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Chapter 23

FaCtor analysis

  23.1 introduCtion and objeCtives

This chapter is different from prior chapters in that we don’t test hypotheses 
that speculate about differences between populations. It is also dissimilar 
from our regression chapters in that we are not attempting to produce predic-
tive equations with the intention of estimating unknown values based on past 
observations. The statistical technique discussed in this chapter presents a 
method whereby the researcher attempts to reduce the number of variables 
under study. The subject of this chapter, factor analysis, is a data reduction 
procedure—sounds pretty simple doesn’t it? This data reduction is done by 
combining variables that are found to approximately measure the same thing. 
Part of the mathematical process involves the use of Pearson’s correlation 
coefficient to determine the strength of the relationships between variables. 
You might think of two overlapping circles as separate variables with the 
intersection being a new factor that measures the same thing as the original 
two variables. Technically, this area of the intersection could be thought of 
as shared variance—more on this later. The correlation coefficient is simply 
a valid and reliable way to measure the strength of the relationship—it’s the 
size of the intersection. For now, just think of factor analysis as a way to 
statistically simplify research by reducing the number of variables.

There are two basic types of factor analysis: (1) descriptive, often 
referred to as exploratory (we use both terms), and (2) confirmatory. We 
consider only the descriptive/exploratory approach in this book. There are 
several types of descriptive/exploratory factor analysis. The most common 
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Chapter 23  Factor analysis  287

is known as principal components—this is the approach we use. (Note: 
When using principal component factor analysis, the term component is 
often substituted for factor.) If you require the testing of theories concern-
ing the latent (hidden) structure underlying your variables, we recommend 
confirmatory factor analysis and a more advanced text. In this chapter, we 
do explore for and identify such latent variables, but we are not attempting 
to confirm or deny any hypothesis concerning the reality of their existence 
(beyond mathematical) and/or their usefulness.

This book strives to keep the technical/mathematical language that is used 
to describe factor analysis to a minimum. That being said, there are many terms 
that the beginning student/statistician might not be familiar with, and we will 
digress to define such terms when necessary. In lieu of providing the math-
ematical underpinnings, you are given step-by-step instruction on inputting the 
data and getting SPSS to accomplish the analysis of the data. Finally, we provide 
a careful explanation of each table and graph in the SPSS output. Our goal is to 
ensure that the reader has a complete understanding of the output, which will 
greatly enhance his or her ability to accurately interpret factor analysis.

Before getting started on actually doing factor analysis, we next intro-
duce some of the specialized terms associated with the factor-analytic 
method. At the same time, we explain the process and the underlying logic 
of factor analysis.

First, you need to have a database composed of variables measured at 
the scale level (continuous data). The number of cases appropriate for suc-
cessful factor analysis is not that easy to pin down. It is generally agreed 
that one consideration is the ratio of the number of cases to the number of 
variables. As a general rule, you should consider having 10 cases for each 
variable. Another requirement is that 150 cases should be a minimum num-
ber, with 300 to 1,000 much more desirable. Many researchers simply say, 
the more the better. That being said, another consideration, about sample 
size, is how your variables are actually related. For instance, if your initial 
data are such that factor loadings (more on this later) are high, then there 
is no reason why factor analysis could not be used with as few as 30 cases 
and three variables. However, such an application would more likely reside 
in the realm of confirmatory factor analysis. In addition to the above consid-
erations, we will show how to request SPSS statistical tests that will examine 
your data and make a judgment as to their suitability for factor analysis.

Following the selection and input of your data, the first step in conduct-
ing the analysis is factor extraction. Remember that a factor is a group of 
correlated variables that represent a unique component of a larger group of 
variables (the intersection, as described above). Factor extraction is what SPSS 
does to find the fewest number of factors to represent the relationships among 
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288  Using iBM® sPss® statistics 

all the variables. The SPSS program extracts factors from your variables using 
a mathematical algorithm. Another term you will see is factor loading, which 
refers to the correlations between each variable and the newly created sepa-
rate factors (components). Factor loadings are calculated using the Pearson 
correlation coefficient; therefore, they can range from +1 to −1. Communalities 
refers to the proportion of variability in the original variable that is accounted 
for by the high-loading factors.

Eigenvalue is simply a number that specifies the amount of variation 
in the original variables that can be attributed to a particular factor. These 
eigenvalues are used to help determine the number of factors to be selected. 
Part of the factor-analytic process is a procedure known as factor rotation. 
This is optional in SPSS, and you will be shown how to request this proce-
dure. There are also many different methods of rotation designed for differ-
ent types of factor loadings. An example of rotation would be when you may 
have correlated factors that require oblique rotation or uncorrelated factors 
calling for an orthogonal rotation. Whichever rotation method is chosen, the 
goal is to reorder the factor loadings to take full advantage of the difference 
in loadings. You want to maximize the degree to which each variable loads 
on a particular factor while minimizing variable loadings on all other factors.

