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SAS PROC FACTOR:  Suggestions on Use

Background:  Factor analysis requires several arbitrary decisions.  The choices you make
are the options that you must insert in the following SAS statements:

PROC FACTOR METHOD=????  NFACTORS=????  ROTATE=????

Depending on the options you choose here, you may have to select further options.  Here,
we will discuss the choices.

Before we do, there are several very important things to check before performing
a factor analysis:

1. have a clear rationale for selecting the variables that go into the factor analysis.
Do not throw everything in just for the hell of it.

2. make certain that there is a sufficient sample size for the analysis.  Some
specialists recommend as many as 10 subjects per variable.

3. examine the correlation matrix of the variables before you factor it!  Factor
analysis finds latent vectors that explain the correlations among several variables.
If the variables are not correlated to begin with, factor analysis is a useless
procedure.  The correlation matrix should have a substantial number of significant
correlations and those correlations should be relatively large (say, arbitrarily,
above .30).  Factoring a matrix with low correlations or with large correlations
that are not significant will generate garbage.

4. make certain that there are no group differences responsible for the correlations.
For example, if there are mean gender differences on several variables, then
remove these mean differences first before you compute the correlation matrix.
Or better yet, perform separate analyses for each group.

5. if you can, it is a good idea to have a replicate sample for a factor analysis.
Factoring the matrices for males and females separately is often useful and
sometimes necessary.

6. one often does a series of factor analyses for the same set of variables before
finalizing a solution.  Thus, if you have a large number of observations it is a
good idea to save the correlation matrix in a special SAS data set.  Use the
following statements:
 

PROC CORR DATA=<input data set name> OUT=<correlation matrix
data set name>;

VAR <names of the variables you want to factor>;
PROC FACTOR DATA=<correlation matrix data set name>;
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Major Decisions

Method:  The METHOD options determines the method for extracting the factors.
SAS has seven major options.  It is suggested that you use two:
METHOD=PRINCIPAL or METHOD=PRINIT.  The first,
METHOD=PRINICIPAL, is the default method.  It performs a principal components
analysis of the correlations matrix.  The principal components of a correlation matrix
are literally rescaled eigenvectors, so that this method is mathematically exact.
Principal components is often referred to as factoring a correlation matrix with 1.0’s
on the diagonal.  The principal components model tries to explain as much of the
variability in the entire matrix (including the 1.0’s on the diagonal) as possible.  It
does not distinguish the variance that a variable has in common with the factors from
the variance that is unique to a variable.  Principal components is usually preferred by
those who use factor analysis for data reduction.

The second option, METHOD=PRINIT, mean principal components with
iteration.”  It is more often (but not always) used by those who want to explore
structure with factor analysis.  PRINIT performs a common factor analysis.  The
common factor model partitions the variance in a variable into two exclusive parts.
The first part is the proportion of variability that a variable has in common with the
factors; the second part is the proportion of variability that a variable does not have in
common with the factors.  The first part is called the variable’s communality and the
second part is called the variable’s uniqueness.  If one knew that factor scores for
everyone in the sample, then the R2 from a multiple regression of the variable on the
factor scores would equal the communality.  The uniqueness is then 1.0 – R2 or the
standardized variance of the residual.  The common factor model does not factor a
matrix with 1.0’s on the diagonal; instead it factors a matrix with the communalities
on the diagonal.

The difficulty with the common factor model is that the communalities can be
estimated once the factors have been extracted, but the factors cannot be extracted
unless the communalities are known.  To solve this problem, METHOD=PRINIT
uses iteration.  That is, it begins by extracting the principal components from the
correlation matrix with 1.0’s on the diagonal.  It then estimates the communalities and
replaces the 1.0’s with the communalities.  Then the principal components of this new
matrix are extracted and new communality estimates are derived and placed on the
diagonal.  The process of factoring and replacing the communalities continues until
the change in the communalities from on iteration to the next becomes small.  The
factors are then the last set of vectors that have been extracted.  (Sometimes this
process goes a bit haywire and gives communalities greater than 1.0 in which case it
is called a “Heywood” condition.)

