or constructs, that each constitutes a unique subscale theoretically, namely – Irresistible world-improvement rationalization (
 the Cognitive rationalization)
 , Inbuilt quality rationalization (
 the Affective rationalization)
 , Cautious appeal rationalization (
 the Situational rationalization)
 .

In addition to substantial loading of each of the items on a specific extracted and rotated latent factors as principal requirement for interpretation of Promax oblique factor analysis output, the Pattern Matrix in particular; easy interpretability of the factors demands that each factor should have many enough items that largely load on it. If out of the several items subjected to the analysis, only too few items, say one or two, have considerably high loadings on a rotated factor, that factor may not be meaningfully interpreted. It could even be better to delete the few items and rerun the analysis with only the other items than to contemplate inclusion of a factor that had only too few items loading on it. Or it could be better to specify a lesser number of factors in the course of the statistical operations and rerun the analysis such that the factor which initially had too few items will be subsumed into the other factors with many enough items.

In the TCORS-CNN under consideration with 20 items, each of the rotated factors had many enough items. The first factor had 11 items loading largely on it, the second factor had five items with largely suitable loadings on it, and there were also adequately many items, four items precisely, with vital loadings on the third factor. More so, the items were neither biased nor ambiguous in the measurement of the attribute for which they were developed because there was not even any instance of cross-loading. Each item was specific, straightforward, simple, apt, and pure structurally in 
 measuring only a single part of the attribute and therefore fit for the interpretation of only one latent explanatory factor. According to Kpolovie (2014, 372), “the items for the measurement of a trait should not be ambiguously or biasedly structured as ambiguity and biasness in the structuring (wordings) of the contents of an item make the item prone to load vitally on multiple factors.”

It should be noted that the items with suitably large loadings on each of the factors and which constitute a cluster of items on the factor in the Promax oblique rotation are the same with the ones in the Varimax orthogonal rotation and in the Equamax orthogonal rotation, as well as in the Direct Oblimin oblique rotation. For more interpretation of the factors such as justification for use of ≥.45 loadings for inclusion of observed indicators in the explanation of a rotated factor, please refer back to the detailed interpretation provided for Output 1.1
 under Varimax orthogonal Principal Factor Analysis.


 Structure Matrix in Promax Oblique Factor Analysis


The Promax oblique factor rotation necessarily produces a Structure Matrix as another important section of the output, and which should as well be presented, interpreted and reported. In the Structure Matrix, the simple correlations of the observed items with the rotated factors are presented when the influence of the correlations among the factors has not been held constant or eliminated. The loadings of each item on the rotated factors are typically larger in the Structure Matrix than in the Pattern Matrix because of the influence of the interfactor correlations in the Structure Matrix. The underlying construct that makes the factors in Promax rotation to be correlated capably produces an inflationary effect on the item loadings on the rotated factors as presented in the Structure Matrix.

Factor loadings in the Structure Matrix are direct reflection of the combination of two major sources. First, the unique relationship between the item and the factor. Second, the relationship between the item and the shared variance among the rotated factors.


 The Promax Structure Matrix is very highly prone to causing cross-loadings of some of the items on two or more of the factors. That is, an item can very easily load on two or more factors in the Structure Matrix, and thus tend to confound the desired simple structure solution interpretation of the factors. The Structure Matrix does not straightforwardly give room for actualization of the ultimately desired simple structure
 or simple factor solution
 interpretation in which each item loads largely (≥.45) on just one factor and trivially (<.45) on all the other factors. That is, the Promax Structure Matrix does not guarantee simple factor solution interpretation
 that a given factor alone accounts for an overwhelming amount of the variance in each of the items that load on the specific factor, particularly when the factors are highly correlated.

Therefore, it is the Pattern Matrix that should necessarily be interpreted and reported when the Promax oblique factor analysis is done for data which more suitably call for application of the oblique rotation than the orthogonal rotation. The Structure Matrix should however be also reported and interpreted accordingly alongside with the Pattern Matrix. That is, both the Pattern Matrix and Structure Matrix should be reported and interpreted correctly as the latter usually tends to corroborate the factor loading in the former; showing consistency.

The Structure Matrix in Promax rotation has factor loadings that are considerably parallel with those in the Pattern Matrix, though there are several cross-loadings. The simplest guiding principle for interpretation of rotated factors in the Structure Matrix, particularly when the factors are highly interrelated, is that each item should be used to interpret the factor that it has the largest loading on. In line with this principle, it can be seen in the Structure Matrix that the first eleven items load on Factor 1 with loadings that range from .928 for item3 to .847 for item11; the next five items load on Factor 2 with loadings that range from .914 for item13 to .680 for item15; and the remaining four items load on Factor 3 with loadings ranging from .861 for item17 to .726 for item20.


 A very close look at the contents of each of the items that constitute a cluster of items that most suitably load on a particular factor in the Promax Structure Matrix reveals that the Component 1
 , Component 2
 and Component 3
 could respectively be named thus: Irresistible world-improvement rationalization
 , Inbuilt quality rationalization
 and Cautious appeal rationalization
 , respectively.

These three names are synonymous with the psychological labelling of the three factors respectively as Cognitive rationalization
 ; Affective rationalization
 ; and Situational rationalization
 .

The Factor 1 exceptionally explains the variance in item3 (.928), item1 (.926), item5 (.915), item4 (.898), item2 (.897), item8 (.889), item10 (.886), item9 (.869), item7 (.868), item6 (.857), and item11 (.847). The loadings are in parentheses. The Factor 2 best explains suitably large amount of the variance in item13 (.914), item12 (.874), item14 (.850), item16 (.764), and item15 (.680). The Factor 3 is most appropriate in explanation of the largest possible amount of the variance in item17 (.861), item18 (.795), item19 (.785), and item20 (.726).

The Structure Matrix presents the 60 structure coefficients, each of which must range between ±1, because it depicts the true zero-order correlation coefficient between a particular item and a specific factor when the influence of the interrelationships among the rotated factors has not been eliminated, controlled for or held constant (Kpolovie, 2021; 2018). For an item’s loading on a factor to be considered meaningful and used in the interpretation of a rotated factor, it must be in accordance with what has been earlier termed the ≥.45 loadings principle
 . This is why though a structure coefficient must range between ±1, each of the 20 out of the 60 structure coefficients in the Structure Matrix that suitably loads on either Factor 1 or Factor 2 or Factor 3 is large (closer to 1) as can be seen clearly in the Structure Matrix section of Output 1.9
 . The loadings actually range between .928 for item1 and .680 for item15.

It must be noted that a great number of the items in the Promax Structure Matrix load suitably (≥.45) on two or three of the rotated factors; and the loadings of the items across the factors are relatively 
 higher than obtainable in the Pattern Matrix because the high intercorrelations among the rotated factors caused overlap of the factors, which in turn inflated the magnitude of the items’ loadings on the factors.

The inflation of the loadings of the items on the factors that has culminated in majority of the items cross-loading on two or more factors has ordinarily occasioned uninterpretability or at least difficulty in the interpretation of the factors. Uninterpretability is said to have occurred in factor analysis when the ultimately desired simple factor solution
 , otherwise referred to as simple structure
 , fails to be arrived at as two or more obliquely rotated factors individually explains either up to or greater than 20% of the variance in an item, across very many of the manifest variables.

Such uninterpretability is however indicative of the existence of a higher-order underlying explanatory construct, termed general factor
 that made the obliquely rotated factors to be very highly intercorrelated. In such situation, when Factor Scores
 or Factor-Based Scales
 are generated and subjected further to factor analysis, known popularly as Higher-Order Factor Analysis
 or Second-Order Factor Analysis
 , a unidimensional factor which is the general factor to the two or more highly intercorrelated rotated factors is extracted. A demonstration of higher-order factor analysis
 shall be made in the next chapter
 to clarify the point made here.


 Component Correlation Matrix


The Component Correlation Matrix
 is a display of the intercorrelations among the rotated factors. The correlation coefficients between the Promax rotated factors are very high. The rotated Factor 1 and Factor 2 have .653 correlation, depicting that the two underlying explanatory factors have approximately 43% of variance in common. The rotated Factor 1 and Factor 3 have .612 correlation, denoting that they have approximately 37% of variance in common. Lastly, the rotated Factor 2 and Factor 3 have a .535 interfactor correlation which implies that the two factors share approximately 29% of their variance with each other.


 The Promax oblique rotation is anchored on the assumption that the extracted underlying explanatory factors are correlated, and not independent. Therefore, it is indispensable to show the magnitude and nature of the pairwise correlations among the rotated factors as presented in the Component Correlation Matrix
 . It must however be pointed out clearly that the greater the correlations among the rotated factors, the wider the difference between the Factor Pattern Matrix
 and the Factor Structure Matrix
 in their loadings, and the more difficult explanation of the factor structure loadings in the Structure Matrix becomes. It is little wonder that while the Promax Pattern Matrix explicitly shows simple factor solution without any instance of cross-loading, the Structure Matrix portrays seemingly uninterpretable factor solution
 with 19 out of the 20 items having cross-loadings.

When each of the pairwise correlations among the rotated factors is spuriously high, exceeding .5 as exactly revealed in the three pairwise factor correlations (.653, .612, and .535) of the TCORS-CNN, then it becomes more difficult to differentially interpret the factors in the Structure Matrix because all the manifest variables tend to be measuring a single underlying entity or latent structure that is termed General Factor as earlier elucidated under Quartimax orthogonal principal factor analysis output interpretation. Two or more extracted explanatory factors are not expected to correlate highly in factor analysis because high intercorrelations among the rotated factors depict that each factor does not truly measure a unique latent structure as it is supposed to rightly be. In other words, there must be a higher-order underlying explanatory construct that makes the rotated factors to highly intercorrelate; a factor that is common to all the critically extracted and rotated components.

Put differently, when each of the pairwise correlation coefficients among the rotated factors is very large, exceeding .5; it becomes expedient to conclude that an underlying General Factor exists among the manifest variables or indicators because if the extracted latent factors where indeed distinguishable, the intercorrelations among the factors could not have been so large. This 
 accounts for why a correlation coefficient that is up to .2 between extracted factors is said to be a very high correlation because a rotated factor is not expected to account for greater than 5% of the variance in another factor.

But the Promax Component Correlation Matrix in the output under consideration has shown that the Factor 1 accounts for as much as 43% and 37%, respectively, in the variance of Factor 2 and Factor 3, and vice versa. The Factor 2 accounts for 29% of the variance in Factor 3 and vice versa. A rotated factor is not expected to decisively be doing what another factor is doing if an underlying general factor does not exist among the critically extracted and rotated explanatory factors.

The good thing is that very high intercorrelations among factors are indicative of the internal consistency reliability of a measuring instrument as well as the unidimensional construct validity of the measuring instrument. Therefore, the 20 items in the TCORS-CNN are, indeed, consistently measuring a unidimensional construct (reasons for viewing CNN TV Channel) for which the test was designed to measure. It is because of this that very large intercorrelations among subcales (each of the subscales measuring an underlying explanatory factor) in a test are indicative of the internal consistency reliability and unidimensional construct validity of the test. Even in such test validation, if two subscales have a spuriously high correlation, up to .8 and above, then one of the subscales could just be an unnecessary duplication of the other; and should therefore be better discarded.

The intercorrelation coefficients among rotated factors are arrived at mathematically by correlating the generated Factor Scores
 or Factor-Based Scales
 . How Factor Scores and Factor-Based Scales are generated with SPSS will be demonstrated thoroughly in the next chapter
 .


 Pattern Matrix and Structure Matrix with trivial loadings suppressed


Two of the remaining sections of the Output 1.9
 display the Pattern Matrix
 and Structure Matrix
 after suppression of trivial loadings 
 (<.45). These two matrices are merely tabulated here in Table 1.8
 for easy visualization of the explicit interpretable nature of the Pattern Matrix and the superficial uninterpretable nature of the Structure Matrix, when the Promax oblique rotation is employed in factor rotation and the rotated factors are very highly intercorrelated as demonstrated with the TCORS-CNN.


 
 Table 1.8
 Comparison of Pattern Matrix and Structure Matrix in Promax rotation with trivial loadings suppressed
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 In the Pattern Matrix, each item loads on just one factor; and each factor unilaterally explains only the items in the cluster that load on it. Thus, making application of simple factor solution
 interpretation automatic. In the Structure Matrix, though the items that load largest on each factor form a cluster of particularly high loading items for the factor, there are cases of cross-loadings of each item, except item 18, on two or all the three factors. The overlapping of the factor loadings in the Structure Matrix makes simple factor solution
 interpretation impossible. The several cross-loadings in the Structure Matrix are indicative of the existence of a general factor that underlies all the three critically extracted and rotated components in the TCORS-CNN as discussed under Quartimax orthogonal rotation. Refer back to the provided interpretation under Quartimax orthogonal factor analysis to have a very good grasp of general factor existence in a factor analysis. Such knowledge will equip you to very quickly master Higher-Order Factor Analysis in the next chapter
 .

Haven completed the analysis and interpretation most successfully, follow the remaining SPSS data analysis conventions to save the output as Chapter 1 Output 9 Book 3.spv
 , print the output, exit IBM SPSS Statistics, and rightly shut down the laptop.


 PROMAX OBLIQUE FACTOR ANALYSIS VIA SPSS SYNTAX


There is great need for knowing how the Promax oblique Principal Component Analysis can be done by application of SPSS Syntax instead of the dialog boxes point and click method. Execution of Promax Factor Analysis via SPSS Syntax is much simpler, highly captivating, and rewardingly time saving. It simply requires entry of a few lines of syntax into the IBM SPSS Statistics Syntax Editor
 . The requisite lines of syntax as provided in Syntax 1.5
 can be typed in less than a minute by any person, even if it is the very first time of his/her using computer.


 
 
 Syntax 1.5 Chapter 1 Syntax 5 Book 3.sps








       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION PROMAX(4)



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT ROTATION



           
 /FORMAT SORT BLANK(.45)



           
 /CRITERIA MINEIGEN(1) ITERATE(25)|



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION PROMAX(4)



           
 /METHOD=CORRELATION.


To get the analysis done, do the following. Boot the laptop. Launch SPSS Statistics. Retrieve the data document that was saved as Chapter 1 Table 1 Data Book 3.sav
 . Open a new syntax by clicking File
 [image: image]
 New
 [image: image]
 Syntax
 . Enter the syntax that is given in Syntax 1.5
 correctly into the SPSS Syntax Editor as demonstrated in Figure 1.45
 . Finally, click Run
 [image: image]
 All
 to have the results, part of which is displayed in Output 1.10
 . If you have done as guided, the entire results is right now showing in your SPSS Viewer
 .
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 Figure 1.45
 Chapter 1 Syntax 5 Book 3.sps for Promax Factor Analysis


 
 
 Output 1.10 Chapter 1 Output 10 Book 3.spv




Factor Analysis


[image: image]


[image: image]



 [image: image]


[image: image]



 [image: image]


[image: image]



 [image: image]


[image: image]



 [image: image]


[image: image]



 
 INTERPRETATION OF OUTPUT 1.10


Scroll up, down, right and left with the up, down, right and left arrows on the system to view the entire results. Compare each cell in the Output 1.10
 with its corresponding cell in Output 1.9
 . You will observe that they are exactly equivalent. Write out a most suitable interpretation of the Output 1.10
 , using the exemplar provided for Output 1.9
 as a standard. On completion, adhere to the remaining SPSS data analysis procedures to print the output; save the Syntax as Chapter 1 Syntax 5 Book 3.sps
 and the output as Chapter 1 Output 10 Book 3.spv
 , and eventually shut down the computer.


 PERFORMING OF FACTOR ANALYSIS VIA COMMON FACTOR ANALYSIS EXTRACTION TECHNIQUES


At this point that you have mastered execution of Factor Analysis via Principal Components Analysis, you are required to perform the Factor Analysis via each of the Common Factor Analysis techniques of factor extraction. The Common Factor Analysis method of Factor Extraction is made up of six techniques as much earlier explained at the beginning of this chapter. They are – Principal axis factoring
 , Maximum-likelihood
 , Alpha factoring
 , Image factoring
 , Generalized least-squares
 , and Unweighted least-squares
 . Execution of Factor Analysis with each of these common factor extraction strategies requires you to do everything that was done in the course of performing the Principal Components Analysis factor extraction method with the exception of only two statistical operations.

When executing Factor Analysis with each of the Common Factor Analysis strategies, you have to first, check the Reproduced
 checkbox within the Factor Analysis: Descriptives
 dialog box. Second, from the Method
 subcommand within the Factor Analysis: Extraction
 menu, you must select the particular common factor analysis technique (Principal axis factoring, Maximum-likelihood, Alpha factoring, Image factoring, Generalized least-squares, or Unweighted least-squares) for extraction of the latent factors.


 Interpretation of the output for each of the common factor analysis methods used is similar to those provided for the Principal Components Analysis. The only difference is as I have fully explained much earlier under Factor Extraction Methods that each Common Factor Analysis technique typically separates the total variance into a common variance section and a unique variance portion. Then, the factor extraction is done only on the basis of the common variance segment. Consequently, the Initial Communalities is less than 1 for each of the variables or items. To this end, the diagonal of the Reproduced Correlation Matrix is composed of values that are less than 1 in accordance with the Initial Communalities.

So, quickly subject the working data, saved as Chapter 1 Table 1 Data Book 3.sav
 , to Factor Analysis, using each of the six Common Factor Analysis technique for extraction of the underlying explanatory factors. Do this for each of the orthogonal and each of the oblique factor rotation procedures. Then, accordingly interpret the results.



 
 CHAPTER 2



HIGHER-ORDER FACTOR ANALYSIS



 Overview


Higher-Order Factor analysis is a distinct extension of Factor Analysis for further extraction, rotation and naming of latent constructs beyond the initially extracted factors into much fewer factors to depict further reduction to the minimal possibility. It uses generated Factor-Based Scales and estimated Factor Scores that are statistically treated as manifest variables that require reduction into fewer latent constructs for a far better explanation of the original variables to increase the possibility of replicability. Factor-Based Scales are transformed and unbiased scores that are characteristically the replica of each of the variables that a latent factor overwhelmingly explains. They are derived from only the items that substantially load suitably on each initially rotated factor. There are four types of Factor-based scales – raw data factor-based scales, average data factor-based scales, z score factor-based scales, and T score factor-based scales. Factor Scores are refined proxies for the initially critically extracted and rotated factors, and are estimated from the entire initial manifest variables. Methods of factor scores estimation are Regression, Bartlett, and Anderson-Rubin. The chapter provides a most simplified step by step and fully illustrated self-guide for the use of IBM SPSS Statistics to generate the different factor-based scales and factor scores and subjects them to Second-Order Factor Analysis via the various factor extraction and rotation methods. The output in each case is meticulously interpreted. The CNN Television Channel Option Rationalization Scale (TCORS-CNN) is used for exemplification.


Keywords
 : Higher-order factor analysis, Second-order factor analysis, Factor-based scales, Factor scores, Regression factor scores, 
 Bartlett factor scores, Anderson-Rubin factor scores, Oblimin, Promax, Varimax, Equamax, Quartimax, T score factor-based scales, z score factor-based scales, Raw data factor-based scales, Average data factor-based scales, Higher-order factors, Second-order factors, Total variance explained, Scree plot, Component matrix, Factor naming, Single factor, General factor.



H
 igher-Order Factor Analysis
 is an extension of factor analysis, treated in the previous chapter
 , to a level where Factor-Based Scales
 and Factor Scores
 are generated from the initial or original factor analysis and subjected to further factor analysis. This is done for five main purposes. First, concentrated reduction of the critically extracted and rotated factors. Second, determination of the most appropriate proxies of the latent variables. Third, specification of each respondent’s relative standing on each of the latent factors. Fourth, Improvement of the replicability of the latent factors. Fifth, better data-based decision making.

Data transformation from the observed or manifest variables into Factor-Based Scales and Factor Scores, and the application of Second-Order
 , Third-Order
 , and so on, Factor Analysis
 to the transformed scores are done in Higher-Order Factor Analysis
 . The aim is to further reduce the latent factors to a fewer and much more convenient underlying explanatory constructs that could be easier to replicate with other studies, using similar or dissimilar populations. The Higher-Order Factor Analysis produces results that tend to be more suitably amenable for Meta-Analysis.

In higher-order factor analysis, different approaches are adopted for the generation of Factor-Based Scales and Factor Scores. The generated factor-based scales and factor scores are necessary and extremely valuable outcomes of factor analysis. This is particularly so because factor-based scales and factor scores best allow for evaluation of the effects of experimental interventions, comparison of demographic groups of subjects for possible differences, and for multiple prediction of a criterion. The factor-based scales and factor scores could be employed in the comparison of groups that received 
 different experimental treatment conditions with regard to each factor. Factor-Based Scales and Factor Scores could also be adopted in the comparison of groups with different socioeconomic levels, ages, marital status, health conditions, and environmental impacts with regard to each of the factors. The magnitude to which the factors collectively and individually predicts or accounts for any given criterion (dependent) variable is best investigated with use of the generated factor-based scales and factor scores.

When the directly observed scores or variables are subjected to factor analysis as done in the previous chapter
 , underlying explanatory factors are extracted and rotated. Such factors are referred to as First-Order Factors
 . In higher-order factor analysis, the loadings of the first-order factors and the correlations among the first-order factors are calculated factor analytically. The factors that this factor analysis produces are known as Second-Order Factors
 . When the second-order factors are further subjected to factor analysis, the factors that the analysis produces are referred to as Third-Order Factors
 . If the third-order factors are in turn factor analyzed, the resultant factors are termed Fourth-Order Factors
 , and so on. Synoptically, any factor analysis after the initial one on a given dataset of manifest variables is referred to as higher-order analysis
 ; and the factors derived thereof are called higher-order factors
 .

Higher-order factor analysis is necessitated by the need for greater simplification via further reduction of the rotated factors into relatively fewer latent explanatory constructs. For instance, if data are collected on 1000 variables, indicators or items and subjected to factor analysis, 100 underlying explanatory factors might be critically extracted and rotated. To reduce the 100 factors, factor scores and factor-based scales are generated and subjected to yet another factor analysis. From the analysis of the 100 factors, 20 critically underlying explanatory factors could be extracted and rotated. If the 20 factors are judged to be too many and should be further reduced, factor-based scales and factor scores of the 20 factors are generated and once more subjected to factor analysis. This analysis may produce five, four, three or two critically extracted latent 
 explanatory constructs. Beyond the initial analysis of the 1000 manifest indicators; the factor analysis of the 100 factors and of the 20 factors constitute what is termed higher-order factor analysis. With higher-order factor analysis, all the latent factors that overwhelmingly explained the 1000 observed variables are most successfully reduced into just five, four, three or two critically underlying explanatory constructs or factors with increased ease of replicability and better applicability to meta-analysis.

Higher-order factor analysis most successfully eliminates many of the latent factors which are too small and unreliable to be replicated. In this manner, higher-order factor analysis most efficiently leaves the investigator with just a much smaller group of substantial latent factors that have incredibly greater chance of replicability. That is, higher-order factor solutions inevitably lead to the rotation of fewer and fewer factors that tend to increase the probability that replicable solutions will be found by subsequent investigators in the same field of study.

The magic of higher-order factor analysis efficacy is embedded in the fact that as the number of underlying explanatory factors gets progressively smaller in line with the inevitable goal and consequence of higher-order analysis, the probability of arriving at replicable solution by other researchers on the construct becomes much greater. This is in accordance with the principle that the fewer the number of factors derived from correlated and rotated latent factors on a given trait, the higher the probability of the fewer factors becoming replicated in subsequent studies on the trait (Brown, 2015; Pett, Lackey & Sullivan, 2003; Walkey & Welch, 2010; Kpolovie, 2016; 2018; 2021). To achieve its goal, higher-order factor analysis typically uses refined factor scores or factor-based scales.


 FACTOR-BASED SCALES


Factor-Based Scales are refined and unbiased scores that are characteristically the replica of each of the variables or items that a latent factor overwhelmingly explains. Factor-based scales are derived from only the items that substantially load suitably on each factor. 
 The derivation of factor-based scales for a particular factor is strictly anchored on just the items with suitably large loadings on that specific factor without inclusion of the items that load trivially (<.45) on the specific factor, or items that rather load highly on another factor. That is, factor-based scales are generated from only the individual items in the cluster of items with largely suitable loadings on a definite extracted latent factor. To establish internal consistency reliability via inter-subscale correlations and subscale-total correlations, and to establish test validity via hypothesis testing evidence by correlating demographic and psychosocial measures with the subscales; the subscales should ab initio
 be developed with factor-based scales instead of factor scores. In higher-order factor analysis, it is the Factor-Based Scales that should be subjected to the further factor analysis.

There are four different approaches for the generation of Factor-based scales
 . First, Raw Data Factor-Based Scales. Second, Average Data Factor-Based Scales. Third, z Score Factor-Based Scales. Lastly, T Score Factor-Based Scales. Each of these is elucidated.


 Raw Data Factor-Based Scales


Raw Data Factor-based scales are created by adding the scores for only the items that individually have substantially high loadings on a given factor. Raw Data Factor-Based Scale (RDFBS) for a particular factor are generated exclusively with addition of the score on each of the items that load suitably high on the factor for each of the participants. For instance, out of the 20 items in the CNN Television Channel Option Rationalization Scale, item1 to item11 suitably load highly on Factor 1; item12 to item16 suitably load highly on Factor 2; and item17 to item20 have suitably substantial loadings on Factor 3. In generation of Raw Data Factor-Based Scale for the Factor 1, only the scores on the eleven items, item1 to item11, that awesomely load on the Factor 1 are added for each of the participants. Since the TCORS-CNN is a 10-point scale, the minimum score that a participant can have on the Factor 1 is 11 and the maximum obtainable score by a respondent on the Factor 1 is 110, because the Factor 1 is composed of 11 items that vitally load on it.


 By the same token, in generation of Raw Data Factor-Based Scale for Factor 2, only the scores on each of the five items that tremendously load on the Factor 2 are summed for each respondent. Scores on the items with trivial loadings on the Factor 2 are never used in the creation of factor-based scale for the Factor 2. Thus, only scores on item12, item13, item14, item15 and item16 are added for each of the 120 respondents to have the factor-based scale for Factor 2. In all, a participant’s minimum possible raw data factor-based scale score on the Factor 2 is 5, while the maximum obtainable raw data factor-based scale score of a respondent on the Factor 2 is 50.

Similarly, in generating factor-based scale for Factor 3, only the raw scores obtained on item17 to item20 that load largely on the Factor 3 are summed for each of the respondents to arrive at the raw data factor-based scale for Factor 3. Scores got on all the other 16 items (item1 to item16) are never included in deriving the factor-based scale for Factor 3 because they have trivial loadings (<.45) on the Factor 3, and they rather load suitably on other factors (Factor 1, items 1 – 11; and Factor 2, items 12 – 16) where they have already been used in the generation of factor-based scales for those factors. Since the TCORS-CNN is a 10-point scale, the minimum score that a participant can have on the Factor 3 is 4 and the maximum score that a respondent can possibly get on the Factor 3 is 40, as the Factor 3 is composed of 4 items that crucially load on it.


 Average Data Factor-Based Scales


Average data factor-based scales generation demands that first, the raw data factor-based scales be produced by summing the scores on only the items that suitably load on a particular factor for each respondent; and secondly, dividing the sum of raw scores of each participant on the items that load largely on a given factor by the number of items that constitute a cluster of substantially loading items on each specific factor. Taking the TCORS-CNN for instance, the factor-based scale for the Factor 1 should be generated by adding the average of scores that each participant got on only the items that load suitably high on the Factor 1. In other words, all the raw 
 scores of a respondent on the 11 items that substantially load on the Factor 1 should be added and divided by 11 (the number of items loading highly on the Factor 1). Since there are 11 items that tremendously load on Factor 1 and each of the item is based on 10-point scale, the minimum average score that a respondent could get on the first factor is 1 and the maximum score that a participant could get is 10.

The average data factor-based scale creation for Factor 2 of the TCORS-CNN demands that the mean of each respondent’s scores on each of the five items that overpoweringly load on the Factor 2 be added. In other words, all the raw scores of a participant on the five items that load highly on Factor 2 be added and divided by 5 to arrive at that respondent’s average score on the Factor 2. While the lowest possible average score that a participant could get on Factor 2 is 1, the highest possible average score that a respondent could get on Factor 2 is 10.

For the Factor 3, the average factor-based scale generation is done by adding each respondent’s scores on the four items that greatly load on the Factor 3 and dividing it by 4. Thus, the least possible score that a participant could get on the Factor 3 is 1 and the maximum possible score obtainable on Factor 3 is 10. It is the generated average factor-based scales that should be subjected to factor analysis in the higher-order factor analysis.


 z Score Factor-Based Scales


The z Score Factor-Based Scales generation is done strictly on the basis of scores on the items that substantially load on a particular critically extracted and rotated factor. It demands transformation of the scores got on the items that load highly on a specific factor to a standardized score known as z Score, which has a mean of 0 and a standard deviation of 1, for every of the 120 respondents. Taking the TCORS-CNN for instance, the z
 score for each respondent is computed as his raw score on the eleven items that load highly on Factor 1 minus the mean of the scores on that factor, divided by the standard deviation of scores on that factor, multiplied by 1, plus 0.


 In other words, z
 = (Xi - X
 ) / S × 1 + 0. Since any value multiplied by 1, plus zero is equal to that very value, the z score could simply be defined or rewritten as z
 = (Xi - X
 ) / S. Where Xi is a given raw score in the distribution of items that load on Factor 1. The X
 is mean of the distribution of items that load suitably on Factor 1. The S is the standard deviation of the distribution of items that load suitably on the Factor 1

The same procedure is used for the creation of the z score factor-based scale for the Factor 2, using respondents’ scores on only the five items that loaded very highly on the Factor 2. Generation of the z score factor-based scale for Factor 3 is done in like manner, using scores on only the four items that load tremendously on the Factor 3.

Generated z score factor-based scales have values with decimal points and some (about 50% of the respondents) with negative signs because the z score has a mean of zero (0) and a standard deviation of one (1). The values that z score factor-based scales produces are small in magnitude, and are close to those produced with Bartlett factor scores in size; but by nature better than those of Bartlett from psychometric perspective because while the z score factor-based scales are anchored only on items that load highly on each particular factor, the Bartlett factor scores is based on all the items in the test.


 T Score Factor-Based Scales


T Score Factor-Based Scales is produced by transforming the scores on items that suitably load on a specific factor into a standardized score that is called T score, which has a mean of 50 and a standard deviation of 10, for each of the respondents. The relative advantage of the T score factor-based scales over z score factor-based scales is the absence of negative signs and values that are close to one. With this advantage, the T score factor-based scales guarantee greater convenience to work with and interpret. The T score factor-based scales for each respondent on a particular factor could be got easily by multiplying his z score factor-based scale value by 10 and adding 50 to it.


 In other words, T score factor-based scales for each participant on a given factor is generated thus. T = (Xi - X
 ) / S × 10 + 50. Most aptly put, T = 10z + 50. Where Xi is a given raw score in the distribution of items that substantially load on a particular extracted and rotated factor. The X
 is the mean of the distribution of scores on that particular factor. The S is the standard deviation of the distribution of scores on the specific extracted and rotated factor. The T refers to the T Score. The 10z is a respondent’s z score on the given factor multiplied by 10.


 FACTOR SCORES


Factor scores are refined and unbiased scores that are characteristically the replica of each of the critically extracted and rotated latent explanatory factors derived from all the manifest items, indicators or variables. Factor scores are refined proxies for the critically extracted and rotated factors. Each latent factor overwhelmingly explains each of the items that suitably load on it (≥.45) and tends to give trivial explanation for every of the other items on the test to a certain extent. For this reason, factor scores estimated on a given factor is based on all the items that constitute the test in accordance with the magnitude of an item’s loading on that specific factor (Warner, 2013; Meyers, Gamst & Guarino, 2017; IBM, 2019; Hair, Black, Babin & Anderson, 2010; Byrne, 2016; Johnson & Wichern, 2019; Kpolovie, 2016; 2020).

Put differently, factor scores are generated from all the items in the item pool that constitute the test for each of the factors. Out of the 20 items in the CNN Television Channel Option Rationalization Scale, item1 to item11 load highly suitably on Factor 1, item12 to item16 suitably load on Factor 2, and item17 to item20 load suitably on Factor 3. In generation of Factor Scores for the Factor 1, all the 20 items, including even item12 to item20 that trivially load on the Factor 1, are used. Similarly, generation of Factor Scores for Factor 2 is done from both the items that suitably load on the Factor 2 (item12 to item16) as well as the items that do not appropriately load on the Factor 2 (item1 to item11, and item17 to item20). In 
 like manner, the Factor Scores for Factor 3 are generated from the item17 to item20 that load fundamentally on the Factor 3 as well as item1 to item16 that load trivially (<.45) on the Factor 3.

The generation of Factor Scores on a given factor from all the items in the test makes the Factor Scores clumsy, particularly in psychometrics that prefers use of factor-based scales. Psychometrics
 is the specialized branch of psychology that deals primarily with valid and reliable quantitative test development, standardization, administration and interpretation for the measurement and evaluation of cognitive, affective, psychomotor and psychoproductive traits or domains such as intelligence, personality, manual dexterity and swift technical productivity motor skills, respectively.


 Factor Scores Estimation in Principal Components Analysis


Factor scores for each of the respondents, participants or examinees is estimated with linear combinations of the items’ loadings on each of the critically extracted and rotated factors. The observed scores of each respondent on all the items in the test are standardized, weighted by a general factor score coefficient for a given factor, and summed across all the items to arrive at the respondent’s factor score on the factor when Principal Component Analysis (PCA) extraction procedure is used. The Principal Component Analysis approach in factor analysis is based on the assumption that all the variance in the manifest variables, items or indicators can be and are accounted for by the factors. Hence, a respondent’s factor score on each of the critically extracted and rotated factors can easily be estimated accurately.

The easy accurate estimation of each respondent’s factor score on each item for every single extracted factor is because all the extracted factors in Principal Component Analysis, in particular, are equal to the exact linear combinations of the indicators, items or variables included in the analysis. In other words, the accurate estimation of factor scores in PCA is anchored on the principle that while 1.00 is the multiple correlations that are obtainable from prediction of the factor scores from the items that constitute the 
 measuring instrument being factor-analyzed, the factor score coefficient matrix has unique elements with exclusive or unique values. It is the exclusiveness in the values of the elements in the factor score coefficient matrix that guarantees a unique solution in the generation of factor scores for each given sample of respondents.


 Factor Scores Estimation in Common Factor Analysis


The process of linear combinations of the items’ loadings on each of the critically extracted and rotated factors is also adopted for estimation of each examinee’s factor score on a specific factor when other factor analysis approaches such as Common Factor Analysis are employed, though the Common Factor Analysis does not assume that all the variance in the observed variables, indicators or items can be accounted for by the factors. This non-assumption gives room for what is popularly termed Factor Scores Indeterminacy
 .


 FACTOR SCORES INDETERMINACY



Factor Scores Indeterminacy
 is the absence of a definite unique solution for generation of factor scores in Common Factor Analysis. Common factor analysis operates on the principle that the critically extracted and rotated factors are not the exact linear combinations of the observed indicators, variables or items; and that the multiple correlations between the manifest items, indicators or variables and the extracted factors are less than 1.00. Common Factor Analysis approaches in factor analysis hold that only the shared (common) variance should be used in the generation of factor scores; and therefore, an infinite number of factor scores coefficient matrixes exist for creation of factor scores because the common factor could vary across different situations and circumstances of items combinations.

In Common Factor Analysis approaches, there is no determinate estimation of factor scores because an indefinite number of sets of different factor scores can be computed, using varying procedures, for any given factor analysis which meets the common factor model stipulations. Thus, a respondent who has high factor score on a given 
 factor when a particular factor score estimation analysis approach is adopted may have a lower or higher factor score on that same factor when another factor score generation analysis approach is employed in a situation that very high factor scores indeterminacy exists in the common factor model.

The lower the indeterminacy of factor scores, the greater the determinacy of the factor scores. The greater the determinacy of the factor scores, the better the factor scores are as proxies of the underlying explanatory factors. Therefore, lower indeterminacy
 otherwise referred to as higher determinacy
 of the factor scores is a necessary requirement in higher-order factor analysis. The magnitude of determinacy of factor scores is a function of several features.


 CONDITIONS FOR HIGH FACTOR SCORES DETERMINACY



High factor scores determinacy
 is equivalent to low factor scores indeterminacy. Factor scores determinacy
 is the estimation accuracy of the quantitative values that each respondent would have on the specific critically extracted underlying explanatory variables (latent constructs) if it were possible for the latent variables to be directly measured validly and reliably. The conditions responsible for high factor scores determinacy (low factor scores indeterminacy) are as specified in the next seven paragraphs.


