Principal Components Factor Analysis in the Literature
This problem is taken from the research article:
Charles P. Flynn and Suzanne R. Kunkel, "Deprivation, Compensation, and Conceptions of
an Afterlife." Sociological Analysis, Spring 1987, Volume 48, No. 1, pages 58-72.
The data set for this analysis is: ConceptionsOfAfterlife.Sav.

Stage 1: Define the Research Problem
The purpose of this article is to investigate the Stark-Bainbridge model of religion as compensation. This
theory posits that religious belief and commitments provide supernatural compensation for various kinds
of rewards, which for a variety of reasons are unavailable or unobtainable by secular means.
The 1983 General Social Survey included questions pertaining not only to whether or not one believes in
an afterlife, but, if so, the kind of conceptions respondents hold of life after death. These conceptions
were factor analyzed as an initial examination of the hypothesis that some afterlife conceptions are more
compensatory and/or rewarding than others.
From the GSS web site, I obtained the text and instructions for one of the questions:
108. Do you believe there is a life after death?
IF YES OR UNDECIDED TO Q. 108:
A. Of course, no one knows exactly what life after death would be like, but here are some ideas people
have had. HAND CARD S) How likely do you feel each possibility is? Would you say very likely,
somewhat likely, not too likely, or not likely at all? (CIRCLE ONE NUMBER BESIDE EACH IDEA)
HAND CARD S
1. A life of peace and tranquility.
In all, respondents were asked about ten concepts of an afterlife, which were recorded in the following
variables:
1. POSTLF1 -- Life of peace and tranquility
2. POSTLF2 -- Life of intense action
3. POSTLF3 -- Like here on earth only better
4. POSTLF4 -- Life without many earthly joys
5. POSTLF5 -- Pale or shadowy form of life
6. POSTLF6 -- A spiritual life involving mind, not body
7. POSTLF7 -- Paradise of pleasures and delight
8. POSTLF8 -- Place of loving intellectual communion
9. POSTLF9 -- Union with God
10. POSTLF10 -- Reunion with loved ones
The response set for each of these questions included: 1 = 'Very likely', 2 = 'Somewhat likely', 3 = 'Not
too likely', 4 = 'Not likely at all', 8 = 'Don't know', and 9 = 'No answer'. The responses 'Don't know' and
'No answer' were re-coded as missing data.

Since the authors do not state any opinion about what the factor structure for these variables might be,
we will presume that their motivation was data reduction, and conduct a principal component analysis.

Stage 2: Designing a Factor Analysis
In this stage, we address issues of sample size and measurement issues. Since missing data has an
impact on sample size, we will analyze patterns of missing data in this stage.
Sample size issues
Since we do have missing data in this data set, we will analyze the patterns of missing data to determine
what our effective sample size will be for the analysis
Missing Data Analysis
The purpose of the missing data analysis is to determine if there is a pattern to the missing data that
would affect the analysis. Since factor analysis is based on correlations between variables, there is a
shortcut that we can employ to examine the impact of missing data on the correlations. SPSS can
compute a correlation matrix with either listwise deletion of cases or pairwise deletion of cases. If the
pattern of correlations is the same for both matrices, then the missing data is not impacting the analysis
and we can use the listwise deletion of data in the analysis.

Request a Correlation Matrix
First, select the 'Correlate |
Bivariate...' command from the
Analyze menu.

Second, highlight the
variablesPOSTLF1 'Life of peace and
tranquility', POSTLF2 'Life of intense
action', POSTLF3 'Like here on earth
only better', POSTLF4 'Life without
many earthly joys', POSTLF5 'Pale or
shadowy form of life', POSTLF6 'A
spiritual life involving mind, not
body', POSTLF7 'Paradise of
pleasures and delight', POSTLF8
'Place of loving intellectual
communion', POSTLF9 'Union with
God', and POSTLF10 'Reunion with
loved ones'. and click on the move
button to add them to the list box for
'Variables:'

Third, click on the
'Options...' button to
specify the missing
data option.

Specifying Pairwise Deletion for Missing Data
First, click on the
'Exclude cases
pairwise' option on the
'Missing Values' panel.

Second, click on the
Continue button to
close the 'Bivariate
Correlations: Options'
dialog.

Third, click
on the 'OK'
button to
compute the
correlation
matrix.

The Correlation Matrix with Pairwise Deletion
When we use pairwise deletion of missing data, the number of subjects in the cells is not the same for all
cells.