Note that the difference between principal components and principal components
with iteration depends only on the diagonal elements of the matrix—all off diagonal
elements are unchanged.  Thus, as the communalities approach 1.0 (say at least .7 or
.8), the two methods will give similar factors.  Also, with m variables there are m2

total elements to the matrix and m diagonal elements.  The percentage of diagonal
elements is simply 1/m, so that the number of variables increases, the less the



Psychology 7291, Multivariate Analysis, Spring 2003 SAS PROC FACTOR

diagonals contribute to the total information about a correlation matrix.
Consequently, the two often give very similar pictures with a large number of
variables.  A third condition when the two seldom differ is when the significant
correlations in the matrix are all fairly large.  This tends to give large communalities
and we have seen that the two methods do not differ much as the communalities
approach 1.0.

The other METHOD options is SAS can be useful as one gains more familiarity
with factor analysis.  METHOD=ULS and METHOD=ML use least-squares and
maximum likelihood criteria for estimating the factor loadings for the common factor
model.  (Do not confuse the maximum likelihood approach here with its use in
confirmatory factor analysis in such programs as LISREL.)  These two methods
provide and exact (but overly sensitive) test for the number of factors to extract but
are frequently incapable of extracting a sufficient number of factors to meet their own
tests!  If you do use these approaches, you should be familiar with Bayesian
estimation or Akaike’s information index to achieve a balance between statistical
significance and parsimony.

METHOD=ALPHA performs an alpha factor analysis.  This is a common factor
model that tries to maximize the alpha internal consistency coefficient of the factors.
If you do not know what that is, do not use METHOD=ALPHA.

METHOD=IMAGE factors what Guttman termed the “image” matrix.  Suppose
you did a multiple regression of the first variable on all the remaining variables.  The
R2 is the proportion of variability predictable from the regressors.  This is called the
“image” of the first variables given by all the other variables  This R2 would be the
first diagonal element of the image matrix.  The R2 for the second variable regressed
on all the others would be the second diagonal element, etc.  Element (1,2) would be
the proportion of the correlation between variables 1 and 2 that is predicted by all the
other variables, etc.  This is the “image” of the correlation between var 1 and var 2
reflected by the other variables.  In this way one builds up the image matrix or the
extent to which the covariances between any two variables are predictable from the
other variables.  METHOD=IMAGE then takes the principal components of this
matrix.  (Louis Guttman, RIP, always had his own way of doing things.)

METHOD=HARRIS is an attempt to simplify C.R. Rao’s canonical factor
analysis.  In Rao’s approach the idea is to maximize the canonical correlation
between the variables and the factors.  It is an excellent approach.  Sometimes
Harris’s simplification works and sometimes it doesn’t, and I haven’t the foggiest
idea how to tell the difference without doing it correctly in the first place and
comparing the results.

NFACTORS=????: Number of Factors

The number of factors is a critical decision.  There are several statistical
approaches such as Bartlett’s X2, but these are often very sensitive.  That is, they tell
you to extract more factors than is necessary.  Other statistical criteria try to balance
statistical significance with parsimony.  For example, Akaike’s information index
(AII) tells you how much you gain in statistical explanation but loose in parsimony by
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extracting another factor.  This is an exceptionally useful concept, but unfortunately is
available only with METHOD=ML.

The most widely used criterion is the “eigenvalue greater than 1.0”.  If is the
default value for SAS and accepts all those eigenvectors whose corresponding
eigenvalues equal or exceed 1.0.  Actually this is based on sound mathematical
reasoning.  Suppose we have 10 variables but in the real world there are actually only
three constructs (factors) that generate the 10 variables.  If we could perfectly
measure this real world, the correlation matrix would have only three positive
eigenvalues; the remaining seven would be 0.0.  With imperfection in measuring the
Platonic world, the maths dictate that on average we should expect to find three
eigenvalues greater than 1.0.  Sometimes we will observe only two and sometimes we
will observe four, but on average will get three.  If there are slight nonlinearities in
the relationships between variables or a lack of perfect homoscedasticity, then it
becomes even more likely that we would observe something other than three.  Thus,
this criterion is a good place to start, but does not guarantee that you will be correct.

