Factor Analysis

Reason for doing 1:  Bottom up.  Going from items to factors.
Situation:  We have responses to a large number of items.  We want to see if these many many items represent just a few dimensions.

We try to identify clusters of items which 

a) correlate highly among themselves and 
b) correlate hardly at all with other variables 

to represent dimensions of behavior.
A bottom up beginning with items and ending with dimensions.
Example:  I come upon a questionnaire of 60 items on a variety of topics.  I administer the questionnaire to several hundred people.  To avoid criticism about “shotgunning” I wish to reduce the number of statistical tests I’d have to conduct by identifying the major dimensions represented by the responses to the items.

Example:  The Big Five dimensions were “discovered” by factor analyzing ratings 100s of trait descriptions.

Example:  Dimensions of intelligence have been identified by factor analyzing scores on 100s of different kinds of problems.

In this conceptualization, factors are viewed as collectors or organizers of items.

Reason for doing 2:  Top down.  Going from factors to items.

Situation:  We have a theory about the relationship(s) between two or more psychological constructs.  We want specific behaviors that represent the constructs so that the theory about the relationships among the constructs can be tested by computing the relationships among the behaviors.  (Constructs are unobservable.)
We try to discover specific behaviors, usually responses to items on a questionnaire which

a)  correlate highly among themselves and

b)  correlate less with other variables 

c)  seem to be behaviors that represent the constructs of interest

to serve as indicators of dimensions that are not directly observable.

A top down process, beginning with dimensions and ending with items.

Example.  A researcher decides that there are differences in the tendency to present oneself in a good light – to make socially desirable responses – that distort relationships between different personality dimensions.  Items are generated and factor analysis is used to pick those items which make up a social desirability scale.
In this view, factors are viewed as generators of items.

Note that both definitions involve two major concepts:

1.  A number of observed variables.

2.  A smaller collection of unobserved, factors/latent variables.

 The mathematics of factor analysis.

Suppose we have four observed variables, Y1, Y2, Y3, and Y4 and eight unobserved factors.
Factor analysis begins with a way of conceptualizing observed scores as being composed of two components.

1) scores on factors which influence many variables and are called common factors because they’re common to many variables, and 
2) scores on a unique factors, unique to a particular variable.

Suppose there are four common factors each influencing all variables and four unique factors.  A typical way of expressing the relationship of the variables (Ys) to the factors (Fs and Us).
Y1 = A11F1 + A12F2 + A13F3 + A14F4 + U1
Y2 = A21F1 + A22F2 + A23F3 + A24F4 + U2
Y3 = A31F1 + A32F2 + A33F3 + A34F4 + U3
Y4 = A41F1 + A42F2 + A43F3 + A44F4 + U4
Note that F1, F2, F3, and F4 influence all variables, are common to all variables.  But U1 influences only Y1, U2 is unique to Y2, etc.

Λ:  Greek lambda is also often used to symbolize loadings.
I’ll use A here because it’s much easier to type.

A32, for example, tells us how much Y3 loads on F2.  Loads on is synonymous with “is influenced by”.  Note that this means that factors influence observed variables and not vice versa.  Note also that we say that observed variables load on factors.
In general we say that observed variables load on/are influenced by factors.  That is, observed variables are indicators of factors.
The U values are typically treated as unobservable random effects on the Ys, so-called errors of measurement.

If four factors are needed to express the values of four variables, then nothing has been gained.  Recall we’re trying for few factors.
But what if we discover that
F1 influences only Y1 and Y2 and

F2 influences only Y3 and Y4.

And F3 and F4 have no effect on any Y?
This means that values of 4 variables – Y1 thru Y4 are determined by only two underlying sources – F1 and F2.


Y1 = A11F1


 + U1
Y2 = A21F1


 + U2
Y3 = 

 A32F2 
+ U3
Y4 = 

 A42F2 
+ U4
Now we have more parsimony, because the values of 4 variables are being expressed in terms of only 2 common factors.  That is, values on only two factors can create the values of 4 variables.
Note that Y1 and Y2 are not identical, because each is partly comprised of a component unique to it.  Y1’s unique component is U1, Y2’s is U2.