Request the Correlation Matrix Again

First, select 'Bivariate Correlations' from
the Dialog Recall drop down menu.

Second, click on the
'Options...' button to
specify the missing
data option.

Specifying Listwise Deletion for Missing Data
First, click on the
'Exclude cases listwise'
option on the 'Missing
Values' panel.

Third, click on
the 'OK' button
to compute the
correlation
matrix.
Second, click on the
Continue button to
close the 'Bivariate
Correlations: Options'
dialog.

The Correlation Matrix with Listwise Deletion
Comparing the two correlation matrices cell by cell, we find that the differences using listwise
correlations are no larger than 0.02. The pattern is essentially the same, so we need not be concerned
about a pattern associated with missing data.

Other Sample Size Issues
Sample size of 100 or more
There are 1101 subjects in the sample who have valid data for all questions and which will be included
in the factor analysis. This requirement is met.
Ratio of subjects to variables should be 5 to 1
There are 1101 subjects and 10 variables in the analysis for a ratio of 110 to 1. This requirement is met.
Variable selection and measurement issues
Dummy code non-metric variables
All variables in the analysis are scale variables that are treated as metric, so no dummy coding is
required.
Parsimonious variable selection
Ten variables are used to measure different concepts of an afterlife. There do not appear to be any
extraneous variables.

Stage 3: Assumptions of Factor Analysis
In this stage, we do the tests necessary to meet the assumptions of the statistical analysis. For factor
analysis, we will examine the suitability of the data for a factor analysis.

Metric or dummy-coded variables
All variables in this analysis are metric.
Departure from normality, homoscedasticity, and linearity diminish correlations
This is usually not tested since violations reduce correlations which means that non-normal variables
may not load on a factor or component.
Multivariate Normality required if a statistical criteria for factor loadings is used
We will use the criteria of 0.40 for identifying substantial loadings on factors, rather than a statistical
probability, so this criteria is not binding on this analysis.
Homogeneity of sample
There is nothing in the problem to indicate that subgroups within the sample have different patterns of
scores on the variables included in the analysis. In the absence of evidence to the contrary, we will
assume that this assumption is met.
Use of Factor Analysis is Justified
The determination that the use of factor analysis is justifiable is obtained from the statistical output that
SPSS provides in the request for a factor analysis.

Requesting a Principal Components Factor Analysis

Click on the 'Data
Reduction | Factor...'
command in the
Analyze menu.

Specify the Variables to Include in the Analysis

First, highlight the variables:POSTLF1 'Life of peace and tranquility',
POSTLF2 'Life of intense action', POSTLF3 'Like here on earth only
better', POSTLF4 'Life without many earthly joys', POSTLF5 'Pale or
shadowy form of life', POSTLF6 'A spiritual life involving mind, not
body', POSTLF7 'Paradise of pleasures and delight', POSTLF8 'Place of
loving intellectual communion', POSTLF9 'Union with God', and
POSTLF10 'Reunion with loved ones'.

Second, click on the
move arrow to move
the highlighted
variables to the
'Variables:' list.

Specify the Descriptive Statistics to include in the Output
Second, mark the checkbox for 'Initial
solution' in the 'Statistics' panel. Clear all
other checkboxes.
First, click on the
'Descriptives...'
button.

Fourth, click on the
'Continue' button to
complete the 'Factor
Analysis: Descriptives'
dialog box.

Third, mark the checkboxes for 'Coefficients',
'KMO and Bartlett's test of sphericity', and
'Anti-image' on the 'Correlation Matrix' panel.
Clear all other checkboxes.

Specify the Extraction Method and Number of Factors
Second, select 'Principal
components' from the
'Method' drop down menu.

Third, mark the
'Correlation matrix'
option in the 'Analyze'
panel.

First, click on the
'Extraction...'
button.

Sixth, click on
the 'Continue'
button to
complete the
dialog box.

Fourth, mark the
checkboxes for 'Unrotated
factor solution' and 'Scree
plot' on the 'Display' panel.

Fifth, accept the default values of 'Eigenvalues
over: 1' on the Extract panel and the
'Maximum Iterations for convergence: 25'.

Specify the Rotation Method

First, click on
the 'Rotation...'
button.

Second, mark the 'Varimax'
option on the 'Method' panel.

Fourth, click on the
'Continue' button to
complete the dialog
box.

Third, mark the checkbox
for 'Rotated solution' on the
'Display' panel. Clear all
other checkboxes.