Finally, you should be aware of the scree plot, which can be requested 
in the SPSS program. The scree plot uses a graph to map the eigenvalues of 
the newly produced factors and is of tremendous help in determining the 
number of factors that are appropriate.

OBJECTIVES

After completing this chapter, you will be able to

Understand the differences between the major factor-analytic methods

Determine when principal component factor analysis should be used

Select the correct variables and determine the suitability of data for factor analysis

Write research questions suitable for descriptive/exploratory factor analysis

Extract the correct number of factors from your variables

Rotate factors for maximum solution

Understand the logic behind principal component factor analysis

Interpret the SPSS output (results) from the factor analysis procedure
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Chapter 23  Factor analysis  289

We hope that your mind has not “gone to the ski slopes or perhaps 
the beach” because of these last few paragraphs for we will try to breathe 
life into these definitions as we proceed through our example beginning in 
Section 23.2.

23.2 researCh sCenario and test seleCtion  

For this factor analysis demonstration, you will open the SPSS sample file 
titled bankloan.sav. This database is composed of fictitious data created to 
explore how the bank might reduce the number of loan defaults. The data-
base consist of 850 past and prospective customers. We used all 850 cases 
to illustrate the exploratory factor analysis principal component approach 
to data reduction (Note: When the last 150 prospective customers were 
deleted, factor analysis detected no significant differences).

Since the bankloan.sav database also consisted of 10 variables measured 
at the scale level and a solid number of cases (850), we decided that factor 
analysis would be the appropriate statistical tool to describe and to explore 
the structure of the observable data (manifest variables). The major technique 
that will be used is principal component analysis since we were interested 
in discovering any underlying latent structures (factors or components) that 
were as yet unidentified. The idea was to reduce the 10 manifest variables into 
smaller clusters or components that would then serve to summarize the data.

23.3 researCh Question and null hypothesis  

How many components (latent variables) might be identified among the 10 
manifest variables that are being analyzed. If components are identified, 
how might they be interpreted? The null hypothesis states that there are no 
latent underlying structures and that all variables load equally.

23.4 data input, analysis, and interpretation oF output  

We will begin the analysis by opening an SPSS sample database titled bank-
loan.sav. We would suggest that once it is opened, you save it in your 
documents file—it will then be easier to access in the future. Let’s get 
started with the bullet points that will lead you through the input, analysis, 
and interpretation of the data.
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290  Using iBM® sPss® statistics 

•• Start SPSS, Click File, select Open, and click Data (the Open Data 
window opens).

•• In the C drive, locate and open bankloan.sav (see Section 3.5 of 
Chapter 3 if you need help).

•• Click Analyze, select Dimension Reduction, and then click Factor.
•• Click and move all the scale variables to the Variable box (see 

Figure 23.1).

Figure 23.1  Factor Analysis Window for Bank Loan

•• Click Descriptives (the Factor Analysis: Descriptives window opens).
•• Click Variable descriptions, and make sure Initial Solutions has 

been checked.
•• In the Correlation Matrix panel, check Coefficients, Significance 

levels, and KMO and Bartlett’s test of sphericity. (See Figure 23.2 
for the window’s appearance just prior to your next click.)

•• Click Continue (you return to the Factor Analysis window).
•• Click Extraction.
•• Make sure Principal components shows in the Method section.
•• Click Correlation matrix in the Analyze panel, and make sure both 

Unrotated factor solution and Scree plot are checked in the 
Display panel. In the Extract panel, make sure Based on eigenvalue 
is clicked and the value in the box next to Eigenvalues greater than: 
is 1 (the window should now look like Figure 23.3).

                                                              Copyright ©2016 by SAGE Publications, Inc. 
This work may not be reproduced or distributed in any form or by any means without express written permission of the publisher. 

Do n
ot 

co
py

, p
os

t, o
r d

ist
rib

ute



Chapter 23  Factor analysis  291

•• Click Continue.
•• Click Rotation (the Factor Analysis: Rotation window opens). In the 

Methods panel, click Varimax, and click Continue.
•• Click OK (the Output Viewer opens with the results of our analysis).

Now that the tedious work surrounding the many calculations has been 
instantly accomplished by SPSS, let’s see if we can understand all of the output.