From the above we would expect Y1 and Y2 to be more highly correlated with each other than with either Y3 or Y4 because Y1 and Y2 are both influenced by F1.  Similarly’ we’d expect Y3 and Y4 to be more highly correlated with each other than with either Y1 or Y2.

Going further, if F1 and F2 were independent of each other, i.e., uncorrelated, then we’d expect Y1 to be uncorrelated with Y3 and Y4 and Y2 to also be uncorrelated with Y3 and Y4 and vice versa.

What can we compute?

Since the F’s are not observable, we can’t actually create Ys in terms of F’s.
What we can also compute are the correlations that would be expected to be observed between the Ys on the assumption that the Ys are represented as above.  These correlations are called reproduced correlations  The matrix of such correlations is called the reproduced r matrix.  It is the matrix of correlations we would expect between the Ys if the Ys were equal to the above functions of the factors.
In fact we use the differences between the reproduced correlations and the observed correlations to estimate the A coefficients:  Values of the A coefficients that minimize the difference between observed and reproduced correlations are those that computer programs print as the estimates of the A coefficients.
Evidence for the truth of the above equations (Equations 1 – 4) is the existence of only small differences between the observed correlations and the reproduced correlations.  These differences are summarized in a chi-square statistic that is the fundamental measure of how good a factor model fits the data to which it has been applied.
The steps . . .

1.  Observed correlations between all Ys are computed.

2.  Reproduced correlations are created based on the assumptions of the factor analysis model.

3.  The reproduced correlations are subtracted from the observed correlations to form residual correlations.

.4  The values of Aij which yield the smallest residual correlations are the solution to the factor analytic problem.

Of course, the devil is in the details, and the actual computer programs that perform the above steps are quite complicated and have taken years to be developed. 
Digression on generation of data here

Used in Fall 09,10
input program.

loop #i=1 to 200.

compute id = $casenum.

end case.

end loop.

end file.

end input program.

execute.

print formats id (f3.0).

set seed = 577957.

** Repeat the following with loadings of .3, .5, and .7.

** Present how the estimated loadings and correlations

** depend on the loadings used to generate the data.

*** God Sim.
compute f1 = rv.normal(0,1).

compute f2 = rv.normal(0,1).

compute u1 = rv.normal(0,1).

compute u2 = rv.normal(0,1).

compute u3 = rv.normal(0,1).

compute u4 = rv.normal(0,1).

compute y1 = .7*f1 + sqrt(1-.7**2)*u1.

compute y2 = .7*f1 + sqrt(1-.7**2)*u2.

compute y3 = .7*f2 + sqrt(1-.7**2)*u3.

compute y4 = .7*f2 + sqrt(1-.7**2)*u4.

execute.

** Man Sim.

FACTOR 

  /VARIABLES y1 y2 y3 y4 

  /MISSING LISTWISE 

  /ANALYSIS y1 y2 y3 y4 

  /PRINT INITIAL EXTRACTION ROTATION 

  /CRITERIA MINEIGEN(1) ITERATE(25) 

  /EXTRACTION PC 

  /CRITERIA ITERATE(25) 

  /ROTATION VARIMAX 

  /METHOD=CORRELATION.

Concepts Important for Factor Analysis

Variance
More than you ever wanted to know about variance.
Variance of a single variable

Suppose N = 4.

Variance = Σ(X-M)2/N – a formula based on the differences between the scores and the mean.
Pictorially





The above representation of the variance expresses it in terms of differences between scores and the mean.

New information
The variance of a set of scores can also be expressed in terms of the differences between all possible pairs of scores
For N = 4,

(A-B)2
(A-C)2
(A-D)2

(B-C)2
(B-D)2



(C-D)2




It can be shown that 

Σ(Σ(Xi – Xj)2

--------------- 
is also the variance


(n*(n-1)/2
So, the variance of a set of scores is essentially the average of the squared differences between all possible pairs of scores.