Complete the Factor Analysis Request
Click on the OK button
to complete the factor
analysis request.

Count the Number of Correlations Greater than 0.30
Nine of the 21 correlations in the matrix are larger than 0.30. We meet this criteria for the suitability of
the data for factor analysis.

Measures of Appropriateness of Factor Analysis
Interpretive adjectives for the Kaiser-Meyer-Olkin Measure of Sampling Adequacy are: in the 0.90 as
marvelous, in the 0.80's as meritorious, in the 0.70's as middling, in the 0.60's as mediocre, in the 0.50's
as miserable, and below 0.50 as unacceptable. The value of the KMO Measure of Sampling Adequacy
for this set of variables is .746, which would be labeled as 'middling'. Since the KMO Measure of
Sampling Adequacy meets the minimum criteria, we do not have a problem that requires us to examine
the Anti-Image Correlation Matrix.
Bartlett's test of sphericity tests the hypothesis that the correlation matrix is an identify matrix; i.e. all
diagonal elements are 1 and all off-diagonal elements are 0, implying that all of the variables are
uncorrelated. If the Sig value for this test is less than our alpha level, we reject the null hypothesis that
the population matrix is an identity matrix. The Sig. value for this analysis leads us to reject the null
hypothesis and conclude that there are correlations in the data set that are appropriate for factor analysis.
This analysis meets this requirement.

Stage 4: Deriving Factors and Assessing Overall Fit
In the stage, several criteria are examined to determine the number of factors that represent the data. If
the analysis is designed to identify a factor structure that was obtained in or suggested by previous
research, we are employing an a priori criterion, i.e. we specify a specific number of factors. The three
other criteria are obtained in the data analysis: the latent root criterion, the percentage of variance
criterion, and the Scree test criterion. A final criterion influencing the number of factors is actually
deferred to the next stage, the interpretability criterion. The derived factor structure must make
plausible sense in terms of our research; if it does not we should seek a factor solution with a different
number of components.
It is generally recommended that each strategy be used in determining the number of factors in the data
set. It may be that multiple criteria suggest the same solution. If different criteria suggest different
conclusions, we might want to compare the parameters of our problem, i.e. sample size, correlations,
and communalities to determine which criterion should be given greater weight.
The Latent Root Criterion
One of the most commonly used criteria for determining the number of factors or components to include
is the latent root criterion, also known as the eigenvalue-one criterion or the Kaiser criterion. With this
approach, you retain and interpret any component that has an eigenvalue greater than 1.0.

The rationale for this criterion is straightforward. Each observed variable contributes one unit of
variance to the total variance in the data set (the 1.0 on the diagonal of the correlation matrix). Any
component that displays an eigenvalue greater than 1.0 is accounting for a greater amount of variance
than was contributed by one variable. Such a component is therefore accounting for a meaningful
amount of variance and is worthy of being retained. On the other hand, a component with an eigenvalue
less than 1.0 is accounting for less variance than had been contributed by one variable.
The latent root criterion has been shown to produce the correct number of components when the number
of variables included in the analysis is small (10 to 15) or moderate (20 to 30) and the communalities are
high (greater than 0.70). Low communalities are those below 0.40 (Stevens, page 366).
Proportion of Variance Accounted For
Another criterion in determining the number of factors to retain involves retaining a component if it
accounts for a specified proportion of variance in the data set, i.e. at least 5% or 10%. Alternatively, one
can retain enough components to explain some cumulative total percent of variance, usually 70% to
80%.
While this strategy has intuitive appeal (our goal is to explain the variance in the data set), there is not
agreement about what percentages are appropriate to use and the strategy is criticized for being
subjective and arbitrary. We will employ 70% as the target total percent of variance.
The Scree Test
With a Scree test, the eigenvalues associated with each component are plotted against their ordinal
numbers (i.e. first eigenvalue, second eigenvalue, etc.). Generally what happens is that the magnitude of
successive eigenvalues drops off sharply (steep descent) and then tends to level off.
The recommendation is to retain all the eigenvalues (and corresponding components) before the first one
on the line where they start to level off. (Hatcher and Stevens both indicate that the number to accept is
the number before the line levels off; Hair, et.al. say that the number of factors is the point where the
line levels off, but also state that this tends to indicate one or two more factors that are indicated by the
latent root criteria.)
The scree test has been shown to be accurate in detecting the correct number of factors with a sample
size greater than 250 and communalities greater than 0.60.
The Interpretability Criteria
Perhaps the most important criterion in solving the number of components problem is the interpretability
criterion: interpreting the substantive meaning of the retained components and verifying that this
interpretation makes sense in terms of what is know about the constructs under investigation.
The interpretability of a component is improved if it is measured by at least three variables, when all of
the variables that load on the component have the same conceptual meaning, when the conceptual
meaning of other components appear to be measuring other constructs, and when the rotated factor
pattern shows simple structure, i.e. each variable loads significantly on only one component.