Ratio of items to factors.
 The higher the ratio of items to factors, the smaller the degree of indeterminacy. Where each of the critically extracted explanatory factors has up to five items that substantially load (≥.45) on it, the factor scores determinacy is bound to be higher than a situation that each of the extracted latent factors has three items that load substantially on it.


Size of item communalities.
 The higher the communalities of the items that constitute a cluster for a factor, the lower the extent of indeterminacy. Where the extraction communalities of the items that suitably load on a factor are very high, close to 1.000 (.700 and above), the factor scores determinacy is bound to be higher than a scenario that the extraction communalities of the indicators that load meaningfully on an extracted latent factor are small (<.500).


 Validity coefficient of the factor.
 The greater the validity of a factor, the lower the indeterminacy. This demands that the correlation between the generated factor scores and the specific factors that they represent should be very high. Where each of the extracted factors has very high validity in measuring a specific construct, the factor scores determinacy is sure to be greater than when each of the extracted factors has low validity in measuring a unique construct.


Univocality of the factor.
 The lower the intercorrelations between the extracted factors, the greater the determinacy of the factor scores. This demands orthogonality of the factor scores which means that the estimated factor scores for one factor should be uncorrelated with any of the other extracted factors. Where the intercorrelations between the critically extracted factors are low, the factor scores determinacy will certainly be greater than when very high intercorrelations exist among the extracted factors. High factor scores determinacy demands that each extracted factor should uniquely be measuring an underlying construct that is not measured by any or even a combination of the other extracted factors.


Correlation accuracy.
 The higher the intercorrelation coefficients among the items that constitute a factor, the better the determinacy of the factor scores. When the items that load substantially on a given extracted latent factor are very highly intercorrelated, the factor scores determinacy is bound to be greater than situations that the items that load suitably on a given extracted factor have low intercorrelations.


Factor orthogonality.
 The more uncorrelated the estimated factor scores for different latent factors are with one another, the higher the factor scores determinacy for orthogonal factors.


Factor obliqueness.
 For oblique factors, the more the correlations among the estimated factor scores become exactly as the correlations among the factors in nature (direction) and magnitude (strength), the greater the determinacy of the factor scores. The more exactly the correlations between oblique factors with the 
 correlations among the estimated factor scores for the extracted factors, the better the factor scores determinacy.


 METHODS FOR FACTOR SCORES ESTIMATION


Three different procedures for generation of factor scores are readily available in IBM SPSS Statistics when the Display factor score coefficient matrix
 checkbox in the Factor Analysis: Factor Scores
 dialog box from the Scores
 pushbutton is checked. The three approaches are first, Regression
 ; second, Bartlett
 ; and third, Anderson-Rubin
 .

When any of these three methods (Regression, Bartlett, and Anderson-Rubin) is checked in the course of a given factor analysis execution, the corresponding factor scores for the critically extracted underlying explanatory factors are automatically produced for each of the items per the respondents with each of the extracted factors as an additional column in the data file. The transformation of manifest variables into estimated factor scores, using any of the Regression method, the Bartlett method, or the Anderson-Rubin method yields factor scores with a mean of zero (0) like the mean of z score, but with different standard deviations and variances, depending on the unique computational procedure that each of the three factor scores generation methods adopts. For clarification, let me make one or two points on each of the three factor scores estimation methods.


 Regression Method of factor scores generation


The Regression method
 of estimating factor scores
 uses multiple regression procedures to generate factor score coefficients that produce standardized scores with a mean of zero and a specialized standard deviation, and automatically saves the standardized scores as the estimated factor scores in the SPSS data file at the end of the analysis. The process entails the inverse correlation of the interitem matrix and the factor-loading matrix. Consequently, the estimated factor scores via the Regression method typically have a variance that is equal to the squared multiple correlation obtained between the true factor values and the estimated factor scores. As 
 a function of the mean of zero, the specialized standard deviation and the unique variance, factor scores derived via the Regression
 method have a high propensity for positively or negatively correlating well with other critically extracted factors in a given factor analysis. With the Regression approach, both the indicators that have lower loadings and those that have higher loadings on a critically extracted factor are accorded about the same weight in the factor scores computation.

The high tendency of factor scores generated for one factor through the Regression method to correlate meaningfully with other factors and with the generated factor scores for other factors in the analysis might be applicable even when the initial factor analysis showed that the critically extracted and rotated factors are indeed orthogonal. The Regression approach of factor scores generation is set as the default in SPSS when the Save as variables
 checkbox is checked. The Regression approach is most suitable for extracted factors that are intercorrelated obliquely. That is, when the Promax
 rotation or the Direct Oblimin
 rotation procedure is used, application of the Regression Factor Scores
 is much more appropriate than when any of the orthogonal rotation procedures (Varimax
 , Quartimax
 or Equamax
 ) is used in the initial factor analysis.


 Bartlett Method of Factor Scores Estimation


The Bartlett method
 of estimating factor scores best minimizes the sum of squares of the unique factors across the range of items, variables or indicators mainly because while the items with higher loadings on a particular critically extracted factor are accorded relatively greater weight, the items with lower loadings on the same factor are given relatively smaller weight in the computation. The Bartlett method is very good for application particularly when the critically extracted and rotated factors are oblique or correlated. The generated factor scores via the Bartlett method have a mean of zero (0) and a standard deviation that could be different from one (1).


 
 Anderson-Rubin Method of Factor Scores Generation


Though the factor scores generated for each critically extracted factor with the use of the Anderson-Rubin method
 have a mean of zero (0) and a standard deviation of one (1), they are different from z scores; and their computation is not based on raw score minus the mean, divided by the sample’s standard deviation for only the items with suitably high loadings on a particular factor. Unlike when the Regression or the Bartlett method is used that the estimated factor scores are correlated, the use of the Anderson-Rubin method in factor scores generation tends to produces uncorrelated factor scores. Consequently, application of the Anderson-Rubin method of factor scores estimation is a strongly preferred recommendation when the critically extracted factors are orthogonal (uncorrelated) indeed. When the extracted factors are oblique (correlated), it is preferable to use either the Regression method or the Bartlett method in factor scores generation.


 RAW DATA FACTOR-BASED SCALES HIGHER-ORDER FACTOR ANALYSIS


The same data on the CNN Television Channel Option Rationalization Scale (TCORS-CNN) presented in Table 1.1
 , entered as given in Figure 1.2
 and saved as Chapter 1 Table 1 Data Book 3.sav
 are employed for illustration of Higher-Order Factor Analysis in the current chapter. This example uses the SPSS Dialog Boxes Point and Click method in executing the analysis. The Raw Data Factor-Based Scales
 demands that the data be transformed into raw data factor-based scales first before subjection of the raw data factor-based scales to the higher-order factor analysis.

Switch the computer on and let it fully boot.

Launch IBM SPSS Statistics by clicking the SPSS logo [image: image]
 in the computer.

Retrieve the dataset that is saved as Chapter 1 Table 1 Data Book 3.sav.
 Retrieval of the data is done by clicking Open data document
 icon to have the Open Data
 dialog box. The Open Data dialog box can equally be accessed by clicking File
 , selecting Open
 
 and clicking Data
 . In the Open Data
 window, look for the file that is named Chapter 1 Table 1 Data Book 3.sav
 , and click it as shown in Figure 2.1
 . Then, click Open
 in the dialog box or press Enter
 on the Keyboard. By clicking the Open
 or pressing the Enter
 key, the needed file appears.

[image: image]
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 Figure 2.1
 Open data document dialog box for higher-order FA

After the needed dataset has opened, save the same data file with another name. Specifically, save the dataset as Chapter 2 Table 1 Data Book 3.sav
 . It is this dataset that will be used for the demonstration of the Higher-Order Factor Analysis in this chapter. So, if you have not done as guided, very quickly do that now to practically proceed with the analysis.

Haven done as guided; you are now seeing the entire dataset that has just been saved as Chapter 2 Table 1 Data Book 3.sav
 on your computer screen. For purposes of space conservation, the Chapter 2 Table 1 Data Book 3.sav
 complete dataset is not reproduced here in this chapter. Only the data for the first 15 out of the 120 respondents are shown in Table 2.1
 . But the analysis will be done with the entire data, composed of the 120 respondents and their scores on 20 items.


 
 
 Table 2.1
 Chapter 2 Table 1 Data Book 3.sav
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The data in the opened file have to be transformed into the Raw Data Factor-Based Scales
 by performing the following operations.

In the SPSS Data Editor
 containing the said data, click Transform
 and in the Transform
 dropdown dialog box (shown in Figure 2.2
 ), click Compute Variable
 for the Compute Variable
 dialog box to appear as presented in Figure 2.3
 .
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 Figure 2.2 Transform dropdown dialog box
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 Figure 2.3
 Compute Variable

Transformation of the data into the raw data factor-based scales is accomplished by computing for each critically extracted underling explanatory factor. The computation is simply done by adding each respondent’s scores for the items that constitute each factor (those items that suitably load substantially on each factor). Recall that item1 to item11 load suitably high on Factor 1
 ; item12 to item16 load substantially high on Factor 2
 ; and item17 to item20 have highly suitable loadings on Factor 3
 .

Raw Data Factor-Based Scale for Factor 1 (RDFBSF1) is computed thus in the Compute Variable
 dialog box. First, type RDFBSF1
 in the Target Variable
 field. Secondly, in the Numeric Expression
 field, type i1+i2+i3+i4+i5+i6+i7+i8+i9+i10+i11, using either the keys buttons in the Compute Variable
 dialog box or the Keyboard keys to have what is shown in Figure 2.4
 .
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 Figure 2.4
 RDFBSF1 computation

Then, click OK
 . This click produces an output-like table that indicates the name of the Raw Data Factor-Based Scale for Factor 1 as COMPUTE RDFBSF1
 as illustrated in Figure 2.5
 .
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 Figure 2.5
 COMPUTE RDFBSF1

The Raw Data Factor-Based Scale for the Factor 2 (RDFBSF2
 ) is computed in a similar manner from the SPSS Data Editor that contains the dataset in question. Open the said data document, and in it, click Transform
 . It must be noted that the dataset is now having 
 an additional column, labeled RDFBSF1
 . In the Transform
 dialog box, click Compute Variable
 . In the Compute Variable
 dialog box, type the name RDFBSF2
 (Raw Data Factor-Based Scale for Factor 2) in the Target Variable
 field. In the Numeric Expression
 field, enter i12+i13+i14+i15+i16 as indicated in Figure 2.6
 .
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[image: image]



 Figure 2.6
 RDFBSF2 computation

Then, click OK
 to see that the needed Raw Data Factor-Based Scale for Factor 2 (RDFBSF2
 ) has been computed successfully as shown in Figure 2.7
 . Clicking of the OK
 also ensured that a second additional column, labeled RDFBSF2
 , is created in the dataset.
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 Figure 2.7
 COMPUTE RDFBSF2


 Computation of the Raw Data Factor-Based Scale for Factor 3 (RDFBSF3
 ) is done just with the same process that was used for derivation of the Raw Data Factor-Based Scales for the Factor 1 and for the Factor 2. Activate the SPSS Data Editor that contains the requisite dataset. Click Transform
 , and in the Transform
 dropdown dialog box, click Compute Variable
 . In the Compute Variable
 dialog box, type the name, RDFBSF3
 (Raw Data Factor-Based Scale for Factor 3) in the Target Variable
 field. In the Numeric Expression
 field, enter i17+i18+i19+i20 as demonstrated in Figure 2.8
 .
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 Figure 2.8
 RDFBSF3 computation

Click OK
 to have confirmation of the RDFBSF3
 computation displayed as given in Figure 2.9
 . This click equally guaranteed creation of the third additional column, named RDFBSF3
 in the dataset.
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 Figure 2.9
 COMPUTE RDFBSF3

On activation of the data file, Chapter 2 Table 1 Data Book 3.sav
 , three additional columns have been created, one for each of the Factor 1 raw data factor-based scale, Factor 2 raw data factor-based scale, and Factor 3 raw data factor-abase scale, respectively.

Click the Save this document
 icon [image: image]
 in the IBM SPSS Statistics Data Editor
 so that the additional three columns (one for each of the raw data factor-based scales) get saved with the 20 columns that bear each of the 20 items as one file.

Each of the 120 respondents has a raw data factor-based score on each of the three raw data factor-based scales (RDFBSF1
 , RDFBSF2
 , and RDFBSF3
 ). Only the Raw Data Factor-Based Scales are tabulated here in Table 2.2
 . But you can see the respondents’ entire scores for each of the 20 items and for each of the three raw data factor-based scales in the activated Chapter 2 Table 1 Data Book 3.sav
 file on your computer screen.


 
 Table 2.2
 Raw Data Factor-Based Scales



	

Res.



	

RDFBSF1



	

RDFBSF2



	

RDFBSF3






	
1


	
105.00


	
29.00


	
26.00





	
2


	
104.00


	
30.00


	
22.00





	
3


	
98.00


	
28.00


	
22.00





	
4


	
94.00


	
27.00


	
22.00





	
5


	
92.00


	
27.00


	
21.00





	
6


	
94.00


	
29.00


	
20.00





	
7


	
92.00


	
26.00


	
23.00





	

 8


	
88.00


	
24.00


	
21.00





	
9


	
91.00


	
27.00


	
20.00





	
10


	
95.00


	
28.00


	
19.00





	
11


	
91.00


	
28.00


	
22.00





	
12


	
84.00


	
27.00


	
21.00





	
13


	
91.00


	
30.00


	
22.00





	
14


	
84.00


	
25.00


	
21.00





	
15


	
80.00


	
29.00


	
20.00





	
16


	
93.00


	
27.00


	
23.00





	
17


	
77.00


	
26.00


	
18.00





	
18


	
83.00


	
23.00


	
22.00





	
19


	
82.00


	
23.00


	
23.00





	
20


	
83.00


	
28.00


	
23.00





	
21


	
79.00


	
19.00


	
20.00





	
22


	
68.00


	
23.00


	
16.00





	
23


	
65.00


	
22.00


	
18.00





	
24


	
87.00


	
22.00


	
24.00





	
25


	
60.00


	
23.00


	
17.00





	
26


	
70.00


	
22.00


	
14.00





	
27


	
69.00


	
26.00


	
20.00





	
28


	
53.00


	
20.00


	
16.00





	
29


	
70.00


	
30.00


	
24.00





	
30


	
52.00


	
15.00


	
17.00





	
31


	
53.00


	
26.00


	
20.00





	
32


	
49.00


	
16.00


	
14.00





	
33


	
31.00


	
13.00


	
13.00





	
34


	
75.00


	
32.00


	
25.00





	
35


	
42.00


	
17.00


	
17.00





	
36


	
79.00


	
28.00


	
26.00





	
37


	
42.00


	
11.00


	
9.00





	
38


	
53.00


	
20.00


	
16.00





	
39


	
70.00


	
30.00


	
24.00





	
40


	
84.00


	
28.00


	
22.00





	

 41


	
83.00


	
26.00


	
24.00





	
42


	
83.00


	
24.00


	
22.00





	
43


	
86.00


	
27.00


	
25.00





	
44


	
105.00


	
30.00


	
22.00





	
45


	
98.00


	
28.00


	
22.00





	
46


	
84.00


	
26.00


	
21.00





	
47


	
63.00


	
26.00


	
14.00





	
48


	
72.00


	
24.00


	
19.00





	
49


	
76.00


	
29.00


	
18.00





	
50


	
70.00


	
29.00


	
18.00





	
51


	
56.00


	
23.00


	
15.00





	
52


	
72.00


	
23.00


	
10.00





	
53


	
76.00


	
30.00


	
17.00





	
54


	
64.00


	
23.00


	
20.00





	
55


	
59.00


	
25.00


	
15.00





	
56


	
89.00


	
24.00


	
21.00





	
57


	
90.00


	
27.00


	
20.00





	
58


	
95.00


	
28.00


	
19.00





	
59


	
72.00


	
24.00


	
21.00





	
60


	
78.00


	
28.00


	
19.00





	
61


	
106.00


	
29.00


	
26.00





	
62


	
104.00


	
30.00


	
22.00





	
63


	
98.00


	
28.00


	
22.00





	
64


	
94.00


	
27.00


	
22.00





	
65


	
92.00


	
27.00


	
21.00





	
66


	
95.00


	
29.00


	
20.00





	
67


	
92.00


	
26.00


	
23.00





	
68


	
89.00


	
24.00


	
21.00





	
69


	
90.00


	
27.00


	
20.00





	
70


	
95.00


	
28.00


	
19.00





	
71


	
91.00


	
28.00


	
22.00





	
72


	
84.00


	
27.00


	
21.00





	
73


	
91.00


	
30.00


	
22.00





	

 74


	
84.00


	
25.00


	
21.00





	
75


	
80.00


	
29.00


	
20.00





	
76


	
93.00


	
27.00


	
23.00





	
77


	
77.00


	
26.00


	
18.00





	
78


	
83.00


	
23.00


	
22.00





	
79


	
83.00


	
23.00


	
23.00





	
80


	
83.00


	
28.00


	
23.00





	
81


	
79.00


	
19.00


	
20.00





	
82


	
68.00


	
23.00


	
16.00





	
83


	
65.00


	
22.00


	
18.00





	
84


	
87.00


	
22.00


	
24.00





	
85


	
59.00


	
23.00


	
17.00





	
86


	
70.00


	
22.00


	
14.00





	
87


	
69.00


	
26.00


	
20.00





	
88


	
54.00


	
20.00


	
16.00





	
89


	
70.00


	
30.00


	
24.00





	
90


	
52.00


	
15.00


	
17.00





	
91


	
53.00


	
26.00


	
20.00





	
92


	
49.00


	
16.00


	
14.00





	
93


	
31.00


	
13.00


	
13.00





	
94


	
75.00


	
32.00


	
25.00





	
95


	
42.00


	
17.00


	
17.00





	
96


	
79.00


	
28.00


	
26.00





	
97


	
42.00


	
11.00


	
9.00





	
98


	
54.00


	
20.00


	
16.00





	
99


	
70.00


	
30.00


	
24.00





	
100


	
84.00


	
28.00


	
22.00





	
101


	
83.00


	
26.00


	
24.00





	
102


	
83.00


	
24.00


	
22.00





	
103


	
86.00


	
27.00


	
25.00





	
104


	
105.00


	
30.00


	
22.00





	
105


	
98.00


	
28.00


	
22.00





	
106


	
84.00


	
26.00


	
21.00





	

 107


	
63.00


	
26.00


	
14.00





	
108


	
72.00


	
24.00


	
19.00





	
109


	
76.00


	
29.00


	
18.00





	
110


	
70.00


	
29.00


	
18.00





	
111


	
56.00


	
23.00


	
15.00





	
112


	
72.00


	
23.00


	
10.00





	
113


	
76.00


	
30.00


	
17.00





	
114


	
65.00


	
23.00


	
20.00





	
115


	
59.00


	
25.00


	
15.00





	
116


	
89.00


	
24.00


	
21.00





	
117


	
89.00


	
27.00


	
20.00





	
118


	
95.00


	
28.00


	
19.00





	
119


	
72.00


	
24.00


	
21.00





	
120


	
77.00


	
28.00


	
19.00






These raw data factor-based scales in Table 2.2
 show the scores that are to be subjected to another factor analysis that is commonly referred to as Second-Order Factor Analysis
 for further reduction of the critically extracted underlying factors. In case the originally extracted and rotated latent factors that are now represented by their raw data factor-based scales could not be further reduced to fewer underlying explanatory factor(s), the output of the second-order factor analysis will explicitly show that a second-order factor does not exists. Where the originally extracted and rotated factors, now transformed into raw data factor-based scales, actually have another latent explanatory factor, the second-order factor analysis output will very clearly extract and reveal the second-order factor. The second-order factor analysis is done straightaway here to complete the illustration, and create greater possibility for replicability of the factors.

For performance of the Second-Order Factor Analysis, activate the data file saved as Chapter 2 Table 1 Data Book 3.sav
 . Of course, the dataset will be having the three additional columns (RDFBSF1, RDFBSF2 and RDFBSF3) that were just exhibited in Table 2.2
 .


 Click Analyze
 [image: image]
 Dimension Reduction
 [image: image]
 Factor
 (given in Figure 2.10
 ) to have the Factor Analysis
 main menu as displayed in Figure 2.11
 .

[image: image]


[image: image]



 Figure 2.10
 Analyze [image: image]
 Dimension Reduction [image: image]
 Factor dialog box

[image: image]


[image: image]



 Figure 2.11
 Factor Analysis main dialog box for higher-order FA

Highlight and transfer RDFBSF1
 , RDFBSF2
 , and RDFBSF3
 from the left box into the Variables
 field at the right, using the right-pointed arrow [image: image]
 that is facing the Variables
 box. See the Factor Analysis
 main dialog box in Figure 2.12
 that is showing when the transfer 
 of the three raw data factor-based scales (RDFBSF1
 , RDFBSF2
 and RDFBSF3
 ) has been done.

[image: image]


[image: image]



 Figure 2.12
 Factor Analysis main menu with the raw data factor-based scales transferred

Select Descriptives
 pushbutton, and in its dialog box; ensure that Univariate descriptives
 , Initial solution
 , Coefficients
 , and KMO and Bartlett’s test of sphericity
 checkboxes are checked as given in Figure 2.13
 .

[image: image]


[image: image]



 Figure 2.13
 Factor Analysis: Descriptives with requisite operations checked


 Click Continue
 to return to the Factor Analysis
 main menu. Select Extraction
 pushbutton for its dialog box to appear. In the Factor Analysis: Extraction
 dialog box, check Scree plot
 (see Figure 2.14
 ) and click Continue
 .

[image: image]


[image: image]



 Figure 2.14
 Factor Analysis: Extraction dialog box with Scree plot checked

Select Rotation
 pushbutton and in the Factor Analysis: Rotation
 main dialog box, check Direct Oblimin
 as given in Figure 2.15
 . It is the factor rotation type with which you want to use for the second-order factor analysis that has to be checked here. Then, click Continue
 .

[image: image]


[image: image]



 Figure 2.15
 Factor Analysis: Rotation dialog box


 Select Options
 pushbutton to have the Factor Analysis: Options
 dialog box. Click Sorted by size
 as shown in Figure 2.16
 , and click Continue
 .

[image: image]


[image: image]



 Figure 2.16
 Factor Analysis: Options

Clicking the Continue
 in the Factor Analysis: Options
 dialog box returns you back to the main menu of Factor Analysis
 . At this point, all the necessary statistical operations have been completed. So, click OK
 for IBM SPSS Statistics
 to produce the results as given in Output 2.1a
 .

It should be noted quickly here that it is not only the Direct Oblimin
 oblique rotation that could be chosen for the second-order factor analysis. Any of the orthogonal factor rotation approaches (Varimax
 , Quartimax
 or Equamax
 ) could be selected for the analysis. Similarly, any of the oblique factor rotation procedures (Direct Oblimin
 or Promax
 ) could be checked for the analysis. But the rotation technique used in this illustration is the Direct Oblimin
 . After this illustrative analysis has been done, you should try and perform the second-order factor analysis, using each of the other factor rotation procedures – Varimax, Quartimax, Equamax, and Promax. The output for each of these trials with the data under study will consistently reveal a simple one-factor solution
 as shown respectively in Output 2.1b
 , Output 2.1c
 , Output 2.1d
 , and Output 2.1e
 ; which 
 depicts existence of a general factor
 as the overwhelming latent explanatory factor for all the indicators (items) in the CNN Television Channel Option Rationalization Scale (TCORS-CNN) as the scale was designed to reliably and validly measure just a unidimensional construct – motive for viewing CNN.


 
 Output 2.1a Chapter 2 Output 1 Book 3.spv




Factor Analysis (Oblimin rotation)


[image: image]


[image: image]
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 Output 2.1b



Factor Analysis (Varimax rotation)


[image: image]
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 Output 2.1c



Factor Analysis (Quartimax rotation)


[image: image]
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 Output 2.1d



Factor Analysis (Equamax rotation)


[image: image]
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 Output 2.1e



Factor Analysis (Promax rotation)


[image: image]
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 INTERPRETATION OF OUTPUT 2.1a


The Output 2.1a
 has eight parts – Descriptive Statistics, Correlation Matrix, KMO and Bartlett’s Test, Communalities, Total Variance 
 Explained, Scree Plot, Component Matrix, and Rotated Component Matrix. Each of these sections in the output is vividly illuminated.


 Descriptive Statistics


The Descriptive Statistics
 has revealed that with the Raw Data Factor-Based Scales (RDFBS), the mean and standard deviation are respectively 77.0750 and 16.59157 for RDFBSF1, 25.1333 and 4.34815 for RDFBSF2, and 19.7500 and 3.66049 for RDFBSF3. The N in each case is 120. There is a very great difference between the means for RDFBSF1, RDFBSF2, and RDFBSF3 in favour of the raw data factor-based scale for Factor 1 that is as high as 77.0750 while the latter two are as low as 25.1333 and 19.7500, respectively. It should be recalled that the Factor 1 is composed of 11 items; Factor 2 consists of five items; and Factor 3 is made up of 4 items. However, the magnitude of the means of the different factor-based scales is inconsequential because the concern here is not mean comparison. Rather, the analysis is executed for determination of whether a single general latent explanatory factor truly exist behind the three raw data factor-based scales.


 Correlation Matrix


The Correlation Matrix
 has specified that the three raw data factor-based scales are highly intercorrelated. The pairwise correlations are .714 between RDFBSF1
 and RDFBSF2
 , .677 between RDFBSF1
 and RDFBSF3
 , and .627 between RDFBSF2
 and RDFBSF3
 . These very high intercorrelations among the three factor-based scales are suggestive of the existence of unidimensional underlying explanatory factor, a general factor for all the 20 items that constitute the TCORS-CNN (CNN Television Channel Option Rationalization Scale). It is only when a single underlying explanatory construct exists among the raw data factor-based scales that the intercorrelations among them can be as high as .627 and above as the TCORS-CNN has shown.


 KMO and Bartlett’s Test of Sphericity


The KMO (Kaiser-Meyer-Olkin) measure of sampling adequacy
 has a coefficient of .728 that is much closer to 1.00 (the maximum 
 obtainable) than to 0 (the minimum obtainable). Therefore, the sampling is indeed adequate for the higher-order factor analysis execution. The Bartlett’s test of sphericity
 has Approximate Chi-Square
 of 164.830 and 3 degrees of freedom. The computed Bartlett’s test value is large enough as it is significant at even as low as .000 (read as less than .0005).


 Communalities


The Communalities
 Extraction for each of the raw data factor-based scales is very high, close to the Initial Communalities of 1. Precisely, RDFBSF1 has Communalities Extraction of .817, while that of RDFBSF2 is .780, and the RDFBSF3 has .750 Communalities Extraction. If all the three components happen to load suitably on just one underlying explanatory construct, then the construct is bound to be replicable with greater ease than when the components do not load on a single underlying construct.


 Total Variance Explained


The Total Variance Explained
 has provided the Initial Eigenvalues Total, % of Variance, and Cumulative % for the Components (Factors) 1, 2, and 3. For Factor 1, the Total is 2.346, the % of Variance is 78.199, and the Cumulative % is 78.199. Factor 2 has .377 Total, 12.581 % of Variance, and 90.779 Cumulative %. The Factor 3 has .277 Total, 9.221 % of Variance, and 100.000 Cumulative %. Thus, the Initial Eigenvalues in Total Variance Explained section of the Output 2.1a
 has revealed that while Factor 1 (Component 1) singlehandedly accounts for as much as 78.199 % of the total variance in the TCORS-CNN, the Component 2 (Factor 2) accounts for only 12.581 % of the total variance in the TCORS-CNN, and the Component 3 (Factor 3) accounts for only 9.221 % of the total variance in the TCORS-CNN raw data factor-based scales.

Only the Factor 1 is explained further by providing the Extracted Sums of Squared Loadings Total
 , % of Variance
 , and Cumulative %
 . Provision of Extracted Sums of Squared Loadings for only the Factor 1 means that only the Factor 1 is critically extracted to awesomely account for the total variance in the CNN Television Channel Option 
 Rationalization Scale. The Factor 1 (Component 1) has Extraction Sums of Squared Loadings Total of 2.346, % of Variance explained of 78.199, and Cumulative % of 78.199. Above all, the Total Variance Explained section of the Higher-Order Factor Analysis output with the use of raw data factor-based scales has shown the existence of a single extracted underlying explanatory factor in the instrument, CNN Television Channel Option Rationalization Scale.

It is therefore clear explicitly that with the first-order Factor Analysis done in the previous chapter
 , the 20 manifest items, indicators or variables in the CNN Television Channel Option Rationalization Scale were reduced into three underlying explanatory factors or constructs named Irresistible world-improvement rationalization
 , Inbuilt quality rationalization
 , and Cautious appeal rationalization
 for viewing the CNN TV channel. But with the Higher-Order Factor Analysis, using Raw Data Factor-Based Scales, the three critically extracted Factors have further been reduced into just one critically extracted latent factor or construct. This further reduction of the factors extracted and rotated in the original factor analysis presented in the previous chapter
 into yet a much fewer extracted latent explanatory constructs, one factor in this case, is the main function of Higher-Order Factor Analysis.


 Scree Plot


The Scree Plot is a graphic part of the Output 2.1a
 that pictorially displays the number of components (factors) against the Eigenvalues. It clearly shows that out of the three components, the Factor 1 has an Eigenvalue that is “greater than 1”, approximately 2.4 precisely. The Factor 2 and Factor 3 each has an Eigenvalue that is less than 1. This denotes overtly that only one component, the Factor 1 that is critically extracted as an overwhelmingly explanatory underlying construct for the Television Channel Option Rationalization Scale.


 Component Matrix


It can be discerned from the Component Matrix
 section of the Output 2.1a
 that only one factor (component) is extracted from 
 the TCORS-CNN raw data factor-based scales that were subjected to the second-order Principal Component Analysis. The raw data factor-based scale for Factor 1 (RDFBSF1
 ) has a factor loading of .904
 on the critically extracted one factor. The raw data factor-based scale for Factor 2 (RDFBSF2
 ) has a loading of .883
 on the extracted single factor. Lastly, the raw data factor-based scale for Factor 3 (RDFBSF3
 ) has a .866
 factor loading on the critically extracted single factor in the higher-order factor analysis
 . Extraction of a single underlying factor (component) denotes unidimensionality of the underlying explanatory construct for the TCORS-CNN.


 Rotated Component Matrix


The Rotated Component Matrix
 section of the Output 2.1a
 explicitly states the obvious that: “Only one component was extracted. The solution cannot be rotated.” In factor analysis, whenever only one factor is extracted, there cannot be factor rotation as all the manifest variables are overwhelmingly explained by only one underlying explanatory construct. The extracted one factor solution is a demonstration of unidimensional underlying explanatory construct that is indeed a general factor that autonomously explains the total variance in the measuring instrument under investigation – TCORS-CNN, in this case.

The Rotated Component Matrix
 has clearly revealed that a General Factor exists that overwhelmingly explains all the 20 items or indicators of the TCORS-CNN because all the raw data factor-based scales have extremely suitable
 loadings on the only extracted Factor 1
 as each of the loadings exceeds .81. This means that the Factor 1 alone fundamentally accounts for each of the raw data factor-based scales. It should be recalled quickly that the RDFBSF1
 (raw data factor-based scales for Factor 1) covers item1 to itme11, RDFBSF2
 (raw data factor-based scales for Factor 2) covers item12 to item16, and RDFBSF3
 (raw data factor-based scales for Factor 3) covers item17 to iterm20 in the TCORS-CNN.


 
 NAMING OF THE SINGLE FACTOR


The single factor in the TCORS-CNN arrived at with the Higher-Order Factor Analysis was by subjection of the three underlying explanatory constructs (Component 1, Component 2 and Component 3) extracted and rotated in the initial or original factor analysis presented in the previous chapter
 . It must be recalled that the three factors were named Irrepressible world-improvement rationalization
 , Inbuilt quality rationalization
 , and Cautious appeal rationalization
 . Psychologically, the naming of the three factors (Factor 1 as Irresistible world-improvement rationalization
 , Factor 2 as Inbuilt quality rationalization
 , and Factor 3 as Cautious appeal rationalization
 ) correspond with Cognitive rationalization
 , Emotional rationalization
 , and Situational rationalization
 , respectively. That is, the items with suitably large loadings which cluster on the initial Factor 1
 are concerned with cognition; and therefore, the initial Factor 1
 could psychologically be labelled Cognitive rationalization
 for watching CNN TV Channel. The items with suitably large loadings that cluster on the initial Factor 2 deal with emotion, and the Factor 2
 could therefore be psychologically termed Affective rationalization
 for viewing the CNN TV Channel. The items with suitably high loadings that cluster on the initial Factor 3
 deal with a combination of circumstances or the state of affairs at a given time; and the Factor 3
 could therefore be psychologically named as Situational rationalization
 for watching CNN TV Channel.

The indicators (items) in the CNN Television Channel Option Rationalization Scale (TCORS-CNN) have adequately sampled the three necessary types of content, psychological processes, or reactions that are critically encompassed by the construct (reasons for watching CNN TV Channel
 ) which the TCORS-CNN
 measures. The essential constituents of the construct that items in the Scale efficiently represent and which the factor analysis has revealed are the (a) cognitive dimension, (b) affective dimension, and (c) situational dimension in the rationalization for viewing CNN TV channel. The three underlying explanatory factors or components that the initial factor analysis critically extracted and rotated in the CNN Television 
 Channel Option Rationalization Scale matches these three dimensions, each of which is adequately captured by the items that constitute a cluster on it.

Therefore, the three initially underlying explanatory factors extracted and rotated can as well be named accordingly. Factor 1
 is Cognitive Rationalization
 . Factor 2
 is Affective Rationalization
 . Factor 3
 is Situational Rationalization
 .

The Raw Data Factor-Based Scales were generated for each of these three factors and labelled respectively as RDFBSF1 (Raw Data Factor-Based Scales for Factor 1)
 ; RDFBSF2 (Raw Data Factor-Based Scales for Factor 2)
 ; and RDFBSF3 (Raw Data Factor-Based Scales for Factor 3)
 .

When these three raw data factor-based scales were subjected to the Higher-Order Factor Analysis
 , a single factor, the Factor 1
 , which is indeed a General Factor
 that critically underlies the initial three factors was extracted. This single factor or general factor can rightly be named Motive for Viewing CNN
 .


 MOTIVE FOR VIEWING CNN


Opting for and viewing the CNN TV Channel is a behaviour that is initiated, guided, and maintained by certain goal-oriented motive. The goal-oriented motive for viewing the CNN TV channel could be gaining of knowledge for reduction of curiosity about world improvement (the irrepressible world-improvement or the cognitive rationalization); the inbuilt quality or affective rationalization; and the cautious appeal or situational rationalization. Motive describes why a person does something – watching the CNN TV channel in spite of all other compelling channels or things that the individual could have engaged himself with at the time. The motive to view CNN TV channel might be activated cognitively, emotionally, and socio-biologically.

The motive for viewing the CNN TV channel is a latent explanatory construct that cannot be directly observed or measured quantitatively; and was consequently inferred mathematically from factor-analysing the indicators (items) in the CNN Television Channel Option Rationalization Scale by subjecting the initially or originally 
 extracted and rotated three underlying explanatory factors to higher-order factor analysis, using the Raw Data Factor-Based Scales.

The CNN TV channel viewing motive could consist of three levels of action – activation, persistence, and intensity. Activation has to do with the individual’s decision to initiate the CNN TV channel viewing action by tuning to the channel instead of any of all the other channels that could be opted for at a given time. Persistence is concerned with according continuous efforts in the form of careful attention to the CNN TV channel until a unit of the goal for watching it, such as very relevant information on world improvement, is acquired almost at each viewing session. Intensity is a very high-level concentration, absorption, and vigour with which the individual most actively engages in viewing the CNN TV channel for overall attainment of his desired goals for watching the channel.

A number of theoretical propositions such as the instinct, the drive, and the arousal theories have been advanced as what could propel the motive for CNN TV channel viewing or for engagement in any other behaviour. Instinct
 refers to basic inborn patterns of relatively fixed behaviour in response to certain environmental stimuli for happy survival. Drives
 are biological cum social needs that motivate someone to strive at and meet his goals as soon as possible. Behaviours that guarantee maintenance of optimal arousal
 levels are more engaged in by a person than other sorts of behaviour.

The motive for watching the CNN TV channel, measured by the TCORS-CNN, could partly be influenced by a combination of a person’s instinct, drive and arousal. The fact that has been made very clear by the higher-order factor analysis is that the TCORS-CNN has a single general factor, motive for watching the CNN TV Channel
 . The motive for viewing CNN is a general underlying or latent construct that is akin to the general factor that was arrived at during the initial factor analysis in the previous chapter
 when Quartimax orthogonal rotation
 was used as well as was indicated in the Structure Matrix
 when Promax oblique rotation
 was employed.