Another criteria is called the scree test.  The notion behind this is similar to the
eigenvalue criterion in the sense that it regards the lower eigenvalues as noise in
measuring a perfect world.  To do a scree, first plot the eigenvalues.  Then start with
the smallest eigenvalue and try to draw a straight line that will pass directly through
as many of the eigenvalues as possible.  Accept as many factors as there are
eigenvalues that remain well above the scree line.  Again, this is a suggestive test, not
a definitive one, but you should always look at the eigenvalues and at least mentally
perform a scree.
The ultimate criterion (as far as your instructor is concerned) is called the WMTMS
test that is unavailable, alas, in either SAS or SPSS.  WMTMS stands for “what
makes the most sense?” and is especially liked by those who view factor analysis as a
data reduction technique.  Start by extracting factors with eigenvalues greater than 1.0
and use a scree test to examine the eigenvalues, paying particular attention to those
close to 1.0.  If the factors and the scree make sense, then stop.  Otherwise, rerun the
factor analysis and extract fewer or more factors.  Generally, if it is hard to interpret a
factor because it seems to load on two clusters of variables that you think should be
separate then try extracting one more factor.  But if two factors emerge that you think
might be best explained by one construct, then rerun the analysis with one fewer
factor.  Don’t be afraid to rerun the analysis three, four, or five times, taking out a
different number of factors each time.  Just be sensitive to the eigenvalues and the
scree—taking out eight factors when the eigenvalues and scree suggest two is
overdoing it.  As a general rule (particularly with principal components), when the
number of variables is large, extracting an additional factor or two does not hurt.

With WMTMS (as with other criteria), a replicate group is especially useful.  You
can explore with one group and then test your “sense” on the other.  Or you can arrive
at the solution that appears most similar in both groups.

ROTATE=????: How to rotate the factors

There are two generic types of rotation—orthogonal and oblique.  In orthogonal
rotations, the factors are uncorrelated.  In oblique rotations, the factors are permitted
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to be correlated.  Your choice should be governed by your initial inspection of the
correlation matrix and by the unrotated factors.  If the vast majority of the
correlations are substantial or if the first unrotated component is a general factor or if
you have good reason to believe the factors should be correlated, then use oblique
rotation.  No matter what rotational strategy you use, keep in mind that the overall
goal is to simplify the interpretation of the factors.

All rotational strategies try to implement Thurstone’s concept of simple structure,
but in different ways.  VARIMAX is the most widely used orthogonal rotation.  It
tires to simplify the factors by making certain that a factor has loads high on some
variables and low on other variables.  Thus, a broad general factor will always be
broken up into two or more factors with a VARIMAX rotation.  QUARTIMAX is
another orthogonal rotational strategy.  It seeks to simplify the variables by making
certain that the loadings are high on a factor and low on other factors.  Thus, if we
examine a factor patter matrix, VARIMAX tries to simplify the columns and
QUARTIMAX tries to simplify the rows.  EQUAMAX, another rotational strategy,
tries to “equalize” things between Varimax and Quartimax.

SAS has two oblique rotational strategies.  The first is PROMAX.  PROMAX
starts with the notion that an orthogonal rotation gets one into the right church but the
wrong pew.  PROMAX tries to find the right pew by “gently” allowing the
orthogonal factors to become correlated.  If you are starting factor analysis, use
PROMAX because it gives you an orthogonal rotation for free!  Also, If the factors
are in fact uncorrelated, then Promax will tell you that.  You can specify the type of
orthogonal rotation by the PREROTATE option.  For example,

PROC FACTOR ROTATE=PROMAX PREROTATE=EQUAMAX;

First does an Equamax rotation as the initial “target” matrix.  If you do not specify
PREROTATE=, then SAS will use a Varimax rotation.  Because Promax views the
initial matrix as a good target, the interpretation of the promax factors seldom differs
much from that of the orthogonal matrix—it just tends to clear up a few loadings here
and there.

You can manipulate the correlation between PROMAX factors by use of the
POWER option.  POWER=2 squares loadings, POWER=3 (the default) cubes
loadings, etc.  The larger the power, the more correlated the factors become.  Try
values between 2 and 5.

The second oblique rotation is HARRIS-KAISER and is invoked by specifying
ROTATE=HK.  Many people like this but I have not had enough experience with it
to give you informed advice.
Like the number of factors the WMTMS criteria is paramount in guiding the selection
of a rotational strategy.  Also, rotation is not like death or taxes—you do not have to
do it.  If the unrotated factors give you what you want, then don’t bother to rotate.

Factor Scores

Because one purpose of factor analysis is to reduce data, you will want to create
variables that reflect the factors.  There are two ways of doing this: (1) ad hoc and (2)
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exact.  An example of the ad hoc approach is to simply add up those variables with
high loadings on a factor and ignore those with low loadings.  Note that factor
analysis works on correlations or standardized variables.  Thus, you can add up
variables only when the standard deviations of the variables are approximately equal.