The first two tables in the output we chose not to display. However, the 
first of these, the Descriptives Statistics table, should be examined to clarify 
that the intended variables were entered and the number of cases is correct. 
The second table, not shown here, is titled Correlation Matrix. This table 
should be examined more carefully, with the idea that high correlations 
are best when doing factor analysis. Thus, this table serves as a screening 
device for the data. The rule of thumb is that correlations exceeding .30 are 
desired (the more of them and the higher they are, the better). On review-
ing the bankloan.sav correlation matrix, we felt that there were enough 
moderate to strong coefficients (>.30) to proceed with the analysis.

Figure 23.2  The Factor Analysis: Descriptives Window
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292  Using iBM® sPss® statistics 

As we stated in this chapter’s introduction, there are two tests avail-
able in the SPSS program that will further screen the data on two dimen-
sions. The positive results of both tests are presented in Figure 23.3. 
The Kaiser-Meyer-Olkin Measure of Sampling Adequacy (KMO) reported 
a value of .717. Any value greater than .6 is considered an indication that 
the data are suitable for factor analysis. The next test result is for Bartlett’s 
Test of Sphericity, which reported a chi-square of 10,175.535 at df = 45 
and a significance level of .000. This also is a positive result, and we feel 
more confident that our final factor analysis will yield useful information 
(see Figure 23.4).

The next table shown in the output is titled Communalities and can be 
seen in Figure 23.5. You may recall that we briefly defined communalities in 
the Introduction as the proportion of variability in the original variable that 
is accounted for by the high-loading factors. To breathe some life into this 
definition, look at the value of .614 found in the first row under Extraction 
in the Communalities table. We can say that 61.4% (.614 × 100) of the vari-
ance in the variable “Age in years” can be explained by the high-loading 

Figure 23.3  The Factor Analysis: Extraction Window
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Chapter 23  Factor analysis  293

Figure 23.4  KMO and Bartlett’s Test of Sphericity

Figure 23.5  Communalities for Bank Loan

(eigenvalues >1) components (factors). These high-loading factors or com-
ponents are identified in Figure 23.6 as Components 1 and 2. Another exam-
ple is that 74% of the variability in “Years with current employer” can be 
explained by Components 1 and 2.
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294  Using iBM® sPss® statistics 

In the table titled Total Variance Explained (see Figure 23.6), we actu-
ally see the eigenvalues for the 10 new components. Look at the column 
called Initial Eigenvalues, and notice the value of 4.010 for Component 1. 
This eigenvalue (4.010) is equivalent to 40.095% (4.010/10 × 100) of the 
total variance when all 10 variables are considered. The next row shows 
an eigenvalue of 3.301 for Component 2, which means that it accounts for 
33.104% of the total variance for all variables. This percentage is not related 
to the variance of the first component; therefore, the two taken together 
(40.095 + 33.014) can be said to account for 73.109% of the variance for all 
variables (see the Cumulative% column in Figure 23.6).

The scree plot is shown in Figure 23.7, which graphs the eigenvalues on 
the y-axis and the 10 components on the x-axis. The scree plot is a widely 
accepted aid in selecting the appropriate number of components (factors) 
when interpreting your factor analysis. You simply select those components 
above the “elbow” portion—in this case, Components 1 and 2. As we saw 
in Figure 23.6, Components 1 and 2 account for 73.109% of the variance in 
all variables. We can say that our scree plot provides additional evidence in 
support of a two-component solution for our factor analysis problem.

Another table provided in the SPSS output is the Component Matrix, as 
seen in Figure 23.8. This table shows the factor-loading values for compo-
nents with eigenvalues of 1.0 or more. This matrix presents loading values 
prior to rotation. The values in this table are interpreted in the same way as 
any correlation coefficient. By that we mean that zero indicates no loading, 
while minus values, such as −0.059 for Component 1, indicate that as the 
particular variable score increases, the component score decreases. Values 

Figure 23.6  Total Variance Explained for Factor Analysis (Bank Loan Data)
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Chapter 23  Factor analysis  295

with a plus sign, such as 0.782 for Component 2, indicate that as the variable 
score increases, so does the component score. Remember that these values 
behave the same as correlation coefficients.

The information in this table can also assist in the naming of the newly 
created components. You look at the high-loading variables and what they 
measure, which can then suggest a name for a particular component. The 
purpose of the name is to describe what the component, the newly discov-
ered latent variable, actually measures.

The final table that we present in our output is titled Rotated Component 
Matrix and is shown in Figure 23.9. This table was produced when we 
requested Varimax rotation as one of the last steps in setting up our analysis. 
The Varimax method of rotation is one of the most popular orthogonal 
approaches. Orthogonal means that we assume the components are uncor-
related. Whether this assumption is justified is another matter, but it is often 
done by those using the factor-analytic method. The other major type of 

Figure 23.7  Scree Plot for Bank Loan Factor Analysis
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296  Using iBM® sPss® statistics 

rotation (oblique) is generally used when you have some prior information 
that the factors may be correlated.