The Latent Root Criterion

In the latent root criterion, we identify the
number of eigenvalues that are larger
than 1.0. In this table, we have three, so
this criterion supports the presence of
three components or factors.

Percentage of Variance Criterion

In this criterion, we count the number of
components that would be necessary to explain
70% or more of the variance in the original set
of variables. Looking down the column 'Initial
Eigenvalues| Cumulative %', we see that
reaching 70% would require five components.
Since this would require components with
eigenvalues less than 1.0, we may not be able
to satisfy this criterion for this study.

Scree Test Criterion

In my analysis of the scree plot, the
eigenvalues level off beginning with the
fourth eigenvalue. The number of
components to retain corresponds to the
number of eigenvalues before the line
levels off. Therefore, we would retain
three components, which corresponds to
the number determined by the latent
root criterion.

Stage 5: Interpreting the Factors
Two of the criteria for determining the number of components indicate that three components should be
retained. If this number matches the number of components derived by SPSS, we can continue with the
analysis. If this number does not match the number of components that SPSS derived, we need to
request the factor analysis, specifying the number of components that we want SPSS to extract.
Once the extraction of factors has been complete satisfactorily, the resulting factor matrix, which shows
the relationship of the original variables to the factors, is rotated to make it easier to interpret. The axes
are rotated about the origin so that they are located as close to the clusters of related variables as
possible. The orthogonal VARIMAX rotation is the one found most commonly in the literature.
VARIMAX rotation keeps the axes at right angles to each other so that the factors are not correlated
with each other. Oblique rotation permits the factors to be correlated, and is cited as being a more
realistic method of analysis. In the analyses that we do for this class we will specify an orthogonal
rotation.
The first step in this stage is to determine if any variables should be eliminated from the factor solution.
A variable can be eliminated for two reasons. First, if the communality of a variable is low, i.e. less than
0.50, it means that the factors contain less than half of the variance in the original variable, so we might
want to exclude that variable from the factor analysis and use it in its original form in subsequent
analyses. Second, a variable may have loadings below the criteria level on all factors, i.e. it does not
have a strong enough relationship with any factor to be represented by the factor score, so that the
variable’s information is better represented by the original form of the variable.

Since factor analysis is based on a pattern of relationships among variables, elimination of one variable
will change the pattern of all of the others. If we have variables to eliminate, we should eliminate them
one at a time, starting with the variable that has the lowest communality or pattern of factor loadings.
Once we have eliminated variables that do not belong in the factor analysis, we complete the analysis by
naming the factors we obtained. Naming is an important piece of the analysis, because it assures us that
the factor solution is conceptually valid.

Analysis of the Communalities
Once the extraction of factors has been completed, we examine the table of 'Communalities' which tells
us how much of the variance in each of the original variables is explained by the extracted factors.
Higher communalities are desirable. If the communality for a variable is less than 50%, it is a candidate
for exclusion from the analysis because the factor solution contains less that half of the variance in the
original variable, and the explanatory power of that variable might be better represented by the
individual variable.

The table of Communalities for this analysis shows communalities for three variables below 0.50, "Life
without Many Earthly Joys', 'Paradise of Pleasures and Delight', and 'Reunion with Loved Ones.'
Since the author's do not use the factors as either dependent or independent variables in additional
analyses, removal of variables with low communalities is not an issue.