Recall that as an evidence of an underlying explanatory unidimensional construct, each of the 20 items (with the exception of 
 only one), had multiple substantial cross-loading (≥.45), loading acceptably on two or all the three extracted and rotated components in the Structure Matrix
 of the Promax oblique factor analysis
 . It is that unidimensional underling explanatory construct that the Raw Data Factor-Based Scales Higher-Order Factor Analysis
 has explicitly extracted; and the construct is aptly named Motive for viewing CNN
 .

The existence of a General Factor as revealed by the Higher-Order Factor Analysis is not surprising because all the TCORS-CNN 20 items were developed to closely measure one construct, the motive for watching of the CNN TV channel; and the raw data factor-based scales have positively high intercorrelations (ranging from .627 to .714) as depicted by the Correlation Matrix produced and explained earlier in this chapter. It was rightly suspected since then that a common underlying explanatory construct, a general factor, would be extracted from the three raw data factor-based scales. The high intercorrelations among the raw data factor-based scales was a prelude to existence of a common general latent factor in the TCORS-CNN.

This was more so because even the Quartimax orthogonal rotation revealed a general factor (informed quality decision-making for world-improvement
 ) that underlies the TCORS-CNN indicators that was further ascertained when the absolute eigenvalues
 was set as greater than 2
 instead of the greater than 1
 default that SPSS uses as discussed in the previous chapter
 . Only one factor was to be extracted, and that single factor is the general factor (motive for viewing CNN
 ) that the Higher-Order Factor Analysis with the use of raw data factor-based scales has identified.

Recall that it was the Direct Oblimin rotation method that was selected in the illustrated analysis. What if any of the other rotation approaches (Varimax, Quartimax, Equamax, or Promax) was employed in the analysis? I have earlier requested that you subject the data under study into the higher-order factor analysis, using the Varimax, Quartimax, Equamax, and Promax rotation procedures. When these are done, the results will be as presented in Output 2.1b
 , Output 2.1c
 , Output 2.1d
 , and Output 2.1e
 , respectively. Each 
 of these results is equivalent to the one presented and explained in Output 2.1a
 ; and should be so interpreted accordingly.


 SUMMARY OF OUTPUT 2.1a


Higher-order factor analysis was performed on the CNN Television Channel Option Rationalization Scale for further reduction of the three extracted and rotated factors. Raw data factor-based scales were generated from the three factors. RDFBSF1: Factor 1 – Irresistible world-improvement rationalization (Cognitive rationalization). RDFBSF2: Factor 2 – Inbuilt quality rationalization (Affective rationalization). RDFBSF3: Factor 3 – Cautious appeal rationalization (Situational rationalization).

The mean and standard deviation, respectively, for RDFBSF1 were 77.0750 and 16.59157; for RDFBSF2 were 25.1333 and 4.34815; and for RDFBSF3 were 19.7500 and 3.66049. There were very high intercorrelations among the raw data factor-based scales (.714 between RDFBSF1 and RDFBSF2, .677 between RDFBSF1 and RDFBSF3, and .627 between RDFBSF2 and RDFBSF3). The KMO and Bartlett’s tests showed adequacy of the sampling (.726) and sphericity (164.830, p = .000). The extraction communalities were very high, .817, .780 and .750 for the three respective factor-based scales. A single factor was extracted that overpoweringly accounted for 78.199% of the total variance in the scores on the TCORS-CNN. Specifically, the extracted one factor (component) correlated .904 with RDFBSF1, .883 with RDFBSF2 and .866 with RDFBSF3. Since only one factor was extracted, the solution could not be rotated, and this is strictly in accordance with factor analysis core principle. The extracted explanatory underlying general factor was aptly named Motive for viewing CNN
 . Thus, the higher-order factor analysis most successfully further reduced the initial three factors into a simple one-factor solution that could more easily be replicated subsequently.

After the interpretation of higher-order factor analysis, using raw data factor-based scores, the remaining things to do in line with the ten steps for SPSS data analysis according to (Kpolovie, 2020; 2021) are as follows. First, View the entire output by scrolling up and down, 
 right and left with the appropriate arrow keys. Second, Saving the output as Chapter 2 Output 1 Book 3.spv
 . This can easily be done by clicking the Save this document
 icon [image: image]
 and in the Save As
 dialog box, typing the name with which you want to save the output, Chapter 2 Output 1 Book 3.spv
 , in the File name
 field and pressing the Enter
 key. Third, Printing of both the Output 2.1
 and the data file that was saved as Chapter 2 Table 1 Data Book 3.sav
 . In each case, the printing could easily be done via the Print
 icon [image: image]
 . Fourth, Exiting of SPSS by closing all the SPSS files that are open in the system. Fifth, Shutting down the system by clicking Start [image: image]
 Power [image: image]
 Shut down
 .


 SPSS SYNTAX FOR RAW DATA FACTOR-BASED SCALES HIGHER-ORDER FACTOR ANALYSIS


Like the analysis done in each of the first and second books in the series (Kpolovie, 2020 & 2021) and in the previous chapter
 , execution of the Raw Data Factor-Based Scales Higher-Order Factor Analysis could be performed with greater ease by applying the SPSS Syntax method. This approach simply demands entry of a few lines of syntax into the SPSS Syntax Editor
 and clicking Run [image: image]
 All
 . With the aid of the prompting that SPSS provides, entry of the required syntax can be done with great ease in less than a minute. The exact syntax for the purpose is as given in Syntax 2.1
 .


 
 Syntax 2.1 Chapter 2 Syntax 1 Book 3.sps







       
 COMPUTE RDFBSF1=i1 + i2 + i3 + i4 + i5 +



                  
 i6 + i7 + i8 + i9 + i10 + i11.



       
 COMPUTE RDFBSF2=i12 + i13 + i14 + i15 + i16.



       
 COMPUTE RDFBSF3=i17 + i18 + i19 + i20.







       
 FACTOR



           
 /VARIABLES RDFBSF1 RDFBSF2 RDFBSF3



           
 /MISSING LISTWISE



           
 /ANALYSIS RDFBSF1 RDFBSF2 RDFBSF3



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 The first three lines of the IBM SPSS Syntax for the raw data factor-based scales higher-order factor analysis deal with generation of the Raw Data Factor-Based Scales. The remaining lines of the syntax are used for execution of the second-order factor analysis.

To perform the raw data factor-based scales factor analysis via application of SPSS Syntax method, just do as follows. Boot the computer. Launch SPSS. Retrieve the dataset that was saved as Chapter 2 Table 1 Data Book 3.sav
 . The data retrieval requires clicking of the Open data document
 in the Toolbar. This action produces the Open Data
 dialog box. Look for and click the file that is named Chapter 2 Table 1 Data Book 3.sav
 in the Open Data
 dialog box as shown in Figure 2.17
 . Then, press the Enter
 key on the Keyboard or click Open
 in the dialog box. With this, the said file is retrieved as it opens on the screen.

[image: image]


[image: image]



 Figure 2.17
 Open Data menu

In the SPSS Data Editor containing the data in question, click Window
 in the Menu bar for the Window
 dropdown menu to appear as given in Figure 2.18
 .


 [image: image]
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 Figure 2.18
 Window dropdown menu

In the Window
 dropdown menu, click Go to Designated Syntax Window
 for the IBM SPSS Syntax to appear as given in Figure 2.19
 for the syntax to be typed in.

[image: image]
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 Figure 2.19
 IBM SPSS Statistics Syntax Editor

Accurately enter the syntax provided in Syntax 2.1
 into the IBM SPSS Statistics Syntax Editor
 . While typing, SPSS will be prompting you with probable syntax words or phrases for each line once you type the first one or two alphabets of the syntax line. This is done colorfully. When prompted, you may simply choose the particular word or phrase that you need. Alternatively, since the entire syntax to be entered is not much and will not take time to complete, simply type the whole syntax in exactly as provided in the Syntax 2.1
 . When done with the entry, the SPSS Syntax Editor will look as displayed in Figure 2.20
 .


 [image: image]
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 Figure 2.20
 Completed IBM SPSS Statistics Syntax Editor

With the necessary syntax entered, the analysis is completed. So, simply request IBM SPSS Statistics to produce the results by clicking Run
 in the Menu bar. Plus, click All
 as given in Figure 2.21
 .

[image: image]
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 Figure 2.21
 Run [image: image]
 All menu

Once the All
 is clicked, SPSS instantly displays the results in the IBM SPSS Statistics Viewer
 as shown in Output 2.2
 . Alternatively, you can request IBM SPSS Statistics to instantly produce the results by highlighting the entire entered syntax and then clicking the Run Selection
 icon [image: image]
 in the Toolbar.


 
 
 Output 2.2 Chapter 2 Output 2 Book 3.spv



Factor Analysis


[image: image]


[image: image]



 [image: image]


[image: image]


[image: image]


[image: image]



 INTERPRETATION OF OUTPUT 2.2


Scroll down and up to closely view the Output 2.2
 . Do a visual comparison of the Output 2.2
 and the earlier Output 2.1a
 . The two 
 outputs are exactly the same even though different methods were used for analysing the data. The same interpretation proffered for Output 2.1a
 is applicable to Output 2.2
 . When you return to the data that was saved as Chapter 2 Table 1 Data Book 3.sav
 and used for the current analysis in which IBM SPSS Statistics Syntax was adopted, three additional columns (RDFBSF1
 , RDFBSF2
 and RDFBSF3
 ) that contain the Raw Data Factor-Based Scales have been created. These raw data factor-based scales where the ones subjected to the second-order factor analysis that has revealed existence of a simple one-factor solution.

Save the IBM SPSS Statistics Syntax used for performing the analysis as Chapter 2 Syntax 1 Book 3.sps
 . Also, save the results of the analysis as Chapter 2 Output 2 Book 3.spv
 . Print the output, syntax and the data file. These could serve as appendices particularly if the analysis was done as part of a terminal degree thesis or a master’s degree dissertation. Exit SPSS by closing all the opened SPSS documents. Finally, via clicking Start
 and Power
 , shut down the system.


 AVERAGE DATA FACTOR-BASED SCALES HIGHER-ORDER FACTOR ANALYSIS


Average Data Factor-Based Scales Higher-Order Factor Analysis is executed by deriving the mean of each respondent’s scores on each of the items that suitably load substantially (≥.45) on each of the critically extracted and rotated factors, and subjecting the derived average data factor-based scales to the Second-Order Factor Analysis. Execution of the average data factor-based scales higher-order factor analysis is demonstrated with the dataset that was saved as Chapter 2 Table 1 Data Book 3.sav
 .

To generate the average data factor-based scales, the dataset in question (Chapter 2 Table 1 Data Book 3.sav
 ) must be transformed via the IBM SPSS Transform
 operations to have an average data factor-based scale for each of the three critically extracted and rotated factors. Performance of the transformation is similar to what was 
 done for transformation of the data into raw data factor-based scales.

Boot the computer straightaway. Launch IBM SPSS Statistics by clicking the IBM SPSS logo, [image: image]
 . Retrieve the Chapter 2 Table 1 Data Book 3.sav
 file. In it, click Transform
 . With this, the Transform
 dropdown menu appears as given in Figure 2.22
 .
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 Figure 2.22
 Transform menu

Click Compute Variable
 in the Transform
 menu for the Compute Variable
 dialog box to appear. In the Compute Variable
 dialog box, type the name of the new variable, ADFBSF1
 (Average Data Factor-Based Scale for Factor 1), in the Target Variable
 field; and in the Numeric Expression
 panel, enter (i1+i2+i3+i4+i5+i6+i7+i8+i9+i10+i11)/11
 as shown in Figure 2.23
 . The entry could as well be done with the aid of the keys provided in the Compute Variable
 dialog box.
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 Figure 2.23
 Compute Variable for ADFBSF1

Click OK
 to proceed with the creation of the second average Data Factor-Based Scale for Factor 2 (ADFBSF2
 ). Activate the Chapter 2 Table 1 Data Book 3.sav
 dataset. Click Transform
 and in the Transform
 dropdown menu, click Compute Variable
 . Type ADFBSF2
 in the Target Variable
 box, and enter (i12+i13+i14+i15+i16)/5
 in the Numeric Expression
 box as exemplified in Figure 2.24
 .
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 Figure 2.24
 Compute Variable for ADFBSF2

To continue with the new variable creation for the third factor, click OK
 . Activate the dataset saved as Chapter 2 Table 1 Data 
 Book 3.sav
 and in it, click Transform
 . In the Transform
 dropdown menu, click Compute Variable
 . In the Compute Variable
 dialog box, type the name of the new variable, ADFBSF3
 (Average Data Factor-Based Scale for Factor 3) in the Target Variable
 box. In the Numeric Expression
 box, enter (i17+i18+i19+i20)/4
 as illustrated in Figure 2.25
 .
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 Figure 2.25
 Compute Variable for ADFBSF3

Click OK
 . This click action produces an output that shows the names of the three newly created variables (ADFBSF1
 , ADFBSF2
 and ADFBSF3
 ) as a confirmation that creation of the three new variables, one for the items that make up each of the three critically extracted factors, has been successfully completed as shown in Figure 2.26
 .
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 Figure 2.26
 Names of the three newly created variables


 At this point that the three new variables have been created, when you activate the Chapter 2 Table 1 Data Book 3.sav
 dataset, you will see three additional columns, one average data factor based-scale for each of the three critically extracted factors. The average data factor-based scale for the factor 1 is named ADFBSF1
 , the column for the second factor average data factor-based scale is named ADFBSF2
 , and the one for the third factor is called ADFBSF3
 . These three average data factor-based scales are the ones to be subjected to the second-order factor analysis for further reduction of the underlying explanatory constructs (factors).

The second-order factor-analysis, using the average data factor-based scales is done straightaway. Activate the dataset, Chapter 2 Table 1 Data Book 3.sav
 , and in it click Analyze
 . In the Analyze
 dropdown menu, select Dimension Reduction
 which appears with its own dropdown menu. In the Dimension Reduction
 dropdown dialog box, click Factor
 . With this click, Factor Analysis
 main dialog box appears instantly. Highlight the ADFBSF1
 , ADFBSF2
 and ADFBSF3
 in the left box. Click the right-pointed arrow [image: image]
 to transfer the three highlighted variables into the Variables
 field at the right as illustrated in Figure 2.27
 .
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 Figure 2.27
 Factor Analysis main menu with the new variables transferred

Next, click Descriptives
 pushbutton. Ensure that Initial solution
 checkbox is checked. Check Univariate descriptives
 checkbox. 
 Check Coefficients
 checkbox. Check KMO and Bartlett’s test of sphericity
 checkbox as shown in Figure 2.28
 . Click Continue
 .
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 Figure 2.28
 Factor Analysis: Descriptives with requisite operations checked

Then, click Extraction
 pushbutton. Check the checkbox beside Scree plot
 . Ensure that Unrotated factor solution
 checkbox is checked as default. Make sure that Correlation matrix
 is checked as default. See to it that Based on Eigenvalue
 is checked. Ensure that Eigenvalues greater than 1
 is the activated option. See to it that Maximum Iterations for Convergence
 is set by default to be 25
 as demonstrated in Figure 2.29
 .
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 Figure 2.29
 Factor Analysis: Extraction with the needful operations checked


 Perform these other statistical operations too. Click Continue
 to return to the Factor Analysis
 main menu. Click Rotation
 pushbutton to have Factor Analysis: Rotation
 menu. Check Direct Oblimin
 checkbox as shown in Figure 2.30
 .

[image: image]


[image: image]



 Figure 2.30
 Factor Analysis: Rotation with Direct Oblimin checked

The remaining statistical operations are – click Continue
 to return to the main Factor Analysis
 menu. Click Options
 pushbutton to have its dialog box. Check Sorted by size
 checkbox as given in Figure 2.31
 . Click Continue
 to return to the Factor Analysis
 main dialog box when all the necessary statistical operations have been done. Finally, click OK
 to have IBM SPSS display the results in the SPSS Viewer
 as exhibited in Output 2.3
 .
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 Figure 2.31
 Factor Analysis: Options with Sorted by size checked


 
 
 Output 2.3 Chapter 2 Output 3 Book 3.spv




Factor Analysis
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 INTERPRETATION OF OUTPUT 2.3


There are eight sections in the Output 2.3
 . They are the Descriptive Statistics, Correlation Matrix, KMO and Bartlett’s Test, Communalities, Total Variance Explained, Scree Plot, Component Matrix, and Rotated Component Matrix. Generally, with the exception of the Descriptive Statistics that has different means and standard deviations, each of the remaining seven sections of the Output 2.3
 is 
 exactly as earlier presented and interpreted in Output 2.1a
 . This is because apart from the Descriptive Statistics section that will have different values as the means and standard deviations, all the other sections of the various Factor-Based Scales Higher-Order Factor Analysis will typically yield exactly the same values. Unlike Factor Scores estimation, the creation of Factor-Based Scales does not alter the relative position of each respondent’s scores on any of the critically extracted and rotated latent factors. Therefore, use of any of the four types of factor-based scales is self-sufficient for execution of second-order factor analysis and for computation of test validity and reliability indices.


 Descriptive Statistics


The Descriptive Statistics
 has revealed that with the Average Data Factor-Based Scales (ADFBS), the mean and standard deviation are respectively 7.0068 and 1.50832 for ADFBSF1
 , 5.0267 and .86963 for ADFBSF2
 , and 4.9375 and .91512 for ADFBSF3
 . The N in each case is 120. Unlike the Raw Data Factor-Based Scales that the three factors seem to have differed greatly in their means; there is no such ostensibly great difference between the average data factor-based scales means for ADFBSF1
 , ADFBSF2
 , and ADFBSF3
 ; though the average data factor-based scale mean for the Factor 1 (7.0068) tends to be a bit higher than the means for the latter two components (Factor 2 and Factor 3) that respectively have 5.0267 and 4.9375 means. It should be recalled that the Factor 1 is composed of 11 items, Factor 2 consists of five items and the Factor 3 is made up of four items. In spite of the difference in the number of items that constitute each of the three factors, there is no much apparent difference in average data factor-based scales for the three factors. Well, whether the means of the average data factor-based scales differ or not is never the concern of the higher-order factor analysis.


 Correlation Matrix


The Correlation Matrix
 has specified that the three raw data factor-based scales are highly intercorrelated. The pairwise correlations are 
 .714 between ADFBSF1
 and ADFBSF2
 , .677 between ADFBSF1
 and ADFBSF3
 , and .627 between ADFBSF2
 and ADFBSF3
 . The correlation matrix of the average data factor-based scales is exactly as the one for raw data factor-based scales that has been examined earlier. The high intercorrelations among the three factor-based scales are suggestive of the existence of a unidimensional underlying explanatory factor, a general factor for all the 20 items that constitute the TCORS-CNN. When there is a single underlying explanatory construct among the average data factor-based scales, the intercorrelations among them can be as high as ≥.500. The TCORS-CNN average data factor-based scales have ≥.627 intercorrelations to suggest existence of a general latent factor that underlie the three factor-based scales.


 KMO and Bartlett’s test of Sphericity


The Kaiser-Meyer-Olkin Measure of Sampling Adequacy
 is .728, a value that is much closer to the maximum obtainable (1.000) than to the minimum obtainable (0.000). The sampling is therefore adequate for the higher-order factor analysis execution. The Bartlett’s Test of Sphericity
 has Approximate Chi-Square
 of 164.830. The computed Bartlett’s test value is large enough as it is significant at even as low as .000 (read as less than .0005) to indicate suitability of the higher-order factor analysis application to the generated average data factor-based scales.


 Communalities


The Communalities
 Extraction
 for each of the average data factor-based scales is close to the Initial Communalities
 of 1.000. Precisely, ADFBSF1, ADFBSF2, and ADFBSF3 respectively have Communalities Extraction of .817, .780, and .750. If all the three components happen to load suitably on just one underlying explanatory construct, then the construct is bound to be replicable with greater ease than when the components do not load on a single underlying construct.


 Total Variance Explained


The Total Variance Explained
 has provided the Initial Eigenvalues Total of 2.346, % of Variance of 78.199, and Cumulative % of 78.199 
 for the Component 1. The Component 2 has .377 Total, 12.581 % of Variance, and 90.779 Cumulative %. The Component Factor 3 has .277 Total, 9.221 % of Variance, and 100.000 Cumulative %. Thus, the Initial Eigenvalues in the Total Variance Explained section of the Output 2.3
 has revealed that while the Component 1 singlehandedly accounts for as much as 78.199 % of the total variance in the TCORS-CNN average data factor-based scales, the Component 2 accounts for only 12.581 % of the total variance, and the Component 3 accounts for only 9.221 % of the total variance in the TCORS-CNN average data factor-based scales.

Only the Component 1 is explained further by providing the Extracted Sums of Squared Loadings Total, % of Variance, and Cumulative %. Provision of Extracted Sums of Squared Loadings for only the Component 1 means that only the Factor 1 is critically extracted to astonishingly account for the total variance in the CNN Television Channel Option Rationalization Scale. The Component 1 has Extraction Sum of Squared Loadings Total of 2.346, % of Variance explained of 78.199, and Cumulative % of 78.199. Above all, the Total Variance Explained section of the Higher-Order Factor Analysis output with the use of average data factor-based scales has shown the existence of a single extracted underlying explanatory factor in the measuring instrument, CNN Television Channel Option Rationalization Scale.

It is therefore clear explicitly that with the first-order Factor Analysis done in the previous chapter
 , the 20 manifest items, indicators or variables in the CNN Television Channel Option Rationalization Scale were reduced into three underlying explanatory factors named Irresistible world-improvement rationalization
 , Inbuilt quality rationalization
 , and Cautious appeal rationalization
 for viewing the CNN TV channel. But with the Higher-Order Factor Analysis, using Average Data Factor-Based Scales, the three critically extracted and rotated factors have further been reduced into just one critically extracted latent explanatory construct. This further reduction of the three factors extracted and rotated in the original factor analysis into a much fewer extracted latent explanatory constructs, one 
 factor or component in this case, is the main function of Higher-Order Factor Analysis.


 Scree Plot


The Scree Plot has pictorially displayed the number of components (factors) against the Eigenvalues. Out of the three components, the Component 1 has an Eigenvalue that is “greater than 1”, approximately 2.4. Component 2 and Component 3 each has an Eigenvalue that is less than 1. This denotes overtly that only one component, the Factor 1 that is critically extracted as an overwhelmingly explanatory underlying construct for the CNN Television Channel Option Rationalization Scale.


 Component Matrix


The Component Matrix
 has ultimately revealed that only one component (factor) is extracted from the TCORS-CNN Average Data Factor-Based Scales. The single factor (Component 1) of the average data factor-based scales has shown coefficients of .904 for ADFBSF1
 , .883 for ADFBSF2
 , and .866 for ADFBSF3.
 The extraction of a single underlying factor by the higher-order factor denotes unidimensional underlying explanatory construct for the CNN Television Channel Option Rationalization Scale.


 Rotated Component Matrix


The Rotated Component Matrix
 has affirmed that: “Only one component was extracted. The solution cannot be rotated.” There cannot be rotation of factors in Factor Analysis when only one critically underlying explanatory construct is extracted. The extracted one factor solution is a demonstration of a single latent explanatory construct, a general factor that self-sufficiently explains the totality of the variance in the measuring instrument under investigation – TCORS-CNN. The extracted General Factor overwhelmingly explains all the 20 items or indicators of the TCORS-CNN because all the average data factor-based scales have extremely suitable
 loadings on the only extracted Factor 1
 as each of the loadings exceeds .81
 . 
 The Factor 1 alone fundamentally accounts for each of the average data factor-based scales. While ADFBSF1
 covers item1 to itme11, ADFBSF2
 covers item12 to item16, and ADFBSF3
 covers item17 to iterm20 in the TCORS-CNN.


 NAMING OF THE SINGLE FACTOR


The three TCORS-CNN Average Data Factor-Based Scales – ADFBSF1 = Irresistible world-improvement rationalization (Cognitive rationalization), ADFBSF2 = Inbuilt quality rationalization (Affective rationalization), and ADFBSF3 = Cautious appeal rationalization (Situational rationalization) have been reduced by the Higher-Order Factor Analysis into one explanatory underlying factor that could be named Motive for Viewing CNN
 . The motive for viewing the CNN TV channel is a latent construct that cannot be directly observed or measured quantitatively; and was therefore, inferred mathematically from factor-analysing the indicators (items) in the CNN Television Channel Option Rationalization Scale by subjecting the initially extracted and rotated three underlying explanatory factors to higher-order factor analysis, using the Average Data Factor-Based Scales. Opting for and viewing the CNN TV Channel is a behaviour that is initiated, guided, and maintained by certain goal-oriented motive that might be activated cognitively, emotionally, and socio-biologically; and in line with three levels of action – activation, persistence, and intensity; as well as the instinct, the drive, and the arousal theoretical propositions (Kpolovie, 2011; 2018) as earlier expounded under Raw Data Factor-Based Scales.


 SUMMARY OF OUTPUT 2.3


Higher-order factor analysis was performed on the CNN Television Channel Option Rationalization Scale for further reduction of the three extracted and rotated factors, using Average Data Factor-Based Scales. The mean and standard deviation, respectively, for ADFBSF1 were 7.0068 and 1.50832; for ADFBSF2 were 5.0267 and .86963; and for ADFBSF3 were 4.9375 and .91512. There were very high intercorrelations among the average data factor-based scales that ranged from .627 to .714. There was adequacy of sampling and 
 sphericity as depicted by the KMO and Bartlett’s tests. Very high extraction communalities (.817, .780 and .750) respectively for the three average data factor-based scales were got. Component Matrix for the Component 1 (Factor 1) has .904 loading with ADFBSF1, .883 loading with ADFBSF2, and .866 with ADFBSF3. A single explanatory latent factor, the Component 1, that is named Motive for Viewing CNN
 , was extracted as it overpoweringly accounts for 78.199% of the total variance in the TCORS-CNN average data factor-based scales.


 SYNTAX FOR AVERAGE DATA FACTOR-BASED SCALES HIGHER-ORDER FACTOR ANALYSIS


The Average Data Factor-Based Scales Factor Analysis can also be done very quickly and with greater ease by applying the IBM SPSS Syntax method for the analysis. What is necessarily needed is careful entry of the requisite syntax into the SPSS Syntax Editor
 and clicking Run
 and All
 . Get it done immediately. Activate the data document that was saved as Chapter 2 Table 1 Data Book 3.sav
 , and in the Data Editor
 , click Window
 . In the Window
 dropdown menu, click Go to Designated Syntax Window
 to have the SPSS Syntax Editor
 . You can also activate the SPSS Syntax Editor by clicking File
 , selecting New
 and clicking Syntax
 . Enter the syntax provided in Syntax 2.2
 correctly into the Syntax Editor
 .


 
 Syntax 2.2 Chapter 2 Syntax 2 Book 3.sps







       
 COMPUTE ADFBSF1=(i1 + i2 + i3 + i4 + i5 + i6



                  
 + i7 + i8 + i9 + i10 + i11)/11.



       
        
 COMPUTE ADFBSF2=(i12 + i13 + i14 + i15 + i16)/5.



       
        
 COMPUTE ADFBSF3=(i17 + i18 + i19 + i20)/4.







       
 FACTOR



           
 /VARIABLES ADFBSF1 ADFBSF2 ADFBSF3



           
 /MISSING LISTWISE



           
 /ANALYSIS ADFBSF1 ADFBSF2 ADFBSF3



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 When done, save the syntax file as Chapter 2 Syntax 2 Book 3.sps
 . To have the results displayed in the SPSS Viewer
 , click Run
 and click All
 . With this, IBM SPSS Statistics instantly completes the analysis and produces the results exactly as presented in Output 2.4
 .


 
 Output 2.4 Chapter 2 Output 4 Book 3.spv



Factor Analysis
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Save this new output as Chapter 2 Output 4 Book 3.spv
 . Interpret the output as done earlier for Output 2.3
 . When the four different methods of Factor-Based Scales generation are used, the second-order factor analysis results of the outputs are exactly the same with the exception of the descriptive statistics; and are accordingly interpreted in like manner. This is because generation of factor-based scales produces different values for the respondents, but maintains the relative position of the respondents on each of the extracted factors. Shut down the computer thereafter in line with the SPSS data analysis procedures.


 
 z SCORE FACTOR-BASED SCALES HIGHER-ORDER FACTOR ANALYSIS


The same CNN Television Channel Option Rationalization Scale (TCORS-CNN) dataset that was saved as Chapter 2 Table 1 Data Book 3.sav
 are employed for illustration of the z Score Factor-Based Scales Higher-Order Factor Analysis
 . The SPSS Dialog Boxes Point and Click method is employed in executing this analysis. The z Score Factor-Based Scales approach demands that the data be transformed into z Score Factor-Based Scales first before subjection to the Second-Order Factor Analysis.

Perform these SPSS dialog boxes selection operations. Switch the computer on and let it boot fully. Launch IBM SPSS Statistics by clicking the SPSS logo [image: image]
 . Retrieve the dataset that is saved as Chapter 2 Table 1 Data Book 3.sav.


Retrieval of the data is done thus: Click File
 , select Open
 and click Data
 . Look for the file that is named Chapter 2 Table 1 Data Book 3.sav
 . Click the file name, Chapter 2 Table 1 Data Book 3.sav
 . Click Open
 or press the Enter
 key on the Keyboard. By clicking the Open
 or pressing the Enter
 key, the needed file appears in the IMB SPSS Statistics Data Editor
 .

The z Score Factor-Based Scales
 (ZFBS
 ) can very easily be generated from the Average Data Factor-Bases Scales for the Factor 1, (ADFBSF1), Factor 2 (ADFBSF2), and Factor 3 (ADFBSF3) by transforming them, using their respective means and standard deviations. Recall that the mean and standard deviation, respectively for ADFBSF1
 are 7.0068
 and 1.50832
 . The mean and standard deviation for ADFBSF2
 are respectively 5.0267
 and .86963
 . For ADFBSF3
 , the mean is 4.9375
 and the standard deviation is .91512
 .

With the SPSS Data Editor containing the Chapter 2 Table 1 Data Book 3.sav
 dataset on the screen, click Transform
 to have the dropdown dialog box of Transform
 as given in Figure 2.32
 .
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 Figure 2.32
 Transform dropdown menu for z score Factor-Based Scales FA

In the Transform
 dropdown dialog box, click Compute Variable
 . With this click, the Compute Variable
 dialog box immediately appears as shown in Figure 2.33
 .
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 Figure 2.33
 Compute Variable dialog box


 In the Target Variable
 field, type the name of the new variable that you are creating as ZFBSF1
 . Then, type (ADFBSF1-7.0068)/1.50832
 in the Numeric Expression
 box as demonstrated in Figure 2.34
 . Note that the 7.0068 and 1.50832 are the mean and standard deviation, respectively, for ADFBSF1. Taking the ADFBSF1 as the x, the information entered in the Numeric Expression
 box is exactly as the equation given much earlier for z Score as (Xi - X
 ) / S.
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 Figure 2.34
 Compute Variable menu for ZFBSF1

Click OK
 for the new z Score Factor-Base Scale for Factor 1 (ZFBSF1
 ) to be created as COMPUTE ZFBSF1=(ADFBSF1-7.0068)/1.50832.


Activate the Chapter 2 Table 1 Data Book 3.sav
 dataset and in it, click Transform
 for the Transform
 dropdown menu to appear. In the Transform
 dropdown dialog box, click Compute Variable
 for the Compute Variable
 dialog box to immediately appear as illustrated earlier in Figure 2.33
 . Type ZFBSF2
 in the Target Variable
 panel as the name for the new variable to be created. In the Numeric Expression
 panel at the right, type (ADFBSF2-5.0267)/.86963
 as exemplified in Figure 2.35
 .
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 Figure 2.35
 Compute Variable for ZFBSF2

Next, click OK
 for the z Score Factor-Based Scale for Factor 2 (ZFBSF2
 ) to be created as COMPUTE ZFBSF2=(ADFBSF2-5.0267)/.86963.


For creation of the z Score Factor-Based Scale for Factor 3 (ZFBSF3
 ), activate the Chapter 2 Table 1 Data Book 3.sav
 dataset. In it, perform similar operations for creation of a new variable. That is, click Transform
 . In Transform
 dropdown menu, click Compute Variable
 . In the Compute Variable
 menu, type the name for the new variable ZFBSF3
 (z Score Factor-Based Scale for Factor 3) in the Target Variable
 panel. In the Numeric Expression
 field, type the command (ADFBSF3-4.9375)/.91512
 as exhibited in Figure 2.36
 .
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 Figure 2.36
 Compute Variable for ZFBSF3

Click OK
 . With this click, the z Score Factor-Based Scale for Factor 3 is instantly created as COMPUTE ZFBSF3=(ADFBSF3-4.9375)/.91512.


Now that all the three z Score Factor-Based Scales have successfully been created for the respective three factors (ZFBSF1
 , ZFBSF2
 and ZFBSF3
 ), you can see their names in accordance with their respective commands as shown in Figure 2.37
 .
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 Figure 2.37
 Creation of the 3 new variables


 The three new variables (ZFBSF1
 , ZFBSF2
 , and ZFBSF3
 ) have accordingly been added to the Chapter 2 Table 1 Data Book 3.sav
 dataset. Each of these three variables (the z Score Factor-Based Scales 1, 2 and 3) constitutes a column in the dataset. These new variables or columns are the ones that are to be subjected to the z Score Factor-Based Scales Second-Order Factor Analysis. Retrieve the Chapter 2 Table 1 Data Book 3.sav
 dataset and observe each of the 120 respondents’ z Score on each of the z Score Factor-Based Scales (ZFBSF1
 , ZFBSF2
 , and ZFBSF3
 ) as given in the fourth, fifth and sixth columns of Table 2.3
 . The fourth type of factor-based scales generation, T Score Factor Based Scale (TFBS) for each of the three initially extracted and rotated factor are also shown in the last three columns of the Table 2.3
 .


 
 
 Table 2.3
 ADFBS, ZFBS and TFBS
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 SECOND-ORDER FACTOR ANALYSIS USING z SCORE FACTOR-BASED SCALES


Now that the three new variables (ZFBSF1
 , ZFBSF2
 and ZFBSF3
 ) have been created as seen in Table 2.3
 , the second-order factor analysis can be done by using the z Score Factor-Based Scales. That is, only the ZFBSF1
 , ZFBSF2
 and ZFBSF3
 will be transferred from the left box into the Variables
 box at the right in the course of the analysis.


 Execution of the analysis requires performing the following statistical operations. Click Analyze
 for Analyze
 dropdown dialog box to appear. Click Dimension Reduction
 to have Dimension Reduction
 dropdown menu. Click Factor
 for the Factor Analysis
 main dialog box to appear. Highlight ZFBSF1
 , ZFBSF2
 and ZFBSF3
 in the left box. Click the right-pointed arrow [image: image]
 . This action moves the ZFBSF1, ZFBSF2
 and ZFBSF3
 into the Variables
 box at the right as exemplified in Figure 2.38
 .

[image: image]


[image: image]



 Figure 2.38
 Factor Analysis main menu with ZFBSF1, ZFBSF2 and ZFBSF3 transferred

Other SPSS dialog boxes selections are these. Click Descriptives
 . Ensure that Initial solution
 checkbox is checked. Check Univariate descriptives
 checkbox. Check Coefficients
 checkbox. Check KMO and Bartlett’s test of sphericity
 checkbox as shown in Figure 2.39
 . Click Continue
 .
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 Figure 2.39
 Factor Analysis: Descriptives with the needful operations done

The next set of statistical operations are thus. Click Extraction
 . Check Scree plot
 checkbox. Ensure that Unrotated factor solution
 checkbox is checked as default. Make sure that Correlation matrix
 is checked as default. See to it that Based on Eigenvalue
 is checked and that the Eigenvalues greater than 1
 is the activated option. See to it that Maximum Iterations for Convergence
 is set by default to be 25
 as demonstrated in Figure 2.40
 .
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 Figure 2.40
 Factor Analysis: Extraction with the needful operations checked


 Next, click Continue
 to return to the Factor Analysis
 main menu. Click Rotation
 to have Factor Analysis: Rotation
 menu. Check Direct Oblimin
 checkbox as shown in Figure 2.41
 .
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 Figure 2.41
 Factor Analysis: Rotation with Direct Oblimin checked

Furthermore, click Continue
 for return to the main Factor Analysis
 menu. Click Options
 to have Factor Analysis: Options
 dialog box. Check Sorted by size
 checkbox as given in Figure 2.42
 .
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 Figure 2.42
 Factor Analysis: Options with Sorted by size checked

Finally, click Continue
 to return to Factor Analysis
 main dialog box when all the needful statistical operations have been performed. 
 And click OK
 . With this click, IBM SPSS immediately displays the results as exhibited in Output 2.5
 .