Variance of paired values – Variance of a scatterplot.

Suppose we have N pairs of scores on two variables.

Total Variance:  The average of squared distances between all nonredundant pairs of points.









Using the Pythagorean theorem, it can be shown that each squared distance can be expressed as the sum of squared differences in the two axis dimensions.





(Recall H2 = X2 + Y2.)    H = square root of (X2 + Y2).   5 = square root of (32 + 42)
So, squared diagonal difference between A and B = Squared horizontal difference + squared vertical difference.

That is, total variance = sum of individual variable variances = sum of X variance + sum of Y variance.

Standardized Total Variance

If variables are standardized (Z-scores), so Variance along each dimension = 1, then

Standardized Total variance = sum of standardized individual variances = no. of variables.

Concentration of Variance along a line


Contrast the two figures above.

Each has the same total variance – 2 if the variables are standardized.

But the left hand figure has that variance concentrated along a line.  That line is called a principle component in one literature and a factor in the factor analysis literature.

Note that if we just look at differences along that line, we can “account” for most of the differences between points.

This is a way of thinking about factor analysis – to see if there are “lines” such that variation along those lines can account for most of the variation between points representing scores on different variables.  Each such line is a factor.
The amount of variation along a line divided by the total variation of the points is a measure of the extent to which that line accounts for variation among the points.  

If most of the variation between points is concentrated along a line, then the percentage along that line will be high.

Analogous to R2, except that when there are multiple factors, there will be multiple lines of concentration, so you’ll have an R2 for each line.
Obviously, these ideas can be extended to multiple variables, in 3 or 4 or more dimensions. (beyond  my drawing ability).

Eigenvalues.

Eigenvalue:  A quantity that is the result of the solution of a set of equations that arise as part of the factor analytic procedure.

Also called the characteristic root of the equation solved as part of the factor analysis.

There will be as many eigenvalues in a factor analysis as there are variables.

Each eigenvalue is associated with a single factor in factor analysis.

The size of the eigenvalue corresponds to the amount of variance along the line represented by the factor.

The ratio of the value of the eigenvalue to the number of variables happens to equal the percentage of variance along the line corresponding to that factor.

So eigenvalues and percentage of variance give the same information in different forms.

Factor loadings

Recall . . .
Yi = Ai1 F1 + Ai2F2.

Yi is the ith variable. 
(Remember that Yi is a collection of values.)
Ai1 is the loading of Yi on Factor 1.

F1 is Factor 1 – different people have different values of F1.
F2 is Factor 2 – different people have different values of F2.

The weights, Aij, are standardized partial regression coefficients.

If F’s are uncorrelated, then A’s are just correlations of Y with F.

Again, if F’s are uncorrelated, then squares of A’s are % of variance of Y accounted for by F.
So, in general, the As tell how much the factors influence the variables.  Large loadings (As) indicate large influence.  Loadings near 0 indicate that a variable is not related to a factor.
Loading Plots

A loading plot is a plot of loadings of each variable on axes representing factors.

For example, suppose we had the following solution

	Variable
	Ai1:  Loadings on F1
	Ai2:  Loadings on F2

	Y1
	.88
	.37

	Y2
	.94
	.24

	Y3
	.29
	.87

	Y4
	.28
	.88


That is 

Y1 = .88*F1 + .37*F2 + U1.

Y2 = .94*F1 + .24*F2 + U2.

Y3 = .29*F1 + .87*F2 + U3.

Y4 = .28*F2 + .88*F2 + U4.

The loading plot would look like the following . . .


When factors are uncorrelated, loading plots can show

1) Correlations with factors and with other variables
2) Clusters of variables

3) Sense of # of factors

Correlation from a loading plot.  Draw a line from origin to each variable.









If the angle between two variables is 90 degrees, then the two variables are uncorrelated, r = 0 because Cosine(90°) = 0.
 
If the angle is 0° the two variables are highly positively correlated.

If the angle is 180° the two variables are highly negatively correlated.

So the following loading plot suggests two clusters – Y1 and Y2 in one, Y3 and Y4 in the other.  It also suggests that the two clusters are essentially although not completely uncorrelated with each other.  This is the loading plot of two essentially orthogonal factors.





Rotation
In exploratory factor analysis, the loadings can be rotated about the origin of the factors without affecting the reproduced correlations.   So, the following loadings

yield the same reproduced correlation matrix as these

Since both solutions (and an infinite number more) yield the same “fit”, the choice of solution – the specific values of the loadings -  is at the discretion of the analyst.  

Most analysts choose a solution in which the points representing loading points are as close to the axes as possible.  This type of solution is called “simple structure”.

Communalities

Communality of a variable: Percent of variance of that variable related to the common factors, the Fs.  If Fs are thought of as predictors, it’s the R-squared of Ys predicted from Fs.

If Fs are uncorrelated, communality is sum of squared loadings.

A variable with small communality isn’t predictable by the set of Fs.  Probably is its own factor.

A variable with large communality is highly predictable from the set of Fs.

 SPSS Factor Analysis Example 1
A clear-cut orthogonal two-factor solution

The correlation matrix


Y1
Y2
Y3
Y4

Y1
1.000
 .607
-.130
-.240


Y2
 
1.000
-.116
-.167

Y3
 

1.000
0.588

Y4



1.000
comment data from PCAN chapter in QSTAT manual.

matrix data variables = y1 y2 y3 y4

 /format=free upper diag /n=50

 /contents = corr.

begin data.

1.000
.607
-.130
-.240



1.000
-.116
-.167




1.000
 .588





1.000

end data.

factor /matrix = in(cor=*)

 /print = default correlation

 /plot=eigen rotation(1,2)

 /rotation=varimax.
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Eigenvalues are quantities which are computed as part of the factor analysis algorithm.   Each eigenvalue represents the amount of standardized variance in all the variables which is related to a factor. 

 100 * eigenvalue / No. of variables is the percent of variance of all the variables related to a factor.

The Scree plot is simply a plot of eigenvalues vs. Factor number.
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An ideal scree plot is a horizontal line, a vertical line, then a diagonal line.

Two factor retention rules:

1)  Retain all factors with eigenvalues >= 1.

2)  Retain all factors “above” the scree in the scree test – two in this example.

Unrotated loadings
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Unrotated loadings are computed so that the first factor accounts for the greatest percentage of variance. 
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Rotated loadings
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Most analysts identify (e.g., name) the factors after rotation.  A factor is named for the variables that have the highest loadings on it.  In the above case, we’d look at the names of variables Y1 and Y2 and give the first factor a name that “combined” the essence of the two.  We’d do the same for factor 2, naming it after variables Y3 and Y4.
Terri Rieth’s Dissertation Data

Organization Effectiveness and Authority Boundaries

The data factor analyzed here are from Terri Reith’s dissertation data.  Terri was interested in the general concept of authority boundaries – the separation of levels of authority in organizations.  She wanted to know whether or not the characteristics of authority boundaries within organizations were related to the effectiveness of the organizations.  She created a questionnaire measuring Clarity, Permeability, and Firmness of Authority boundaries and also perceived Effectiveness of the organization.  Her intent was to regress effectiveness onto the authority boundary measures to determine the extent to which these measures accounted for effectiveness.  In addition to the perceived effectiveness measures, she also measured turnover and number of patient visits per employee as objective measures of effectiveness.

Below is the factor analysis of her data.  Technical note:  Her data were employees from 89 physical therapy clinics.  Since her hypotheses were about between-clinic differences in effectiveness, the factor analysis was on the within-clinic relationships between the variables.  That way, the factor analysis wouldn’t be tainted by the between-clinic relationships she was trying to examine.

She hoped to discover 3 authority boundary factors and one effectiveness factor from this analysis.
SAVE OUTFILE='E:\MdbR\Rieth\WithinGroupsrs.sav'

  /COMPRESSED.

factor

 /matrix = in(cor=*)

 /method = correlation

 /analysis = cq1 to eq23

 /print = default

 /plot=eigen

 /diagonal=default

 /criteria = factors(5)

 /extraction = ml

 /rotation = varimax.

Factor Analysis – Orthogonal Factors solution
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C items:  Clarity of authority boundaries

P:  Permeability of authority boundaries

F:  Firmness of authority boundaries

E:  Perceived Effectiveness of the organization./
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Extraction Method: Maximum Likelihood.  

Rotation Method: Varimax with Kaiser Normalization.

Rotation converged in 7 iterations.
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Rieth Dissertation Factor Analysis – 
Oblique Solution (allowing factors to be correlated)  Start here on 10/26.
factor

 /matrix = in(cor=*)

 /method = correlation

 /analysis = cq1 to eq23

 /print = default

 /plot=eigen

 /diagonal=default

 /criteria = factors(5)

 /extraction = ml

 /rotation = oblimin(0).

All of the output up to the Goodness-of-fit is the same as the orthogonal rotation solution.
 - - - - - - - - - - -   F A C T O R   A N A L Y S I S   - - - - - - - - - - -

More on goodness-of-fit later on.
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Extraction Method: Maximum Likelihood.  

Rotation Method: Oblimin with Kaiser Normalization.

Rotation converged in 7 iterations.
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Rotation Method: Oblimin with Kaiser Normalization.


[image: image19.wmf]Factor Correlation Matrix

1.000

.292

-.488

.449

.519

.292

1.000

-.261

.555

.315

-.488

-.261

1.000

-.404

-.373

.449

.555

-.404

1.000

.442

.519

.315

-.373

.442

1.000

Factor

1

2

3

4

5

1

2

3

4

5

Extraction Method: Maximum Likelihood.  

Rotation Method: Oblimin with Kaiser Normalization.


How do we use the results?
1.  Most common use

To create scales by summing the responses to items with highest loadings on a factor.

This is a crude way of creating factor scores.
Exploratory Factor Analysis of a Big Five sample
Data are from Lyndsey Wrensen’s 2005 SIOP paper

Data are responses to 50 IPIP Big Five items under instructions to respond honestly.

GET FILE='G:\MdbR\Wrensen\WrensenDataFiles\WrensenMVsImputed070114.sav'.

factor variables =

        he1 he2r he3 he4r he5 he6r he7 he8r he9 he10r

        ha1r ha2 ha3r ha4 ha5r ha6 ha7r ha8 ha9 ha10

        hc1, hc2r, hc3, hc4r, hc5, hc6r, hc7, hc8r, hc9, hc10

        hs1r, hs2, hs3r, hs4, hs5r, hs6r, hs7r, hs8r, hs9r, hs10r

        ho1, ho2r, ho3, ho4r, ho5, ho6r, ho7, ho8, ho9, ho10

/print = default

/plot=eigen

/extraction=ML

/rotation=varimax.

Factor Analysis

[DataSet3] G:\MdbR\Wrensen\WrensenDataFiles\WrensenMVsImputed070114.sav
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Extraction Method: Maximum Likelihood.

One or more communalitiy estimates greater than 1

were encountered during iterations. The resulting

solution should be interpreted with caution.
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Whew!!  The eigenvalues >= 1 rule says to retain 14 (FOURTEEN) factors.
[image: image22.png]Eigenvalue

Scree Plot

Factor Number





Inspection of the scree plot suggests retaining 5 factors.
As mentioned above, the unusually large 1st eigenvalue suggests the presence of an overall factor, perhaps common to all items.  I’ve spent the last 5-6 years studying that factor.
Going with the 14 factor model.
The unrotated factor matrix

[image: image23.wmf]Factor Matrix
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Extraction Method: Maximum Likelihood.

14 factors extracted. 20 iterations required.
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Extraction Method: Maximum Likelihood. 

Rotation Method: Varimax with Kaiser Normalization.