Analysis of the Factor Loadings
When we are satisfied that the factor solution explains sufficient variance for all of the variables in the
analysis, we examine the 'Rotated Factor Matrix ' to see if each variable has a substantial loading on one,
and only one, factor. The size of the loading which is termed substantial is a subject about which there
are a lot of divergent opinions. We will use a time-honored rule of thumb that a substantial loading is
0.40 or higher. Whichever method is employed to define substantial, the process of analyzing factor
loadings is the same.
The methodology for analyzing factor loading is to underline or mark all of the loadings in the rotated
factor matrix that are higher than 0.40. For the rotated factor matrix for this problem, the substantial
loadings are highlighted in green.
Five variable load on the first component 'Life of Peace and Tranquility', 'Paradise Of Pleasures And
Delights', 'Place of Loving Intellectual Communion', 'Union with God', and 'Reunion with Loved Ones'.
The second component includes the following variables: 'Life of Intense Action', 'Like Here on Earth
Only Better', and ‘Paradise Of Pleasures And Delights'. 'Paradise of Pleasures and Delights' is a complex
variable that has a substantial loading on both the first and second component.
The third component includes the following variables: 'Life Without Many Earthly Joys', 'Pale or
Shadowy Form of Life', and 'A Spiritual Life Involving Mind Not Body'.
The only problem with the factor structure is the complex variable 'Paradise of Pleasures and Delights'.
Most materials that I am familiar with would suggest that this variable either be treated as a component
of the variable that it loads highest on, i.e. the first factor, or be omitted from all components. In the
author's view, the loading of this variable on the second factor is almost as large as that on the first
factor, and the concept of the variable is closer to the construct of the second factor.

We examine the pattern of loadings for what is called 'simple structure' which means that each variable
has a substantial loading on one and only one factor.
In this component matrix, each variable does have one substantial loading on a component. If one or
more variables did not have a substantial loading on a factor, we would re-run the factor analysis
excluding those variables one at a time, until we have a solution in which all of the variables in the
analysis load on at least one factor.
In this component matrix, each of the original variables also has a substantial loading on only one factor
except for the one previously addressed. If a variable had a substantial loading on more than one
variable, we refer to that variable as "complex" meaning that it has a relationship to two or more of the
derived factors. There are a variety of prescriptions for handling complex variables. The simple
prescription is to ignore the complexity and treat the variable as belonging to the factor on which it has
the highest loading. A second simple solution to complexity is to eliminate the complex variable from
the factor analysis. I have seen other instances where authors chose to include it as a variable in
multiple factors, or to arbitrarily assign it to a factor for conceptual reasons. Other prescriptions are to

try different methods of factor extraction and rotation to see if a more interpretable solution can be
found.
Naming the Factors
Once we have an interpretable pattern of loadings, we name the factors or components according to their
substantive content or core. The factors should have conceptually distinct names and content. Variables
with higher loadings on a factor should play a more important role in naming the factor.
The first component includes the following variables: 'Life of Peace and Tranquility', 'Place of Loving
Intellectual Communion', 'Union with God', and 'Reunion with Loved Ones'. The authors label this
component "Otherworldly Reward Compensators."
The second component includes the following variables: 'Life of Intense Action', 'Like Here on Earth
Only Better’, and, if we follow the author's interpretation, 'Paradise Of Pleasures And Delights'. The
author labels this component "World-Reward Equivalents."
The third component includes the following variables: ‘Life Without Many Earthly Joys’, ‘Pale or
Shadowy Form of Life’, and ‘A Spiritual Life Involving Mind Not Body.’ The authors label this
component "Non-compensatory Conceptions."

Stage 6: Validation of Factor Analysis
In the validation stage of the factor analysis, we are concerned with the issue generalizability of the
factor model we have derived. We examine two issues: first, is the factor model stable and
generalizable, and second, is the factor solution impacted by outliers.
The only method for examining the generalizability of the factor model in SPSS is a split-half
validation.
To identify outliers, we will employ a strategy proposed in the SPSS manual.
Split Half Validation
As with all multivariate methods, the findings in factor analysis are impacted by sample size. The larger
the sample size, the greater the opportunity to obtain significant findings that are present only in the face
of the large sample. The strategy for examining the stability of the model is to do a split-half validation
to see if the factor structure and the communalities remain the same.

Set the Starting Point for Random Number Generation

Second, click on the
'Set seed to:' option to
access the text box for
the seed number.
First, select the
'Random Number
Seed...' command
from the 'Transform'
menu.

Fourth, click on the
OK button to complete
this action.

Third, type '010199'
in the 'Set seed to:'
text box. (I often
select a random
number seed from the
digits in a date.)

Compute the Variable to Randomly Split the Sample into Two Halves
First, select the 'Compute...'
command from the Transform menu.

Second, create a new
variable named 'split'
that has the values 1
and 0 to divide the
sample into two part.
Type the name 'split'
into the 'Target
Variable:' text box.