 
 Output 2.5 Chapter 2 Output 5 Book 3.spv




Factor Analysis
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 INTERPRETATION OF OUTPUT 2.5


The Descriptive Statistics has shown equal mean of .0000 for each of the three z Score Factor-Based Scales – ZFBSF1
 , ZFBSF2
 , and ZFBSF3
 . Similarly, the three components or factors (ZFBSF1
 , ZFBSF2
 and ZFBSF3
 ) have equal standard deviation of 1.00000. The respondents remain 120. With the z Score Factor-Based Scales Higher-Order Factor Analysis, the raw scores of the respondents on each of the three initially extracted factors were transformed into z Score that has a mean of 0 (zero) and a standard deviation of 1 (one). That accounts for why each of the three z Score Factor-Based Scales has equal mean of .0000 and equal standard deviation of 1.00000.

With the exception of the Descriptive Statistics section and the names of the variables, all the other sections and units of the Output 2.5
 are exactly equivalent to the Output 2.1a
 because transformation of raw scores to z standard scores does not change the relative position of the raw scores on each of the factors, but equalizes the means and standard deviations. Therefore, the same interpretation 
 proffered for Output 2.1a
 suffices for the current results as presented in Output 2.5
 . Take a more careful look at the interpretation of Output 2.1a
 and apply it for interpretation of the Output 2.5
 .

Save the current output as Chapter 2 Output 5 Book 3.spv
 . Print the output. Also print the data to closely look at the Raw Data Factor-Based Scales (RDFBSF1
 , RDFBSF2
 and RDFBSF3
 ) shown in Table 2.2
 ; and the Average Data Factor-Based Scales (ADFBSF1
 , ADFBSF2
 and ADFBSF3
 ), and the z Score Factor-Based Scales (ZFBSF1
 , ZFBSF2
 and ZFBSF3
 ), as well as the T score Factor-Based Scales (TFBSF1
 , TFBSF2
 and TFBSF3
 ) that are presented in Table 2.3
 to ascertain the fact that transformation of the raw data to average data, and to the z score and later to T score does not change the relative standing of the respondents on each of the initially extracted and rotated latent factors. Follow the due process to exit IBM SPSS Statistics and to shut down the computer.


 SYNTAX FOR SECOND-ORDER FACTOR ANALYSIS USING z SCORE FACTOR-BASED SCALES


With application of IBM SPSS Syntax, the z Score Factor-Based Scales Higher-Order Factor Analysis can be performed much easier and faster. It takes very little or no time to accurately enter the syntax as provided in Syntax 2.3
 into the IBM SPSS Statistics Syntax Editor
 . After entry of the syntax, just click Run
 and click All
 to have the output displayed in the IBM Statistics SPSS Viewer
 .


 
 Syntax 2.3 Chapter 2 Syntax 3 Book 3.sps








       
 COMPUTE ZFBSFl=(ADFBSF1-7.0068)/1.50832.



       
        
 COMPUTE ZFBSF2=(ADFBSF2-5.0267)/.86963.



       
        
 COMPUTE ZFBSF3=(ADFBSF3-4.9375)/.91512.







       
 FACTOR



           
 /VARIABLES ZFBSF1 ZFBSF2 ZFBSF3



           
 /MISSING LISTWISE



           
 /ANALYSIS ZFBSF1 ZFBSF2 ZFBSF3



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 To perform the analysis, boot the computer; launch IBM SPSS Statistics; and retrieve the dataset saved as Chapter 2 Table 1 Data Book 3.sav
 . Next, click File
 , select New
 , and click Syntax
 . This procedure opens the IBM SPSS Statistics Syntax Editor
 . Very quickly enter the syntax given in Syntax 2.3
 accurately into the SPSS Syntax Editor
 . When done, it will look as provided in Figure 2.43
 .
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 Figure 2.43
 Completed SPSS Syntax Editor for z Score Factor-Based Scales Higher-Order Factor Analysis

Click Run
 and in the Run
 dropdown menu, click All
 . With this, the analysis in question gets done and the results are instantly displayed in the SPSS Viewer
 window, part of which is as given in Output 2.6
 . If you have performed the analysis as guided, the complete results (output) is showing in the SPSS Viewer
 on your laptop screen.


 
 Output 2.6 Chapter 2 Output 6 Book 3.spv




Factor Analysis
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 INTERPRETATION OF OUTPUT 2.6


The complete Output 2.6
 was arrived at by using IBM SPSS Statistics Syntax to analyse the z Score Factor-Based Scales (the columns named ZFBSF1
 , ZFBSF2
 , and ZFBSF3
 ) in the dataset that was saved as Chapter 2 Table 1 Data Book 3.sav
 . These columns contain the same data that were earlier analysed with SPSS Dialog Boxes Point and Click method that produced Output 2.5
 . The two outputs (Output 2.6
 and Output 2.5
 ) are strictly identical. The same interpretation accorded to Output 2.5
 is therefore applicable to the Output 2.6
 . The two methods of analysis and the two outputs are a demonstration of two alternative approaches for the analysis. An investigator is totally at will to choose one of the two methods, depending on the one that is more personally convenient and appealing to him, to perform the analysis and report the output thereof. Though only one of the methods should be used in real life analysis scenario, it is better for a person to study and master the application of the two methods.

Save the syntax as Chapter 2 Syntax 3 Book 3.sps
 , and the output as Chapter 2 Output 6 Book 3.spv
 . Close all opened SPSS documents and exit SPSS. Shut down the system in line with SPSS data analysis protocols.


 T SCORE FACTOR-BASED SCALES HIGHER-ORDER FACTOR ANALYSIS



T score Factor-Based Scales Higher-Order Factor Analysis
 demands further transformation of the z Score Factor-Based Scales into T score Factor-Based Scales with a standard deviation of 10 and a mean of 50 before computation of the second-order factor analysis. The CNN Television Channel Option Rationalization Scale (TCORS-CNN) dataset, saved earlier as Chapter 2 Table 1 Data Book 3.sav
 , are used for illustration of the T score Factor-Based Scales Higher-Order Factor Analysis. SPSS Dialog Boxes Point and Click
 method is employed in executing this analysis.

Switch the computer on and let it boot fully. Launch IBM SPSS Statistics
 by clicking the SPSS logo [image: image]
 . Retrieve the dataset that was 
 saved as Chapter 2 Table 1 Data Book 3.sav.
 For retrieval of the dataset, click File
 , select Open
 , and click Data
 . Look for the file that is named Chapter 2 Table 1 Data Book 3.sav
 . Click the file name. Click Open
 or press the Enter
 key on the Keyboard. With this action, the document in question appears in the IMB SPSS Statistics Data Editor
 .

The T score Factor-Based Scales (TFBS) can be generated either from the Raw Data Factor-Based Scales by transforming the raw data factor-based scales into z Score Factor-Based Scales, and then into the T score Factor-Based Scales; or from the Average Data Factor-Bases Scales by transforming the Average Data Factor-Based Scales into z score Factor-Based Scales, and then into the T score Factor-Based Scales. Transformation of z Score Factor-Based Scales into T score Factor-Based Scales was much earlier defined in this chapter simply as:

T = 10z + 50.

Since the Average Data Factor-Based Scales have already been transformed into z Score Factor-Based Scales (ZFBSF1, ZFBSF2, and ZFBSF3) as exhibited in Table 2.3
 , the generation of the T score Factor-Based Scales will just continue from there by merely multiplying each z by 10 and adding 50 to it. The SPSS Transform
 statistical operations shall be used to get this task accomplished with greatest ease. On completion, there will be three additional columns, named TFBSF1
 , TFBSF2
 , and TFBSF3
 as can be seen in the last three columns of Table 2.3
 for each of the 120 respondents.

With the SPSS Data Editor
 containing the Chapter 2 Table 1 Data Book 3.sav
 dataset open on the screen, click Transform
 in the Menu bar to have the Transform
 dropdown dialog box as shown in Figure 2.44
 .
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 Figure 2.44
 Transform dropdown menu for T Score generation

Click Compute Variable
 in the Transform
 dropdown menu for Compute Variable
 dialog box to appear as exemplified in Figure 2.45
 .
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 Figure 2.45
 Compute Variable dialog box for T score Factor-Based Scales

In the Target Variable
 field, type TFBSF1
 (T score Factor-Based Scale for Factor 1) which is the name for the new variable that you are creating. Then, type ZFBSF1*10+50
 or (ZFBSF1)10+50
 in the Numeric Expression
 box as demonstrated in Figure 2.46
 , and click OK
 . Note that while the 10 is the standard deviation of T score, the 50 is the mean of T score.
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 Figure 2.46
 Compute Variable for TFBSF1

For creation of TFBSF2
 (T score Factor-Based Scale for Factor 2) as a new variable, activate the Chapter 2 Table 1 Data Book 3.sav
 dataset and click Transform
 . In the Transform
 dropdown dialog box, click Compute Variable
 . In the Compute Variable
 dialog box, enter TFBSF2
 which is the name of the new variable in the box that is called Target Variable
 . Then, type ZFBSF2*10+50
 or (ZFBSF2)10+50
 in the Numeric Expression
 field as demonstrated in Figure 2.47
 , and click OK
 .
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 Figure 2.47
 Compute Variable for TFBSF2


 To create TFBSF3
 (T score Factor-Based Scale for Factor 3) as a new variable, activate the Chapter 2 Table 1 Data Book 3.sav
 dataset and click Transform
 . Click Compute Variable
 in the Transform
 dropdown menu. In the Compute Variable
 dialog box, type TFBSF3
 (which is the name of the new variable) in the Target Variable
 field. Then, type ZFBSF3*10+50
 or (ZFBSF3)10+50
 in the Numeric Expression
 field as displayed in Figure 2.48
 , and click OK
 .
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 Figure 2.48
 Compute Variable for TFBSF3

The three T score Factor-Based Scales have been respectively created as TFBSF1
 , TFBSF2
 and TFBSF3
 for the critically extracted and rotated Factor 1, Factor 2, and Factor 3. These scales and the statistical operations with which they are created can be seen in Figure 2.49
 .
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 Figure 2.49
 Names of the newly created T score Factor-Based Scales


 The three newly created scales or variables (TFBSF1
 , TFBSF2
 , and TFBSF3
 ) have accordingly been added to the Chapter 2 Table 1 Data Book 3.sav
 dataset and are equally depicted in the last three columns of Table 2.3
 . Each of these three T score Factor-Based Scales constitutes a column in the dataset and in the Table 2.3
 . These new variables are the ones that are to be subjected to the T score Factor-Based Scales Second-Order Factor Analysis that is presented right away. Activate the Chapter 2 Table 1 Data Book 3.sav
 dataset to see each of the 120 respondents’ T score on each of the T score Factor-Based Scales (TFBSF1
 , TFBSF2
 , and TFBSF3
 ) as given in the last three columns of Table 2.3
 .


 T SCORE FACTOR-BASED SCALES SECOND-ORDER



FACTOR ANALYSIS


The three T score Factor-Based Scales (TFBSF1
 , TFBSF2
 and TFBSF3
 ) are hereunder subjected to second-order factor analysis. That is, of all the variables in the Chapter 2 Table 1 Data Book 3.sav
 dataset, only the last three that are named TFBSF1
 , TFBSF2
 and TFBSF3
 shall be transferred from the left box of Factor Analysis
 main menu into the Variables
 box at the right in the course of the analysis.

Very quickly perform the following statistical operations to get the T score Factor-Based Scales Second-Order Factor Analysis done. Click Analyze
 . Select Dimension Reduction
 . Click Factor
 . This produces the Factor Analysis
 main dialog box. Highlight TFBSF1
 , TFBSF2
 and TFBSF3
 in the left box. Click the right-pointed arrow [image: image]
 to transfer the highlighted variables (TFBSF1, TFBSF2
 and TFBSF3
 ) into the Variables
 field at the right as exemplified in Figure 2.50
 .
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 Figure 2.50
 Factor Analysis main menu with TFBSF1, TFBSF2 and TFBSF3 transferred

Also, click Descriptives
 . Check Univariate descriptives
 checkbox. Check Coefficients
 checkbox. Check KMO and Bartlett’s test of sphericity
 checkbox as shown in Figure 2.51
 , and click Continue
 .
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 Figure 2.51
 Factor Analysis: Descriptives with the needful operations done

In addition, click Extraction
 . Check Scree plot
 checkbox as demonstrated in Figure 2.52
 .
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 Figure 2.52
 Factor Analysis: Extraction with the needful operations checked

Then, click Continue
 to return to the Factor Analysis
 main menu. Click Rotation
 to have Factor Analysis: Rotation
 menu. Check Direct Oblimin
 checkbox as shown in Figure 2.53
 .
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 Figure 2.53
 Factor Analysis: Rotation with Direct Oblimin checked


 Plus, click Continue
 for return to the main Factor Analysis
 menu. Click Options
 to have Factor Analysis: Options
 dialog box. Check Sorted by size
 checkbox as given in Figure 2.54
 .
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 Figure 2.54
 Factor Analysis: Options with Sorted by size checked

Lastly, click Continue
 to return to Factor Analysis
 main dialog box when all the needful statistical operations have been performed. Click OK
 to have IBM SPSS display the results as exhibited in Output 2.7
 .


 
 
 Output 2.7 Chapter 2 Output 7 Book 3.spv




Factor Analysis


[image: image]


[image: image]



 [image: image]


[image: image]



 INTERPRETATION OF OUTPUT 2.7


The Descriptive Statistics has shown a mean of 50 and a standard deviation of 10 for each of the TFBSF1
 , TFBSF2
 and TFBSF3
 (the three T score Factor-Based Scales). The equality of the mean and standard deviation for the three T score Factor-Based Scales is because the scales depend on transformation of scores on the 
 three critically extracted and rotated components into T score that has a standard deviation of 10 and a mean of 50. Thus, the means and standard deviations of the T score Factor-Based Scales for the three initially critically extracted factors differ systematically in terms of magnitude from the means and standard deviations of the same three factors when the other types of factor-based scales (Raw Data Factor-Based Scales, Average Data Factor-Based Scales, and z Score Factor-Based Scales) were used. However, the relative difference between the means and standard deviations for the three extracted factors remain constant across the four types of factor-based scales (Raw Data Factor-Based Scales, Average Data Factor-Based Scales, z Score Factor-Based Scales, and T score Factor-Based Scales).

With the exception of the names of the scales; the values of the Correlation Matrix, KMO and Bartlett’s Test, Communalities, Total Variance Explained, Scree Plot, Component Matrix, and Rotated Component Matrix are exactly the same with the values got when other factor-base scales second-order factor analysis were done. This is because the relative positions of the respondents’ scores on each of the initially extracted and rotated components are not altered when their scores are transformed into the different factor-based scales. Consequently, the interpretations proffered for the Output 2.1a
 are equally applicable for the Output 2.7
 . Refer to the interpretation of Output 2.1a
 and adapt it for the current Output 2.7
 .

Save the results as Chapter 2 Output 7 Book 3.spv
 . Close all SPSS files that are open and exit IBM SPSS Statistics. In case you are one of the several people who prefer application of IBM SPSS Statistics Syntax method over the SPSS Dialog Boxes Point and Click approach, the next section takes care of your interest. The section will as well serve as a welcome opportunity for those who are yet to attain mastery knowledge of SPSS syntax application in data analysis.


 
 SPSS SYNTAX FOR T SCORE FACTOR-BASED SCALES HIGHER-ORDER FACTOR ANALYSIS


The relative ease and timesaving nature of SPSS syntax application in data analysis is what everyone needs to maximize. Entry of a few short lines of syntax into SPSS Syntax Editor after which IBM SPSS Statistics instantaneously produces the results, remains one of the awesome marvels of the Information and Communication Technology-led century. The SPSS syntax required for execution of the current analysis is as provided in Syntax 2.4
 .


 
 Syntax 2.4 Chapter 2 Syntax 4 Book 3.sps








       
 COMPUTE TFBSF1=ZFBSF1 * 10 + 50.



       
        
 COMPUTE TFBSF2=ZFBSF2 * 10 + 50.



       
        
 COMPUTE TFBSF3=ZFBSF3 * 10 + 50.







       
 FACTOR



           
 /VARIABLES TFBSF1 TFBSF2 TFBSF3



           
 /MISSING LISTWISE



           
 /ANALYSIS TFBSF1 TFBSF2 TFBSF3



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.


To perform the analysis, do the following. Retrieve the dataset saved as Chapter 2 Table 1 Data Book 3.sav
 . Click Window
 . Click Go to Designated Syntax Window
 . Quickly and accurately enter the syntax given in Syntax 2.4
 into the SPSS Syntax Editor
 as displayed in Figure 2.55
 .
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 Figure 2.55
 SPSS Syntax Editor with syntax for T score Factor-Based Scales Higher-Order Factor Analysis

For SPSS to complete the analysis and produce the results in the IBM SPSS Statistics Viewer
 , click Run
 and click All
 . Alternatively, highlight the entered syntax and click the Run Selection
 icon [image: image]
 in the Toolbar. With this click, the results appear in a split-second as displayed in Output 2.8
 .
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 INTERPRETATION OF OUTPUT 2.8


The Output 2.8
 is a replica of Output 2.7
 , though two different methods, IBM SPSS Statistics Syntax technique and IBM SPSS Statistics Dialog Boxes Point and Click approaches, were respectively employed in analysing the dataset. Both results therefore have the same interpretation. What matters is to practice and become skilful in application of both methods. In a given investigation, the researcher is expected to apply any of the two approaches, depending on his informed choice, in the analysis, presentation of 
 the results and detailed interpretation of the findings as provided under Output 2.1a
 .

Save the results as Chapter 2 Output 8 Book 3.spv
 . In addition, save the syntax file as Chapter 2 Syntax 4 Book 3.sps
 . Also, get to the SPSS Data Editor
 containing the dataset and click Save
 so that all the generated factor-based scales will be saved in the same document. Adhere to the SPSS data analysis protocols to close all SPSS documents for exiting IBM SPSS Statistics; and to safely shut down the computer.


 FACTOR SCORES HIGHER-ORDER FACTOR ANALYSIS


The remaining parts of this chapter are dedicated to use of Factor Scores
 for execution of Higher-Order Factor Analysis
 . Three types of Factor Scores estimation methods discussed much earlier are Regression, Bartlett, and Anderson-Rubin.

Each of these is used to generate factor scores from the CNN Television Channel Option Rationalization Scale (TCORS-CNN) for all the 120 respondents across all the items for each of the three initial critically extracted and rotated factors. Factor 1
 is Irrepressible world-improvement rationalization (Cognitive rationalization). Factor 2
 is Inbuilt quality rationalization (Affective rationalization). Factor 3
 is Cautious appeal rationalization (Situational rationalization).


Factor scores
 are the refined and unbiased scores that are characteristically the replica of each of the critically extracted and rotated latent explanatory factors derived from all the directly observed items of a given measuring instrument. Factor scores are generated from all the items in the item pool that constitutes the test for each of the critically extracted and rotated factors. As refined proxies for the critically extracted and rotated latent factors, factor scores with high determinacy (low indeterminacy) are necessarily desirable in higher-order factor analysis. Factor scores determinacy
 is the estimated accuracy of the quantitative values that each respondent would have on the critically extracted underlying explanatory 
 variables if it were possible for the latent construct to be directly measured validly and reliably.


 VARIMAX REGRESSION FACTOR SCORES HIGHER-ORDER FACTOR ANALYSIS



Regression method
 in factor scores estimation uses multiple regression procedures to generate factor score coefficients that produce standardized scores with a mean of zero and a specialized standard deviation, and automatically saves the standardized scores as the estimated factor scores in the SPSS dataset. Typically, estimated factor scores via the regression method have a high propensity for correlating well with other critically extracted factors in a given factor analysis. The regression technique of factor scores estimation accords about the same weight to both the items that have lower loadings and those that have higher loadings on each critically extracted latent factor.

When the Promax
 rotation or the Direct Oblimin
 rotation procedure is used, application of the Regression Factor Scores
 is much more appropriate than when any of the orthogonal rotation procedures (Varimax
 , Quartimax
 or Equamax
 ) is used in the initial factor analysis. This point shall be clarified with subjection of both Regression Factor Scores generated from Varimax Orthogonal factor rotation and Regression Factor Scores generated from Promax Oblique factor rotation into the second-order factor analysis. Computation of Higher-Order Factor Analysis via the Regression Method is as simple as illustrated with the scores of the 120 respondents on the 20 items in the CNN Television Channel Option Rationalization Scale.

Boot the computer. Launch IBM SPSS Statistics
 . Retrieve the Chapter 2 Table 1 Data Book 3.sav
 dataset by clicking File,
 selecting Open,
 clicking Data,
 clicking the file name (Chapter 2 Table 1 Data Book 3.sav
 ), and pressing the Enter
 key on the Keyboard. Next, highlight the first 20 columns, respectively labelled i1
 , i2
 , i3
 , i4
 , i5
 , through to i20
 . Right-click on the highlighted columns to have a dialog box (see Figure 2.56
 ).
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 Figure 2.56
 Copy with Variable Labels

Then, click Copy with Variable Labels
 . Click File
 . Select New
 . Click Data
 for a new IBM SPSS Statistics Data Editor
 to appear. Click the first Var
 to select that column. Right-click on the selection to have Figure 2.57
 .
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 Figure 2.57
 Paste dialog box.

Plus, click Paste
 . With this, the data in the first 20 columns get pasted in the newly opened SPSS Data Editor. Save this dataset as Chapter 2 Table 2 Data Book 3.sav
 .


 Click Analyze
 . Select Dimension Reduction
 . Click Factor
 for Factor Analysis
 main dialog box to appear. Select all the 20 manifest variables in the left box. Click the right-pointed arrow to transfer the 20 indicators into the Variables
 panel at the right as given in Figure 2.58
 .
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 Figure 2.58
 Factor Analysis main menu with variables transferred

At this point, click Rotation
 to have its dialog box. Checkmark Varimax
 checkbox as given in Figure 2.59
 . After which, you click Continue
 . Next, click Scores
 for Factor Analysis: Factor Scores
 menu to appear as in Figure 2.60
 .
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 Figure 2.59
 Factor Analysis: Rotation
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 Figure 2.60
 Factor Analysis: Factor Scores dialog box

Checkmark the checkbox for Save as variables
 as illustrated in Figure 2.61
 . This checkmark operation is responsible for the generation of Factor Scores
 based on the Regression
 procedure because IBM SPSS Statistics uses the Regression
 as the default method for estimation of Factor Scores. That is why the Regression
 radio button is automatically checked.
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 Figure 2.61
 Factor Analysis: Factor Scores with Save as variables checked

Then, click Continue
 . Click Options
 . Checkmark Sorted by size
 checkbox as show in Figure 2.62
 .
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 Figure 2.62
 Factor Analysis: Options with Sorted by size checked

To have the results, click Continue
 ; and click OK
 to instantly have SPSS complete execution of the analysis and display the results in the IBM SPSS Statistics Viewer
 as shown in Output 2.9
 .


 
 Output 2.9 Chapter 2 Output 9 Book 3.spv
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 INTERPRETATION OF OUTPUT 2.9


The Output 2.9
 represents the results of the initial Factor Analysis with each of the sections interpreted as meticulously exemplified earlier in Chapter 1. Just refer back to the interpretation proffered for Output 1.1
 , in case you have any difficulty in interpreting any section of Output 2.9
 .

As essential part of the Output 2.9
 , Regression Factor Scores via Varimax rotation have automatically been generated by SPSS for the three extracted and rotated factors, and used to constitute three additional columns in the dataset that was saved as Chapter 2 Table 2 Data Book 3.sav
 .

It is the Varimax Regression Factor Scores produced from the just concluded analysis that will necessarily be subjected to the Second-Order Factor Analysis for further reduction of the initially extracted and rotated factor to fewer explanatory latent factors, if indeed, that is possible.


 SECOND-ORDER FACTOR ANALYSIS USING VARIMAX REGRESSION FACTOR SCORES


Of greatest importance in the just completed analysis, is the generated Factor Scores. Activate the dataset saved as Chapter 2 Table 2 Data Book 3.sav
 to see the three additional columns containing the Varimax rotation Regression Factor Scores
 . These Varimax Regression Factor Scores
 , labelled FAC1_1
 , FAC2_1
 , and FAC3_1
 , respectively for the Factor 1 (Irrepressible world-improvement rationalization), Factor 2 (Inbuilt quality rationalization), and Factor 3 (Cautious appeal rationalization) are to be subjected to the Second-Order Factor Analysis for possible further reduction to fewer factors. To perform the Second-Order Factor Analysis using the FAC1_1
 , FAC2_1
 and FAC3_1
 (the three Factor Scores estimated for each of the respondents via Varimax Regression method); do the following.

Click Analyze
 in the SPSS Data Editor
 containing the Chapter 2 Table 2 Data Book 3.sav
 . Select Dimension Reduction
 . Click Factor
 to have Factor Analysis
 main menu. Click Reset
 . Highlight the newly created three Varimax Regression Factor Scores
 (REGR factor
 
 score 1 for analysis 1 [FAC1_1], REGR factor score 2 for analysis 1 [FAC2_1]
 , and REGR factor score 3 for analysis 1 [FAC3_1]
 ). Click the right-pointed arrow to move the highlighted Varimax Regression Factor Scores
 – REGR factor score 1 for analysis 1 [FAC1_1], REGR factor score 2 for analysis 1 [FAC2_1]
 , and REGR factor score 3 for analysis 1 [FAC3_1]
 into the Variables
 field at the right as shown in Figure 2.63
 .
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 Figure 2.63
 Main Factor analysis menu with varimax regression factor scores transferred

Click Descriptives
 pushbutton to have Factor Analysis: Descriptives
 dialog box. Checkmark Univariate descriptives
 checkbox. Checkmark Coefficients
 checkbox. Check the checkbox for KMO and Bartlett’s test of sphericity
 . Click Continue
 .

Click Extraction
 pushbutton for Factor Analysis: Extraction
 menu to appear. Check the Scree plot
 checkbox. Click Continue
 . Next, click Rotation
 pushbutton for Factor Analysis: Rotation
 dialog box to appear. Checkmark Direct Oblimin
 . Click Continue
 .

Additionally, click Options
 pushbutton to have Factor Analysis: Options
 . Click Sorted by size
 . Click Continue
 to return to the Factor Analysis
 main menu when the entire analysis has been readily done. Click OK
 for SPSS
 to instantly produce the results in the IBM SPSS Viewer
 as displayed in Output 2.10
 .
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 INTERPRETATION OF OUTPUT 2.10


The Descriptive Statistics
 has shown that each of the three Varimax Regression Factor Scores has a mean of 0 and a standard deviation of 1. The N is 120.

The Correlation Matrix
 has revealed that each of the pairwise correlation coefficients between the Varimax factor scores is .000. The .000 correlation coefficients are in line with the orthogonality of the Varimax factor rotation method that was adopted in the estimation of the Regression Factor Scores. Since none of the correlations between the three Varimax Regression Factor Scores is significantly greater than .000, there cannot be any single explanatory factor that underlie the three regression factor scores.

In other words, underlying explanatory factors in the 20 items of the CNN Television Channel Option Rationalization Scale cannot 
 in any way be reduced to fewer than the three initially extracted and rotated factors. First, Component 1 that is the Irresistible world-improvement rationalization (the cognitive rationalization). Second, Component 2 which is the Inbuilt quality rationalization (the affective rationalization). Third, Component 3 that is named Cautious appeal rationalization (the situational rationalization).

Two important information can be discerned from the KMO and Bartlett’s Test. First, that the Kaiser-Meyer-Olkin Measure of Sampling Adequacy is .500. The closer the Kaiser-Meyer-Olkin measure of sampling adequacy is to 1, the more adequate the data are for factor analysis to be fully done. The .500 is an indication of inadequacy of the sampling; therefore, the three Varimax Regression factor scores are not suitable enough for proceeding with further factor extraction. Recall that it has been emphasized a number of times in the book that for the sampling to be considered and treated as adequate for full factor analysis execution, the KMO value must not be less than .6. (i.e., <.6).

Second, that the Bartlett’s Test of Sphericity is .000 with 3 degrees of freedom and a 1.000 significance. The .000 Bartlett’s Test of Sphericity denotes that the data (the three Varimax Regression Factor Scores) are not appropriate for proceeding with the factor analysis. It is only when the Bartlett’s Test of Sphericity (Approx. Chi-Square) is very large with a very low significance of .000 (read as less than .0005 alpha) that factor analysis can suitably be done.

The Total Variance Explained has very clearly shown that “No eigenvalues exceed the minimum eigenvalue specified (greater than 1) on the CRITERIA subcommand. This extraction is skipped.” Therefore, no factor extraction and no further analysis could be done on the varimax regression factor scores. That is, only the three initially extracted and rotated explanatory latent constructs can be used to explain the total variance in scores on the CNN Television Channel Option Rationalization Scale because it is impossible to use fewer than the three factors in explanation of the total variance in the TCORS-CNN when Varimax Regression Factor Scores are generated for the analysis.


 
 SYNTAX FOR VARIMAX REGRESSION FACTOR SCORES SECOND-ORDER FACTOR ANALYSIS


Instead of using several dialog box selections as done with the SPSS Dialog Boxes Point and Click method for performing the Varimax Regression Factor Scores Second-Order Factor Analysis, IBM SPSS Statistics Syntax
 can more easily and quickly be employed for the purpose. Merely enter the requisite syntax as given in Syntax 2.5
 into the SPSS Syntax Editor
 and click Run
 and All
 to get the analysis performed.


 
 Syntax 2.5 Chapter 2 Syntax 5 Book 3.spv









       
 FACTOR



           
 /VARIABLES i1 TO i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 TO i20



           
 /PRINT INITIAL EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION VARIMAX



           
 /SAVE REG(ALL)



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES FAC1_1 FAC2_1 FAC3_1



           
 /MISSING LISTWISE



           
 /ANALYSIS FAC1_1 FAC2_1 FAC3_1



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.


Activate the dataset saved as Chapter 2 Table 2 Data Book 3.sav
 . In it, click Window
 and click Go to Designated Syntax Window
 . With this action, the IBM SPSS Statistics Syntax Editor
 appears instantly. 
 Accurately type the syntax given in Syntax 2.5
 into the Syntax Editor as illustrated in Figure 2.64
 .
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 Figure 2.64
 IBM SPSS Syntax Editor with the entered syntax

Click Run
 and in the Run
 dropdown menu, click All
 . With this click, SPSS completes the analysis and produces the results in the IBM SPSS Statistics Viewer
 instantly, part of which is as displayed in Output 2.11
 .
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 INTERPRETATION OF OUTPUT 2.11


The full results, as you can see in the SPSS Viewer
 on your computer screen, that have part shown in Output 2.11
 are exactly as Output 2.9
 and Output 2.10
 . The Output 2.11
 should therefore be interpreted in accordance with the interpretation given for Outputs 2.9 and 2.10. When the same data are analyzed using different methods (SPSS Dialog Boxes Point and Click method and SPSS Syntax method) for the same purpose, the outputs yielded are exactly identical in every sense of it, and require the same interpretation.


 PROMAX REGRESSION FACTOR SCORES HIGHER-ORDER FACTOR ANALYSIS


Unlike Factor-Based Scales, Regression Factor Scores estimated for the same manifest variables, the same sample, and the same critically extracted factors from different factor rotation procedures (Varimax, Quartimax, Equamax, Direct Oblimin and Promax) differ. 
 Regression Factor scores generated via different rotation methods do not place each respondent in the same relative standing for each of the initially extracted factors.

For instance, Regression Factor Scores estimated via Promax oblique rotation and the Regression Factor scores estimated via Varimax orthogonal rotation place the same respondents differently for each of the initially extracted factors. Therefore, the second-order factor analysis of the regression factor scores derived from the two rotation procedures are bound to produce different results. You will soon notice that while the Varimax Regression Factor Scores were not correlated at all (r=.000), consequent upon which further factor extraction could not be done, the Promax Regression Factor Scores are highly correlated and further factor extraction of one general factor was appropriately done.

To demonstrate the difference in the results, Regression Factor Scores via Promax oblique rotation are hereunder subjected to second-order factor analysis. Retrieve the Chapter 2 Table 2 Data Book 3.sav
 dataset. Click Analyze
 . Select Dimension Reduction
 . Click Factor
 to have the main Factor Analysis
 dialog box. Select all the 20 manifest variables (i1
 to i20
 ) in the left box. Click the right-pointed arrow to transfer the highlighted manifest variables into the Variables
 panel at the right as given in Figure 2.65
 .
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 Figure 2.65
 Factor Analysis main menu with variables transferred


 Click Rotation
 to have the Factor Analysis: Rotation
 dialog box. Checkmark Promax
 checkbox as given in Figure 2.66
 . Next, click Continue
 . Click Scores
 for Factor Analysis: Factor Scores
 dialog box to appear as in Figure 2.67
 .
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 Figure 2.66
 Factor Analysis: Rotation with Promax checked
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 Figure 2.67
 Factor Analysis: Factor Scores dialog box for Promax rotation


 Checkmark the checkbox for Save as variables
 as illustrated in Figure 2.68
 . This checkmark operation activates Regression
 , Bartlett
 and Anderson-Rubin
 methods for saving factor scores as variables. Regression
 radio button is automatically checked because SPSS has set the Regression
 method of factor scores estimation as the default. So, the radio button for Regression
 is already checked.
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 Figure 2.68
 Factor Analysis: Factor Score with Save as variables checked and Regression activated

Click Continue
 . Click Options
 pushbutton. Checkmark Sorted by size
 checkbox. Click Continue
 . Click OK
 to instantly have SPSS complete execution of the analysis and display the results in the IBM SPSS Statistics Viewer
 , part of which is exhibited in Output 2.12a
 .
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 INTERPRETATION OF OUTPUT 2.12a


Refer to Output 1.9
 in the previous chapter
 for interpretation of the Output 2.12a
 . The estimated Promax Regression Factor Scores
 for the three extracted and rotated factors are automatically used by SPSS to create three additional columns in the dataset that was saved as Chapter 2 Table 2 Data Book 3.sav
 . For the Promax Regression Second-Order Factor Analysis to be performed, it is only the three additionally created Promax Regression Factor Scores (FAC1_2, FAC2_2
 , and FAC3_2
 ) that must be subjected to Second-Order Factor Analysis as done in the next section.


 EXECUTION OF PROMAX REGRESSION SECOND-ORDER FACTOR ANALYSIS


To perform the Promax Regression Second-Order Factor Analysis, activate the dataset saved as Chapter 2 Table 2 Data Book 3.sav
 and you will observe the three additional columns which contain the Promax Regression Factor Scores
 . The three Promax Regression Factor Scores
 are labelled FAC1_2
 , FAC2_2
 , and FAC3_2
 , respectively for the Factor 1 (Irresistible world-improvement rationalization), Factor 2 (Inbuilt quality rationalization), and Factor 3 (Cautious appeal rationalization). These Promax Regression Factor Scores (REGR factor score 1 for analysis 2 [FAC1_2]
 , REGR factor score 2 for analysis 2 [FAC2_2]
 , and REGR factor score 3 for analysis 2 [FAC3_2]
 ) are subjected to the Second-Order Factor Analysis for possible further reduction to fewer latent factors.

To perform the Second-Order Factor Analysis, using the Promax Regression Factor Scores (FAC1_2
 , FAC2_2
 and FAC3_2
 ), do the following. Click Analyze
 in the SPSS Data Editor
 containing the Chapter 2 Table 2 Data Book 3.sav
 . Select Dimension Reduction
 . Click Factor
 to have Factor Analysis
 main menu. Click Reset
 . Highlight the Promax REGR factor score 1 for analysis 2 [FAC1_2]
 , REGR factor score 2 for analysis 2 [FAC2_2]
 , and REGR factor score 3 for analysis 2 [FAC3_2]
 . Click the right-pointed arrow to move the highlighted Promax Regression Factor Scores – REGR factor score 1 for analysis 
 2 [FAC1_2]
 , REGR factor score 2 for analysis 2 [FAC2_2]
 , and REGR factor score 3 for analysis 2 [FAC3_2]
 into the Variables
 field at the right as shown in Figure 2.69
 .
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 Figure 2.69
 Main Factor Analysis menu with the Promax REGR factor score transferred

Click Descriptives
 pushbutton to have Factor Analysis: Descriptives
 dialog box. Checkmark Univariate descriptives
 checkbox. Checkmark Coefficients
 checkbox. Check the checkbox for KMO and Bartlett’s test of sphericity
 . Click Continue
 . Click Extraction
 pushbutton for Factor Analysis: Extraction
 menu to appear. Check the Scree plot
 checkbox. Click Continue
 .