Rotation converged in 19 iterations.

a. 
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Extraction Method: Maximum Likelihood.  

Rotation Method: Varimax with Kaiser Normalization.


Restricting the model to 5 factors
	Rotated Factor Matrixa

	
	Factor

	
	1
	2
	3
	4
	5

	he1
	.612
	-.108
	-.177
	-.113
	.064

	he2r
	.703
	-.056
	.057
	.008
	-.023

	he3
	.534
	.117
	.108
	-.007
	.263

	he4r
	.745
	.095
	-.089
	.051
	-.034

	he5
	.643
	-.013
	.277
	.079
	.108

	he6r
	.579
	.118
	.223
	.161
	.225

	he7
	.676
	-.081
	.207
	-.015
	.092

	he8r
	.454
	-.056
	-.107
	-.141
	-.023

	he9
	.605
	-.088
	-.090
	-.141
	.125

	he10r
	.599
	.226
	.025
	.090
	.082

	ha1r
	.026
	.049
	.332
	.036
	.021

	ha2
	.322
	.003
	.500
	.033
	.083

	ha3r
	-.254
	.087
	.374
	.328
	-.085

	ha4
	-.025
	-.061
	.782
	-.005
	-.037

	ha5r
	.003
	-.011
	.544
	.086
	.010

	ha6
	-.100
	-.048
	.663
	-.056
	.074

	ha7r
	.280
	.025
	.656
	.083
	.128

	ha8
	-.097
	-.049
	.527
	.017
	.277

	ha9
	-.005
	-.221
	.656
	.078
	.099

	ha10
	.286
	-.034
	.393
	.049
	.171

	hc1
	-.028
	-.011
	-.113
	.506
	.053

	hc2r
	-.124
	.091
	-.179
	.714
	-.006

	hc3
	-.058
	.137
	.095
	.417
	.374

	hc4r
	.041
	.232
	.072
	.605
	.060

	hc5
	-.036
	.003
	.130
	.644
	.057

	hc6r
	.015
	.157
	-.008
	.709
	.050

	hc7
	.011
	.003
	.353
	.537
	.016

	hc8r
	.073
	.233
	.091
	.265
	.210

	hc9
	.157
	-.083
	.256
	.576
	-.087

	hc10
	-.069
	.058
	.119
	.318
	.366

	hs1r
	-.005
	.585
	-.052
	.018
	.227

	hs2
	.089
	.482
	-.083
	.029
	.223

	hs3r
	.052
	.461
	-.216
	-.150
	.072

	hs4
	-.040
	.416
	-.015
	-.023
	-.053

	hs5r
	-.075
	.554
	.014
	.089
	.203

	hs6r
	-.023
	.601
	-.147
	.043
	.028

	hs7r
	-.085
	.811
	.086
	.133
	.004

	hs8r
	-.098
	.787
	.035
	.157
	.026

	hs9r
	.038
	.666
	.031
	.117
	.113

	hs10r
	.218
	.545
	.104
	.141
	.020

	ho1
	.107
	.185
	.051
	-.134
	.388

	ho2r
	-.009
	.308
	-.194
	.061
	.473

	ho3
	.150
	-.045
	.078
	.002
	.547

	ho4r
	.106
	.124
	.018
	-.036
	.462

	ho5
	.122
	.018
	.217
	.120
	.537

	ho6r
	.151
	.080
	.223
	.054
	.556

	ho7
	-.026
	.062
	-.035
	.078
	.446

	ho8
	.129
	.085
	-.123
	-.193
	.377

	ho9
	-.148
	-.034
	.267
	.169
	.434

	ho10
	.195
	.077
	.157
	.123
	.752


Using the Scree test – From Bowler, M. C., Bowler, J. L., & Phillips, B. C. (2009).  The Big-5+-2?  The impact of cognitive complexity on the factor structure of the five-factor model.  Personality and Individual Differences, 47, 979-984.
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Fig. 1. Scree plot for entire sample (N = 718).
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Fig. 2b. Scree plot for low cognitive complexity subsample (n = 179).
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Fig. 2c. Scree plot for high cognitive complexity subsample (n =177).





Methods for determining the number of factors . . .
1.  Eigenvalues >= 1 rule.

2.  Scree test.

3.  Parallel Analysis.  O’Connor (2000).

O'Connor, B. P. (2000). SPSS and SAS programs for determining the number of components using parallel analysis and Velicer's MAP test. Behavior Research Methods, Instrumentation, and Computers, 32, 396-402.
4.  R2-test.  Nelson (2005).  Reference in

Bowler, M. C., Bowler, J. L., & Phillips, B. C. (2009).  The Big-5+-2?  The impact of cognitive complexity on the factor structure of the five-factor model.  Personality and Individual Differences, 47, 979-984.
Equation 1


Equation 2





Equation 3


Equation 4





These simply prepare the Data Editor for 200 cases of data.





These create values of the common factors, f1 and f2, and values of the unique factors, u1, u2, u3, u4.





These create the observed variable values from the just-created factor values.
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Correlation of Y1 with Y4 =


r14 ~~ V1*V4*Cosine(Angle)
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Don’t worry about the syntax.





A communality is the proportion of variance in a variable which is related to all the factors.  It’s analogous to R2, if the factors are considered as predictors.





A variable with small communality is a “relationship outlier” unrelated to any of the other variables.





Initial:  As many factors as there are variables.





Water





Cliff





Bluff





Scree





Loadings are analogous to standardized partial regression coefficients.





A loading represents the amount of change in Y for a unit-increase in F among persons equal on the other F’s.





The dashed lines were added by me to show the rotated loading plot on the same graph as the plot of unrotated loadings.





Factors can be “rotated” or transformed without loss of generality.  A rotation is a systematic change in the loadings such that the points representing variables move in a circle about the origin of the loading plot.





It is common to “rotate” the loadings until the loading pattern has a pattern called simple structure.





Simple structure:  Loadings are as close to 0 or 1 as possible, with each variable having high loadings on only 1 factor.





Perfect simple structure means that each variable loads on only one factor.





C items:  Clarity of authority boundaries





P:  Permeability of authority boundaries





F:  Firmness of authority boundaries





E:  Perceived Effectiveness of the organization./





Indicates 5 factors





The predominance of the 1st factor suggests to me that all the responses were influenced by a single, common-method factor.


More on that later in the course.





Indicates 5 factors





Unrotated matrix.


Pay no attention to it.





Anomalies





The effectiveness items split into two groups.





The factor transformation matrix is a matrix of values that were involved in the rotation of the matrix of loadings.





The pattern matrix is the matrix of standardized factor loadings.  Use these to define factors.  Each loading is the partial correlation of a variable with a factor – the correlation of the variable with the factor holding the other factors constant.





Loadings here are partial regression coefficients.  Each loading controls for all other factors.





CQ4 is now “on board” with the other CQ items, if only barely.








PQ11 is still an anomaly – influenced more by F5 than by F3..





The effectiveness items still form two factors.  The correlation of these two factors is .555 (see below).





Terri ended up analyzing them separately – as Perceived Cost effectiveness and Perceived Quality effectiveness.





The structure matrix contains simple correlations of items with factors.  





It is less often interpreted.





Intercorrelations of factors.





Note that the two effectiveness factors have the highest correlation.





I believe there is only 1 anomaly.








The authors argued that the number of factors in a common Big-5 questionnaire might depend on the cognitive complexity of the respondents.  





They gave a Big-5 test (Goldberg’s 100 Unipolar Big Five Markers) to 700+ respondents.





They also gave the Computer-Administered Rep Test (CART), a questionnaire that yields a measure of cognitive complexity of the respondents.








The authors used the Scree test and the R2-test suggested by Nelson (2005) to determine number of factors.





The data suggest 5 factors for the whole sample, 3 factors for the quarter of the sample lowest in CC and 7 factors for the quarter highest in CC.
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