Although the ad hoc approaches seem simple, the exact approaches are actually
easier with modern day computers.  SAS will automatically compute factor score for
you.  First, do the exploratory analyses to arrive at the number of factors and the
rotational strategy.  Then redo the factor analysis and specify NFACTORS-, OUT=,
and SCORE options.  For example,

PROC FACTOR DATA=<Raw input data set name, not a correlation matrix>,
OUT=<Name of output data set> NFACTORS=<# factors>
SCORE ROTATE=<rotational strategy> ;

You will now have a new data set, named in the OUT= option that contains the factor
scores.  The factor scores are variables named FACTOR1, FACTOR2, etc, so you
will probably want to rename them.  You can do that in a subsequent DATA step.
Suppose you called the OUT= data set FACDAT and it has three factors that you
want to call VERBAL, QUANT, and SPATIAL.  Then do this:

DATA FACDAT; SET FACDAT;
RENAME FACTOR1=VERBAL FACTOR2=QUANT

FACTOR3=SPATIAL;

Some Notes on Factor Scores

When you have a computer program like SAS compute the factor scores, there are
several points that you should be aware of.  First, the factor scores are all
standardized.  That is, they will all have a mean of 0 and a standard deviation of 1.0.
Second, it is critical here to remember the distinction between the components and the
common factor model.  In the component model, factor scores (technically,
component scores) are exactly computed.  Thus, if the factors are orthogonal and if
you score the raw data on which the factor analysis is done, then the scores will be
correlated exactly 0.  If the factors are oblique, then the intercorrelation matrix of the
factor scores will exactly equal the correlations among the factors.  (Of course, if you
do the factor analysis on one sample and then use the scoring weights to calculate
factors scores on a different sample, the above will not hold.)

If you performed a common factor analysis, these properties may not hold.  The
reason for this is that factor scores can only be approximated with the common factor
model.  Thus, the factor scores may be correlated even when the factors themselves
are uncorrelated.  And the intercorrelation matrix for factor scores may not equal the
intercorrelation matrix for the factors.  SAS includes several recent developments to
try to overcome these problems, but they can still arise.

Because factor scores are not perfectly determined in the common factor model,
some factor analysts prefer to use the components model when they computer factor
scores.
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Writing Up a Factor Analysis

The way in which one writes up a factor analysis for a publication depends on the
purpose of the publication.  If the major thrust of the work is on the factor analysis, then
considerable detail is required.  But if you use factor analysis as a data reduction
technique and the major thrust of the article is on other substantive issues, then you do
not want to bore readers with too much detail.  The following is a suggestion on the
major points to cover.

Include the following in the Methods section of the paper:
1. The nature of the data, including size and sampling—e.g., “the MMPI

correlation matrix for 315 normal females presented by Hathaway and
McKinley.”

2. The type of factor extraction (the METHOD= option in SAS), e.g., “a
principal components analysis” or if you used PRINIT, “principal axes used
during iteration to estimate communalities.”

3. The type of rotational strategy, if any.  Specify the specific the type of rotation
(Varimax or Promax) instead of generic terms like orthogonal or oblique.

Include the following in the Results section:
1. mention the number of factors you selected.
2. mention your criterion (criteria) for selecting the number of factors you did.
3. mention the percent of total variability accounted for by these factors.
For example, “three components with eigenvalues greater than 1.0 were retained.
The three accounted for 71% of the total variance.”  If you used WMTMS, and
tried solutions with a number of different factors, then say so.  E.g., “we extracted
three, four, and five factors and selected the four factor solution because the
agreement of the factor pattern matrices for males and for females was greatest
with this solution.”
4. for each of the factors that you retained, mention:

a. (optionally) the percent of variance accounted for by that factor.
b. The salient loadings on the factor pattern matrix and (optionally) a

brief discussion about them.  It is also helpful to specify what you
consider a salient loading.

c. Factors are like a new puppy dog—you always give it a name based on
its appearance and behavior (although names like Spot, Rover, and
Fluffy are discouraged)

d. If this factor agrees with other constructs in the literature or with other
factor analyses of the same instrument, then mention it.

E.g., “the first promax component had factor pattern loadings exceeding
.40 for all the clinical scales except D and SI, a high loading on F, and low
loadings on L and K.  Because this pattern is so similar to the Anxiety
factor reported by Welsh (1952), we also tern it Anxiety here.”
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5. If you did an oblique rotation, give the correlation (s) among the factors.
6. If the factor analysis is a major point in the paper, then present the factor

pattern matrix.  Sometimes salient loadings are underlined or italicized for
effect.  If a common factor model was used, specify the final communalities
of the variables in the table.