Then, click Rotation
 pushbutton for Factor Analysis: Rotation
 dialog box to appear. Checkmark Direct Oblimin
 . Click Continue
 . Click Options
 pushbutton to have Factor Analysis: Options
 . Click Sorted by size
 . Click Continue
 to return to the Factor Analysis
 main menu when the entire statistical operations for the analysis have readily been done. Click OK
 for SPSS
 to complete the analysis and produce the results in the IBM SPSS Statistics Viewer
 as displayed in Output 2.12b
 .
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 INTERPRETATION OF OUTPUT 2.12b


The Descriptive Statistics
 has shown that each of the three Promax Regression Factor Scores
 (REGR factor score FAC1_2
 , REGR factor score FAC2_2
 and REGR factor score FAC3_2
 ) has a mean of zero (.0000000) and a standard deviation of one (1.0000000). The N is 120.

The Correlation Matrix
 has revealed high intercorrelations among the Promax Factor Scores. While REGR factor score 1 for analysis 2
 and REGR factor score 2 for analysis 2
 have a correlation of .653; the correlation coefficient between REGR factor score 1 for analysis 2
 and REGR factor score 3 for analysis 2
 is .612; and the correlation between REGR factor score 2 for analysis 2
 and REGR factor score 3 for analysis 2
 is .535. These correlation coefficients are exactly the same as the ones presented in the Component Correlation Matrix of the Output 2.12a
 as I have much earlier asserted in Chapter 1 that the Component Correlation Matrix is the interfactor correlation coefficients when the factor scores are generated and correlated. The interfactor correlation coefficients of the Promax Regression Factor Scores are very high, ranging from .535 to .653.

These very high Promax Regression interfactor correlation coefficients (.653, .612 and .535) are incomparable with the .000 Varimax Regression interfactor correlation coefficients in accordance with the point made in the introductory paragraph of the Promax Regression Factor Scores Higher-Order Factor Analysis. The difference is theoretically explainable because while the Varimax rotation is orthogonal, that is, uncorrelated; the Promax rotation is oblique, that is, correlated. The implication here is that since each of the interfactor correlations between the three Promax Regression Factor Scores is substantially high, there must be at least one explanatory factor that underlies the three Promax regression factor scores. That is, underlying explanatory factors in the 20 items of the CNN Television Channel Option Rationalization Scale can further be reduced to less than the three initially extracted and rotated factors (Irresistible world-improvement rationalization [the cognitive rationalization], Inbuilt quality rationalization [the Affective 
 rationalization], and Cautious appeal rationalization [the Situational rationalization]).

There are two very important information that are provided by the KMO and Bartlett’s Test
 . Firstly, that the Kaiser-Meyer-Olkin Measure of Sampling Adequacy is suitably high, .704. Recall that the closer the Kaiser-Meyer-Olkin measure of sampling adequacy is to 1, the more adequate the data are for factor analysis to be fully done, and that a KMO value of ≥.600 is adequate. Therefore, the .704 KMO value in the output is an indication of suitable adequacy of the sampling that the three Promax regression factor scores are very appropriate for proceeding with further factor extraction. Secondly, that the Bartlett’s Test of Sphericity
 is 126.214 with 3 degrees of freedom and a .000 (read as less than .0005) significance. The 126.214 Bartlett’s Test of Sphericity denotes that the data (the generated three Promax regression factor scores) are appropriate enough for proceeding with the analysis to further extract latent explanatory factor. It is only when the Bartlett’s Test of Sphericity is very large with a very low significance (.000) that factor analysis can and should be done as much earlier explained in the previous chapter
 .

While 1 is the Initial Communalities for each of the three Promax regression factor scores, the Extraction Communalities for REGR factor score 1 for analysis 2 [FAC1_2]
 is .785, for REGR factor score 2 for analysis 2 [FAC2_2]
 is .725, and for REGR factor score 3 for analysis 2 [FAC3_2]
 is .690. The same Principal Component Analysis extraction method which holds that 1 is the maximum communality for each indicator, was used. Therefore, the extracted communality for each of the three regression factor scores is considerably high, ranging from .690 to .785.

The Total Variance Explained
 has revealed 2.201 Initial Eigenvalues Total, 73.374 Initial Eigenvalues % of Variance, and 73.374 Initial Eigenvalues Cumulative % for the Component 1 (Factor 1). The Component 2 has .469 Total Initial Eigenvalues, 15.625 Initial Eigenvalues % of Variance, and Initial Eigenvalues Cumulative % of 88.999. Lastly, the Component 3 has Initial Eigenvalues Total of .330, % of Variance of 11.001, and Cumulative % of 100.000.


 The Extraction Sums of Squared Loadings Total is 2.201, % of Variance is 73.374, and Cumulative % is 73.374 for the Component 1. This means that as much as 73.374% of the total variance in the respondents regarding the three Promax regression factor scores is exclusively explained by only the Factor 1. In all, the Total Variance Explained has demonstrated that a single factor, a general factor, can be, and is therefore, extracted from the three Promax regression factor scores higher-order factor analysis.

The Scree Plot
 has pictorially revealed the same information that the number of extractable components from the three Promax Regression Factor Scores is one. It is only the Component 1 that has an Eigenvalue that is greater than 1, precisely at about 2.20 Eigenvalues.

Lastly, a high Component Matrix
 that is closer to 1 and greater than .800 was obtained for each of the three Promax Regression Factor Scores loading on the second-order extracted unidimensional factor (Component 1). Specifically, the REGR factor score 1 for analysis 2 [FAC1_2]
 has .886 loading, REGR factor score 2 for analysis 2 [FAC2_2]
 has .852 loading, and REGR factor score 3 for analysis 2 [FAC3_2]
 has .831 loading on the Factor 1.

In spite of the high Component Matrix for each of the three Promax regression factor scores, Rotated Component Matrix could not be done because only one factor was extracted. By Factor Analysis regulation, for Component (Factor) rotation to be performed, the critically extracted explanatory latent factors must be up to or greater than two. One-factor solution cannot be rotated in factor analysis as depicted by the current output that “Only one component was extracted. The solution cannot be rotated.” That is, the one-factor solution arrived at in the second-order factor analysis is good enough to the extent that rotation has become needless as the extracted latent factor has already provided maximum simplification of all the variables that were subjected to the analysis.

Recall that when each of the four Factor-Based Scales was used for the second-order factor analysis of the CNN Television Channel Option Rationalization Scale, a single factor which is a general 
 factor was also extracted. But with the use of Varimax Regression Factor Scores, no further extraction was possible from the initially extracted three latent constructs.

Note also that if the same TCORS-CNN data are subjected to Quartimax Regression Factor Scores, no further reduction of the extracted three factors can be made with Second-Order Factor Analysis. Similarly, if the data are subjected to Equamax Regression Factor Scores, Second-Order Factor Analysis cannot extract any further underlying explanatory factor from the three initially extracted latent factors.

Then, if the TCORS-CNN scores are subjected to Oblimin Regression Factor Scores, Second-Order Factor Analysis will further extract one latent explanatory component (that accounts for 65.966% of the total variance) from the three initially extracted and rotated factors. You could quickly perform the Quartimax Regression Factor Scores higher-order factor analysis, Equamax Regression Factor Scores higher-order factor analysis, and the Oblimin Regression Factor Scores higher-order factor analysis to confirm.


 NAMING OF THE EXTRACTED LATENT FACTOR



Motive for viewing CNN
 is a suitable name for the single latent explanatory factor. The latent factor is a construct that could not have been directly observed or measured quantitatively. It is little wonder that the underlying explanatory factor, motive for viewing CNN
 , was consequently inferred mathematically by factor-analysing the 20 items in the CNN Television Channel Option Rationalization Scale and by further subjecting the initially extracted and rotated three underlying explanatory factors to higher-order factor analysis, using the Promax Regression Factor Scores.

In fact, all the TCORS-CNN 20 items were developed to closely measure one construct that has rightly been extracted and named motive for watching the CNN TV channel, as revealed by the Promax regression factor scores second-order factor analysis. The three Promax Regression Factor Scores intercorrelated very highly as portrayed by the Correlation Matrix (.653, .612 and .535); the high 
 Communalities Extraction (.785, .725 and .690); and the very high Component Matrix that depicts the loadings of each of the extracted factors (FAC1_2 = .886, FAC2_2 = .852, and FAC3_2 = .831) on the single factor – motive for viewing CNN.

Save the results as Chapter 2 Output 12 Book 3.spv
 to cover both the Output 2.12a
 and Output 2.12b
 . Print the output and the input. Exit SPSS Statistics by closing all the opened SPSS files. Click Start
 , followed by Power
 and Shut down
 .


 SYNTAX FOR PROMAX REGRESSION FACTOR SCORES HIGHER-ORDER FACTOR ANALYSIS


It is much more flexible to execute a lot of statistical analysis with IBM SPSS Syntax. The Promax Regression Factor Scores Higher-Order Factor Analysis is one of such analysis that could be more simply performed flexibly with SPSS Syntax. The command syntax required for the purpose is provided in Syntax 2.6
 .


 
 Syntax 2.6 Chapter 2 Syntax 6 Book 3.sps








       
 FACTOR



           
 /VARIABLES i1 TO i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 TO i20



           
 /PRINT INITIAL EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION PROMAX(4)



           
 /SAVE REG(ALL)



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES FAC1_2 FAC2_2 FAC3_2



           
 /MISSING LISTWISE



           
 /ANALYSIS FAC1_2 FAC2_2 FAC3_2



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 To get the analysis done, boot the computer, launch IBM SPSS Statistics, and retrieve the dataset saved as Chapter 2 Table 2 Data Book 3.sav
 . Click File
 , select New
 , and click Syntax
 to have the SPSS Syntax Editor
 . Carefully enter the syntax for execution of Promax Regression Factor Scores Higher-Order Factor Analysis as given in Syntax 2.6
 . On completion, the IBM SPSS Statistics Syntax Editor
 will take the form illustrated in Figure 2.70
 .
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 Figure 2.70
 Syntax for execution of Promax Regression Factor Scores Higher-Order Factor Analysis

To have SPSS complete the analysis and produce the results, click Run
 . In the Run
 dropdown, click All
 . The results will appear in the IBM SPSS Statistics Viewer
 as earlier displayed in Output 2.12a
 and Output 2.12b
 . Save these current results as Chapter 2 Output 13 Book 3.spv
 . Note that for space conservation, the results of the current analysis that you are seeing on your system and that you have 
 just been instructed to save as Chapter 2 Output 13 Book 3.spv
 are not displayed inside this text. However, a replica of the results is in Output 2.12a
 and Output 2.12b
 . Ensure to also save the syntax as Chapter 2 Syntax 6 Book 3.sps
 . Interpretation of the current results is as given earlier under Output 2.12a
 and Output 2.12b
 .


 PROMAX BARTLETT FACTOR SCORES HIGHER-ORDER FACTOR ANALYSIS


Performance of higher-order factor analysis with the use of Bartlett Factor Scores that are generated via Promax rotation is similar to what has been treated, using Promax Regression Factor Scores. How this can be done is illustrated in this section. Bear in mind that when Factor Scores are estimated from either Varimax or Quartimax or Equamax orthogonal factor rotation for the TCORS-CNN data, no overwhelming single underlying explanatory factor can further be extracted from the initially extracted and rotated three latent constructs.

When Bartlett Factor Scores are generated from Promax factor rotation and subjected to Second-Order Factor Analysis of the CNN Television Channel Option Rationalization Scale, one general underlying explanatory factor which accounts for as much as 73.374 percent of the total variance is extracted from the three initially extracted and rotated components. Also, if the TCORS-CNN data are subjected to Direct Oblimin Bartlett factor scores higher-order factor analysis, one latent explanatory factor that accounts for 65.966 percent of the total variance can be extracted to demonstrate the unidimensionality of the TCORS-CNN.

Execution of the Promax Bartlett Factor Scores higher-order factor analysis requires performing these statistical operations. Retrieve the data saved as Chapter 2 Table 2 Data Book 3.sav
 . Click Analyze
 . Select Dimension Reduction
 . Click Factor
 to have the main Factor Analysis
 dialog box. Click Reset
 . Select all the 20 variables (item1
 to item20
 ) in the left box. Click the right-pointed arrow [image: image]
 that is facing Variables
 panel for the highlighted variables to be moved into the Variables
 field at the right.


 Next, click Descriptives
 pushbutton. Uncheck Initial solution
 . Click Continue
 . Select Extraction
 pushbutton. Uncheck Unrotated factor solution
 . Click Continue
 . Click Rotation
 to have the Factor Analysis: Rotation
 dialog box. Checkmark Promax
 checkbox. Click Continue
 .

Click Scores
 pushbutton for Factor Analysis: Factor Scores
 dialog box to appear as given in Figure 2.71
 .
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 Figure 2.71
 Factor Analysis: Factor Scores dialog box for Promax rotation

Checkmark the checkbox for Save as variables
 as illustrated in Figure 2.72
 . This checkmark operation will instantly activate the Regression
 , Bartlett
 , and Anderson-Rubin
 in the dialog box.
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 Figure 2.72
 Factor Analysis: Factor Score with Save as variables
 checked


 Select Bartlett
 radio button as demonstrated in Figure 2.73
 . With this operation, the Bartlett Factor Scores
 will automatically be generated and used to constitute three additional columns in the Chapter 2 Table 2 Data Book 3.sav
 dataset.
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 Figure 2.73
 Factor Analysis: Factor Scores with Bartlett checked

Click Continue
 . Click Options
 pushbutton. Checkmark Sorted by size
 . Click Continue
 . Finally, click OK
 for SPSS to complete execution of the analysis in a split-second and display the results in the IBM SPSS Statistics Viewer
 as shown in Output 2.14a
 .
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 INTERPRETATION OF OUTPUT 2.14a


In the Output 2.14a
 , the Component Matrix has shown that 3 Components were extracted. The Pattern Matrix has revealed that item1
 to item11
 load substantially on Factor
 (Component
 ) 1
 , item12
 to item16
 substantially load on Factor 2
 , and item17
 to item20
 load overwhelmingly on Factor 3
 . Similarly, the Structure Matrix has shown that the first 11 items constitute the cluster of suitable substantial loadings on Factor 1. Items 13, 12, 14, 16 and 15 respectively load suitably high on Factor 2. The cluster of items that constitute Factor 3 is made up of items 17, 18, 19 and 20. The Component Correlation Matrix has shown a high interfactor correlation of .653 between Factor 1 and Factor 2; high interfactor correlation of .612 between Component 1 and Component 3; and a high interfactor correlation of .535 between Factor 2 and Factor 3. These very high interfactor correlations presuppose the existence of a common latent explanatory structure among the three initially extracted and rotated factors.

To ascertain the true situation, Promax Bartlett Factor Scores of the Component 1, Component 2 and Component 3 must be subjected to second-order factor analysis as done in the subsequent section. The estimated Promax Bartlett Factor Scores
 for the three extracted and rotated factors are automatically used by SPSS to create three additional columns that are named FAC1_3
 , FAC2_3
 and FAC3_3
 in the dataset that was saved as Chapter 2 Table 2 Data Book 3.sav
 .


 EXECUTION OF PROMAX BARTLETT SECOND-ORDER FACTOR ANALYSIS


To perform the Second-Order Factor Analysis using the Promax Bartlett Factor Scores, activate the dataset saved as Chapter 2 Table 2 Data Book 3.sav
 and you will observe the three additional columns which contain the Promax Bartlett Factor Scores
 . The three Promax Bartlett Factor Scores
 are automatically named FAC1_3
 , FAC2_3
 , and FAC3_3
 , respectively for the Factor 1
 (Irresistible world-improvement rationalization), Factor 2
 (Inbuilt quality 
 rationalization), and Factor 3
 (Cautious appeal rationalization). These Bartlett Factor Scores (FAC1_3
 , FAC2_3
 , and FAC3_3
 ) are subjected to the Second-Order Factor Analysis as follows for possible further reduction to fewer factors.

The Second-Order Factor Analysis, using the Promax Bartlett Factor Scores – FAC1_3
 , FAC2_3
 and FAC3_3
 , require performing the proceeding statistical operations. Retrieve the Chapter 2 Table 2 Data Book 3.sav
 document. Click Analyze
 in the SPSS Data Editor
 containing the dataset. Select Dimension Reduction
 . Click Factor
 for the Factor Analysis
 main menu to appear. Click Reset
 . Highlight the Promax BART factor score 1 for analysis 3 [FAC1_3]
 , BART factor score 2 for analysis 3 [FAC2_3]
 , and BART factor score 3 for analysis 3 [FAC3_3]
 . Click the right-pointed arrow [image: image]
 to transfer the highlighted Promax Bartlett factor scores – BART factor score 1 for analysis 3 [FAC1_3]
 , BART factor score 2 for analysis 3 [FAC2_3]
 , and BART factor score 3 for analysis 3 [FAC3_3]
 into the Variables
 panel.

Click Descriptives
 pushbutton for Factor Analysis: Descriptives
 dialog box to appear. Check Univariate descriptives
 checkbox. Check Coefficients
 checkbox. Check the checkbox for KMO and Bartlett’s test of sphericity
 . Click Continue
 .

Click Extraction
 pushbutton for Factor Analysis: Extraction
 menu to appear. Check the Scree plot
 checkbox. Click Continue
 .

Next, click Rotation
 pushbutton for Factor Analysis: Rotation
 dialog box to appear. Checkmark Direct Oblimin
 . Click Continue
 . Click Options
 pushbutton to have Factor Analysis: Options
 . Click Sorted by size
 . Click Continue
 to return to the Factor Analysis
 main menu when the entire analysis has been completed. Click OK
 for the results to be produced in the IBM SPSS Statistics Viewer
 as displayed in Output 2.14b
 .
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 INTERPRETATION OF OUTPUT 2.14b


The Descriptive Statistics
 has shown that each of the three Promax Bartlett Factor Scores
 (BART factor score 1 for analysis 3 [FAC1_3]
 , 
 BART factor score 2 for analysis 3 [FAC2_3]
 , and BART factor score 3 for analysis 3 [FAC3_3]
 ) has a mean of zero (0) and a standard deviation of one (1); and the N is 120.

The Correlation Matrix
 has revealed high intercorrelations among the Promax Bartlett Factor Scores. While BART factor score 1 for analysis 3
 and BART factor score 2 for analysis 3
 have a correlation of .653; the correlation coefficient between BART factor score 1 for analysis 3
 and BART factor score 3 for analysis 3
 is .612. The correlation between BART factor score 2 for analysis 3
 and BART factor score 3 for analysis 3
 is .535.

Therefore, the interfactor correlation coefficients of the Promax Bartlett Factor scores are very high, ranging from .653 to .535. The implication is that since each of the interfactor correlations between the three Promax Bartlett Factor Scores is substantially high, there must be, at least, one latent explanatory factor that underlies the three Promax Bartlett factor scores. That is, the underlying explanatory factors in the 20 items of the CNN Television Channel Option Rationalization Scale can further be reduced to less than the three initially extracted and rotated factors (Irresistible world-improvement rationalization or the cognitive rationalization, Inbuilt quality rationalization or the Affective rationalization, and the Cautious appeal rationalization or the Situational rationalization).

Two crucial information are provided by the KMO and Bartlett’s Test
 . First, the Kaiser-Meyer-Olkin Measure of Sampling Adequacy is suitably high, .704. The closer the Kaiser-Meyer-Olkin measure of sampling adequacy is to 1, the more adequate the data are for factor analysis to be fully done, and a KMO value of ≥.600 is considered adequate. Therefore, the .704 KMO value in the output is an indication of suitable adequacy of the sampling that the three Promax Bartlett factor scores are very appropriate for proceeding with further factor extraction. Second, the Bartlett’s Test of Sphericity
 is 126.214 with 3 degrees of freedom and is significant at .000. The 126.214 Bartlett’s Test of Sphericity denotes that the data (the three Promax Bartlett factor scores) are appropriate for proceeding with the Second-Order Factor Analysis to further extract latent 
 explanatory factor. It is only when the Bartlett’s Test of Sphericity is very large with a very low significance (.000) that factor analysis can and should be done.

The Initial Communalities for each of the three Promax Bartlett factor scores is 1. The Extraction Communalities of BART factor score 1 for analysis 3 [FAC1_3]
 is .785, BART factor score 2 for analysis 3 [FAC2_3]
 is .725, and BART factor score 3 for analysis 3 [FAC3_3]
 is .690. The Principal Component Analysis extraction method was used.

The Total Variance Explained
 has revealed 2.201 Initial Eigenvalues Total, 73.374 Initial Eigenvalues % of Variance, and 73.374 Initial Eigenvalues Cumulative % for the Component 1 (Factor 1). The Component 2 has .469 Total Initial Eigenvalues, 15.625 Initial Eigenvalues % of Variance, and Initial Eigenvalues Cumulative % of 88.999. Lastly, the Component 3 has Initial Eigenvalues Total of .330, % of Variance of 11.001, and Cumulative % of 100.000. The Extraction Sums of Squared Loadings Total is 2.201, % of Variance is 73.374, and Cumulative % is 73.374 for the Component 1; meaning that as much as 73.374% of the total variance among the respondents regarding the three Promax Bartlett factor scores is exclusively accounted for by the Factor 1. In all, the Total Variance Explained has demonstrated that one factor, a general factor, can be and is therefore extracted from the three Promax Bartlett factor scores second-order factor analysis.

The Scree Plot has pictorially revealed that the number of extractable components from the three Promax Bartlett Factor Scores is one. It is only the Component 1 that has an Eigenvalue that is greater than 1, precisely 2.20.

A high Component Matrix that is closer to 1 and greater than .800 was obtained for each of the three Promax Bartlett Factor Scores loading on the Component 1. Specifically, the BART factor score 1 for analysis 3 [FAC1_3]
 has .886 loading, BART factor score 2 for analysis 3 [FAC2_3]
 has .852 loading, and BART factor score 3 for analysis 3 [FAC3_3]
 has .831 loading on the Factor 1 (Component 1).


 In spite of the high Component Matrix for each of the three Promax Bartlett factor scores, Rotated Component Matrix
 could not be done because only one factor was extracted. By classical regulation, for Component (Factor) rotation to be done in Factor Analysis, the critically extracted explanatory latent factors must not be less than two. One-factor solution cannot be rotated in factor analysis as clearly asserted in the output: “Only one component was extracted. The solution cannot be rotated.”


 NAMING OF THE EXTRACTED LATENT FACTOR



Motive for viewing CNN
 is a suitable name for the single latent explanatory factor. The latent factor is a construct that could not have been directly observed or measured quantitatively. It is little wonder that the underlying explanatory factor, motive for viewing CNN
 , was consequently inferred mathematically by factor-analysing the 20 items in the CNN Television Channel Option Rationalization Scale and by further subjecting the initially extracted and rotated three underlying explanatory factors to higher-order factor analysis, using the Promax Bartlett Factor Scores. In fact, all the TCORS-CNN 20 items were developed to closely measure one construct, motive for watching CNN, as revealed by the Promax Bartlett factor scores second-order factor analysis. The three Promax Bartlett Factor Scores intercorrelated very highly as portrayed by the Correlation Matrix (.653, .612 and .535); the high Communalities Extraction (.785, .725 and .690); and the very high Component Matrix (.886, .852 and .831) on the single factor – motive for viewing CNN.

Save the results as Chapter 2 Output 14 Book 3.spv
 . Get to the SPSS Data Editor
 that contains the Chapter 2 Table 2 Data Book 3.sav
 and click the Save this document
 icon [image: image]
 for the newly created Bartlett Factor Scores (FAC1_3
 , FAC2_3
 and FAC3_3
 ) to also be securely saved in the same document. How to get the Higher-Order Factor Analysis for Promax Bartlett Factor Scores done with the use of IBM SPSS Statistics Syntax is presented in the next section.


 
 SYNTAX FOR PROMAX BARTLETT FACTOR SCORES HIGHER-ORDER FACTOR ANALYSIS


The Promax Bartlett Factor Scores Higher-Order Factor Analysis could be more simply executed flexibly with IBM SPSS Statistics Syntax. The command syntax required for the purpose is provided in Syntax 2.7
 .


 
 Syntax 2.7 Chapter 2 Syntax 7 Book 3.sps








       
 FACTOR



           
 /VARIABLES i1 TO i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 TO i20



           
 /PRINT ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION PROMAX(4)



           
 /SAVE BART(ALL)



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES FAC1_3 FAC2_3 FAC3_3



           
 /MISSING USTWISE



           
 /ANALYSIS FAC1_3 FAC2_3 FAC3_3



           
 /PRINT UNIVARIATE INITIAL CORRELATION KMO



                  
 EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.


To get the analysis done, retrieve the dataset saved as Chapter 2 Table 2 Data Book 3.sav
 . Click File
 , select New
 , and click Syntax
 . Carefully enter the syntax for execution of the Promax Bartlett Factor Scores Higher-Order Factor Analysis as given in Syntax 2.7
 . On completion, the IBM SPSS Statistics Syntax Editor
 will take the form illustrated in Figure 2.74
 .


 [image: image]


[image: image]



 Figure 2.74
 Syntax Editor with Promax Bartlett Factor Scores Second-Order Factor Analysis syntax

For IBM SPSS Statistics to produce the results in the Viewer
 , click Run
 and click All
 . With this, the SPSS Viewer
 almost instantly appears with the results exactly as was earlier displayed in Output 2.14a
 and Output 2.14b
 . Save the Syntax as Chapter 2 Syntax 7 Book 3.sps
 . Interpretation of the results should be done accordingly as earlier exemplified. Exit SPSS and shut down the computer.


 OBLIMIN ANDERSON-RUBIN FACTOR SCORES HIGHER-ORDER FACTOR ANALYSIS


Anderson-Rubin Factor Scores that are estimated via Direct Oblimin rotation are employed in this section to demonstrate execution of Oblimin Anderson-Rubin Factor Scores Higher-Order Factor Analysis. The entire statistical operations required for the purpose are as easy as when factor scores were generated via either the Bartlett or the Regression method and subjected to second-order factor analysis.


 The necessary statistical operations are as here provided. Boot the computer and launch SPSS. Retrieve the Chapter 2 Table 2 Data Book 3.sav
 dataset. Click Analyze
 . Select Dimension Reduction
 . Click Factor
 for Factor Analysis
 main dialog box. Click Reset
 . Highlight the 20 variables (item1
 to item20
 ) in the left box. Click the right-pointed arrow [image: image]
 for the highlighted variables to be moved into the Variables
 box at the right.

Click Descriptives
 pushbutton. Uncheck Initial solution
 . Click Continue
 . Select Extraction
 pushbutton. Uncheck Unrotated factor solution
 . Click Continue
 .

Next, click Rotation
 to have the Factor Analysis: Rotation
 dialog box. Check Direct Oblimin
 checkbox. Click Continue
 . Click Scores
 pushbutton for Factor Analysis: Factor Scores
 dialog box to appear. Checkmark the checkbox for Save as variables
 . This checkmark operation instantly activates the Regression
 , Bartlett
 , and Anderson-Rubin
 in the dialog box. Select Anderson-Rubin
 radio button as illustrated in Figure 2.75
 . With this operation, the Anderson-Rubin Factor Scores will automatically be generated and used to constitute three additional columns in the Chapter 2 Table 2 Data Book 3.sav
 dataset.

[image: image]
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 Figure 2.75
 Factor Analysis: Factor Scores with Anderson-Rubin checked

Click Continue
 . Click Options
 pushbutton. Click Sorted by size
 checkbox. Click Continue
 . Click OK
 to instantly have SPSS complete execution of the analysis and display the results in the IBM SPSS Statistics Viewer
 as shown in Output 2.15a
 .


 
 
 Output 2.15a Chapter 2 Output 15 Book 3.spv




Factor Analysis
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 INTERPRETATION OF OUTPUT 2.15a


The Component Matrix has shown that 3 Components were extracted. The Pattern Matrix has revealed that item1
 to item11
 load substantially on Component 1, item12
 to item16
 considerably load on Component 2, and item17
 to item20
 load suitably high on Component 3. The Total Variance Explained has indicated 
 that “When components are correlated, sums of squared loadings cannot be added to obtain a total variance.” The Structure Matrix reveals that item1
 through to item11
 constitute a cluster of suitable substantial loadings on Component 1. Items 13, 12, 14, 16 and 15 respectively load substantially on Component 2. The cluster of overwhelming loading items that constitute Component 3 is made up of items 17 to 20.

The Component Correlation Matrix shows a high correlation of .579 between Component 1 and Component 2; high correlation of .512 between Component 1 and Component 3; and an interfactor correlation of .370 between the Component 2 and Component 3. These very high interfactor correlations tend to indicate the existence of a common latent explanatory structure for the three initially extracted and rotated factors. The Oblimin Anderson-Rubin Factor Scores of the Component 1, Component 2 and Component 3 have to be subjected to a second-order factor analysis as done in the subsequent section to ascertain existence of a common underlying explanatory factor. The estimated Direct Oblimin Anderson-Rubin Factor Scores
 for the three extracted and rotated factors are automatically used by SPSS to create three additional columns that are named FAC1_4
 , FAC2_4
 and FAC3_4
 in the dataset that was saved as Chapter 2 Table 2 Data Book 3.sav
 .


 EXECUTION OF OBLIMIN ANDERSON-RUBIN SECOND-ORDER FACTOR ANALYSIS


To perform the Direct Oblimin Second-Order Factor Analysis, activate the dataset saved as Chapter 2 Table 2 Data Book 3.sav
 . View the three additional columns which contain the Oblimin Anderson-Rubin Factor Scores
 . The three Oblimin Anderson-Rubin Factor Scores
 are named FAC1_4
 , FAC2_4
 , and FAC3_4
 , respectively for the Factor 1 (Irresistible world-improvement rationalization), Factor 2 (Inbuilt quality rationalization), and Factor 3 (Cautious appeal rationalization). These Oblimin Anderson-Rubin Factor Scores
 (FAC1_4
 , FAC2_4
 , and FAC3_4
 ) are respectively labelled A-R factor score 1 for analysis 4
 , A-R factor score 2 for analysis 4
 , and A-R factor
 
 score 3 for analysis 4
 . These Anderson-Rubin (A-R) factor scores are subjected to the Second-Order Factor Analysis for further reduction to fewer explanatory factors, if possible.

Using the Oblimin Anderson-Rubin Factor Sores – FAC1_4
 , FAC2_4
 and FAC3_4
 to perform the Second-Order Factor Analysis requires the following statistical operations. Retrieve the Chapter 2 Table 2 Book 3.sav
 document. Click Analyze
 . Select Dimension Reduction
 . Click Factor
 for the Factor Analysis
 main menu to appear. Click Reset
 . Highlight the Oblimin A-R factor score 1 for analysis 4 [FAC1_4]
 , A-R factor score 2 for analysis 4 [FAC2_4]
 , and A-R factor score 3 for analysis 4 [FAC3_4]
 . Click the right-pointed arrow [image: image]
 to move the highlighted Oblimin Anderson-Rubin factor scores – A-R factor score 1 for analysis 4 [FAC1_4]
 , A-R factor score 2 for analysis 4 [FAC2_4]
 , and A-R factor score 3 for analysis 4 [FAC3_4
 into the Variables
 panel at the right.

Click Descriptives
 pushbutton for Factor Analysis: Descriptives
 dialog box to appear. Check Univariate descriptives
 checkbox. Check Coefficients
 checkbox. Check the checkbox for KMO and Bartlett’s test of sphericity
 . Click Continue
 . Click Extraction
 pushbutton for Factor Analysis: Extraction
 menu to appear. Check the Scree plot
 checkbox. Click Continue
 . Click Rotation
 pushbutton for Factor Analysis: Rotation
 dialog box to appear. Checkmark Direct Oblimin
 . Click Continue
 .

Click Options
 pushbutton to have Factor Analysis: Options
 . Click Sorted by size
 . Click Continue
 to return to the Factor Analysis
 main menu when the entire analysis has been completed. Click OK
 for the results to be produced instantly in the IBM SPSS Statistics Viewer
 as displayed in Output 2.15b
 .


 
 
 Output 2.15b
 Chapter 2 Output 15 Book 3.spv



Factor Analysis
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 INTERPRETATION OF OUTPUT 2.15b


The Descriptive Statistics
 has revealed that each of the three Oblimin Anderson-Rubin Factor Scores
 (A-R factor score 1 for analysis 4 [FAC1_4]
 , A-R factor score 2 for analysis 4 [FAC2_4]
 , and A-R factor score 3 for analysis 4 [FAC3_4]
 ) has a mean of .0000 and a standard deviation of 1.0000.


 The Correlation Matrix
 has revealed high intercorrelations among the Oblimin Anderson-Rubin Factor Scores. While A-R factor score 1 for analysis 4
 and A-R factor score 2 for analysis 4
 have a correlation of .579, the correlation coefficient between A-R factor score 1 for analysis 4
 and A-R factor score 3 for analysis 4
 is .512. The correlation between A-R factor score 2 for analysis 4
 and A-R factor score 3 for analysis 4
 is .370. The interfactor correlation coefficients of the Oblimin Anderson-Rubin Factor Scores are high, ranging from .579 to .370. The implication is that since the interfactor correlations between the three Anderson-Rubin Factor Scores are substantially high, there could be at least one explanatory factor that underlies the three Anderson-Rubin factor scores. That is, the underlying explanatory factors in the 20 items of the TCORS-CNN can further be reduced to less than the three initially extracted and rotated factors (the cognitive rationalization, the affective rationalization, and the situational rationalization).

The Kaiser-Meyer-Olkin Measure (KMO)
 of Sampling Adequacy is suitably high, .645. A KMO value of ≥.600 is considered adequate. The closer the Kaiser-Meyer-Olkin measure of sampling adequacy is to 1, the more adequate the data are for factor analysis to be fully performed. Therefore, the .645 KMO value in the output is an indication of suitable adequacy of the sampling that the three Anderson-Rubin factor scores are appropriate for proceeding with further factor extraction. In addition, the Bartlett’s Test of Sphericity
 is 84.789 with 3 degrees of freedom, and it is significant at .000. The 84.789 Bartlett’s Test of Sphericity denotes that the three Anderson-Rubin factor scores are appropriate for proceeding with the analysis to further extract latent explanatory construct. It is only when the Bartlett’s Test of Sphericity is very large with a very low significance (.000) that factor analysis can and should be done.

The Extraction Communalities of A-R factor score 1 for analysis 4 [FAC1_4]
 is .760, of A-R factor score 2 for analysis 4 [FAC2_4]
 is .643, and of A-R factor score 3 for analysis 4 [FAC3_4]
 is .576. Each of these values is substantially high.


 It can be seen from the Total Variance Explained
 that the Initial Eigenvalues Total is 1.979, the Initial Eigenvalues % of Variance is 65.966, and the Initial Eigenvalues Cumulative % is 65.966 for the Component 1. Component 2 has .635 Total Initial Eigenvalues, 21.174 Initial Eigenvalues % of Variance, and 87.140 Initial Eigenvalues Cumulative %. The Component 3 has .386 Total Initial Eigenvalues, 12.860 Initial Eigenvalues % of Variance, and 100.00 Initial Eigenvalues Cumulative %.

Out of the three components, only the Component 1 is explained further; showing Extracted Sums of Squared Loadings Total of 1.979, % of Variance of 65.966, and Cumulative % of 65.966. These values denote that as much as 65.966% of the total variance among the respondents regarding the three Anderson-Rubin factor scores is exclusively explained by the Component 1. Therefore, the Total Variance Explained has demonstrated that only one factor, the Factor 1, is extracted from the three initially extracted Anderson-Rubin factor scores.

When a single component is extracted as the underlying explanatory construct, the extracted latent factor is referred to as a general factor
 . So, the Oblimin Anderson-Rubin second-order factor analysis has revealed existence of a general factor that best explains all the 20 indicators of the CNN Television Channel Option Rationalization Scale.

A graphical portrayal of only Component 1 that has an Eigenvalue that is greater than 1 is presented in the Scree Plot
 . The Component 1 has an eigenvalue that is approximately 2.

The Component Matrix
 shows that only Component 1 is extracted by the Second-Order Factor Analysis from the three earlier generated Oblimin Anderson-Rubin Factor Scores. Each of the estimated Anderson-Rubin factor scores loads substantially on the single extracted component. Precisely, A-R factor score 1 for analysis 4
 has .872 loading, A-R factor score 2 for analysis 4
 has .802 loading, and A-R factor score 3 for analysis 4
 has .759 loading on the Component 1.


 The results have also shown that Rotated Component Matrix
 could not be done because only one factor was extracted. In accordance with factor analysis principle of Component rotation, the critically extracted explanatory latent factors must be up to two before rotation of the extracted components can be done. It is as emphatically shown in the Rotated Component Matrix section of the output that “Only one component was extracted. The solution cannot be rotated.”


 Naming of the Factor


The extracted single underlying explanatory factor could be named Motive for Viewing CNN
 . The latent explanatory construct was inferred mathematically by factor-analysing the 20 items in the CNN Television Channel Option Rationalization Scale and by further subjecting the initially extracted and rotated three underlying explanatory factors to higher-order factor analysis via the use of Anderson-Rubin Factor Scores. That is, the Oblimin Anderson-Rubin factor scores second-order factor analysis revealed that the 20 items which constitute the TCORS-CNN closely measure one latent construct, motive for viewing CNN.