Fourth, we click on the
OK button to compute
the split variable.

Third, type the formula
'uniform(1) > 0.50' in the
'Numeric Expression:' text box.
The uniform function will
generate a random number
between 0.0 and 1.0 for each
case. If the generated random
number is greater than 0.50, the
numeric expression will result in
a 1, since the numeric
expression is true. If the
generated random number is
0.50 or less, the numeric
expression will produce a 0,
since its value is false. In many
computer programs, true is
represented by the number 1
and false is represented by a 0.

Compute the Factor Analysis for the First Half of the Sample

Second, highlight the
'split' variable and click
on the move button to
put it into the 'Selection
Variable:' text box.
First, select the 'Data
Reduction | Factor...'
command from the
Analyze menu.

Fourth, type the value 0 into the 'Value for
Selection Variable:' text box to replace the '?'
in the 'split=?' entry in the 'Selection Variable:'
text box with 'split=0'.

Third, click on the
'Value...' button
which was activated
when the split
variable moved to
the 'Selection
Variable:' text box.

Fifth, click on the Continue
button to complete the
value assignment. Click on
the OK button in the Factor
Analysis dialog.

Compute the Factor Analysis for the Second Half of the Sample
Second, click in the 'Selection
Variable:' text box to highlight it.
The 'Value...' button is activated.

First, select the 'Data
Reduction | Factor...'
command from the
Analyze menu.

Fourth, type the value 1 into the 'Value for
Selection Variable:' text box to replace the '0'
in the 'split=0' entry in the 'Selection Variable:'
text box with 'split=1'.

Third, click
on the
'Value...'
button.

Fifth, click on the Continue
button to complete the
value assignment. Click on
the OK button in the Factor
Analysis dialog.

Compare the Two Rotated Factor Matrices
The two rotated factor matrices for each half of the sample produce a similar, but not identical, pattern
of loadings of variables on factors that we obtained for the analysis on the complete sample. In the first
validation analysis, the variable 'A Spiritual Life Involving Mind Not Body' loaded on both the second
and third component. The variable 'Paradise of Pleasures and Delights' clearly loaded on the first
component. In the second validation analysis, the variable 'Paradise of Pleasures and Delights' loaded
complexly on the first and second component, but the loading was higher on the second component,
better mirroring the conclusions of the authors.
Rotated Component Matrixa,b

1
POSTLF1 LIFE OF
PEACE AND
.699
TRANQUILITY
POSTLF2 LIFE OF
4.938E-02
INTENSE ACTION
POSTLF3 LIKE HERE ON
EARTH ONLY BETTER
.150
POSTLF4 LIFE WITHOUT
-3.49E-02
MANY EARTHLY JOYS
POSTLF5 PALE OR
SHADOWY FORM OF
-.129
LIFE
POSTLF6 A SPIRITUAL
LIFE INVOLVING MIND
.210
NOT BODY
POSTLF7 PARADISE OF
PLEASURES AND
.572
DELIGHTS
POSTLF8 PLACE OF
LOVING INTELLECTUAL
.719
COMMUNION
POSTLF9 UNION WITH
.710
GOD
POSTLF10 REUNION
.750
WITH LOVED ONES

Component
2

3

3.960E-02

-.125

.761

-7.55E-03

.654

.241

.290

.666

6.857E-02

.794

-.448

.585

.373

5.162E-02

.218

3.279E-02

-.140

3.282E-02

7.817E-03

-2.31E-02

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.
a. Rotation converged in 5 iterations.
b. Only cases for which SPLIT = 0 are used in the analysis
phase.

Rotated Component Matrixa,b

1
POSTLF1 LIFE OF
PEACE AND
.773
TRANQUILITY
POSTLF2 LIFE OF
6.833E-02
INTENSE ACTION
POSTLF3 LIKE HERE ON
EARTH ONLY BETTER
8.145E-02
POSTLF4 LIFE WITHOUT
1.261E-02
MANY EARTHLY JOYS
POSTLF5 PALE OR
SHADOWY FORM OF
-.203
LIFE
POSTLF6 A SPIRITUAL
LIFE INVOLVING MIND
.311
NOT BODY
POSTLF7 PARADISE OF
PLEASURES AND
.466
DELIGHTS
POSTLF8 PLACE OF
LOVING INTELLECTUAL
.703
COMMUNION
POSTLF9 UNION WITH
.826
GOD
POSTLF10 REUNION
.660
WITH LOVED ONES

Component
2

3

8.523E-02

-2.38E-02

.776

1.150E-02

.741

.113

.185

.644

6.939E-02

.765

-.185

.632

.480

-1.49E-03

.272

3.558E-02

-5.93E-02

7.291E-02

8.644E-02

-2.19E-02

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.
a. Rotation converged in 5 iterations.
b. Only cases for which SPLIT = 1 are used in the analysis
phase.

Compare the Communalities
The communalities for the validation analyses mirror the results for the full sample, some of the
communalities in each analysis fall below the desired criterion of 0.50, though not for the exact same
variables in both analyses.

Identification of Outliers
SPSS proposes a strategy for identifying outliers that is not found in the text (See: SPSS Base 7.5
Applications Guide, pp. 303-304). SPSS computes the factor scores as standard scores with a mean of 0
and a standard deviation of 1. We can examine the factor scores to see if any are above or below the
standard score size associated with extreme cases, i.e. +/-2.5 or +-3.0. For this analysis, we will need to
compute the factor scores which we have not requested to this point. Since the factor scores will add a
column of new variables for each factor, I suggest deferring their request until we are near a final model
so that we do not make the working data set excessively cumbersome.

Removing the Split Variable from the Analysis
Second, we highlight the 'split=1'
selection variable and click on the move
arrow to remove it, so that the factors
scores are computed using the
parameters for the full sample.

First, we re-open the Factor
Analysis dialog box by selecting
the 'Data Reduction | Factor...'
command from the Analyze
menu.

Requesting the Factor Scores
Second, we mark the
'Save as variables'
checkbox in the
'Factor Analysis:
Factor Scores' dialog.

Third, we accept the
default 'Regression'
method for computing
the factor scores.

First, we click on
the 'Scores...'
button in the Factor
Analysis dialog.

Fourth, we click on the
'Continue' button to close the
'Factor Analysis: Factor
Scores' dialog and the OK
button to request the output.

The Factor Scores in the SPSS Data Editor
SPSS adds variables
for the factor scores to
the data set.

Use the Explore Procedure to Locate Factor Score Outliers

First, select the
'Descriptive Statistics |
Explore…' command
from the Analyze menu.

Second, move the FAC1_1
'REGR factor score 1 for
analysis 1', 'FAC2_1 REGR
factor score 2 for analysis
1', and 'FAC3_1 REGR factor
score 3 for analysis 1'
variables compute by the
Factor Analysis to the
'Dependent List:' list box.

Fourth, click on the
'Statistics…' to request
the listing of outliers.

Third, mark
the 'Statistics'
option on the
Display panel.

Specify Outliers as the Desired Statistics
First, we mark the 'Outliers'
check box and clear all other
check boxes.

Second, we click on
the Continue button to
complete our selection
of statistics.

Third, we
click on the
OK button to
produce the
output.

Extreme Values as Outliers
Using a criterion of +/-5.0 (so that we only remove the most extreme outliers), we have three outliers on
the first factor: 976, 214, and 703.

Excluding the Outliers from the Factor Analysis

Second, mark the 'If
condition in satisfied'
option in the 'Select' panel.

First, select the
'Select Cases...'
command from
the Data menu.

Third, click on the
'If...' button to specify
the inclusion
condition.

Specify the Criterion for Selecting Cases

First, we type in the criteria that specifies that
cases will be included if their case number is
not 976, not 214, and not 703.

Second, click on
the Continue button
to complete the
specification.

Re-computing the Factor Model

Second, since we are not changing the
specifications for the Factor Analysis, we click
on the OK button to request that it be recomputed.

First, select the 'Data
Reduction | Factor...'
command from the
Analyze menu.

The Rotated Component Matrix for the Model Excluding Outliers
When we eliminate the three most extreme outliers, the pattern of loadings is not substantially different
from what we obtained with the full data set. We conclude that our solution is not enhanced when we
eliminate outliers, so we conclude the process of eliminating outliers.

Stage 7: Additional Uses of the Factor Analysis Results
Since we are not computing summated scales to use in subsequent analyses, we will not compute the
Chronbach's alpha reliability tests.

Comments about this Analysis
This analysis does demonstrate a pattern of three different components among the 10 measures of
concepts of an afterlife. However, the problems that we identified with low communalities and complex
factor loadings would require that some note of caution be expressed in our conclusions. The evidence
for the specific factors identified by the authors requires additional demonstration.