A look at Figure 23.9 shows that there were no improvements (changes) 
from the unrotated Component Matrix shown in Figure 23.8. The reader 
may wish to leave all settings the same in the factor analysis and try differ-
ent rotation methods and look for changes.

Let’s summarize our findings concerning the bank loan data and answer 
our original research questions. Recall that the research question was how 
many components (latent variables) might be identified among the 10 man-
ifest variables that were being analyzed. If components were identified, how 
might they be interpreted? The null hypothesis stated that there were no 
latent underlying structures and that all variables loaded equally.

The data were first screened by creating a correlation matrix. The results 
revealed that there were many coefficients in the moderate-to-high range, 
which encouraged us to continue with the factor analysis. Next, we pro-
ceeded with the KMO test for sample adequacy, which resulted in a score of 
.717. Any value greater than .6 for the KMO test indicates that factor analysis 

Figure 23.8  Component Matrix
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Chapter 23  Factor analysis  297

can be used. The next test, Bartlett’s, also indicated that the data were suit-
able for factor analysis, with a chi-square test significant at .000. Following 
this screening of the manifest variable data, we continued with principle 
component factor analysis.

The analysis provided evidence of the underlying structure and the exist-
ence of two components (latent variables). The first component explained 
40.095% of the variance, while the second explained 33.014%. Together they 
explained 73.109% of the variance in all our variables. Now comes the fun 
part, naming our newly discovered components. For help with this, we look 
at the Component Matrix and the Rotated Component Matrix. Remember 

Figure 23.9  Rotated Component Matrix
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298  Using iBM® sPss® statistics 

that there was very little change when we did the Varimax rotation, so we 
can select either matrix. Let’s look at the unrotated matrix for Component 
1 and identify those variables with high loadings. All of the high loadings 
are associated with “debt,” beginning with “Debt to income ratio” (.908) and 
ending with “Predicted default” (.907); therefore, we call this the “Debt to 
Default” component. For Component 2, high loadings were on variables 
that measured “responsibility” traits such as age, steady employment, con-
tinual domicile, and household income. It also loaded a little less on amount 
of debt but not on any of the default items. We will name Component 2 
“Responsible Debtor.”

It will take much more research to substantiate the initial identification 
of these components. However, we feel that the reader has received a good 
introduction to principal component factor analysis as a rather powerful 
research tool. Hopefully, the reader will have gotten a taste of potential 
rewards when discovering the unknown while studying a mass of numbers. 
Go get a database and try it—we think you will like it!

  23.5 summary

The major subject area covered in this chapter was the factor-analytic 
method when used as a descriptive/exploratory statistical tool. The other 
major use of factor analysis was described as confirmatory—where the 
user seeks to generate evidence in support of hypotheses concerning the 
underlying structure of observed data. The descriptive/exploratory factor 
analysis method known as principal component analysis was presented in 
detail. Confirmatory analysis was left for another time and place.

An example of factor analysis was given that began with a determina-
tion of the suitability of a particular database for the analysis and ended 
with a summarization and interpretation of the SPSS output. The next two 
chapters present the nonparametric statistic known as chi-square.

  23.6 review exerCises

23.1 For this exercise, you will use the SPSS sample file called customer_
dbase.sav. This database is composed of 5,000 cases and 132 variables. 
You will select the first 10 scale variables and search for underlying 
latent variables (factors) within these variables. The idea is that you 
must explore the data in an attempt to reduce the 10 variables into 
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smaller clusters, referred to as components in principle component 
factor analysis. Write the null and alternative hypotheses, open the 
database, select the correct statistical approach, and search for any 
underlying latent factors in the first 10 scale variables.

23.2 This review exercise uses the same SPSS sample file database as in the 
previous example (customer_dbase.sav). However, this time you will 
examine eight scale variables dealing with pet ownership (#29 through 
#36). You are to look for underlying latent variables that would permit 
the reduction of these eight variables. Write the null and alternative 
hypotheses, select the correct procedures, examine the initial statistics, 
and interpret the results.

23.3 For this review exercise, you will use the SPSS sample file titled telco.
sav. This database has 1,000 cases and 22 variables measured at the 
scale level. You will select the first 16 of the scale variables (up to 
wireten/wireless over tenure, #25) and attempt to identify any under-
lying factor(s) that would permit data reduction. State the null and 
alternative hypotheses, select the statistical method, and proceed with 
the analysis.
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