The Anderson-Rubin Factor Scores that were generated for the three initially extracted factors intercorrelated very highly as represented by the interfactor Correlation Matrix (.579, .512 and .370); the high Communalities Extraction (.760, .643 and .576); the Extracted Sums of Squared Loadings % of Total Variance Explained (65.966); and the very high Component Matrix (.872, .802 and .759) on the general factor – the motive for viewing CNN.

Save the results as Chapter 2 Output 15 Book 3.spv
 . Also, get the SPSS Data Editor
 that contains the Chapter 2 Table 2 Data Book 3.sav
 dataset and click the Save this document
 icon [image: image]
 for the newly created Anderson-Rubin Factor Scores (FAC1_4
 , FAC2_4
 and FAC3_4
 ) to be saved in the file. Execution of the Oblimin Anderson-Rubin Factor Scores second-order factor analysis with the use of IBM SPSS Statistics Syntax is presented in the next section.


 
 SYNTAX FOR OBLIMIN ANDERSON-RUBIN FACTOR SCORES HIGHER-ORDER FA


Direct Oblimin Anderson-Rubin Factor Scores Higher-Order Factor Analysis could be more simply executed flexibly with IBM SPSS Statistics Syntax than with the use of SPSS dialog boxes selection method. The command syntax required for the purpose is provided in Syntax 2.8
 .


 
 Syntax 2.8 Chapter 2 Syntax 8 Book 3.sps








       
 FACTOR



           
 /VARIABLES i1 TO i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 TO i20



           
 /PRINT ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /SAVE AR(ALL)



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES FAC1_4 FAC2_4 FAC3_4



           
 /MISSING LISTWISE



           
 /ANALYSIS FAC1_4 FAC2_4 FAC3_4



           
 /PRINT UNIVARIATE INITIAL CORRELATION KMO



                  
 EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(l) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.


For the analysis to be done, retrieve the dataset saved as Chapter 2 Table 2 Data Book 3.sav
 . Click File
 , select New
 , and click Syntax
 . Accurately enter the syntax for execution of the Oblimin Anderson-Rubin Factor Scores Higher-Order Factor Analysis as given in Syntax 2.8
 . On completion, the IBM SPSS Statistics Syntax Editor
 will take the form illustrated in Figure 2.76
 .
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[image: image]



 Figure 2.76
 Syntax Editor with Oblimin Anderson-Rubin Factor Scores Second-Order Factor Analysis syntax

Click Run
 and click All
 for IBM SPSS Statistics to produce the results in the Viewer
 . The SPSS Viewer
 instantly appears with the results exactly as earlier displayed in Output 2.15a
 and Output 2.15b
 . Save the Syntax as Chapter 2 Syntax 8 Book 3.sps
 . Interpretation of the results is exactly as exemplified earlier.


 COMMON FACTOR ANALYSIS EXTRACTION TECHNIQUES FOR HIGHER-ORDER FACTOR ANALYSIS


With mastery of Higher-Order Factor Analysis via the Principal Components Analysis, you can perform the Higher-Order Factor Analysis using each of the six Common Factor Analysis techniques of factor extraction. The Common Factor Analysis method of Factor Extraction, as much earlier explained in Chapter 1, are: Principal axis factoring
 , Maximum-likelihood
 , Alpha factoring
 , Image factoring
 , Generalized least-squares
 , and Unweighted least-squares
 . Execution of Higher-Order Factor Analysis with each of these common factor extraction techniques simply requires you to do 
 everything that was done in the course of performing the Principal Components Analysis factor extraction method with the exception of only two statistical operations.

First, when executing Higher-Order Factor Analysis with each of the Common Factor Analysis strategies, you have to check the Reproduced
 checkbox within the Factor Analysis: Descriptives
 dialog box.

Second, from the Method
 subcommand within the Factor Analysis: Extraction
 menu, you must select the particular common factor analysis technique (either the Principal axis factoring, Maximum-likelihood, Alpha factoring, Image factoring, Generalized least-squares, or Unweighted least-squares) for extraction of the latent factors.

Interpretation of the output for each of the common factor analysis methods used is similar to those provided for the Principal Components Analysis used for the Higher-Order Factor Analysis. The only difference as fully explained in the book much earlier under Factor Extraction Methods is that each Common Factor Analysis technique typically separates the total variance into a common variance section and a unique variance portion. Then, the factor extraction is done only on the basis of the common variance segment. Consequently, the Initial Communalities is less than 1 for each of the variables or items. To this end, the diagonal of the Reproduced Correlation Matrix is composed of values that are less than 1.

So, quickly subject the working data, saved as Chapter 2 Table 1 Data Book 3.sav
 to the Higher-Order Factor Analysis, using each of the six Common Factor Analysis technique for extraction of the underlying explanatory factors. Do this for each of the orthogonal and each of the oblique factor rotation procedures. Then, interpret each output in line with the exemplar provided in the book.

Now, you can accurately perform Factor Analysis and Higher-Order Factor Analysis as simplified in this book. Congratulations.


 
 PLEASE LEAVE A REVIEW ON AMAZON


You are greatly appreciated for the utilization of this book as the guide for performing Factor Analysis with IBM SPSS Statistics software. Please, take a few minutes to write an honest review on Amazon.

Your review would be an invaluable encouragement for the actualization of my dream of passionately making more individuals skilful in data analysis with SPSS.

Thank you very much.


Peter James Kpolovie




 
 APPENDIX



 Syntax 1.1 Chapter 1 Syntax 1 Book 3.sps







       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT UNIVARIATE INITIAL CORRELATION



              
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA ITERATE (25)



           
 /ROTATION VARIMAX



           
 /METHOD=CORRELATION.



 Syntax 1.2 Chapter 1 Syntax 2 Book 3.sps







       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT INITIAL EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION EQUAMAX



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT ROTATION



           
 /FORMAT SORT BLANK(.45)



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION EQUAMAX



           
 /METHOD=CORRELATION.



 
 Syntax 1.3 Chapter 1 Syntax 3 Book 3.sps







       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT INITIAL EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION QUARTIMAX



           
 /METHOD=CORRELATION.



       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT ROTATION



           
 /FORMAT SORT BLANK(.45)



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION QUARTIMAX



           
 /METHOD=CORRELATION.



       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION

ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(2) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION VARIMAX



           
 /METHOD=CORRELATION.



 
 Syntax 1.4 Chapter 1 Syntax 4 Book 3.sps







       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT ROTATION



           
 /FORMAT SORT BLANK(.45)



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 Syntax 1.5 Chapter 1 Syntax 5 Book 3.sps







       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION PROMAX(4)



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES i1 to i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 to i20



           
 /PRINT ROTATION



           
 /FORMAT SORT BLANK(.45)



           
 /CRITERIA MINEIGEN(1) ITERATE(25)|



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION PROMAX(4)



           
 /METHOD=CORRELATION.



 
 Syntax 2.1 Chapter 2 Syntax 1 Book 3.sps







       
 COMPUTE RDFBSF1=i1 + i2 + i3 + i4 + i5 +



                  
 i6 + i7 + i8 + i9 + i10 + i11.



       
 COMPUTE RDFBSF2=i12 + i13 + i14 + i15 + i16.



       
 COMPUTE RDFBSF3=i17 + i18 + i19 + i20.







       
 FACTOR



           
 /VARIABLES RDFBSF1 RDFBSF2 RDFBSF3



           
 /MISSING LISTWISE



           
 /ANALYSIS RDFBSF1 RDFBSF2 RDFBSF3



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 Syntax 2.2 Chapter 2 Syntax 2 Book 3.sps







       
 COMPUTE ADFBSF1=(i1 + i2 + i3 + i4 + i5 + i6



                  
 + i7 + i8 + i9 + i10 + i11)/11.



       
 COMPUTE ADFBSF2=(i12 + i13 + i14 + i15 + i16)/5.



       
 COMPUTE ADFBSF3=(i17 + i18 + i19 + i20)/4.







       
 FACTOR



           
 /VARIABLES ADFBSF1 ADFBSF2 ADFBSF3



           
 /MISSING LISTWISE



           
 /ANALYSIS ADFBSF1 ADFBSF2 ADFBSF3



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 
 Syntax 2.3 Chapter 2 Syntax 3 Book 3.sps







       
 FACTOR



           
 /VARIABLES ZFBSF1 ZFBSF2 ZFBSF3



           
 /MISSING LISTWISE



           
 /ANALYSIS ZFBSF1 ZFBSF2 ZFBSF3



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 Syntax 2.4 Chapter 2 Syntax 4 Book 3.sps







       
 COMPUTE TFBSF1=ZFBSF1 * 10 + 50.



       
 COMPUTE TFBSF2=ZFBSF2 * 10 + 50.



       
 COMPUTE TFBSF3=ZFBSF3 * 10 + 50.







       
 FACTOR



           
 /VARIABLES TFBSF1 TFBSF2 TFBSF3



           
 /MISSING LISTWISE



           
 /ANALYSIS TFBSF1 TFBSF2 TFBSF3



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 Syntax 2.5 Chapter 2 Syntax 5 Book 3.sps







       
 FACTOR



           
 /VARIABLES i1 TO i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 TO i20



           
 /PRINT INITIAL EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION VARIMAX



           
 /SAVE REG(ALL)



           
 /METHOD=CORRELATION.







       
 
 FACTOR



           
 /VARIABLES FAC1_1 FAC2_1 FAC3_1



           
 /MISSING LISTWISE



           
 /ANALYSIS FAC1_1 FAC2_1 FAC3_1



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 Syntax 2.6 Chapter 2 Syntax 6 Book 3.sps







       
 FACTOR



           
 /VARIABLES i1 TO i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 TO i20



           
 /PRINT INITIAL EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION PROMAX(4)



           
 /SAVE REG(ALL)



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES FAC1_2 FAC2_2 FAC3_2



           
 /MISSING LISTWISE



           
 /ANALYSIS FAC1_2 FAC2_2 FAC3_2



           
 /PRINT UNIVARIATE INITIAL CORRELATION



                  
 KMO EXTRACTION ROTATION



           
 /FORMAT SORT



           
 /PLOT EIGEN



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25) DELTA(0)



           
 /ROTATION OBLIMIN



           
 /METHOD=CORRELATION.



 
 Syntax 2.7 Chapter 2 Syntax 7 Book 3.sps







       
 FACTOR



           
 /VARIABLES i1 TO i20



           
 /MISSING LISTWISE



           
 /ANALYSIS i1 TO i20



           
 /PRINT ROTATION



           
 /FORMAT SORT



           
 /CRITERIA MINEIGEN(1) ITERATE(25)



           
 /EXTRACTION PC



           
 /CRITERIA ITERATE(25)



           
 /ROTATION PROMAX(4)



           
 /SAVE BART(ALL)



           
 /METHOD=CORRELATION.







       
 FACTOR



           
 /VARIABLES FAC1_3 FAC2_3 FAC3_3



           
 /MISSING USTWISE



           
 /ANALYSIS FAC1_3 FAC2_3 FAC3_3
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Total Variance Explained
Extraction Sums of Squared

Initial Eigenvalues Loadings
Compone % of Cumulative % of Cumulative
nt Total Variance % Total Variance %
1 2346 78.199 78.199 2346 78.199 78.199
2 377 12581 90.779
3 27791 100.000

Extraction Method: Principal Component Analysis.
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TCORS-CNN

Instruction: For each item, please checkmark the column that best describes
why you opt for and watch the TV Channel = CNN International on a 10-point
scale with 1 for Extremely Disagree (ED), and 10 for Extremely Agree (EA).

5/No | item ea[vsalsala [ma|mp[D [sp]vsp|ED
10(9 [s 716 |5 [af3 ]2 [1

1| Improves the world

2| Veryimportantin society
building

3| Provides quality information

4| Triggers imagination

S| Influences better decision
making

6 | Encourages education

7| Most educative

8| Good influence for adults

9| Raises curiosity

10 Great in communication of
advertisement

11| Most entertaining
12| Bestcombines tuner, display
and loudspeakers

13| Best audio quality

14| Best picture quality

15 | Gathers millions around
common interests

16| Most compatible brightness
and color

17| Badinfluence for children

18| Long watching could lead to
decrease in acadeic grade
19| More than 3 hours watching
aday s bad for the health

20| Much watching s bad for the
beain
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Respo | ADFBSFL | ADFBSF2 | ADFBSF3 | ZFBSFL | ZFBSF2 | ZFBSF3 | TFBSFL | TFBSF2 | TFBSF3
ndent

1 955 560 650 168 |8 171 | 6683 5889 |67.07
2 945 600 550 162 6623 | 6119 [ 5615
3 891 5.60 550 126 6261 | 5659 | 56.15
4 855 5.40 550 102 60.20 | 5429 | 56.15
5 836 540 525 50 59.00 | 5429 | 5341
6 855 580 500 102 6020 | 5889 | 5068
7 836 520 575 %0 5800 | 5199 | 5888
] 800 [ 480 525 66 5658 | 47.39 | 53.41
9 827 5.40 500 ] 5839 [ 5429 | 5068
10 |864 5,60 475 108 60.80 | 5659 | 47.95
1 827 5.60 550 8 5839 | 5659 | 5615
2 7.64 540 525 a2 5417 | 5429 | 5341
3 827 600 550 8 5839 | 6119 | 5615
14 764 500 525 42 5417 [ 4969 | 5341
15 7.27 580 500 18 5176 | 5889 | 5068
16 |845 5.40 575 9 5960 | 54.29 | 5888
7 7.00 520 450 00 4995 | 5199 | 45.22
18 |75 460 550 36 5357 | 4509 | 5615
19 7.45 4.60 5.5 30 5297 | 4509 | 5888
20 |75 560 575 36 5357 | 5659 | 58.88
2 7.18 380 12 5116 | 3589 | 5068
2 6.18 460 55 4453 [ 4509 [3976
2 591 440 73 w7 4279 | 4522
24791 440 60 5598 | 42.79 | 6161
2 545 460 425 103 3971 | 4509 | 4249
2% 636 440 3.50 3 4574 | 4279 | 3429
27 627 520 500 49 4513|5199 | 5068
8 [4m2 4.00 4.00 145 3549|3819 [ 3976
2 636 600 600 a3 4574|6119 | 6161
30473 300 425 151 3489 | 2660 [ 4249
31 [am 520 500 3549|5199 [ 5068
32 [aas 320 350 3308 [ 2899 [ 3429
3 282 260 325 223 | 210 3156
E] 682 6.40 625 4875 | 6579 | 6434
35 382 340 435 2886 | 3129 | 4249
3% 718 5.60 650 5116 | 5659 | 67.07
37 38 220 225 2886 | 17.50 | 2063
38 482 4.00 4.00 3549 [ 3819 [39.76
39 6.36 6.00 6.00 4574|6119 | 6161
0 [764 5.60 550 5417 | 5659 | 5615
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COMPUTE ZFBSF1=(ADFBSF1-7.0068)/1.50832.
EXECUTE.

COMPUTE ZFBSF2=(ADFBSF2-5.0267) / .86963.
EXECUTE.

COMPUTE ZFBSF3=(ADFBSF3-4.9375)/.91512.
EXECUTE.






OEBPS/Image00200.jpg
81 718 3.80 5.00 12 3589 [ 5068
8 6.18 460 400 55 4500 [39.76
83 591 4.40 450 B} 4279 | 452
8 791 440 6.00 ) 4279|6161
8 536 4560 425 109 4500 | 4249
86 6.36 4.40 350 43 4279 | 3429
87 6.27 520 500 49 5199 | 5068
8 491 400 400 139 3819 [39.76
8 6.36 6.00 6.00 43 6119 | 6161
% |an 300 425 151 2669|4249
o1 482 520 5.00 145 5199 | 5068
92 445 320 350 169 2899 [34.9
93 282 260 325 278 2210 | 3156
94 682 6.40 625 13 6579 | 64.34
9 382 340 425 211 3129 | 4249
% 7.18 560 650 12 5659_| 67.07
97 382 220 225 211 17.50_| 2063
98 |491 400 4.00 139 3819 |39.76
% 636 600 6.00 -3 6119 | 6161
100|764 560 550 a2 5659 | 56.15
101|755 5.20 6.00 36 5199 | 6161
102|755 480 550 36 47.39_| 5615
103|782 5.40 625 54 143 5420 | 64.34
104|955 6.00 550 168 61 6119|5615
105|891 560 550 126 5650 | 56.15
106|764 520 525 a2 . 5199 | 53.41
07|53 520 350 -85 157 5199 | 3429
108|655 480 475 31 20 4739 | 4795
109|691 580 450 06 -48 5889 | 45.22
110|636 580 450 43 -48 5889 | 45.22
1[50 460 375 127 130 4500 | 37.00
112|655 4560 250 31 266 4500 | 233
113|691 6.00 425 06 -75 6119 | 4249
114|591 460 500 -7 07 4509 | 5068
115 [536 500 375 109 130 4959 | 37.00
116|809 480 525 72 ) 4739|5341
117|809 540 5.00 7 07 5420 | 5068
118|864 560 475 108 20 5650 | 47.05
119 [ 655 480 525 -1 ) 47.39 [ 5341
120 | 7.00 5.60 .75 00 20 5659 | 47.95
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4 755 520 6.00 36 116  [5357 [51.99 |6161
7} 755 480 5.50 36 5357 | 47.39 | 5615
a 7.82 540 625 54 5538 | 5429 | 6434
a 955 6.00 5.50 168 6683 | 6119 | 5615
a5 801 560 550 126 6261 | 5659 | 5615
6 764 520 525 a2 5417 | 5199 | 5341
a7 573 520 350 -85 4157|5199 | 3429
48 6.55 4.80 475 -31 4694|4739 | 4195
29 691 580 450 06 4935 | 5889 | 4522
50 636 580 450 -43 4574|5889 | 4522
51 500 460 375 127 3730 [ 4500 |37.02
52 655 4,60 250 -31 4694|8509 | 2336
53 691 6.00 425 ~06 4935 | 6119 | 4249
54 582 460 5.00 79 4217 [ 4509 | 5068
55 536 5.00 375 109 3901 [ 4969 | 37.02
56 809 480 525 72 57.19 | 4739 | 5341
67 818 5.40 5.00 78 57.79 | 5429 | 5068
68 8564 560 475 108 60.80_| 5659 | 47.95
59 655 480 525 -3 4694|4739 | 5341
60 7.09 560 475 06 5056 | 5659 | 47.95
61 9560 580 650 174 171 6743 | 5889 |67.07
6 545 600 5.50 162 61 |6623 | 6119|5615
63 891 5,60 5.50 1.26 61 | 6261 [ 5659 | 5615
64 855 540 550 102 61| 6020 [5429 | 5615
65 836 5.40 5.25 90 34 5900 [ 5429 | 5341
66 864 580 5.00 108 07| 60.80 | 5889 |08
67 836 520 575 50 89 | 5900 |5199 | 5888
68 809 480 525 7 5719 | 4739 | 5341
69 818 5.40 5.00 78 57.79 | 5429 | 5068
70 864 560 475 108 6080 | 5659 | 47.95
71 827 5.60 550 £ 5839 | 5659 | 5615
7 764 540 55 g7} 5417 | 5420 | 5341
73 827 6.00 5.50 81 5839 | 6119 [ 565
74 7564 5.00 525 ) 5417 | 4969 | 5341
75 7.7 580 5.00 18 5176 | 5389 | 5068
76 845 5.40 575 96 5060 | 54.29 | 58.88
7 7.00 520 450 00 4995 | 5109 | 4522
78 755 460 550 36 5357 | 4500 | 5615
79 755 460 575 36 5357 | 4500 | 58.88
80 755 5.60 575 36 5357 | 5650 | 58.88
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Analyze Graphs Utilities

Exten:

Programmability Transformation...

[ count values within Cases...
Shift Values...

W Recode into Same Variables...

m Recode into Different Variables...

B Automatic Recode...

- Create Dummy Variables

2 Visual Binning...
< Optimal Binning...

Prepare Data for Modeling
Bf Rank Cases...
& Date and Time Wizard...
[ Create Time Series...
W.,B Replace Missing Values...

@ Random Number Generators...

B® Run Pending Tra

Ctrl
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Scree Plot
25

20

Eigenvalue

0s

00

1 2 3

Component Number

Component Matrix®
Component
1

ADFBSF1  .904
ADFBSF2  .883
ADFBSF3 | .866

Extraction Method: Principal Component Analysis.
a. 1 components extracted.

Rotated Component Matrix®
2. Only one component was extracted. The solution cannot be rotated.
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#& Factor Analysis: Options =

r Missing Values
@ Exclude cases listwise
© Exclude cases pairwise
© Replace with mean

 Coefficient Display Format

Suppress small coefficients

Absolute value below: 10
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%2 Factor Analysis: Rotation >
Method
© None © Quartimax
@ Vvarimax @ Equamax
@i Direct Oblimin; © Promax
Del Kappa |4

Rotated solution [ Loading plot(s)

"Display

Maximum Iterations for Convergence:
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Scree Plot

25
20
@
2
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s
H
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i
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00
4 2 3
Component Number
Component Matrix*
Component
1
ZFBSF1  .904
ZFBSF2 883
ZFBSF3 | .866

Extraction Method: Principal Component Analysis.
a. 1 components extracted.

Rotated Component Matrix®
a. Only one component was extracted. The solution cannot be rotated.
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Descriptive Statistics
Std.
Mean _ Deviation __ Analysis N
ZFBSF1 .0000  1.00000 120
ZFBSF2 0000 1.00000 120
ZFBSF3 | .0000  1.00000 120

Correlation Matrix
ZFBSF1  ZFBSF2 _ ZFBSF3
Correlation ZFBSF1  1.000 714 677
ZFBSF2 | .714 1.000 627
ZFBSF3 | .677 627 1.000

KMO and Bartlett’s Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 728
Bartlett's Test of Sphericity | Approx. Chi-Square  164.830
df 3
Sig. .000
Communalities
Initial Extraction

ZFBSF1  1.000 817
ZFBSF2 | 1.000 780
2FBSF3  1.000 750

Extraction Method: Principal Component Analysis.

Total Variance Explained

Extraction Sums of Squared

Initial Eigenvalues Loadings
% of Cumulative % of Cumulative
Component Total _Variance % Total Variance %
1 2346 78199 78.199 2346 78.199 78.199
2 1377 12581 90.779
3 27791 100.000

Extraction Method: Principal Component Analysis.
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Communalities
Initial Extraction

ZBSF1 1000 817
7FBSF2 1000 780
ZFBSF3 1000 750

Extraction Method: Principal Component Analysis.

Total Variance Explained

Extraction Sums  of Squared
Initial Eigenvalues Loadings
% of Cumulative %  of Cumulative
Component Total _ Variance % Total __ Variance %
1 2346 78199 78199 2346 78199 78199
2 377 12581 90779
3 2779221 100.000

Extraction Method: Principal Component Analysis.
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[COMPUTE ZFBSF 1=(ADFBSF 1.7.0068)1.50832.
[COMPUTE ZFBSF2=(ADFBSF2.5.0267).86963
[COMPUTE ZFBSF3=(ADFBSF3-4 9375)/.91512.

[FACTOR
IVARIABLES ZFBSF1 ZFBSF2 ZFBSF3
/MISSING LISTWISE
JANALYSIS ZFBSF1 ZFBSF2 ZFBSF3
/PRINT UNIVARIATE INITIAL CORRELATION

KMO EXTRACTION ROTATION
/FORMAT SORT
/PLOT EIGEN
/CRITERIA MINEIGEN(1) ITERATE(25)
/EXTRACTION PC
/CRITERIA TERATE(25) DELTA(0)
/ROTATION OBLIMIN
/METHOD=CORRELATION
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Transfor
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Shift Values...
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Visual Binning...
[&< Optimal Binning...

Prepare Data for Modeling
B Rank Cases...
[# Date and Time Wizard...
[ create Time Series
&[] Replace Missing Values...
D [l
B Run Pending

sforms

Ctri+G
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R Factor Analysis

& item16[i16]
& item17[i17]
& item18i18]
& item19[i19]
& item 20[i20]
& ROFBSF1
& ROFBSF2
& RDFBSF3
& ADFBSF1
& ADFBSF2
& ADFBSF3

~ | Selection Variable:

Variables:

Value...|
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&8 Factor Analysis: Extraction

Method:
Analyze Display
® Correlation matrix Unrotated factor solution
© Coyariance matrix ]
[ Extract

® Based on Eigenvalue
Eigenvalues greater than: [1

© Fixed number of factors
Faclors to extract

Maximum Iterations for Convergence: [25
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>

Statistics

(& Univariate descriptives

[+ Initial solution
Correlation Matrix

[ Coefficients | Inverse
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Descriptive Statistics
Std.
Mean __Deviation __Analysis N
RDFBSFL  77.0750 1650157 120
RDFBSF2 251333 4.34815 120
RDFBSF3 | 19.7500 3.66049 120

Correlation Matrix
RDFBSF1 _RDFBSF2 RDFBSF3
Correlation RDFBSF1  1.000 74 677
RDFBSF2 714 1.000 627
RDFBSF3 677 627 1.000
KMO and Bartlett's Test

Kaiser-Meyer-Olkin  Measure of Sampling| .728

Adequacy.

Bartlets  Test  of Approx. Chi-Square  164.830

Sphericity df 3
Sig. 000

Communalities
Initial __Extraction

RDFBSF1 1000 817

RDFBSF2 | 1.000 780

RDFBSF3 1.000 750

Extraction Method: Principal Component Analysis.

Total Variance Explained

Extraction Sums of Squared
Initial Eigenvalues Loadings
% of Cumulative % of Cumulative
Component Total _Variance % Total _Variance %
n 2346 78199 78199 2346 78.199 78199
2 377 12581 90.779
3 2779221 100.000

Extraction Method: Principal Component Analysis.
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i Com;{onén Mat;ix 2
Component
1

RDFBSF1 :.904
RDFBSF2 .883
RDFBSF3 |.866

Extraction Method: Principal Component Analysis.
'a. 1 components extracted.

| Rotated Component Matrix®

a. Only one component was extracted. The solution
cannot be rotated.
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Analyze Graphs Utilities Exten:

Programmability Transformation...

Count Values within Cases...

Shift values..
B Recode into Same variables...
[E] Recode into Different variables...
B Automatic Recode...
Create Dummy Variables
[P visual Binning...
E< optimal Binning...
Prepare Data for Modeling >
BAfl Rank Cases..
& Date and Time Wizard...
[Ed create Time Series...
#[] Replace Missing Values...

@ Random Number Generators..

B Run Pending Transforms Ctri+G
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&8 “Syntax2 - 1BM SPSS Statistics Syntax Editor
Ele Edt View Data Irnsform fnalyze Graphs Uitles Run Tools Edtensions

SHOm -~ i Y

IVARIABLES ROFBSF1 ROFBSF2 ROFBSF3

/MISSING LISTWISE

/ANALYSIS ROFBSF1 ROFBSF2 ROFBSF3

/PRINT UNIVARIATE INTIAL CORRELATION
MO EXTRACTION ROTATION

/FORMAT SORT

/PLOT EIGEN
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/EXTRACTION PC

/CRITERIA [TERATE(25) DELTA(0)

/ROTATION OBLIMIN
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&3 Factor Analysis: Rotation <

r Method
© None © Quartimax
© varimax © Equamax
@ Direct Oblimin; © Promax
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r Display

Rotated solution Loading plot(s)
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&R Factor Analysis: Extraction

wemes [Pancipa campensnts <

Analyze
® Correlation matrix
© Coyariance matrix

Display
Unrotated factor solution

Extract
® Based on Eigenvalue

Eigenvalues greater than:
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Rotated Component Matrix®

Component
1 2 3
item3 931 021 -001
items 918 009  -003
item1 914 09 -172
item8 897 086  -096
item10 = 896 092  -043
itemd 895 025  -115
item2 894 021 -123
item9 867  -115 087
item7 | 861  -148 032
item11 850 075 137
item6 | 846 -209 064
item14 699 487 156
iteml3 | 699 594 014
item16 667 394 197
item20 625  .140  .416
item19 622 229 4%
item15 533 434 065
item12 533 703 072
item18 437 104 669
item17 572 -176 651

Extraction Method: Principal
Component Analysis.

Rotation Method: Quartimax with
Kaiser Normalization.
a. Rotation converged in 4 iterations.
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Descriptive Statistics
Mean Std. Deviation __ Analysis N

ADFBSF1 7.0068  1.50832 120
ADFBSF2 | 5.0267  .86963 120
ADFBSF3 4.9375 91512 120

Correlation Matrix
ADFBSF1 ADFBSF2 ADFBSF3

Correlation ADFBSF1 ' 1.000 714 677
ADFBSF2 ,'714 1.000 627
ADFBSF3 | .677 627 1.000

KMO and Bartlett's Test
Kaiser-Meyer-Olkin Measure of Sampling Adequacy.  .728

Bartlett's  Test  of Approx. Chi-Square 1164.830
Sphericity df 3
Sig. .000
Communalities
Initial Extraction

ADFBSF1 ' 1.000 817
ADFBSF2 | 1.000 .780
ADFBSF3  1.000 750

Extraction Method: Principal Component Analysis.
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&3 Factor Analysis: Options

r Missing Values
@ Exclude cases listwise
© Exclude cases pairwise
Replace with mean

[ Coefficient Display Format

[] Suppress small coefficients
Absolute value below: 10

i G
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Total Variance Explained

Extraction Sums of  Rotation Sums of Squared
Initial Eigenvalues Squared Loadings Loadings
Comp %of  Cumula %of  Cumula %of  Cumula

onent| Total Variance tive% Total Variance tive% Total Variance tive%

1 12292 61458 61458 12292 61458 61458 11970  59.849 59.849
2 1545 7726 69.184 1545 7726 69.184 1654 8270 68119
3 1246 6230 75413 1246 6230 75.413 1459 7294 75413
) 880 4401 79.814
5 743 3715 83529
6 600 3001 86529
7 516 2580 89.109
8 414 2068 91177
9 314 1571 92748

10 208 1488 94236
1 267 1333 95568
12 213 1063 96632
13 176 879 97.511
1 128 641 98.152
15 a3 616 98.767
16 092 460 99.227
17 082 410 99.637
18 059 296 99.933
19 007 036 99.970
20 006 03010000

Extraction Method: Principal Component Analysi:
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Descriptive Statistics
Mean Std. Deviation
ADFBSF1 7.0068 150832
ADFBSF2 5.0267 86963
ADFBSF3 4.9375 91512

Correlation Matrix
ADFBSF1__ADFBSF2 _ADFBSF3
Correlation ADFBSF1 1.000 714 677
(ADFBSF2 714 1.000 627
ADFBSF3 677 627 1.000

KMO and Bartlett’s Test
Kaiser-Meyer-Olkin Measure of Sampling Adequacy. | .728
Bartlet's  Test  of Approx. Chi-Square 164.830
Sphericity df 3
Sig. 000
Communalities
Initial Extraction
ADFBSF1 1.000 817
ADFBSF2 1000 780
ADFBSF3 (1.000 750
Extraction Method: Principal Component Analysis.
Total Variance Explained
Initial Eigenvalues Extraction Sums of Squared Loadings
%  of Cumulative % of
Component Total _Variance % Total __ Variance _Cumulative %
1 2346 78199 78199 2346 78199 78199
2 (377 12581 90.779
3 2779221 100.000

Extraction Method: Principal Component Analysis.
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_Component Matrix®

Component
1 2 [ 3
item3 914  -173  -036
item5 903 -162  -042
iteml0 889  -087  -123
item8 883 -116  -167
item1 867  -316  -150
item4 | 865  -222  -133
item2 864 -222  -142
item9 850  -207 089
item11 844 -146 115
item7 | .833  -259 056
item6 | .814  -296  .113
item14 768 382 -119
item13 765 412 -293
item16 .730 323 -037
item19 | .700 317 302
item 20 682 204 275
item12 622 562 -84
iteml5 573 264  -282
item17 | .618 040 631
item18 522 318 .525

 Extraction Method: Principal
' Component Analysis.
a. 3 components extracted.
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Total Variance Explained

Initial Eigenvalues Extraction Sums of Squared Loadings
%  of Cumulative % of
Component | Total Variance % Total __ Variance _Cumulative %
1 2346 78199 78199 2346 78199 78199
2 377 12581 90.779
3 2779221 100.000
Extraction Method: Principal Component Analysis.
Scree Plot
25
00
1 2 3
Component Number
Component Matrix
Component
1
ADFBSF1 |.904
ADFBSF2 | 883

ADFBSF3 866 |

Extraction Method: Principal Component Analysis.
a. 1 components extracted.

Rotated Component Matrix*
a. Only one component was extracted, The solution cannot be rotated.
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Rotated Component Matrix*

Component

Description of the items Ti2i83
item1 [improves the world 853 325 200
item2  |Very important in society building 788 382 232
itemd _ [Triggers imagination 784 378 240
item3 [Provides quality information 768 386 358
item6 [Encourages education 756 174 402
item7 | Most educative 754 238 373
items  [influences better decision making 753 391 351
item8  [Good influence for adults 729 476 249
itemd  [Raises curiosity 728 265 423
item10 [Great in communication of advertisement 706 476 297
item11 [Most entertaining 673 289 459
item12 [Best combines tuner, display and loudspeakers 099 854 210
item13 [Best audio quality 304838 230
item14_[Best picture quality 207 725 370
item15 [Gathers millions around common interests 269 627 .108
item16 [Most compatible brightness and colour 296 .623 403
item17 [Bad influence for children 295 028 833
item18 [Long watching could lead to decrease in academic | 055 218 .774

rade
item19 [ More than 3 hours watching a day s bad for the 219 428 671
Ihealth

item 20 [Much watching is bad for the brain 290 3% 610

Extraction Method: Principal Component Analysis.
Rotation Method: Equamax with Kaiser Normalization.
a. Rotation converged in 9 iterations.

Component Transformation Matrix

Component| 1 2 3
1 702 530 476
2 69 672 270
3 176 -518 837

Extraction Method: Principal Component Analysis.
Rotation Method: Equamax with Kaiser Normalization.
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Component Matrix"

a.3 components.
extracted.

Rotated Component Matrix®

Component
2 3

[item1 853

item2 784

|itema. 784

item3 768 |

item6 756

item7 754 !

items 753

item8 729 476 |

itemd 724

item10 706 476 |

item11 673 .a59
m12 | 854 |

item13 834

item14 | 725 |

item15 627

|item16 623

item17 833

|item18 778

item19 671

item 20 .610

Extraction Method: Principal

Component Analysis.
Rotation Method: Equamax with
Kaiser Normalization.
a. Rotation converged in 9 iterations.

Total Variance Explained
Rotation Sums of Squared Loadings
Component Total % of Variance _Cumulative %

1 6.834 34.170 34.170
2 4482 22.410 56.579
3 3.767 18.834 75.413

Extraction Method: Principal Component Analysis.
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/PLOT EIGEN
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“Total Variance Explained

Extraction Sums of Squared  Rotation Sums of Squared
Initial Eigenvalues Loadings Loadings

Comp %of  Cumulati %of  Cumulati %of  Cumulativ
onent  Total Variance  ve%  Total Variance ve% _ Total Variance  e%
1 12292 61458 61458 12292 61458 61458 683 3410 34170
2 1565 7726 69184 1585 7726 69184 4482 22410 56579
3 1246 6230 75413 1206 6230 75413 3767 1884 75413
4 880 4401 79814

5 743 3715 8350

6 600 3001 86529

7 516 258 89109

8 414 2068 91177

9 314 1571 9mMs

1 298 1488 94236

1 267 1333 95568
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15 an 516 98767
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EY) 082 410 99637

8 059 29 99933

1 007 0% 99970

20 006 030 100,000

Extraction Method: Principal Component Analys's.
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_Component Matrix®

Component
1 2 3
item3 914 -173  -036
items 903 -162  -.042
item10 889 -087  -123
item8 883 -116  -.167
item1 867  -316  -150
itemd. 865  -222  -133
item2 864 -222 142
item9 850 -.207 .089
itemll | 844 -146 115
item7 833 -259 056
itemé 814 -29 113
litem14 768 382 -119
item13 765 412 -293
item16 730 323 -037
item19 .700 317 302
item 20 682 204 275
item12 622 562 -84
item15 | .573 264 -282
item17 618 040 631
item18 522 318 525

Extraction Method: Principal
' Component Analysis.
a. 3 components extracted.
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IVARIABLES i to 120
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/PRINT INTIAL EXTRACTION ROTATION
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JEXTRACTION PC
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/ROTATION EQUAMAX
/METHOD=CORRELATION.

IVARIABLES i 10 120
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Communalities i

Initial Extraction
iteml | 1.000 875
item2 | 1.000 .815
item3 1.000 866
itemd  1.000 815
item5 | 1.000 843
item6 1.000 763
item7 | 1.000 764
item8 1.000 821
item9 | 1.000 773
item10  1.000 813
itemll  1.000 747
item12 | 1.000 783
item13  1.000 841
item14  1.000 750
item15 1000 477
litem16  1.000 638
item17  1.000 782
item18 | 1.000 649
item19  1.000 682
item20  1.000 583

Extraction Method: Principal
‘ Component Analysis.
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Rotated Component Matrix*

Component
Description of the items loading aptly on each
factor 1 213

FACTOR 1: IRRESISTIBLE WORLD-IMPROVEMENT
RATIONALIZATION

item1 [Improves the world 853

item2 _|Very important in society building 784

itemd  [Triggers imagination 784

em3 [Provides quality information 768

item6 |Encourages education 756

item? | Most educative 754

itemS _[influences better decision making 753

item8  [Good influence for adults 729 476

item9  [Raises curiosity 724

item10 |Great in communication of advertisement 706476

item11 |Most entertaining 673 459
FACTOR 2: INBUILT QUALITY RATIONALIZATION

item12 [Best combines tuner, display and loudspeakers 854

item13 [Best audio quality 834

item14 [Best picture quality 725

item15 [Gathers millions around common interests 627

item16 |Most compatible brightness and colour 623
FACTOR 3: CAUTIOUS APPEAL RATIONALIZATION

item17 [Bad influence for children 833

item18 [Long watching could lead to decrease in academic 778

rade

item19 [More than 3 hours watching a day is bad for the 671
hhealth

item 20 [Much watching is bad for the brain 610
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'Component Matrix®
Component
1

RDFBSF1 .904
RDFBSF2 | .883
RDFBSF3 | .866

Extraction Method: Principal Component Analysis.
a. 1 components extracted.

Communalities
Extraction

RDFBSF1 | .817
RDFBSF2 .780
RDFBSF3 750

Extraction Method: Principal Component Analysis.

Total Variance Explained
| Extraction Sums of Squared Loadings
Component | Total % of Variance Cumulative %

1 2.346 78.199 78.199

Extraction Method: Principal Component Analysis.

Rotated Component Matrix®

a. Only one component was extracted. The solution cannot
be rotated.
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Component Matrix®
Component
1

RDFBSF1 |.904
RDFBSF2 .883
RDFBSF3 | .866

Extraction Method: Principal Component Analysis.
a. 1 components extracted.

Rotated Componént Matrix®

a. Only one component was extracted.
 The solution cannot be rotated.
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Rotated Component Matrix*

Component
Description of the items 12138

item1 [Improves the world 853 325 202
item2 [Very important in society building 784 382 232
itema [Triggers imagi 784 378 240
item3  [Provides quality information 768 386 358
itemb [Encourages education 756 174 402
item7 | Most educative 754 238 373
item5 Influences better decision making, 753 391 351
item8 |Good influence for adults 729 476 249
item9  [Raises curiosity 724265 423
item10 [Great in communication of advertisement 706 476 297
item11 [Most entertaining 673 289 450

Best combines tuner, display and loudspeakers 099 854 210

Best audio quality 304 834 230
item14 [Best picture quality 297 725 370
item15 [Gathers millions around common interests 269 627 108
item16 [Most compatible brightness and colour 296 623 403
item17 [Bad influence for children 295 028 833
item18 [Long watching could lead to decrease in academic | 055 218 .774

rade

item19 |More than 3 hours watching a day is bad for the 219 428 671

lhealth
item 20 [Much watching is bad for the brain 290 356 610

Extraction Method: Principal Component Analysis.
Rotation Method: Equamax with Kaiser Normalization.
a. Rotation converged in 9 iterations.

Component Transformation Matrix

Component| 1 2 3
1 702 530 476
2 69 672 270
3 -176  -518 837

Extraction Method: Principal Component Analysis.
Rotation Method: Equamax with Kaiser Normalization.
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Component Matrix®
 Component
x|

RDFBSF1 '.904
RDFBSF2 | .883
RDFBSF3 | .866

Extraction Method: Principal Component Analysis.
a. 1 components extracted.

‘Communalities
Extraction

RDFBSF1 |.817
RDFBSF2 | .780
RDFBSF3 |.750

Extraction Method: Principal Component Analysis.

Total Variance Explained
Extraction Sums of Squared Loadings

% of
Component | Total Variance Cumulative %
1 2.346 78.199 78.199

Extraction Method: Principal Component Analysis.

Rotated Component Matrix*

a. Only one component was extracted. The solution
cannot be rotated.
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Component Matrix"

a. 3 components
extracted.

Rotated Component Matrix®

Component
1 2 3

item1 853

item2 784

itema 784

item3 768

item6 756

item7 754

item5 753

item8 | 729 .476

item9 724

item10 706 .a76

item11 673 .a59
item12 .854

item13 .83a

item14 725

item15 627

item16 623

item17 .833
item18. 774
item19. .671
item 20 .610

Extraction Method: Principal
Component Analysi
Rotation Method: Equamax with
Kaiser Normalization.®

a. Rotation converged in 9 iterations.

Total Variance Explained
Rotation Sums of Squared Loadings
Component | Total % of Variance _Cumulative %

1 6.834 34.170 34.170
2 4.482 22.410 56.579
3 3.767 18.834 75.413

Extraction Method: Principal Component Analysis.
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'Component Matrix®
Component
1

'RDFBSF1 | .904
'RDFBSF2 883
RDFBSF3 | .866

Extraction Method: Principal Component Analysis.
a. 1 components extracted.

Communalities
Extraction

RDFBSF1 817
RDFBSF2 780
RDFBSF3 750

Extraction Method: Principal Component Analysis.

:TotnIVVarllnce Explained N
Extraction Sums of Squared Loadings

% of
Component  Total Variance Cumulative %
1 12346 78.199 78.199

Extraction Method: Principal Component Analysis.

Rotated Component Matrix®

a. Only one component was extracted. The solution
cannot be rotated.
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Total Variance Explained

Extraction Sums of Squared  Rotation Sums of Squared
Inital Egenvalues Loadings Loadings
comp of  Cumulati of  Cumulati %of  Cumulativ
onent . Total Variance  ve% _ Total Variance ve%  Total Variance  e%
1 12292 61458 61458 12292 61458 61458 6834 34100 34170
2 1565 7726 69184 1545 7726 69184 4482 22410 6579
3 1206 6230 75413 1246 6230 75413 3767 1883 75413
4 880 4401 79814
5 743 35 8359
6 500 3001 86529
7 516 2580 89109
8 414 2068 91177
9 34 151 9748
£0) 298 1488 9423
1 267 1333 95568
2 23 1068 96632
13 76 879 97511
1 128 541 98152
5 s 616 98.767
16 09 460 99.27
7 082 410 99637
18 059 29 9993
19 007 036 99.970
2 006 030 100,000

Extraction Method: Principal Component Analysis.
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Component Matrix®
. Component
1 2 3

914 -173 -.036
903 -.162 -.042
.889 -.087 -123

.883 -116 -.167
867 -.316 -.150
865 -.222 -133
864 -.222 -.142
850 -.207 .089
.844 -.146 115

833 -.259 .056
814 -.296 113
.768 .382 -119
765 412 -.293

730 323 -037
700 317 302
item 20 682 204 275
item12 622 562 -.284
573 260 -282

618 .040 631
522 .318 525

Extraction Method: Principal
Component Analysis.
a. 3 components extracted.
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: Component Matrix®
Component
1
'RDFBSF1 '.904
'RDFBSF2 883
RDFBSF3 | .866
Extraction Method: Principal Component Analysis.
'a. 1 components extracted.

 Communalities
Extraction
'RDFBSF1 ' 817
'RDFBSF2 780
_RDFBSF3 |.750
Extraction Method: Principal Component Analysis.

Total Variance Explained
Extraction Sums of Squared Loadings
Component  Total % of Variance Cumulative %
L 2.346 78.199 78.199

Extraction Method: Principal Component Analysis.

Rotated Component Matrix®

‘a. Only one component was extracted. The solution cannot
be rotated.
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Descriptive Statistics

Mean Std. Deviation Analysis N
RDFBSF1 | 77.0750 16.59157 120
RDFBSF2 125.1333 434815 120
RDFBSF3 | 19.7500  3.66049 120
Correlation Matrix
RDFBSF1 _ RDFBSF2 _ RDFBSF3
Correlation  RDFBSF1  1.000 714 677
RDFBSF2  |.714 1.000 627
RDFBSF3 677 627 1.000
KMO and Bartlett's Test
Kaiser-Meyer-Olkin Measure of Sampling .728
Adequacy.
Bartlet's  Test  of Approx.Chi-Square  164.830
Sphericity df 3
Sig. .000
Communalities
Initial Extraction
RDFBSF1  1.000 817
RDFBSF2  1.000 780
RDFBSF3 | 1.000 750

Extraction Method: Principal Component Analysis.

Total Variance Explained

Initial Eigenvalues Extraction Sums of Squared Loadings

Comp %  of Cumulat %  of

onent Total Variance ive%  Total Variance Cumulative %
1 2346 78199 78199 2346 78199  78.199

z _.377 12.581 90.779

3 2779221 100.000

Extraction Method: Principal Component Analysis.





OEBPS/Image00062.jpg
#R Factor Analysis: Rotation x

r Method
© None
© varimax
© Direct Oblimin © Promax

Delta: o Kappa |4

r Display
[ Rotated solution ["| Loading plot(s)

Maximum lterations for Convergence: -

(g ommen ) o)






OEBPS/Image00139.jpg
Total Variance Explained

Rotation Sums

Extraction Sums of of Squared
Initial Eigenvalues Squared Loadings Loadings®
% of
%of  Cumulat Varian Cumulat

Component|_Total _ Variance _ive% _ Total _ce _ive% Total

1 12292 61458 61458 12202 61458 61458 11539
2 1545 7726 69.184 1545 7726 69.184 8439
3 1.246 6.230 75413 1246 6230 75413 7.215
a 880 4401 79814

5 | 743 3.715 83529

6 600 3001 86529

7 | 516 2580  89.109

8 414 2068 91177

L 314 1571 92748

10 298 1488 94.236

11 267 1333 95568

12 | 213 1.063  96.632

13 76 879 97511

14 - 641  98.152

15 123 616 98.767

16 092 460 99227

17 082 410 99.637

18 059 296  99.933

19 007 036 99.970

20 006 030 _100.000

Extraction Method: Principal Component Analysis.
. When components are correlated, sums of squared loadings cannot be added to

obtain a total variance.
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Structure Matrix

Component
1 2 3
item3  .928 654 .604
iteml  .926 577 .462
item5 .915 653 .595
item4 898 618 .494
item2  .897 620 .488
item8  .889 698 513
item10 .886 .705 .553
item9  .869 .549 627
item7  .868 517 .580
item6  .857 .467 .593
item11 .847 .568 .655
item13 .644 914 .482
item12 .467 .874 421
item14 647 -850 587
621 764 .595
.497 .680 310
.556 -330 .861
.397 .428 .795
578 637 .785
592 572 .726

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.

Component Correlation Matrix

Component | 1 2 3
1 1.000 653 612
2 653 1.000 535
3 612 .535 1.000

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.
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@ Factor Analysis: Options

r Missing Values

© Exclude cases pairwise
© Replace with mean

r Coefficient Display Format
[] Sorted by size
| Suppress small coefficients

Absolute value below:

(ontnse) _cancer ) (_siep )
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@ Chapter 1 Syntax 5 Book 3.sps - IBM SPSS Statistics Syntax Editor
Eile  Edt View Data Transform Analyze Graphs  Utilities

EBEEHe~KIA DO

FACTOR
FACTOR

* Encoding. UTF-8

0 FACTOR
/VARIABLES i1 t0 i20
MISSING LISTWISE
JANALYSIS i1 t0 20

KMO EXTRACTION ROTATION
/FORMAT SORT
/PLOT EIGEN
ICRITERIA MINEIGEN(1) ITERATE(25)
JEXTRACTION PC
ICRITERIA ITERATE(25)
/ROTATION PROMAX(4)
O /METHOD=CORRELATION.

 FACTOR

IVARIABLES i1 to i20
/MISSING LISTWISE
JANALYSIS i1 to i20

/PRINT ROTATION
FORMAT SORT BLANK(45)
/CRITERIA MINEIGEN(1) ITERATE(2S)
JEXTRACTION PC

[CRITERIA ITERATE(25)
/ROTATION PROMAX(4)
/METHOD=CORRELATION.

Tools  E;

& |

/PRINT UNIVARIATE INITIAL CORRELATION
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Total Variance Explained o B
|Rotation Sums of Squared

Loadings®
Component | Total
i1 11.539
12 18.439
3 7215

Extraction Method: Principal Component Analysis.
‘a. When components are correlated, sums of squared
loadings cannot be added to obtain a total variance.
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Pattern Matrix®

Component
1 2 3

1.033 -.009 -166

912 .088 117

910 081 -107

.893 -197 152

877 -110 1102

.854 074 041

.834 .089 037

814 -073 167

.801 228 -.099

‘ 757 228 -032
item11 727 -027 224
item12 | -182 .992 .002
item13 .105 .872 -.049
item14 | 092 .709 151
item15 152 .651 -131
item16 113 .573 219
item17 | 186 -.268 .891
item18 -191 .092 .863
item19 -.002 305 623
item 20 134 .196 .539

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.
a. Rotation converged in 6 iterations.
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Total Variance Explained

Rotation
Sums of
Extraction Sums of Squared  Squared
Initial Eigenvalues Loadings Loadings®
%of  Cumulat %of  Cumulat
Component _Total _Variance _ive% _ Total Variance _ive% __Total

1 12292 61458 61.458 12292 61458 61458 11.539
2 1.545 7.726  69.184 1.545 7726  69.184 8.439
3 1.246 6.230 75413 1.246 6.230 75413 7.215
4 .880 4.401 79.814
5 .743 3715 83.529
6 .600 3.001 86.529
4 516 2580 89.109
8 414 2068 91177
9 314 1571 92.748

10 .298 1488 94.236
1 .267 1333 95568
12 213 1.063 96.632
13 176 879 97511
14 128 641  98.152
15 123 616 98.767
16 .092 460  99.227
17 .082 410  99.637
18 .059 296 99.933
19 .007 036 99.970
20 006 .030 100.000

Extraction Method: Principal Component Analysis.
a. When components are correlated, sums of squared loadings cannot be added to
obtain a total variance.
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Descriptive Statistics
Mean __Std. Deviation _Analysis N
REGR factor score 1for .0000000 1.00000000 120

analysis 2
REGR factor score 2 for .0000000 1.00000000 120
analysis 2
REGR factor score 3 for .0000000 1.00000000 120
analysis 2
Correlation Matrix
REGR factor REGR factor REGR factor
score 1 for score 2 for score 3 for
analysis2  analysis2 __ analysis 2
Correlation’ REGR factor score 1for| 1.000 653 612
analysis 2 |
REGR factor score 2 for .653 1.000 535
analysis 2
REGR factor score 3 for .612 535 1.000
analysis 2
KMO and Bartlett's Test
Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 704
Bartlett's Test of Sphericity Approx. Chi-Square 126.214
df 3
Communalities
Initial Extraction
REGR factor score 1for 1000 785
analysis 2
REGR factor score 2for 1000 725
analysis 2
REGR factor score 3for 1000 690
analysis 2

Extraction Method: Principal Component Analysis.





OEBPS/Image00060.jpg
R Factor Analysis: Rotation X

© Direct Oblimin © Promax
Deilta: |0 Kappa |4

r Display

Bl Rotated solution [F] Loading plot(s)

Maximum Iterations for Convergence: |25
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R Factor Anal

& item13(i13]
& item14(i14]
& item15(i15]
& item16(i16]
& item17 (17
& item18(i18]
& item19(i19]
& item 20 [i20]
& REGR factor scor..
& REGR factor scor. =
& REGR factor scor.. [value.. |

| Selection Variable:
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Repgorts »
Descriptive Statistics »
Bayesian Statistics »
Tables »
Compare Means »
General Linear Model >
Generalized Linear Models »
Mized Models »
Correlate »
Regression »
Laglinear »
Neural Networks »
Classity »

[ Correspondence Analysis...

43 Qptimal Scaling...
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Structure Matrix

Component
1 2 3
.928 654 604
926 577 462
915 653 595
.898 618 494
.897 620 488
.889 698 513
886 705 .553
.869 .549 627
.868 517 .580
857 467 .503
.847 .568 655
644 914 482
467 .874 421
647 .850 587
621 764 595
497 .680 310
item17 556 330 .861
item18 397 428 795
item19 578 637 785
item 20 592 572 726

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.

Component Correlation Matrix

Component 1 2 3

1 1.000 653 612
2 653 1.000 535
3 612 535 1.000

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.
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&8 Chapter 2 Syntax 6 Book 3.sps - IBM SPSS Statistics Syntax Editor
Eile Edit View Data Transfom Analyze Graphs Utiities Run Toolg

BEHEN ¢ ¥ i%ﬂb'@

3 IVARIABLES i1 TO 20
4 /MISSING LISTWISE
5 JANALYSIS i1 TO i20
6 /PRINT INITIAL EXTRACTION ROTATION
i /FORMAT SORT
8 /CRITERIA MINEIGEN(1) ITERATE(25)
E] /EXTRACTION PC
10 | /CRTERA MERATE(S)
11| /ROTATION PROMAX()
12 | ISAVEREG(ALL)
|13 O /METHOD=CORRELATION.

15 [ FACTOR

16 | VARMBLES FAC1_2FAC2 2FAC3 2
17 | missinG LSTWISE

18 | /ANALYSIS FAC12FAC2 2FAC3 2

|19 /PRINT UNIVARIATE INTIAL CORRELATION
2 KMO EXTRACTION ROTATION
2 [FORMAT SORT
2 /PLOT EIGEN

23 | [CRTERIA MINEIGEN(1) TERATE(25)
2 | mExracrionpe

25 | [CRTERIA ITERATE(25) DELTAQ)

%

z

/ROTATION OBLIMIN
O /METHOD=CORRELATION.
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Pattern Matrix®

Component
1 2 3
item1 1.033 -.009 -.166
em2 912 .088 -117
emd | 910 081 -107
em6 .893 -197 152
item7 877 -110 .102
item3 854 074 041
item5 | 834 .089 037
item9 814 -073 .167
items .801 228 -.099
item10 757 228 -032
item11 727 -027 224
item12 | -182 992 .002
item13 .105 872 -.049
item14 092 .709 151
item15 152 .651 -131
item16 113 573 219
item17 .186 -.268 891
item18 | -191 092 863
item19 -.002 305 623
item 20 134 .196 539

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.
a. Rotation converged in 6 iterations.
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Total Variance Explained
Extraction Sums of Squared

Initial Eigenvalues Loadings.
% of Comative %ol

Component Total_ Variance % Total_ Varance_Cumulative %
1 200 Bam  7BIA 2201 Bam 133N
2 49 15625 88999

3 .330 11.001 100.000

Extraction Method: Princpal Component Analysi.

Scree Plot

25

20
°
H

15
H
H
%)
w

0s

00

1 2 3
Component Number

Component Matrix*
Component
1
REGR factor score 1 foranalysis2 886
REGR factor score 2 for analysis2 852
REGR factor score 3 foranalysis2 | .831
Extraction Method: Principal Component Analysis.
a. 1 components extracted.

Rotated Component Matrix"

a. Only one component was extracted. The solution
cannot be rotated.
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Rotated Component Matrix*

Component
Description of the TCORS-CNN Items Tl 2 3
iteml _Improves the world 883 279 129
item2  Very important in society bu 820 341 163
itemd  Triggers imagination 820 337 an
item3  Provides quality information 813 348 290
item5  Influences better decision making 799 354 284
item6  Encourages education 793 138 339
item7  Most educative 792 201 309
item8  Good influence for adults g 438 a8
itemd  Raises curiosity 768 231 360
item10 Great in communication of advertisement 752 440 231
item11 Most entertaining a2 259 399
item12 Best combines tuner, display and loudspeakers | .163 850  .182
item13  Best audio quality 367 819 187
item14_Best picture quality 365 713 329
item15 Gathers millions around common interests 32 612 072
item16 Most compatible brightness and colour 361 612 365
item17 Bad influence for children 360 026 807
item18 Long watching could lead to decrease in academic | .127 229 762
grade
item19 More than 3 hours watching aday isbad for the | .294 427 643
health
item 20 Much watching is bad for the brain 355 350 578

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser

Normalization.
a. Rotation converged in 6 iterations.
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Structure Matrix

Component
1 2

item3 .928 .654 .604
item1 926 577 462
item5 915 653 595
item4 .898 .618 .494
item2 .897 .620 .488
item8 .889 .698 513
item10 .886 .705 553
item9 .869 .549 .627
item7 .868 517 .580
item6 .857 467 .593
item11 .847 .568 655
item13 .644 914 .482
item12 .467 .874
item14 | 647 .850 .587
item16 621 .764 .595.
item15 497 .680
item17 .556 .861
item18 795
item19 | .578 .637 .785
item 20 .592 572 .726

Extraction Method: Principal Component Analysis.

Rotation Metho
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Component Transformation Matrix

Component 1 2 3

1 .765 497 .409
2 -.628 715 .307
3 -.140 -.491 .860

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.
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Factor Analysis
Pattern Matrix®

Component
1 2 3
item1 1.033
item2 912
em4. 910
item6 .893
item7 | 877
item3 .854
item5 | .834
item9 .814
item8 | .801
item10 757
item11 | 727
item12 992
item13 | .872
item14 .709
item15 .651
item16 .573
item17 .891
item18 .863
item19 .623
item 20 .539

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.
a. Rotation converged in 6 iterations.
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@ Reagression
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["] Display factor score coefficient matrix

(Gontinue _cancel ] _ep_]





OEBPS/Image00053.jpg
Eigenvalue

12

10

P

s

Scree Plot

6 7 8 9 1011 12 13 14 15 16 17

Component Number

8

19

2





OEBPS/Image00137.jpg
Promax Oblique Rotation
Pattern Matrix®

Promax Oblique Rotation
Structure Matrix
Component
1 2 3

Component
1 2 3

iteml 1.033

item2 912

item4 910

item6 .893

item7 877

item3 .854

item5 834

item9 814

item8 801

item10 757

item11 727

item12 .992
item13 .872
item14 709
item15 .651
item16 .573
item17 .891
item18 .863
item19 623
item 20 .539

item3 | .928 .654  .604
item1 926 577 462
item5 | 915 653  .595
itemd. .898 .618  .494
item2 .897 620  .488
item8 .889 698 513
item10 | .886 .705 .553
item9 869 .549 627
item7 .868 .517  .580
item6 .857 467 593
itemll ' .847 .568  .655
iteml3  .644 914 482
item12 | .467 .874

iteml4 | .647 .850 .587
iteml6 | .621 .764  .595
iteml5 497 .680

iteml7 | .556 861
item18 795
item19 | .578 .637 .785
item20  .592 572 .726

Extraction Method: Principal
Component Analysis.
Rotation Method: Promax
with Kaiser Normalization.
a. Rotation converged in 6
iterations.

Extraction Method: Principal
Component Analysis.
Rotation Method: Promax
with Kaiser Normalization.
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Component Matrix®

a. 3 components extracted.

Pattern Matrix®

Component
1 2 3
1.033 -.009 -.166
912 .088 -117
910 081 -.107
893 -197 152
877 -110 102
.854 074 041
item5  .834 .089 .037
item9 .814 -073 167
item8  .801 228 -.099
item10 .757 228 -.032
itemll 727 -.027 224
item12 -.182 992 .002
item13 .105 872 -.049
item14 .092 709 151
item15 '.152 651 -131
item16 .113 573 219
item17 .186 -.268 .891
item18 -.191 092 863
item19  -.002 305 623
item 20 .134 196 539
Extraction Method: Principal Component

Analysis.
Rotation Method: Promax with Kaiser
Normalization.
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Component Matrix®

Component
1 2 3
item3 914  -173  -036
item5 | .903  -162  -042
item10 = 889  -087  -123
item8 .883 -116 -.167
item1 867  -316  -150
item4 865  -222  -133
item2 864 -222  -142
item9 850  -207 .089
item11 844 -146 115
item7 833 -.259 .056
item6 814  -.296 113
item14 .768 382 -119
item13 765 412 -293
iteml6 = 730 323 -037
item19 700 317 302
item20 682 204 275
item12 622 562 -284
itemls | 573 264 -282
item17 618 .040 631
item18 522 318 525

Extraction Method: Principal
Component Analysis.
a. 3 components extracted.
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Manifest FACTOR 1: IRRESISTIBLE WORLD-IMPROVEMENT Factor
RATIONALIZATION loading
item1 Improves the world h.033
item2 |Very important in society building 912
itemd (Triggers imagination 910
item6 [Encourages education 893
item?  [Most educative 877
item3 Provides quality information 854
item5 |Influences better decision making 834
item9 |Raises curiosity 814
item8 |Good influence for adults 801
item10  [Great in communication of advertisement 757
item1l  |[Most entertaining 727
FACTOR 2: INBUILT QUALITY RATIONALIZATION
item12  [Best combines tuner, display and loudspeakers 992
item13 |Best audio quality 872
item14 |Best picture quality 709
item15 |Gathers millions around common interests 651
item16 | Most compatible brightness and colour 573
FACTOR 3: CAUTIOUS APPEAL RATIONALIZATION
item17  [Bad influence for children 891
item18 |Long watching could lead to decrease in academic grade 863
item19 | More than 3 hours watching a day is bad for the health 623
tem20  |Much watching is bad for the brain 539
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Q Factor Analysis: Factor Scores X
Save as variables
Method
© Regression
Ogaten ]
© Anderson-Rubin

[~] Display factor score coefficient matrix
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KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 903
Bartlett's Test of Approx. Chi-Square 3143137
Sphericity df 190
Sig. 000
Communalities
Description of the TCORS-CNN Items Initial _Extraction
em1 [improves the world 1,000 875
item? |Very important in society building 1.000 815
item3 |[Provides quality information 1.000 866
itemd [Triggers imagination 1.000 815
item5 [influences better decision making 1.000 843
item6 [Encourages education 1.000 763
item7 [Most educative 1.000 764
item8  [Good influence for adults 1.000 81
itemd  [Raises curiosity 1.000 i
item10 [Great in communication of advertisement 1.000 813
item1l [Most entertaining 1.000 747
item12 [Best combines tuner, display and loudspeakers 1.000 783
item13 [Best audio quality 1.000 841
item14_[Best picture quality 1.000 750
item15 [Gathers millions around common interests 1.000 471
item16 |Most compatible brightness and colour 1.000 638
item17 [Bad influence for children 1.000 782
item18 [Long watching could lead to decrease in academic grade | 1.000 649
item19 [More than 3 hours watching a day is bad for the health | 1.000 682
item 20 [Much watchingis bad for the brain 1.000 583

Extraction Method: Principal Component Analysis.
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Total Variance Explained

Extraction Sums of

Rotation Sums of Squared

Initial Eigenvalues Squared Loadings Loadings.

Com %of

pone Varian Cumulat %of  Cumulat
nt ce ive% Total Vari vedk
i 458 61458 2 61458 61458 7.835 5 39175
2 1505 7726 69.184 1545 7.726 69184 4.130 20650 59.825
3 1246 6230 75413 1246 6230 75413 3118 15588 75413
4 880 4401 79.814

5 743 3715 83529

6 | 600 3001 86529 [ I

7 516 2580 89.109

8 414 2068 91177

9 314 1571 92748

10 298 1488 94236

1 267 1333 95568

12 213 1063 96632

13 176 879 9751

14 128 641 98152

15 123 616 98767

16 092 460 9927

17 082 410 99.637

18 059 206 99.933

19 007 036 99970

2 006 030 100.000

Extraction Method: Principal Component Analvsi.
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Scree Plot

H]
s
g
H
[
05
00
1 2 3
Component Number
Component Matrix®
Compone
nt
1
A-R factor score 1 for analysis 4 872
AR factor score 2 for analysis 4 .802
AR factor score 3 for analysis 4 759

Extraction Method: Principal Component Analysis.
a. 1 components extracted.

Rotated Component Matrix’

a. Only one component was extracted. The solution cannot be rotated.
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@ "Syntax1 - IBM SPSS Statistics Syntax Editor
Eile Edt  View Data Iransform Anabze Graphs Uliltles Run  Tools E)

Bre &

/VARIABLES i1 to i20

/MISSING LISTWISE

JANALYSIS i1 to i20

/PRINT UNIVARIATE INITIAL CORRELATION
KMO EXTRACTION ROTATION

/FORMAT SORT

/PLOT EIGEN

/CRITERIA ITERATE (25)

/ROTATION VARIMAX

/METHOD=CORRELATION,
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Factor Analysis

Pattern Matrix®

Component
2

item1 1.033
item2 912
item4 .910
item6 .893
item?7 .877
item3 .854
item5 .834
item9 .814
item8 .801
item10 | 757
item11 727
item12 | .992
item13 .872
item14 .709
item15 .651
item16 .573
item17 | .891
item18 .863
item19 | .623
item 20 539

Extraction Method: Principal Component Analysis.

Rotation Method: Promax with Kaiser Normalization.
a. Rotation converged in 6 iterations.
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@ “syntax1 - IBM SPSS Statistics Syntax Editor

VARIABLES i1 TO 20

/MISSING LISTWISE

JANALYSIS i1 TO i20

/PRINT ROTATION

/FORMAT SORT

/CRITERIA MINEIGEN(1) TERATE(25)
/EXTRACTION PC

/CRITERIA ITERATE(25)

/ROTATION PROMAX(4)

IVARIABLES FAC1_3 FAC2_3 FAC3 3

IMISSING LISTWISE

JANALYSIS FAC1_3 FAC2_3 FAC3 3

/PRINT UNIVARIATE INITIAL CORRELATION KMO
EXTRACTION ROTATION

/FORMAT SORT

/PLOT EIGEN

/CRITERIA MINEIGEN(1) TERATE(25)

/EXTRACTION PC

ICRITERIA TERATE(25) DELTA(D)

/ROTATION OBLIMIN

| METHOD=CORRELATION.
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Descriptive Statistics

Mean Std. Deviation Analysis N

6.97 1.896 120
7.18 1734 120
7.05 1.944 120
7.13 1.710 120
7.03 1.960 120
5.8 1.402

5.87 1.426

713 1.561

757 1.602

7.52 1.820 ‘
7.65 1521 120
5.35 950 |
5.07 1172

5.22 936 120
433 1.356 120
5.17 863 120
4.90 1.048 120
4.80 1.097 120
5.05 1.289 120
5.00 1.100 120
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Structure Matrix

Component
1 3 3
item3 .928 654 .604
item1 .926 577 462
item5 915 653 .595
itemd4 .898 618 494
item2 .897 .620 .488
item8 .889 698 513
item10 .886 705 553
item9. 869 549 627
item?7. .868 517 .580
item6 857 467 593
item11 .847 568 655
item13 644 914 482
item12 467 874 an
item14 647 -850 587
item16 621 .764 .595
item15 497 680 310
item17 556 330 .861
item18 397 428 795
item19 578 .637 785
item 20 .592 572 726

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.

Component Correlation Matrix

Component 1 g 3
i 1.000 653 612
2 653 1.000 535
3 612 535 1.000

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.
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Total Variance Explained
Extraction Sums  of Squared

Initial Eigenvalues Loadings.
% of Cumulative % of Cumulative
Component Total _Variance % Total _Variance %
1 2201 73374 73374 2201 73374 73374
2 469 15625  88.999
3 330 11001 100.000
Extraction Method: Principal Component Analysis.
Scree Piot
T 2 3
Component Number
Component Matrix"
Component
1
BART factor score 1 for analysis 3 886
BART factor score 2 for analysis 3 852
BART factor score 3 for analysis 3 .831

Extraction Method: Principal Component Analysis.
a. 1 components extracted.

Rotated Component Matrix"

2. Only one component was extracted. The solution cannot be rotated.
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OEBPS/Image00265.jpg
Component Matrix®

a. 3 components extracted.

Pattern Matrix®

Component

1 2 3
1.002 -.003 -.142
.894 .088 -.092
.893 .082 -.083
.880 -.160 137
.866 -.082 .096
.851 .084 .052
1 832 .097 .049
813 -.044 .158
. 7% 217 -.068
759 222 -.006
. 736 .000 213
-110 .920 .065
160 810 .013
.154 671 .187
183 599 -.077
172 .549 240
.248 -.188 .804
-.101 139 798
078 324 .593
item 20 197 219 .511

Extraction Method: Principal
Component Analysis.

Rotation Method: Oblimin with Kaiser
Normalization.

a. Rotation converged in 7 iterations.
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@ Syntax! - IBM SPSS Staistics Syntax Editor
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Structure Matrix

Component
2

item3 .928 654 .604
item1 .926 .577 462
item5 .915 .653 .595
item4 .898 618 .494
item2 .897 620 .488
item8 .889 .698 513
item10 | .886 705 553
item9 .869 .549 627
item7 .868 517 .580
item6 .857 467 .593
item11 .847 .568 .655
item13 .644 914 482
item12 467 .874
item14 .647 .850 .587
item16 621 .764 .595
item15 497 .680
item17 556 .861
item18 | 795
item19 578 .637 .785
item 20 592 .572 726

Extraction Method: Principal Component Analysis.

Rotation Method: Promax with Kaiser Normalization.
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&3 Factor Analysis: Factor Scores X

Save as variables
Method

© Regression
© Bartlett

["] Display factor score coefficient matrix






OEBPS/Image00044.jpg
Range of item’s | % of the item’s variance explained | Description of the item’s

loading on a factor | by the rotated factor suitability for inclusion
0-.21 0-4 Extremely unsuitable
22-.30 5-9 Highly unsuitable

10-19 Unsuitable

20-29 Fairly suitable

30-39 Suitable

40-49 Highly suitable
71-89 50-79 Very highly suitable

.90 - 1 or higher 81-100 Extremely suitable
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_Iransform  Analyze Graphs  Utilities  Exten:

Programmability Transformation....
Count Values within Cases._
Shift values .
[E Recode into Same Vvariables
[ Recoade into Different variables...
Automatic Recode...
Create Dummy Variables
fP8 Visual Binning...
B<S Optimal Binning...
Prepare Data for Modeling >
Bf] Rank Cases.
A Date and Time Wizard. ..
[E8 Ccreate Time Series_..
&[] Replace Missing Values
@ Random Number Generators...

B Run

==
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Structure Matrix

Component
1 2 3
item1 927 524 370
item3 927 597 519
items 914 597 511
itemd 898 568 405
item2 897 571 398
item8 888 654 421
item10 884 659 464
item9 869 485 558
item7 868 455 510
item6 858 400 528
item11 845 505 590
item13 635 907 395
item12 456 881 349
item14 638 829 514
item16 613 738 531
item15 491 677 239
item17 551 253 862
item18 388 375 798
item19 570 589 753
item 20 .585 522 692

Extraction Method: Principal Component Analysis
Rotation Method: Oblimin with Kaiser Normalization.

Component Correlation Matrix

Component| 1 2 3
1 1000 579 512
2 579 1.000 370
3 512370 1.000

Extraction Method: Principal Component Analysis.
Rotation Method: Oblimin with Kaiser Normalization.
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Component

1 11.448
2 | 7.467
3 5.887

Extraction Method: Principal Component Analysi
a. When compon correlated, sums of squared
oadings cannot be added to obtain a total variance.
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Manifest Factor 1: Irresistible world-improvement rationalization Factor
variables loading
iteml Improves the world 883
item2  Very important in society building 820
itemd  Triggers imagination 820
item3  Provides quality information 813
item5  Influences better decision making 799
item6  Encourages education 793
item7  Most educative 192
item8  Good influence for adults an
itemd  Raises curiosity 768
item10  Great in communication of advertisement 752
item1l  Most entertaining q2
Factor 2: Inbuilt quality rationalization
item12  Best combines tuner, display and loudspeakers 850
item13  Best audio quality 819
item14  Best picture quality 713
item15  Gathers millions around common interests 612
item16  Most compatible brightness and colour 612
Factor 3: Cautious appeal rationalization
item17  Bad influence for children 807
item18  Long watching could lead to decrease in academic grade 762
item19  More than 3 hours watching a day is bad for the health 643
item 20 Much watching is bad for the brain 578
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Total Variance Explained
Extraction Sums of Squared

Initial Eigenvalues Loadings
%of  Cumulative %of  Cumulative
Component Total _Variance % Total Variance %
1 1979 65966 65966 1979 65966 65.966
2 635 21174 81140
3 |38 12860 100.000

Extraction Method: Principal Component Analysis.
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Descriptive Statistics

Mean _ Std. Deviation _Analysis N
AR factor score 1 for analysis4 | 0000000 1.00000000 120
AR factor score 2 foranalysis4 .0000000  1.00000000 120
AR factor score 3 for analysis4 | .0000000 1.00000000 120
n Matrix
AR factor AR factor AR factor
score 1for score 2for score 3for
analysis4 __analysis4 __analysis 4
Correlation A-R factor score 1 for analysis 4 1.000 579 512
AR factor score 2 for analysis 4 579 1.000 370
A-R factor score 3 for analysis 4 512 370 1.000
KMO and Bartlett's Test
Kaiser-Meyer-Olkin Measure of Sampling 645
Adequacy.
Bartlett's Test of Approx. Chi-Square 84789
Sphericity df 3
Sig. 000
Communalities
Extracti
Initial on
A-R factor score 1 for analysis 4 1.000 760
AR factor score 2 for analysis 4 1.000 643
AR factor score 3 for analysis 4 1000 576

Extraction Method: Principal Component Analysis.
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Descriptive Statistics
std. Analysis
Mean __ Deviation N

BART factor score 1 for analysis3 .0000000 1.00000000 120
BART factor score 2 for analysis 3 | .0000000 1.00000000 120
BART factor score 3 for analysis 3 .0000000 1.00000000 120

Correlation Matrix
BART factor BART factor BART factor
score 1 for score 2 for score 3 for
analysis3  analysis3 _analysis 3
Correl BART factor score 1.000 653 612
ation 1 for analysis 3
BART factor score .653 1.000 535
2foranalysis3
BART factor score .612 535 1.000

3 for analysis 3

KMO and Bartlett's Test
Kaiser-Meyer-Olkin Measure of Sampling .704
Adequacy.
Bartlets  Test  of Approx. ChiSquare 126214
Sphericity df 3

Sig. .000
Communalities

Initial Extraction

BART factor score 1 for analysis 3 1.000 785
BART factor score 2 for analysis 3 1.000 725
BART factor score 3 for analysis 3 1.000 690

Extraction Method: Principal Component Analysis.
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Structure Matrix

Component
Item Contents (item wordings) 1 2 3

item1 [Improves the world 927 524 370
item3  |Provides quality information 927 597 519
item5 Influences better decision making 914 597 511
itemd  [Triggers imagination 898 568 405
item2 |Very important in society buildi 897 571 398
item8 |Good influence for adults 888 654 421
item10 |Great in communication of advertisement 884 659 .464
item9  [Raises curiosity 869 485 .558
item7  |Most educative 868 455 510
itemb  [Encourages education 858 400 528
item11 |Most entertaining 845 505 .590
item13 [Best audio quality 635 .907 395
item12 [Best combines tuner, display and loudspeakers 456 881 349
item14. [Best picture quality 638 829 514
item16 [Most compatible brightness and colour 613 .738 531
item15 |Gathers millions around common interests 491 677 239
item17 |Bad influence for children 551 .253 .862
item18 [Long watching could lead to decrease in academicgrade | .388 375 .798
item19 |More than 3 hours watching a day is bad for the health 570 .589 .753
item 20 [Much watching is bad for the brain .585 522 .692

Extraction Method: Principal Component Analyss.
Rotation Method: Oblimin with Kaiser Normalization.

Component Correlation Matrix
Component. 1 2 3
1 1000 519 512
2 579 1.000 310
3 512 310 1.000

Extraction Method: Principal Component Analysis.
Rotation Method: Oblimin with Kaiser Normalization.
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8 Factor Analysis

Variables:

& item10(i10]
& item11[i11]
& item12[i12]
& item13[13]
& item14[i14]
& item15[i15]
& tem16 [i16]
& item17[117]
& tem18 18]
& tem19i19]
& item 20 [120]

(%

Selection Variable:

Value.,

i

(Lok J (e (meset ) (cance o |
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Component Transformation Matrix

Component 1 2 3

il .765 497 409
2 -.628 715 .307
3 -.140 -.491 .860

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.
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Pattern Matrix

Component
1 2 3
item1 [Improves the world 1.002 -003 -.142
item2 [Very important in society bulding 894 088 -092
itemd  |Triggers imagination .893 082 -.083
item6 _[Encourages education 880 -160 137
item? Mot educative 866 082 096
item3 |Provides quality information .851 084 .052
item5 [Influences better decision making 832 097 .049
item9 [Raises curiosity 813 -044 158
item8 [Good influence for adults 79 217 -068
item10 [Great in communication of advertisement 759 222 -006
item11 [Most entertaining 736000 213
item12_[Best combines tuner, display and loudspeakers 110 920 065
item13 [Best audio quality 160 .810 .013
item14 [Best picture quality 154 671 187
item15 [Gathers millions around common interests 183 599 077
item16 [Most compatible brightness and colour 172 549 240
item17 [Bad influence for children .248 -188 .804
item18 [Long watching could lead to decrease in academic grade_| 101 139 798
item19 [More than 3 hours watching a day is bad for the health | .078 324 593
item 20 [Much watching is bad for the brain 97 219 su

Extraction Method: Principal Component Analysis.
Rotation Method: Oblimin with Kaiser Normalization.*
a. Rotation converged in 7 iterations.
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Rotated Component Matrix®

Component
1 2 3
iteml 883 219 129
item2 .820 341 163
itemd 820 337 an
item3 813 348 290
items 799 354 284
item6 .793 138 339
item7 792 201 309
item8 772 438 182
item9 .768 w231 360
item10 .752 440 231
item11 |.722 259 399
item12 163 850 182
item13 .367 .819 187
item1d 365 713 329
item15 312 612 072
item16 .361 612 365
item17 '.360 026 807
item18 127 229 762
item19 294 421 643
item 20 .355 .350 578

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.
a. Rotation converged in 6 iterations.

Component Transformation Matrix

Component 1 2 3

1 765 497 409
7 -628 715 307
3 -140  -491 860

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.
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Structure Matrix

Component
Item Contents (item wordings) 1 2 3
item1 [Improves the world 927 52
item3  |Provides quality information 927 597 519
item5 Influences better decision making 914 597 511
itemd  [Triggers imagination 898 568
item2  |Very important in society building 897 571
item8 [Good influence for adults 888 654
item10 |Great in communication of advertisement 884 650 464
itemd |Raises curiosity 869 485 558
item7  |Most educative 868 455 510
item6 |[Encourages education 858 528
item11 [Most entertaining 845 505 590
item13 [Best audio quality 635 907
item12 |Best combines tuner, display and loudspeakers 456881
item14 [Best picture quality 633 829 514
item16 tible brightness and colour 613 738 531
item15 s around common interests 491 677
item17 [Bad influence for children 551 862
item18 [Long watching could lead to decrease in academic 798
rade
item19 FﬂmelhanSlmurswarchingadayisbadlmthe 570 589 .753
health
item 20 [Much watching is bad for the brain 585 522 692

Extraction Meth cipal Component Analysi
Rotation Method: Oblimin with Kaiser Normalization.

Component Correlation Matrix

Component 1 2 3
1 1.000 579 512
2 579 1.000 370,
3 512 370 1.000

Extraction Method: Principal Component Analysis.
Rotation Method: Oblimin with Kaiser Normalization.
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@ *syntax1 - 1M SPSS Statistics Syntax Editor

VARIABLES i1 TO i20
/MISSING LISTWISE
/ANALYSIS i1 TO 20
/PRINT INIAL EXTRACTION ROTATION
/FORMAT SORT

/CRITERIA MINEIGEN(1) ITERATE(25)
JEXTRACTION PC

/CRITERIA TERATE(25)

/ROTATION VARIMAX

VARIABLES FAC1_1 FAC2_1FAC3_1

/MISSING LISTWISE

JANALYSIS FAC1_1 FAC2_1 FAC3_1

/PRINT UNIVARIATE INITIAL CORRELATION
KMO EXTRACTION ROTATION

/FORMAT SORT

/PLOT EIGEN

/CRITERIA MINEIGEN(1) ITERATE(25)

/EXTRACTION PC

/CRITERIA TERATE(25) DELTA(0)

/ROTATION OBLIMIN

/METHOD=CORRELATION
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Factor Analysis.
Component Matrix"

2.3 components extracted.

Pattern Matrix"
Component
item Contents (item wordings) i1213

item1 [Improves the world 1002

item2 [Very important in society building 894

itemd _ [Triggers imagination 893

item6 _[Encourages education 880

item7 [Most educative 866

item3  [Provides quality information 851

item5 [influences better decision making 832

itemd  [Raises curiosity 813

item8 [Good influence for adults .79
item10_[Great in communication of advertisement 759

item11 [Most entertaining 736

item12 [Best combines tuner, display and loudspeakers 920
item13 [Best audio quality 810
item14_ [Best picture quality 671
item15 [Gathers millions around common interests 599
item16 [Most compatible brightness and colour 549
item17 [Bad influence for children -804
item18 [Long watching could lead to decrease in academic grade 798
item19 [More than 3 hours watching a day is bad for the health 593
item 20 [Much watching is bad for the brain s1

: Principal Component Analysis.
Rotation Method: Oblimin with Kaiser Normalization."
a. Rotation converged in 7 iterations.

Total Variance Explained
Rotation Sums of Squared Loadings* |

Component Total

1 11.448

2 | 7.467

3 5.887

Extraction Method: Principal Component Analysis.
2. When components are correlated, sums of squared
loadings cannot be added to obtain a total variance.
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Descriptive Statistics

Mean Std. Deviation __Analysis N
REGR factor score 1 for analysis 1 0000000 1.00000000 120
REGR factor score 2 foranalysis1 .0000000  1.00000000 120
REGR factor score 3 foranalysis 1 |.0000000 _ 1.00000000 120
Correlation Matrix
REGR factor REGR factor REGR factor
score 1 for score 2 for score 3 for
analysis 1 analysis 1 analysis 1
Correlation REGR factor score 1 for analysis 1 1.000 000 000
REGR factor score 2 for analysis 1 |.000 1.000 000
REGR factor score 3 for analysis 1 _|.000 000 1.000
KMO and Bartlett's Test
Kaiser Meyer-Olkin Measure of Sampling Adequacy. 500
Bartletts Test of Sphericity  Approx. Chi-Square 000
df 3
Sig. 1.000

Total Variance Explained®

. No eigenvalues exceed the minimum eigenvalue specified on CRITERIA.
subcommand, This extraction is skipped.
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Manifest Factor 1: Irresistible world-improvement rationalization Factor
variables loading
item [Improves the world 1.002
item2 |Very important in society building 894
itemd [Triggers imagin. 893
item6 [Encourages education 880
item7  [Most educative 866
item3  [Provides quality information 851
item5 [influences better decision making 832
emd [Raises curiosi 813
item8  [Good influence for adults 79
item10  [Great in communication of advertisement 759
itemll  [Most entertaining 736

Factor 2: Inbuilt quality rationalization
item12  [Best combines tuner, display and loudspeakers 920
item13  [Best audio quality 810
item14  [Best picture quality 671
item15 [Gathers millions around common interests 599
item16  [Most compatible brightness and colour 549
Factor 3: Cautious appeal rationalization
item17  [Bad influence for children 804
item18  [Long watching could lead to decrease in academic grade 798
item19 [More than 3 hours watching a day is bad for the health 593
item 20 |Much watching is bad for the brain 511
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Total Variance Explained
Extraction Sums of

Rotation Sums of Squared

Initial Eigenvalues Squared Loadings Loadings.

Com %of

pone %of  Cumulat Varian Cumulat %of  Cumulat
nt ve % Total _ Vari vedk
i 458 61458 12. 458 7835 39.175
2 1505 7726 69.184 1545 7.726 69184 4.130 20650 59.825
3 1246 6230 75413 1246 6230 75413 3118 15588 75413
3 880 4401 79.814

5 743 3715 83529

6 3001 86529 |

7 516 2580 89.109

8 414 2068 91177

9 314 1571 92748

10 298 1488 94236

u 267 1333 95568

12 213 1063 96632

13 A76 879 97511

14 A28 641 98152

15 123 616 98767

16 092 460 9927

17 082 410 99637

18 059 296 99.933

19 007 036 99970

2 006 030 100.000

Extraction Method: Principal Component Analvss.
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@ Factor Analysis: Factor Scores X

Method
@ Regression

© Bartlett
Anderson-Rubin

_| Display factor score coefficient matrix

(gortmue] (_cancer (e ]
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KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 903
Bartlett's Test of Approx. Chi-Square 3143137
Sphericity. df 190
Sig. 000
Communalities
Description of the TCORS-CNN Items Initial _Extraction

Improves the world 1.000 875

fery important in society building 1.000 815
[Provides quality information 1.000 866
[Triggers imagination 1.000 815
Influences better decision making 1.000 843
[Encourages education 1.000 763
[Most educative 1.000 764
(Good influence for adults 1.000 81
[Raises curiosity 1.000 773
(Great in communication of advertisement 1.000 813
[Most entertaining 1.000 747
Best combines tuner, display and loudspeakers 1.000 783
[Best audio quality 1.000 841
Best picture quality 1.000 750
(Gathers millions around common interests 1.000 71
[Most compatible brightness and colour 1.000 638
[Bad influence for children 1.000 782
lLong watching could lead to decrease in academic grade | 1.000 649
[More than 3 hours watching a day is bad for the health | 1.000 682
[Much watching is bad for the brain 1.000 583

‘Extraction Method: Principal Component Analysis.
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a Factor Analysis: Factor Scores X

Method
@ Regression

@ Bartlett

@ Anderson-Rubin

Display factor score coefficient matrix

(genie) concn ) i)
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Factor Analysis: Options X

Missing Values
@ Exclude cases listwise
Exclude cases pairwise
© Replace with mean

Coefficient Display Format

| Suppress small coefficients

Absolute value below: 10

(continue) [_cancer |[ Heip ]
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Rotation Sums of

It Egenvalues Extraction Sums of quared Loadings _ Squared Loadings’
Compone %of  Cumulativ %of  Cumulative
t Todl  Vaince % Total  Variance % Total
1 LM 6 6L 123 61458 6L4B 11448
2 IS5 176 618 1S5 106 69184 7461
3 106 6230 7548 126 6230 7543 5887
4 B0 401 7984
s M35 8w
6 S0 3000 8650
7 56 2580 89409
8 A4 2088 ouT
9 3 1 am
0 28 148 9%
1 6 133 95568
n m 108 %6
1 6w gsi
u 08 6 s
15 3 66 9876
1 [ Y
U 8 A0 w6
18 059 2% %998
1 o7 0% %m0
0 06 030 100000

Extraction Method: Principal Component Analyss.

a, When components are correlated, sums of squared loadings cannot be added to obtain a total variance.
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Communalities
Initial Extraction

iteml 1.000 875
item2  1.000 .815
item3 [ 1.000 .866
em4  1.000 .815
em5 1.000 .843
item6 | 1.000 .763
em/ 1.000 .764
item8 1.000 821
item9 1.000 773
item10  1.000 813
item11l ' 1.000 747
item12 ' 1.000 783
item13 [1.000 .841
Jitem14 1.000 750

1000 477
1000 638

11.000 782
1000 682

item 20 1.000  .583

Extraction ~ Method:  Principal
‘Component Analysis.
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Descriptive Statistics

Mean Std. Deviation Analysis N
6.97 1.896 120
7.18 1.734 120
7.05 1.944 120
7.13 1.710 120
7.03 1.960 120
5.98 1.402 120
5.87 1.426 120
713 1.561 120
7.57 1.602 120
7.52 1.820
7.65 1.521
5.35 .950 ‘
5.07 1172 120
5.22 .936 120
433 1.356 120
5.17 .863 120
4.90 1.048 120
4.80 1.097 120
5.05 1.289 120
item 20 5.00 1.100 120
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KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling 903
Adequacy.
Bartlett's Test of Approx. Chi-Square 3143.137
Sphericity df 190
Sig. .000
Communalities
Initial Extraction
item1 1.000 875
item2 1.000 815
item3 1.000 866
item4. 1.000 815
item5 1.000 .843
itemé 1.000 763
item7 1.000 764
item8 1.000 .821
item9 1.000 173
item10 1.000 813
item11 1.000 747
item12 1.000 783
item13 1.000 .841
item14 | 1.000 750
item15 1.000 477
item16 | 1.000 638
item17 1.000 782
item18 1.000 649
item19 1.000 682
item 20 1.000 .583

Extraction Method: Principal Component Analysis.
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#2 Factor Analysis: Options

r Missing Values
@ Exclude cases listwise
© Exclude cases pairwise
© Replace with mean

r Coefficient Display Format

[] Suppress small coefficients
Absolute value below: 10

(gontnue | cancer ||_rep |
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#& Factor Analysis: Rotation s

- Method

© None © Quartimax
© Equamax

0 Kappa [4

- Display

Rotated solution [ | Loading plot(s)

Maxgimum lterations for Convergence:

(gontinue ) Cancat J[__ree ]
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Component Matrix®

Component
q 2 3
item3 914  -173  -036
item5 903 -162 042
item10 889  -087  -123
item8 = .883  -116  -167
item1 867  -316  -150
item4 865  -222 -133
item2 864  -222  -142
item9 850  -.207 .089
itemll =~ 844  -146 115
item7 .833 -.259 .056
item6 814 -29 113
item14 .768 382 -119
item13 | .765 412 -293
item16 730 323 -037
item19  .700 317 .302
item20 682 204 275
item12 622 562 -.284
item15 = 573 264 -.282
item17 618 .040 .631
item18 522 318 .525

Extraction Method: Principal
Component Analysis.
a. 3 components extracted.
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Component Matrix®

| Component
i1 2 3
item3 |.914 -.173 -.036
item5 .903 -162  -.042
item10 |.889 -.087 -.123
item8 |.883 -.116 -.167
iteml | .867 -.316 -.150
item4 | .865 -222 -133
item2 | .864 -222 -.142
item9 | .850 -207 089
item11 .844 -.146 115
item7 | .833 -.259 .056
item6 |.814 -.296 113
item14 .768 382 -.119
item13 |.765 412 -.293
item16 .730 323 -.037
item19 |.700 317 -302
item 20 |.682 .204 275
item12 |.622 562 -.284
item15 |.573 .264 -.282
item17 .618 .040 631
item18 |.522 318 .525
Extraction Method: Principal

Component Analysis.
a. 3 components extracted.
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&8 Factor Analysis: Options >

[ Missing Values
@) Exclude cases listwise
© Exclude cases pairwise
© Replace with mean

[ Coefficient Display Format
[] Sorted by size
[] Suppress small coefficients

Absolute value below: 10

(Contnes) (Sanest) (Crimie )
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Eigenvalue

12

10

Scree Plot
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Total Variance Explained
Extraction Sums of Squared Rotation Sums of Squared

Initial Eigenvalues Loadings Loadings
Compon % of Cumulative % of Cumulative % of Cumulative
ent__ Total Varlance % Total__Varlance % Total Variance %

1 12290 61458 61458 12200 61458 61458  7.835 39175 39475
2 1545 7726 69484 1545 7726 69184 4130 20650  50.825
3 1266 6230 75413 1286 6230 75413 3118 15588 75413
4 4401 79814
s 3715 83529
6 3001 86529
7 2580 89.109
il 2068 91177
9 1571 92748

1488 94236

1333 95568

1063 %6632

819 07511

61 98152

616 98767

460 99227

410 09637

29 99933

036 99970

030 100000
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Component Matrix’ i

Component

i1 2 [ 3

914 -173 -.036
903 -.162 -.042
.889 -.087 -123
.883 -116 -.167
.867 -316 -.150
.865 =222 -133
.864 -222 -.142

-850 -.207 -089
844 -.146 115
833 -.259 .056
814 -.296 413

768 382 -119
765 412 -293
730 323 -037
.700 317 302
.682 .204 275
.622 562 -.284
.573 264 -282
.618 .040 631
{item18 .522 .318 .525

| Extraction Method: Principal
| Component Analysis.
a. 3 components extracted.
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Rotated Component Matrix*

Component
Description of the TCORS-CNN Items T 3
Improves the world 883 279 129
Very important in society building 820 341 163
Triggers imagination 820 337 an
Provides quality information 813 348 290
Influences better decision making 799 354 284
Encourages education 793 138 339
Most educative 792 201 309
Good influence for adults J72 438 182
Raises curiosity 768 231 360
Great in communication of advertisement 752 440 231
Most entertaining J2 259 399
Best combines tuner, display and loudspeakers | 163 .850  .182
Best audio quality 367 819 187
Best picture quality 365 713 329

item15_Gathers millions around common interests 32 612 02
item16 Most compatible brightness and colour 361 612 365
item17 Bad influence for children 360 026 807
item18 Long watching could lead to decrease in academic | .127 229 762

srade

More than 3 hours watching aday isbad forthe | 294 427 643

health

item 20 Much watching is bad for the brain 355 350 578
Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser
Normalization.
2. Rotation converged in 6 fterations.
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Structure Matrix

Component
item Contents (item wordings) 1 3 3
item1  {Improves the world 927 524 370
item3 [Provides quality information 927 597 519
item5 [Influences better decision making 914 597 511
itemd _Triggers imagination 898 568 405
IVery important in society building 897 571 398
(Good influence for adults 888 650 421
(Great in communication of advertisement 884 659 464
IRaises curiosity 869 .485 .558
[Most educative .868 455 .510
[Encourages education 858 400 528
[Most entertaining 845 505 500
[Best audio quality 635907 395
[Best combines tuner, display and loudspeakers 456 .881 349
[Best picture quality 638 829 514
[Most compatible brightness and colour 613738 531
(Gathers millions around common interests 491 677 239
1Bad influence for children 551 253 862
lLong watching could lead to decrease in academicgrade | .388 375 .798
[More than 3 hours watching a day s bad for the health 570 589 753
item 20 [Much watching is bad for the brain 585 522 692

Extraction Method: P
Rotation Method: Obl

ipal Component Analysis.
in with Kaiser Normalization.

Component Correlation Matrix

Component 1 2 3
1 1000 579 s12
2 579 1.000 E
3 512 370 1.000

Extraction Method: Pr
Rotation Method: Obl

ipal Component Analysi
in with Kaiser Normalization.
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Pattern Matrix®

Component
1 2 3

iteml 1.033 -.009 -.166
item2 .912 .088 -117
item4 .910 .081 -.107
item6 .893 -.197 152
item7  .877 -.110 .102
item3  .854 .074 .041
item5 .834 .089 .037
item9 .814 -.073 .167
item8 .801 .228 -.099
item10 .757 228 -.032
item11l .727 -.027 224
item12 '-.182 .992 .002
item13 .105 .872 -.049
item14 .092 .709 151
item15 .152 651 -131
item16 |.113 573 219
item17 $.186 -.268 .891
item18 -.191 .092 .863
item19 -.002 305 .623
item 20 .134 .196 .539
Extraction Method: Principal

Component Analysis.
Rotation Method: Promax with Kaiser
Normalization.
a. Rotation converged in 6 iterations.
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Pattern Matrix"

Component
1 2 3
item1  |mproves the world 1002 -003 -142
item2  Nery important in society building 894 088 -092
itemd  [Triggers imagination 893 082 -083
item6  [Encourages education 880 -160 .137
item7 lost educative 866 -.082 .09
item3  Provides quality information 851 084 05
item5  [influences better decision making 832 097 .049
itemd  [Raises curiosity 813 -044 .158
item8  (Good influence for adults 796 217 -068
item10  {Great in communication of advertisement 759 222 -006
item11 |Most entertaining 736 000 213
item12 |Best combines tuner, display and loudspeakers -110 920 .065
item13 [Best audio quality 160 810 013
item14 [Best picture quality As4 671 187
item15 (Gathers millions around common interests 183 599 -077
item16 |[Most compatible brightness and colour 72 549 240
item17 [Bad influence for children 248 -188 804
item18 _[Long watching could lead to decrease in academic grade | ~101 139 798
item19  [More than 3 hours watching a day is bad for the health | .078 324 593
item 20 {Much watching is bad for the brain 197 219 51

Extraction Method: Principal Component Analysis.
Rotation Method: Oblimin with Kaiser Normalization.*
a. Rotation converged in 7 iterations.





OEBPS/Image00248.jpg
Total Variance Explained

Rotation
sums  of
Extraction Sums of Squared Squared
Initial Eigenvalues Loadings Loadings
Compo % of Cumulative %  of Cumulative
nent  Total Variance % Total _ Variance % Total

1 12292 61458 61458 12292 61458 61458  11.539
2 1545 7.726 69.184 1545 7726 69.184 8439
3 1246 6.230 75.413 1206 6230 75413 7215
4 880 4.401 79.814

5 743 3715 83.529

6 600 3.001 86.529

% 516 2580 89.109

8 414 2.068 91.177

9 314 1571 92.748

10 208 1488 94.236
11 267 1333 95.568
12 213 1063 96.632
13 176 879 97.511
1 128 641 98.152
15 123 616 98.767
16 092 460 99.227
17 082 410 99.637
18 059 296 99.933
19 007 036 99.970
20 006 030 100.000

Extraction Method: Principal Component Analysis.
2. When components are correlated, sums of squared loadings cannot be added to obtain
a total variance.
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Structure Matrix

Component
Item Contents item wordings) i 213
item1 [Improves the world 927 52
item3  |Provides quality information 927 597 519
item5 _[influences better decision making 914 597 511
itemd_Triggers imagination 898 568

item2  [Very important in society building 897 571
item8 _|Good influence for adults 888 650
item10 [Great in communication of advertisement 884 650 464
869
868

itemd Raises curiosity 485 558
item7 Mot educative 868 455 510
item6 _[Encourages education 858 528
item11 [Most entertaining 885 505 590
item13 [Best audio quality 635907
item12 [Best combines tuner, display and loudspeakers 456 881
item14_[Best picture quality 638 829 514,
item16 [Most compatible brightness and colour 613 738 531
item15. [Gathers millions around common interests 491 677
item17 [Bad influence for children 551 862
item18 [Long watching could lead to decrease in academic grade 798
[More than 3 hours watching  day is bad for the health 570 589 .753

[Much watching is bad for the brain 585 522 .692

Extraction Method: Principal Component Analys
Rotation Method: Oblimin with Kaiser Normalization.

Component Correlation Matrix

Component 1 2 3
1 1,000 579 512
2 | 579 1.000 370
3 512 370 1,000

Extraction Method: Principal Component Analysis.
Rotation Method: Oblimin with Kaiser Normalization.
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Factor Analysis

Component Matrix®
2.3 components
extracted.
Pattern Matrix'
Component
item Contents (item wordings) 713
tem1 [improves the world
item2 _[Very important in society building
itemd _ [Triggers imagination
item6 _[Encourages education
item? [Most educative
item3 _[Provides quality information
itemS _ [influences better decision making
itemd [Raises curiosity
items [Good influence for adults
item10 [Great in communication of advertisement 759
item11 [Most entertaining 736
item12 [Best combines tuner, display and loudspeakers 820
item13 [Best audio quality 810
item14 [Best picture quality 71
item15 Gathers millions around common interests 599
item16 |[Most compatible brightness and colour 549
item17 [Bad influence for children 804
item18 [Long watching could lead to decrease in academic grade 7%
item19 [More than 3 hours watching a day is bad for the health 593
tem 20 [Much watching is bad for the brain 511

Extraction Method: Principal Component Analysis.
Rotation Methe limin with Kaiser Normalization."
2. Rotation converged in 7 terations.

Total Variance Explained
Rotation Sums of Squared Loadings®

Component Total

1 11.448
2i 7.467
3 5.887

Extraction Method: Principal Component Analysis
. When components are correlated, sums of squared
loadings cannot be added to obtain a total variance.
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Structure Matrix

Component
1 2 3
928 654 604
.926 577 .462
915 .653 595
.898 618 494
.897 620 488
item8  .889 .698 513
item10 .886 705 553
item9  .869 .549 627
item7  .868 517 .580
.857 .467 593
.847 .568 655
644 914 .482
467 .874 421
647 .850 587
621 764 .595
497 .680 310
item17 .556 .330 .861
item18 .397 .428 795
item19 578 637 .785
item 20 .592 572 726

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.

Component Correlation Matrix

Component | 1 2 3

1 1000 653 612
2 .653 1.000 535
3 .612 .535 1.000

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.
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@ Factor Analysis: Descriptives >

 Statistics

(& Initial solution

 Correlation Matrix

| Coefficients [] Inverse

| Significance levels [ | Reproduced
| Determinant ] Anti-image
| KMO and Bartlett's test of sphericity

(continue ] (_cancel |[_ Help |
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Total Variance Explained
Extraction Sums of Squared Rotation Sums of Squared

Initial Elgenvalues Loadings Loadings
%  of Cumulative % of Cumulative % of Cumulative
Total _Variance % Total _ Varlance % Total Variance %

12297 61458 61458 1220 61458 61458 7.835 39175 39175
1545 7726 69184 1545 7726 69184 4130 20650  59.825
1206 6230 75413 1206 6230 75413 3118 15588  75.413
880 4401 79814
793 3715 83529
600 3001 86529
516 2580 89.109
414 2068 01177
34 1571 2748
298 1488 94236
267 1333 95568

siRElsle/BSalalEIE R @
3

1063 96632
S 879 91511
14 641 9815
15 616 98767
16 460 99227
7 410 99637
18 2% 99933
19 0% 99970
20 006 030 100000

Extraction Method: Principal Component Analysis.
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&) Factor Analysis: Extraction

Method:
 Analyze Display
® Coyrelation matrix [¥ Unrotated factor solution

© Coyariance matrix Scree plot

Extract
® Based on Eigenvalue
Eigenvalues greaterthan: |1

© Fixed number of factors
Fadtors to extract:

Maximum Iterations for Convergence: (25

(ontnue) (_cancet J[_reip ]
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. *Chapter 1 Syntax 4 Book 3.sps - IBM SPSS Statistics Syntax Editor
Eile Edt View Data Transform Analyze Graphs Utiities Run Tools

EBHEM e~ X H PO &

* Encoding: UTF-8.

FACTOR
VARIABLES if t0 i20
/MISSING LISTWISE

1
FACTOR 2
3
4
5 JANALYSIS i1 to 20
6
7
8
2

FACTOR

/PRINT UNIVARIATE INITIAL CORRELATION
KMO EXTRACTION ROTATION
/FORMAT SORT
/PLOT EIGEN
10 /CRITERIA MINEIGEN(1) ITERATE(25)
/EXTRACTION PC

12 | /CRITERIA TERATE(26) DELTA(0)
13 | /ROTATION OBLMIN
1 /METHOD=CORRELATION.

16 0 FACTOR
17 | NARMBLESittoi20

18 | MISSING USTWISE

19 | /ANALYSISittoi20

20 | /PRINTROTATION

2 /FORMAT SORT BLANK(48)

22 | /CRITERIA MINEIGEN(1) ITERATE(25)
2 | /ExRracTonpC

24 | /CRITERIA TERATE(25) DELTA(D)
25 | /ROTATION OBLIMIN

2% O /METHOD=CORRELATION.
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Correlation Matrix

REGR factor REGR factor REGR factor
score 1 for score 2 for score 3 for

analysis 1 __analysis1 __analysis 1
Correlation  REGR factor score 1 for 1.000 000 000
analysis 1
REGR factor score 2 for .000 1.000 000
analysis 1 |
REGR factor score 3 for .000 000 1.000
analysis 1
KMO and Bartlett's Test
Kaiser-Meyer-Olkin ~ Measure of Sampling!.500
Adequacy.
Bartlett's Test of Approx. Chi-Square .000
Sphericity df 3
Sig. 1.000

‘Total Variance Explained®

a. No eigenvalues exceed the minimum eigenvalue specified on

CRITERIA subcommand. This extractic

isskiped;
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R Factor Analysis

Variables:

Selection Variable:

Vaiue.)
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OEBPS/Image00121.jpg
Oblimin Oblique Rotation
Pattern Matrix®

Oblimin Oblique Rotation
Structure Matrix

Component Component
1 2 3 i 2 3

item1 1.002 item1 927 524

item2 .894 item3 .927 .597 519
item4 .893 item5 914 597 511
item6 .880 item4 .898 .568

item7 866 item2 897 571

item3 851 item8 888 654

item5 832 iteml0 884 .65  .464
item9 .813 item9 .869 .485 558
item8 .796 item?7 .868 455 510
item10 759 item6 858 528
item1l 736 itemil 845 505  .590
item12 .920 item13 635  .907

item13 .810 item12 456 .881

item14 671 itemld 638 829 514
item15 .599 iteml6 613 738 531
item16 549 item15 491 677

item17 804 | item17 551 862
item18 798 | item18 .798
item19 .593 | item19 570 .589 753
item 511 | item 585 522 .692
20 20

Extraction Method:
Component Analysi
Rotation Method: Oblimin with
Kaiser Normalization.”

a. Rotation converged in 7
iterations.

Extraction Method: Principal
Component Analysis.

Rotation Method: Oblimin with
Kaiser Normalization.
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Rotated Component Matrix®

Component
1 2 3
iteml .883 279 129
item2 .820 .341 .163
item4 .820 337 A1
item3 .813 .348 -290
item5 (.799 .354 .284
item6 .793 .138 339
item7 .792 201 -309
item8 .772 438 .182
item9 [.768 231 360
item10 .752 .440 231
item1l |.722 .259 -399
item12 '.163 .850 .182
item13 .367 .819 .187
item14 .365 713 329
item15 (.312 .612 .072
item16 .361 .612 365
item17 .360 .026 .807
item18 '.127 229 762
item19 .294 427 .643
item 20 :.355 350 .578
Extraction Method: Principal

Component Analysis.
Rotation Method: Varimax with Kaiser

Normalization.

a. Rotation converged in 6 iterations.
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a Factor Analysis: Rotation

- Method
© None © Quartimax
© varimax © Equamax
© Direct Qblimin @)

r Display
Rotated solution [] Loading plot(s)

Maximum Iterations for Convergence: [E
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@R Factor Analysis

item2 (2]
& ttem3 i3]

& itema 4]
& items [i5]
& items [i6]
& item7 (7]
& ttems i8]
& itemo 9]
& item10[110]
& item111i11]

ariables:

Selegtion Variable:
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Descriptive Statistics

Mean Std. Deviation Analysis N
item1 6.97 1.896 120
item2 7.18 1.734 120
item3 7.05 1.944 120
item4 7.13 1710 120
item5 7.03 1.960 120
item6 5.98 1.402 120
item7 5.87 1.426 120
item8 7.13 1.561 120
item9 7.57 1.602 120
item10 | 7.52 1.820 120
iteml1l 7.65 1.521 120
item12 5.35 .950 120
item13 | 5.07 1.172 120
item14 | 5.22 .936 120
item15 4.33 1.356 120
item16 | 5.17 .863 120
item17 4.90 1.048 120
item18 | 4.80 1.097 120
item19 5.05 1.289 120
item 20 5.00 1.100 120
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R Factor Analysis

& REGR factor score

& REGRfactor score ...
& REGR factor score ...
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Variables:

Selection Variable:

| vaiue., |
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@ Factor Analysis: Factor Scores

¥ Save s variables

Method
® Regression
Bartlett

© Anderson-Rubin

Display factor score coefficient matrix

(o) _coren)
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Total Variance Explained

Rotation

Sums of

Extraction Sums of Squared  Squared

Initial Eigenvalues Loadings Loadings®

% of Cumulative %of  Cumulative

Component | Total Variance % Total  Variance % Total

x 12292 61458 61.458 12.292 61.458 61458  11.448

2 1.545 1.726 69.184 1.545 1.726 69.184 7.467

3 1.246 6.230 75413 1.246 6.230 75413 5.887
4 880 4.401 79.814
5 743 3715 83529
6 600 3.001 86.529
& 516 2.580 89.109
8 414 2.068 91177
9 { 314 1571 92.748
0 28 1488 942
1 267 1333 95.568
12 213 1.063 96.632
13 176 879 97.511
14 128 641 98.152
15 a3 616 98.767
16 092 460 99.227
17 082 410 99.637
18 059 296 99.933
19 007 036 99.970
20 .006 030 100.000

Extraction Method: Principal Component Analysis.
a. When components are correlated, sums of squared loadings cannot be added to obtain

atotal variance.
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2 Factor Analysis: Factor Scores X

Method
@ Regression

@ Bartlett

@ Anderson-Rubin

["] Display factor score coefficient matrix
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e Factor Analysis: Rotation

r Mef
(C] © Quartimax
© Varimax © Equamax
@ Direct Oblimin © Promax
Delta: |o Kappa |4

r Display
Bl Rotated solution [£]] Loading plot(s)

Maximum Iterations for Convergence: |25
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#R Factor Analysis: Extraction

-

Analyze Display

® Correlation matrix [# Unrotated factor solution
© Coyariance matrix | Scree plot

Extract

® Based on Eigenvalue
Eigenvalues greater than: |1

© Fixed number of factors
Factors to extract:

Maximum Iterations for Convergence:






