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PAD 705 Handout: Factor Analysis 
 
Throughout this course, I have emphasized that statistical analysis is part science, part art. Our final topic, 
factor analysis, strays the farthest into art of all the techniques we have studied. The reason for this, as we 
shall see, is that factor analysis does not have a completely determinant answer. Interpretation of findings 
is absolutely critical. 
 
What is factor analysis and how does it work? 
 
Factor analysis (sometimes also called “latent variables” analysis) is a mathematical technique that is used 
to analyze patterns of correlation between multiple “indicator” or “surface” variables in order to infer 
their relationship to a third, unknown – and usually unknowable – variable. To make this concrete, let’s 
think about the concept of “ability,” which I will refer to hereafter as “intelligence.” In our discussions of 
omitted variables bias (OVB) and Problem Set #4, we discussed how we would like to be able to control 
for intelligence in order to “cleanly” identify the relationship between educational attainment and things 
like income, job promotion, etc. Educational attainment and intelligence are clearly correlated with one 
another; leaving out intelligence will cause the estimated coefficients on educational attainment to be 
biased. However, we have also discussed the fact that there is no good measure of intelligence. There are 
many standardized tests that purport to capture intelligence; we may also think that high school rank and 
high school GPA may capture something about intelligence. Nevertheless, we have no direct measure. 
For instance, we might wish to have a biologically-based test of intelligence. For the moment, such a 
thing does not exist.1 
 
Since we don’t have such a test, another approach would be to try to leverage the imperfect measures we 
do have. We might wish to do a study where we would pick 500 people at random and have them take the 
SAT, GRE, LSAT, GMAT, and an IQ test. We would also collect information on their high school rank 
and GPA. We would then like to use some weighting scheme, where each weight is between zero and 
one, that would generate an “index” of intelligence: 
 

Intelligencei = ωSAT,i SATi + ωGRE,i GREi + ωLSAT,i LSATi + ωGMAT,i GMATi 
+ ωIQ,i IQi + ωHSRANK,i HSRANKi + ωEdAttain,i GPAi + γi 

 
Where ω is the weight each score is given and γ is some random term. This is a plausible scheme, except 
that we need to come up with some value for the ω to be assigned each “indicator.” Factor analysis is 
designed to find weights. 
 
How would one find the weights? Well, one way to proceed would be to assume a particular causal 
structure with respect to the relationship between the unobserved “factor” (i.e., intelligence) and the 

                                                           
1 On second thought, we might be very glad that such a test does not exist. The social consequences of having an absolute 
measure of ability are pretty horrible. 
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“indicators” that we have at hand (i.e., the tests, high school rank, and educational attainment). 
Specifically, the mathematics behind factor analysis assumes something like the following: 
 
 I1 

 I2 
 I3 
F1 I4 
 I5 
 I6 
 I7 
 
Here, some unmeasured factor, F1 (i.e., intelligence) is correlated with and helps to determine the amount 
of variation in the indicator variables (i.e., SAT, GRE, GMAT, LSAT, IQ, GPA, and high school rank) I1 
through I7. In other words, as F1 goes up or down, the indicator values all move up and down some, too. 
The amount of correlation between F1 and I1 through I7 will determine how much movement occurs in the 
I variable as F1 changes. 
 
The statisticians who studied this problem of “missing factors” (people like Pearson, Spearman, and 
Hotelling) then made an important intuitive leap. It can be shown mathematically that if F1 is correlated 
to, say, I1 and I2, then I1 and I2 will be correlated with one another, even if there is no intrinsic 
relationship between I1 and I2 other than their common relationship to F1. In fact, in this example, each 
and every I variable will be correlated with one another because there is a common correlation with F1. 
This makes sense: if one’s GRE score is higher when intelligence is higher, then it stands to reason that 
one’s SAT and LSAT scores will be higher if intelligence is higher, even if the tests themselves have no 
inherent relationship to one another. Thus, we expect GRE, SAT and LSAT scores to be uniformly higher 
for a “high” intelligence person than for a “low” intelligence person. The indicators will be correlated 
with one another because of the difference in intelligence. The indicators will not move in perfect “lock-
step” with one another as intelligence goes up or down, because each test measures different things in 
different ways. Nevertheless, they will be correlated. 
 
With this realization in hand, it was possible to reverse the logic. If F1 can cause correlation between the 
indicator variables, then we could use the pattern of correlation between the indicators (which can be 
ascertained, because we have data on the indictors from the 500 test subjects) to determine the correlation 
coefficient between F1 and each and every one of the indicators. The correlation coefficient is exactly the 
type of weight we would wish to use in our equation above. The correlation coefficient takes on a value 
between zero and one and is reflective of how much the indicator and the factor move with respect to one 
another. For instance, if the correlation coefficient between F1 and SAT is 0.70, then for a 1% increase in 
the factor (again, intelligence), the score on SAT will increase by 0.70%. Because correlation coefficients 
have no causal relationship inherent in their value, it is also equally valid to say that if an SAT score 
increases by 1%, then we would expect “intelligence” to be 0.70% higher. 
 
Thus, factor analysis is all about finding unknown factors from the pattern of correlation between the 
indicators that we can measure, allowing us to infer the unknown factor. If all variation in the indicators 
were due to the unknown factor, then factor analysis would be much easier. In some forms of factor 
analysis – called principal components analysis – we will actually assume that all variation in the I values 
is due to the unknown factor (or factors – there may be more than one – see below). However, this 
doesn’t seem plausible given what we know about tests and what we assumed about intelligence. We 
have assumed that intelligence is not directly measurable. If one or more of the indicators was completely 
determined by intelligence, then it would be a perfect proxy for intelligence. We would not need to look 
at the other variables. From a practical perspective, research has shown time and again that standardized 
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tests capture “test-taking ability” as much as intelligence. So it is almost assuredly wrong to assume that 
F1 is the only “thing” that creates variation in the indicators, Instead we should make our causal diagram a 
bit more complex by allowing for other unknowns to affect the values that the indicators take. In the 
diagram below, I have included a series of U variables that affect the variability of one and only one 
indicator variable at a time. 
 
 
 I1 U1 
 I2 U2 
 I3 U3 
F1 I4 U4 
 I5 U5 
 I6 U6 
 I7 U7 
 
The U variables are so-called “unique” variables because they help to determine the value of only one 
indicator. This diagram suggests that the mathematical analysis we do of the pattern of correlation must 
not assume that all variability in tests scores, high school rank, and high school GPA is due to 
intelligence. Scores may also be set by things like the design of the test questionnaire, the amount of sleep 
the student got on the day they took that test, etc. This leads to a new measure called “uniqueness.” 
Uniqueness is a measure of the proportion of variation in the indicator values (i.e., test score, high school 
rank, or GPA) that is attributable to the unknown, unique factors. Uniqueness is the obverse of a second 
measure: “communality.” Communality is the amount of variation in the indicators that is due to the 
common factor (or, as we will see in a minute, factors), F1. Communality is often called “h2.” Because 
both are proportions, there is a relationship between them:  
 

Uniqueness = 1-h2 
 
It turns out that the assumption about how much variation in the indicators is explained by the common 
factor F1 and the unique factors is quite important. There are several ways to measure communality. The 
most oft-used measure is the squared multiple correlation coefficient (SMC). The SMC is calculated by 
first squaring the “loadings” (which are correlation coefficients – see below) on each factor and then 
summing across all factors. Since we are trying to see how much each indicator is “determined” by one or 
more common factors, it seems reasonable to use this measure for commonality. 
 
In most cases, the factor structure may not be so simple as that outline above: there may be more than one 
common factor. For instance, test scores are almost assuredly influenced by intelligence, but they are also 
quite likely to be influenced by a second unmeasured factor: “test-taking ability.” Note that test-taking 
ability is something that would affect each person’s score on each test. Test-taking ability is common, not 
unique. Hypothesizing that “test-taking ability” exists as a common factor does not obviate the existence 
of unique factors. There are things about the tests which are unique. For instance, the SAT penalizes 
people for guessing, where the GRE does not. This may create test-specific variation that is unique to 
those two tests. So now we have a still more complicated structure: 
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 I1 U1 
 I2 U2 
 I3 U3 
F1 I4 U4 
 
F2 I5 U5 
 I6 U6 
 I7 U7 
 
Here, F1 is depicted as affecting all seven indicator variables. This factor is most likely intelligence, since 
we believe intelligence should affect tests scores as well as high school rank and GPA. Note, however, 
that F2, which is most likely test-taking ability, is correlated with only five of the seven – the five tests. 
Additional factors need not be correlated with all indicators. In fact, in most applications we will want to 
have the indicators divided into groups that share correlation with only one factor (see “rotation” below). 
 
As diagrammed here, the factors are “orthogonal” to one another. That is, they are uncorrelated with one 
another. In many practical uses of factor analysis, we will want to assume this property, because it makes 
interpretation easier. However, nature may not be that simple. In fact, it would be safe to assume that 
intelligence is highly correlated with test-taking ability. When this is true, the factors are said to be 
“oblique.” As we shall see, the terminology is a legacy of paper-and-pencil calculations of factors. 
Diagrammatically, oblique factors imply the following causal structure: 
 
 I1 U1 
 I2 U2 
 I3 U3 
F1 I4 U4 
 
F2 I5 U5 
 I6 U6 
 I7 U7 
 
One final complication: The U variables are actually composites for unique factors, mismeasurement of 
the indicators, and the random term, γ, that was included in the original weighting equation. For this class, 
we will not concern ourselves with these problems. Suffice it to say, random factors and mismeasurement 
may cause us to misdiagnose the meaning of the pattern of correlation between the indicator variables. 
 
In summary, factor analysis provides us a way to construct an index for an unknown and possibly 
unmeasurable set of common factors relying on the pattern of correlation between the known indicator 
variables. The index is a weighted linear combination of the scores from the indictors – in our example, a 
weighted, linear combination of the five test scores, high school rank, and GPA. The weights are the 
correlations coefficients found for each factor-indicator pairing. 
 
 
The fundamental indeterminacy of factor analysis 
 
This seems to be an especially powerful tool. Indeed, there are vast ratings and rankings empires that rely 
upon factor analysis to take multiple measures of a product or service and condense them into an overall 
“quality” score. However, there is serious weakness in the math that underpins factor analysis: there is 
more than one way to calculate the weights and no way to known which one is actually right. 
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Why is this so? Factor analysis has not overcome the fundamental problem: we can’t measure the thing 
we really want to know. Instead, we are inferring from a pattern of correlation the unknown, common 
factors. This presents a problem: we have more unknowns than equations. When we have this problem, 
we are stuck with a system of equations that looks something like this: 
 

2x + 3y = 0 
2x = -3y 

x/y = -1.5 
 
We can’t discover the solution for x and y exactly. We only know that x and y must be in a ratio of -1.5 to 
1. There are an infinite number of x and y values that fulfill this requirement. In the context of factor 
analysis, the issue is that the same pattern of correlation between the indicator variables will support 
many different weighting and causation claims. There is no way to know which one is correct. 
Specifically, factor analysis suffers from three fundamental indeterminacies (see Kim and Mueller, p. 38-
43 for a more in-depth discussion). 
 
1) We cannot be sure about the pattern of correlations between factors. It can be shown that the same 

correlation matrix from the indicator variables can support either of these structures (dropping the U 
variables): 

 
 I1 
F1 I2 
 I3 
F2 I4 
 I5 
 
 I1 
F1 I2 
 I3 
F2 I4 
 I5 
 
 
2) We cannot be sure about the number of common factors. It can be shown that the same correlation 

matrix from the indicator variables can support either of these structures:  
 
 I1 
F1 I2 
 I3 
F2 I4 
 I5 
 
 I1 
F1 I2 
 I3 
 I4 
 I5 
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3) We cannot be sure whether the factors are correlated with one another. It can be shown that the same 
correlation matrix from the indicator variables can support either of these structures:  

 
 I1 
F1 I2 
 I3 [These factors are “orthogonal” – uncorrelated] 
F2 I4 
 I5 
 
 I1 
F1 I2 
 I3 [These factors are “oblique” – correlated] 
F2 I4 
 I5 
 
4) We cannot be sure about the pattern of causation with respect to the observed correlation among the 

indicator variables. It can be shown that the same correlation matrix from the indicator variables can 
support either of these structures:  

 
 I1 
F1 I2 
 I3 [These indicators have no intrinsic correlation.] 
 I4 
 I5 
 
 I1 
I5 I2 [These indicators are intrinsically correlated.] 
 I3 
 I4 
 
5) We cannot be sure what the U variables actually represent: unique, unknown factors, measurement 

error, randomness, or some combination of all three. 

6) We cannot be sure what the communalities and uniqueness scores actually are, yet they are central to 
the methods used to calculate the factors. 

 
As one might guess, this set of indeterminacies makes factor analysis highly controversial. Yet for some 
projects, there simply is no substitute for using factor analysis. It does suggest that any results must be 
taken with a very healthy dose of skepticism. However, the fundamental indeterminacy of the method 
does allow us to be creative in using it. Specifically, it will allow us to manipulate the data through 
“rotation” of the factors until we find a solution that is more “interpretable” than what we found 
originally. 
 
 
Uses of factor analysis 
 
Factor analysis is used for three related but distinct purposes: data reduction, exploration of data, and 
confirmation of theoretical hypotheses. 
 
(1) Data reduction. Data reduction may be the most common reason for using a factor analytic technique. 
Let’s say you wish to do a time-series study of GNP, but your country of interest has only 25 years of 
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good data. With only 25 degrees of freedom, you will need to find some way to reduce the number of 
variables you wish to study. One approach might be to “compress” several “globalization” variables (for 
instance, imports, exports, capital inflows and outflows, etc.) into one index of “global openness” and use 
that in the regression instead of the four (or more) variables you have in the data set. One caveat: 
remember that factor analysis finds an index which is a linear combination of other variables. Thus, you 
cannot put the index into the analysis with one or more of the indicator variables without creating perfect 
collinearity or at least multicollinearity. Collinearity results when there is high degree of correlation 
between the two or more independents in the regression. The index will have a relatively high degree of 
correlation with any of the variables used to build it. 
 
(2) Confirmatory analysis. The second use is to confirm theoretical hypotheses. An excellent example is 
found in the excerpt from Zeller and Carmines (see the handout “Excerpts from Measurement in the 
Social Sciences (1980) by Richard A. Zeller and Edward G. Carmines on Factors Analysis”). In this 
example, Zeller and Carmines hypothesize that “alienation” is actually composed of four sub-concepts: 
meaninglessness, powerlessness, normlessness, and social isolation. They would like to create a 
questionnaire that could diagnose how alienated a person is. For each sub-concepts, they developed 8 – 
10 question that they believe should be correlated to one (and only one) sub-concept. They then 
administered the questionnaire to 334 married women in Toledo.2 The factor loadings (i.e., correlations 
between the question scores and the underlying factors – here the four subconcepts) tend to support their 
conclusion that there are four distinct sub-concepts that form alienation and that their questions tend to 
capture one and only one of the sub-concepts. 
 
(3) Data exploration. The final use is for data exploration (or what might be termed “data mining”). Here, 
the idea is to gain some insight into the structure of a phenomenon by submitting data from a group of 
questions (usually) to see if they can be grouped in a way that suggests a pattern. In the Stata Reference 
Manual section on the command factor there is an extended example on pages 510-512 that 
demonstrates this type of analysis. Here, a survey of doctors designed for one purposes is submitted to 
factor analysis to see if the doctors’ responses could be grouped into categories. Exploratory factor 
analysis is really an “empirically guided” inductive process. As with all inductive processes, to claim any 
generality for the findings, one must test the conclusions against a different data set. 
 
 
Practical issues in doing factor analysis 
 
Stata has a less well-developed suite of factor analysis tools than is true of other packages. (Stata still 
caters to the econometrics market, which has less use or respect for factor analysis.) Nevertheless, you can 
complete relatively sophisticated analyses using what is available. The key command is, of course, 
factor. Below I will develop an example using some data from my dissertation. I asked a series of 
questions (below, denoted by variables v1 – v6) in my policy network studies regarding aspects of 
Internet communication that promote use of the Internet for policy communication. I then asked another 
series of questions (below, denoted by variables v7 – v12) about aspects of Internet communication 
that caused respondents to avoid Internet communication. If the questionnaire was properly designed, the 
two sets of questions should be correlated (or “loaded”) on two different common factors.  
 
The first step is to choose a type of factor analysis. As I briefly mentioned before, there are two basic 
types: principal components factor analysis and principal factors factor analysis. Principal components 
analysis assumes that communality (h2) is equal to 1.0. This is a very strong assumption – one that 
borders on unreality in most cases. Nevertheless, principal components analysis is often used when doing 
                                                           
2 Note the effect on generality this survey strategy has: they really only know whether their questionnaire captures the alienation 
of married women in Toledo! 



PAD 705  Factor Analysis 
 

 8  

hypothesis testing and confirmatory factor analysis. In Stata, you request principal component analysis by 
adding “, pc” at the end of the variable list that comes after the factor command. The second form of 
factor analysis is principal factors analysis. Principal factors analysis uses the squared multiple correlation 
coefficient or some other measure as the basis for an assumption about communality. Stata includes 
several “flavors” of principal factors analysis, including: 
 

• “Regular” principal factors analysis, which uses the SMC as the basis of the communality 
assumption; Stata option pf 

• Iterated principal factor analysis, which starts with SMC as the basis of the communality 
assumption but then recalculates h2 after each factor is “extracted; Stata option ipf 

• Maximum likelihood principal factors analysis, which estimates communality as part of the 
maximization process; Stata option ml 

 
Let’s first look at a principal components output from my dissertation data: 
 
. factor  v1 v2 v3 v4 v5 v6 v7 v8 v9 v10 v11 v12, pc 
(obs=18) 
 
            (principal components; 12 components retained) 
Component    Eigenvalue     Difference    Proportion    Cumulative 
------------------------------------------------------------------ 
     1        6.83273         4.30371      0.5694         0.5694 
     2        2.52901         1.79232      0.2108         0.7801 
     3        0.73670         0.08338      0.0614         0.8415 
     4        0.65332         0.20858      0.0544         0.8960 
     5        0.44474         0.14894      0.0371         0.9330 
     6        0.29580         0.09963      0.0247         0.9577 
     7        0.19617         0.03908      0.0163         0.9740 
     8        0.15710         0.08077      0.0131         0.9871 
     9        0.07633         0.03136      0.0064         0.9935 
    10        0.04497         0.01938      0.0037         0.9972 
    11        0.02559         0.01803      0.0021         0.9994 
    12        0.00755               .      0.0006         1.0000 
 
               Eigenvectors 
    Variable |      1          2          3          4          5          6 
-------------+----------------------------------------------------------------- 
          v1 |  -0.31362    0.31714   -0.01015    0.20621    0.00448    0.25977 
          v2 |  -0.31131    0.20892    0.17171    0.27044   -0.46761    0.17137 
          v3 |   0.23001   -0.44334    0.33464   -0.10745    0.15384    0.20620 
          v4 |   0.34529   -0.22305   -0.00482    0.04881    0.07494    0.02995 
          v5 |  -0.28097    0.12506    0.34791    0.37551    0.71895   -0.08632 
          v6 |  -0.00993    0.44074    0.53763   -0.64686   -0.02912   -0.25038 
          v7 |   0.31535    0.12025    0.02609    0.37517   -0.15796   -0.74013 
          v8 |   0.29938    0.03413    0.51144    0.40825   -0.19993    0.14235 
          v9 |   0.32841    0.23587    0.06233    0.04701   -0.19431    0.28532 
         v10 |   0.32310    0.23611   -0.06227   -0.01730    0.30237    0.07951 
         v11 |   0.33046    0.26614    0.01187   -0.00376    0.11502    0.36579 
         v12 |   0.20743    0.44916   -0.42210    0.03216    0.16421    0.00395 
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               Eigenvectors 
    Variable |      7          8          9         10         11         12 
-------------+----------------------------------------------------------------- 
          v1 |   0.00074    0.23584   -0.03404    0.56668    0.08952    0.55229 
          v2 |   0.32866    0.29619    0.37071   -0.37288   -0.01248   -0.19083 
          v3 |  -0.02363    0.24248    0.36877   -0.05346    0.56204    0.21620 
          v4 |   0.35370    0.07909    0.43335    0.35730   -0.61240    0.01626 
          v5 |  -0.15410   -0.01313    0.16305   -0.06932   -0.11475   -0.22482 
          v6 |   0.07720   -0.03167    0.11577    0.09029   -0.06134    0.04853 
          v7 |  -0.16648    0.27608    0.06305   -0.04300    0.07354    0.23824 
          v8 |   0.22102   -0.52460   -0.27363    0.10871    0.09766    0.02152 
          v9 |  -0.56984    0.21002    0.08981    0.30129    0.01694   -0.49325 
         v10 |   0.49603    0.48162   -0.43508   -0.02947    0.15410   -0.21453 
         v11 |  -0.24176    0.02442   -0.02165   -0.53942   -0.33335    0.45954 
         v12 |   0.17560   -0.40291    0.47007    0.00883    0.36590   -0.03066 
 
Stata disgorges a huge amount of output from a factor run. The first table is a report on the number of 
components (since we are doing principal components) that Stata identified. Principal components 
analysis almost always yields as many components as variables – as it did this time. We have twelve 
variables and twelve components. The “eigenvalues” are numbers output from the solution of a matrix 
with rank zero. Wha??? Forget about the technical explanation; the importance of the eigenvalues is their 
interpretation as percentage of total variation in the variables that is explained by the factor. The 
percentage is calculated as the eigenvalue for the factor divided by the number of variables (we won’t go 
into the reason for this). The column titled “Proportion” tells you how much variation in the data is 
explained by each factor. Here, the first factor accounts for almost 57% of the variation. You can confirm 
this by dividing factor one’s eigenvalue (6.83) by 12. 
 
The second two tables have eigenvectors for each variables. The eigenvector is what is termed the “factor 
loading” for each variable on each factor. For instance, the factor loading for v1 on the first factor is  
-0.31362. The factor loadings are actually the correlation coefficients. The closer to positive one or 
negative one a factor loading is, the more highly correlated the indicator variable is with the factor. 
 
This analysis does not seem terribly enlightening. First, there are so many factors. How many are actually 
relevant. In general, we will ignore a great many of the factors. There are two criteria that are generally 
applied to determine which factors are meaningful. The first is the so-called Kaiser test. The Kaiser test 
says that only factors with a eigenvalue of 1.0 or greater meaningful. So only factors 1 and 2 (which have, 
respectively, eigenvalues of 6.83273 and 2.52901) are worth keeping; all others have eigenvalues less 
than one. The second test is the so-called scree test. The scree test uses a graphical method to determine 
which ones to keep. This graphical test is implemented as the post-analysis command greigen. When I 
use the greigen command, I get the following output: 
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The criteria is to keep the factor up until the line (which is plot of the eigenvalues) becomes flat or flatter. 
By this criteria, one would keep the first three factors. Here, one must make a judgment. The Kaiser test 
confirms my own expectations, so I will use it’s criteria. 
 
The second problem with our analysis so far is that it does not seem to have a pattern. Most of the 
indicators load heavily (excepting v6) on both factors. The result is not particularly interpretable. 
 
It may be that we can find a better pattern by looking at the index score for the 18 observations I used. 
Stata has a post-analysis command that uses the factor analysis results to create scores. The scores are 
calculated using the factor loadings as the basis for calculating a standard regression coefficient. Recall 
that the factor loadings are the correlation between the indicator and the index. Also recall that the 
formula for a regression coefficient in a univariate regression is: 
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The numerator is just the covariance between the independent and the dependent – which we can 
calculate from the factor loading (which, again, is a correlation coefficient). The denominator is the 
variance of the indicator, which we can calculate from the data we have. Thus, we can find the 
“predicted” value of the index by multiplying the actual value for variables v1 – v12 times the 
regression coefficient Stata will create from the factor loadings. Here, I will tell State to calculate the 
index of promotion and avoidance of the Internet by specifying to variable names, into which State will 
put the calculated index using the first two factors (if I had put three variable names after the predict 
(or score in Stata 9) command, Stata would have created scores for the first three factors, if I had put 
four…): 

Factor 1

Factor 2

Factor 3
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. predict ProInet DisInet 
            (based on unrotated principal components) 
            (10 scorings not used) 
 
               Scoring Coefficients 
    Variable |      1          2 
-------------+--------------------- 
          v1 |  -0.31362    0.31714 
          v2 |  -0.31131    0.20892 
          v3 |   0.23001   -0.44334 
          v4 |   0.34529   -0.22305 
          v5 |  -0.28097    0.12506 
          v6 |  -0.00993    0.44074 
          v7 |   0.31535    0.12025 
          v8 |   0.29938    0.03413 
          v9 |   0.32841    0.23587 
         v10 |   0.32310    0.23611 
         v11 |   0.33046    0.26614 
         v12 |   0.20743    0.44916 
 

 ProInet 
Index 

DisInet 
Index 

Actor 1 -2.753881 -.2774017 

Actor 2 -2.987945 .0363451 

Actor 3 -2.871333 -.9861758 

Actor 4 -2.602514 -1.782534 

Actor 5 -3.13102 -.0358027 

Actor 6 -1.745002 1.065899 

Actor 7 -.0933807 1.446099 

Actor 8 2.926873 -.4581825 

Actor 9 -2.427669 1.226104 

Actor 10 .2719771 -4.466296 

Actor 11 -.0359217 1.340624 

Actor 12 1.398171 .256607 

Actor 13 -1.490278 1.602259 

Actor 14 2.760423 -.0717135 

Actor 15 1.418497 .3156243 

Actor 16 4.273391 -2.159997 

Actor 17 3.415317 1.879022 

Actor 18 3.674296 1.069519 

 
Because there are some factor loadings that are negative, the index may be positive or negative. In some 
instances, analysts will choose to re-scale the indicator scores so that they are all positively related to the 
underlying factor. The general reason some indicators are negatively related to the underlying factor is 
“reverse scoring.” Reverse scoring happens when smaller numbers are related to “more” of the underlying 
factor. For instance, if one of the Internet “promotion” questions were asked, “Do you agree that using 
Internet is expensive?” with 7 being high agreement and 1 being low agreement, the scale would be 
reverse scored. The higher the score, the more the question shows a factor that discourages use. 
 
The indices calculated here are constrained to be orthogonal to one another. If we run a correlation on the 
two measures, it finds zero correlation:  
 
. corr  ProInet DisInet 
(obs=18) 
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             |  ProInet  DisInet 
-------------+------------------ 
     ProInet |   1.0000 
     DisInet |  -0.0000   1.0000 
 
This, too, may be unrealistic and should be probed. Overall, the principal components analysis did not 
seem to help us understand this data nor confirm my expectation for the data. 
 
A more realistic approach would be to use principal factor analysis, where we assume that communality is 
something other than 1.0. I will start by running a “regular” principal factor analysis: 
 
. factor  v1 v2 v3 v4 v5 v6 v7 v8 v9 v10 v11 v12, pf 
(obs=18) 
 
            (principal factors; 8 factors retained) 
  Factor     Eigenvalue     Difference    Proportion    Cumulative 
------------------------------------------------------------------ 
     1        6.75821         4.35564      0.6329         0.6329 
     2        2.40256         1.83461      0.2250         0.8578 
     3        0.56796         0.19569      0.0532         0.9110 
     4        0.37227         0.02681      0.0349         0.9459 
     5        0.34546         0.17180      0.0323         0.9782 
     6        0.17366         0.04710      0.0163         0.9945 
     7        0.12657         0.08050      0.0119         1.0063 
     8        0.04607         0.05060      0.0043         1.0107 
     9       -0.00453         0.02137     -0.0004         1.0102 
    10       -0.02590         0.01274     -0.0024         1.0078 
    11       -0.03864         0.00615     -0.0036         1.0042 
    12       -0.04479               .     -0.0042         1.0000 
 
               Factor Loadings 
    Variable |      1          2          3          4          5          6 
-------------+----------------------------------------------------------------- 
          v1 |  -0.82216    0.51611    0.08939   -0.05253    0.01909    0.18170 
          v2 |  -0.80850    0.32920    0.21819   -0.14443   -0.25262    0.08997 
          v3 |   0.60080   -0.71520    0.21979    0.19667    0.01675    0.06668 
          v4 |   0.90124   -0.35387    0.01290   -0.07980    0.07585    0.10275 
          v5 |  -0.72729    0.19378    0.39953    0.03067    0.40521   -0.01697 
          v6 |  -0.02458    0.57941    0.11227    0.36159   -0.12707   -0.21140 
          v7 |   0.81694    0.19418    0.15685   -0.36030    0.00699   -0.21153 
          v8 |   0.76069    0.04989    0.42529   -0.07894   -0.08843    0.02040 
          v9 |   0.85953    0.38257    0.09594    0.04179   -0.18504    0.09814 
         v10 |   0.83917    0.37415   -0.02618    0.08008    0.17256    0.01730 
         v11 |   0.86523    0.43147    0.03947    0.14202    0.02300    0.12619 
         v12 |   0.53685    0.71071   -0.27337   -0.08681    0.14997    0.03944 
 
               Factor Loadings 
    Variable |      7          8    Uniqueness 
-------------+-------------------------------- 
          v1 |   0.00538    0.08876    0.00564 
          v2 |   0.14363   -0.01758    0.07664 
          v3 |   0.01456    0.04252    0.03379 
          v4 |   0.11834   -0.01000    0.02560 
          v5 |  -0.07153   -0.01592    0.10309 
          v6 |   0.06666   -0.00163    0.45504 
          v7 |  -0.03911    0.06237    0.09027 
          v8 |   0.05135   -0.09219    0.21239 
          v9 |  -0.18821    0.06764    0.02003 
         v10 |   0.19236    0.09798    0.07203 
         v11 |  -0.07196   -0.05706    0.01861 
         v12 |   0.01912   -0.07676    0.09410 
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The output is formatted in exactly the same manner. As before, the Kaiser test suggests that two factors 
are present; the scree test suggests there may be three. We will use only two factors again. 
 
Note the last column in the output, titled “uniqueness.” This is the measure mentioned once before: 1-h2. 
For many of the variables, the assumption of principal components analysis may have been met: many 
have uniqueness scores of under 7%. Yet, there are several variables with very high uniqueness scores. 
We may be better off using the principal factors. 
 
The factor loading are once again not very enlightening. With the exception of v6, all variables are 
loaded very highly on the first factor and fairly highly on the second factor. It turns out, this factor 
loading pattern may be an artifact of the method used to “extract” (i.e., find) the factors. The extraction 
technique is designed to maximize the amount of variation explained by the first factor; each additional 
factor tries to explain as much “leftover” variance as possible after that. The first factor, as it stands right 
now, may be some general Internet factor – overall like/dislike. 
 
However, we don’t have to settle for this solution. As I mentioned before, factor analysis solutions are not 
unique; they simply have to conform to some set of ratios that are determined by the pattern of 
correlation. In the days before computers, the way to find a better solution was to plot the factor loadings 
calculated during the extraction technique on two-dimensional graph paper and then to see if the X-Y axis 
could be rotated around the origin to find a better solution. 
 
Here is a plot of our original factor loadings, using Excel: 
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All of the indicators seem to be highly loaded on both (some negatively and some postively). However, 
we might rotate the X-Y axes counterclockwise to find a better fit – see the superimposed axes drawn in. 
This sort of analysis was done by hand with paper and pencil. The idea was to leave the points in relative 
relationship to one another while moving the orthogonal factor axes to a more interpretable postion. To 
recalculate the points, a protractor was used to find how many degrees the axes were rotated. Then using 
the simple mathematics of right triangles – sine, cosine, and tangent – the values for the points were 
recalculated. 
 
Luckily for us, Stata will do all of this work automatically. To execute a rotation, I will use the command 
rotate with the varimax option. The varimax option tells Stata to keep the axes orthogonal to one 
another and to move them into a position where each variable loads onto one factor as highly as possible 
while loading onto the second factor as little as possible. Here is the output (I have dropped the second 
table of rotated factors since we won’t need them). 
 
. rotate, varimax 
 
            (varimax rotation) 
               Rotated Factor Loadings 
    Variable |      1          2          3          4          5          6 
-------------+----------------------------------------------------------------- 
          v1 |  -0.18032    0.90976    0.00999   -0.01796    0.28237    0.20915 
          v2 |  -0.37908    0.83226    0.25739    0.05666    0.10538    0.05190 
          v3 |  -0.05508   -0.93582    0.23714   -0.02980   -0.03195   -0.02775 
          v4 |   0.39262   -0.81328    0.14888   -0.20682   -0.19891   -0.19459 
          v5 |  -0.31796    0.50056    0.00196    0.03620    0.73340    0.07772 
          v6 |   0.33529    0.34059    0.03037    0.55558    0.06159    0.05533 
          v7 |   0.60844   -0.32418    0.04334   -0.05586   -0.12123   -0.64383 
          v8 |   0.51163   -0.43364    0.43614    0.04380   -0.01042   -0.37948 
          v9 |   0.84304   -0.25638    0.16099    0.07553   -0.22517   -0.22142 
         v10 |   0.85235   -0.32237   -0.00480    0.07889   -0.06806   -0.14093 
         v11 |   0.92469   -0.28840    0.11958    0.08182   -0.09712   -0.07929 
         v12 |   0.88441    0.15232   -0.18328   -0.03382   -0.12563   -0.08295 
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This solution looks much better. Clearly, v7-v12 now load highly on factor one. This is probably our 
hypothesized Internet promotion index. The second factor is highly correlated with variables v1 – v6, 
so this is our Internet avoidance factor. We can now create scores for this index: 
 
. predict PFPro PFDis 
            (based on rotated factors) 
            (6 scorings not used) 
 
               Scoring Coefficients 
    Variable |      1          2 
-------------+--------------------- 
          v1 |   0.89337    0.76949 
          v2 |  -0.33468    0.12678 
          v3 |   0.00034   -0.35992 
          v4 |   0.30525    0.00411 
          v5 |  -0.13866   -0.24606 
          v6 |   0.06195    0.02619 
          v7 |   0.17139    0.20550 
          v8 |  -0.02560    0.04039 
          v9 |  -0.33739   -0.03539 
         v10 |  -0.10413   -0.15387 
         v11 |   1.11545    0.08851 
         v12 |   0.09945    0.02057 
 

 PFPro 
Index 

PFDis 
Index 

Actor 1 -.3320613 .0770492 

Actor 2 -1.128965 .6493955 

Actor 3 -1.220743 .2178129 

Actor 4 -1.749316 -.5222731 

Actor 5 -.8690116 .7905298 

Actor 6 -.061043 .932108 

Actor 7 .8502706 1.068058 

Actor 8 .8286663 -1.560407 

Actor 9 .0604342 1.398383 

Actor 10 -1.343478 -1.364705 

Actor 11 .5640503 .4721985 

Actor 12 .757243 -.1684316 

Actor 13 -.0953872 1.153798 

Actor 14 .5854016 -.4407604 

Actor 15 .269023 .0235783 

Actor 16 -.2578688 -2.242769 

Actor 17 2.100773 -.3976531 

Actor 18 1.042013 -.0859122 

 
To make these two indices more interpretable, it would be better to convert reverse coded questions. 
 
Finally, it may be the case that an orthogonal factor structure is wrong here – maybe the factors are 
correlated and thus are oblique. Stata can calculate an oblique rotation using the promax option on 
rotate.  
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. rotate, promax 
 
            (promax rotation) 
               Rotated Factor Loadings 
    Variable |      1          2          3          4          5          6 
-------------+----------------------------------------------------------------- 
          v1 |   0.18055    0.95719   -0.07375   -0.09682    0.16373    0.10887 
          v2 |  -0.28090    0.89574    0.27401    0.03325   -0.08966    0.00845 
          v3 |  -0.13761   -0.88801    0.13476   -0.02302    0.02594    0.09180 
          v4 |   0.28255   -0.60525    0.15247   -0.20451   -0.10025   -0.02987 
          v5 |  -0.08265    0.23527    0.05772   -0.00141    0.78680   -0.03771 
          v6 |   0.16035    0.13416    0.03854    0.64928   -0.00771    0.02761 
          v7 |   0.26591   -0.01151    0.06494   -0.03231    0.02184   -0.74604 
          v8 |   0.32007   -0.24417    0.50887    0.03463    0.08467   -0.22197 
          v9 |   0.84882    0.07142    0.03835    0.00326   -0.12261   -0.14142 
         v10 |   0.77210   -0.16174   -0.05644    0.12160   -0.00696   -0.07472 
         v11 |   0.97389   -0.16241    0.13118    0.03639    0.03865    0.11677 
         v12 |   0.92499    0.22839   -0.06772   -0.04650   -0.01515    0.01431 
 
Oblique rotations are harder to interpret because the factors are allowed to be correlated with one another. 
The use of an oblique rotation in this case does not seem to have added much clarity while muddying 
interpretation quite a bit. So, it seems that the most interpretable version is the principal factors output 
rotate using the varimax routine. 
 
 
Testing our results: Cronbach’s α 
 
Once we get a factor analytic result we would like to know with some degree of certainty that the items 
included in the index calculations actually relate to those latent factors. About fifty years ago Cronbach 
developed an “interitem reliability” scale which he name “α” because he thought others would follow. So 
far as I know, only his α measure has survived in usage until today. 
 
Cronbach’s α is not a statistical test. Instead, it is a rule-of-thumb. The value of Cronbach’s α varies from 
negative infinity to 1.00. Only positive numbers make any sense for our purposes. The more positive the 
number, the more the set of items being tested are correlated with one latent factor. 
 
Stata implements Cronbach’s α as a separate command; it is not integrated into the factor or pca 
commands. In order to use Cronbach’s α you need to have already run the factor analysis and decided 
which variables are correlated with each of your latent factors. In our case, v1 – v5 are related to one 
latent factor (FinPro) and v7-v12 are related to the second latent factor (FinAvoid). We can implement 
the test as follows: 
 
. alpha v1 v2 v3 v4 v5 
 
Test scale = mean(unstandardized items) 
Reversed items:  v3 v4 
 
Average interitem covariance:     1917.289 
Number of items in the scale:            5 
Scale reliability coefficient:      0.7283 
 
. alpha v7 v8 v9 v10 v11 v12 
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Test scale = mean(unstandardized items) 
 
Average interitem covariance:     .0618484 
Number of items in the scale:            6 
Scale reliability coefficient:      0.9337 
 
The key output here is the “scale reliability coefficient” – which is Cronbach’s α. The rule of thumb is 
that this coefficient should be at least 0.50, with many analysts seeking a value of 0.70 or higher before 
they are willing to accept the set of items as being related to a single latent factor. 
 
Here, Cronbach’s α suggests that v1-v5 do indeed form one latent factor and v7-v12 form another. 
The “FinAvoid” factor is the stronger of the two. 
 
Now, what to do with v6, which did not load particularly well on either factor. One way to decide is to 
see if inclusion in either variable set increase Cronbach’s α. 
 
. alpha v1 v2 v3 v4 v5 v6 
 
Test scale = mean(unstandardized items) 
Reversed items:  v3 v4 
 
Average interitem covariance:     1308.687 
Number of items in the scale:            6 
Scale reliability coefficient:      0.7021 
 
. alpha v6 v7 v8 v9 v10 v11 v12 
 
Test scale = mean(unstandardized items) 
 
Average interitem covariance:     .0478175 
Number of items in the scale:            7 
Scale reliability coefficient:      0.9036 
 
Both tests show that v6 actually degrades reliability, so it is probably best to drop v6 altogether. Finally, 
we could also check to see if the two variable sets are actually loaded on one latent variable by testing 
them all together: 
 
. alpha  v1 v2 v3 v4 v5 v7 v8 v9 v10 v11 v12 
 
Test scale = mean(unstandardized items) 
Reversed items:  v1 v2 v5 
 
Average interitem covariance:     373.0882 
Number of items in the scale:           11 
Scale reliability coefficient:      0.6469 
 
Again, this test suggests that the items are not related to a single factor – each separate factor had a higher 
Cronbach’s α then did the single factor test we just ran. The single factor also failed to meet the 0.70 
standard. So we can conclude that the 12 questions break down into two latent factors – FinPro and 
FinAvoid, with v6 not really belonging to either factor. 
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Generating an index 
 
Having determined the division of variables into groups associated with one underlying latent factor and 
having confirmed the selection using Cronbach’s α, there is one other decision to make. How to calculate 
the final indices. The predict post-analysis command calculates the regression coefficients using all 
the variables that were included in the regression. However, there do appear to be subsets, and the subsets 
may not be the ones we originally hypothesized. If we want to calculate the indices using only the “highly 
loaded” variables, we will first have to decide what constitutes “highly loaded.” There appears to be no 
concensus on what constitutes highly loaded. In the Zeller and Carmines paper, they defined it as a 
loading of 0.30 or higher. If you look back to the varimax output, it appears that cutoff of 0.50 may be 
appropriate. Using this criteria, let’s calculate indices with only the requisite variables. For the “Internet 
promotion” factor, we’ll use v1 – v5. For the Internet avoidance factor, we will use v7 – v 12. 
We’ll leave out  v6 entirely because it has low loadings on both factors and our Cronbach’s α suggest 
that it does not improve the reliability of either the promotion or avoidance indices.  
 
. factor  v1 v2 v3 v4 v5, pf 
(obs=19) 
 
            (principal factors; 3 factors retained) 
  Factor     Eigenvalue     Difference    Proportion    Cumulative 
------------------------------------------------------------------ 
     1        3.90585         3.64723      0.9516         0.9516 
     2        0.25862         0.21248      0.0630         1.0146 
     3        0.04615         0.06361      0.0112         1.0258 
     4       -0.01747         0.07115     -0.0043         1.0216 
     5       -0.08861               .     -0.0216         1.0000 
 
               Factor Loadings 
    Variable |      1          2          3    Uniqueness 
-------------+------------------------------------------- 
          v1 |   0.98465   -0.00426   -0.00280    0.03044 
          v2 |   0.89229    0.02180    0.17992    0.17097 
          v3 |  -0.82584    0.35264    0.07503    0.18801 
          v4 |  -0.93710    0.00274    0.03452    0.12064 
          v5 |   0.76155    0.36575   -0.08336    0.27932 
 
. predict FinPro 
            (based on unrotated factors) 
            (2 scorings not used) 
 
               Scoring Coefficients 
    Variable |      1 
-------------+---------- 
          v1 |   0.78132 
          v2 |   0.01927 
          v3 |   0.03132 
          v4 |  -0.25022 
          v5 |  -0.01964 
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. factor  v7 v8 v9 v10 v11 v12, pf 
(obs=18) 
 
            (principal factors; 4 factors retained) 
  Factor     Eigenvalue     Difference    Proportion    Cumulative 
------------------------------------------------------------------ 
     1        4.40296         3.97303      0.9140         0.9140 
     2        0.42994         0.32754      0.0892         1.0032 
     3        0.10239         0.06717      0.0213         1.0245 
     4        0.03522         0.08229      0.0073         1.0318 
     5       -0.04707         0.05899     -0.0098         1.0220 
     6       -0.10606               .     -0.0220         1.0000 
 
               Factor Loadings 
    Variable |      1          2          3          4    Uniqueness 
-------------+------------------------------------------------------ 
          v7 |   0.81954    0.21878    0.17650    0.07732    0.24336 
          v8 |   0.73469    0.41736   -0.00019   -0.05097    0.28345 
          v9 |   0.94404    0.05660   -0.16961    0.09652    0.06751 
         v10 |   0.90316   -0.13886    0.12309   -0.09605    0.14065 
         v11 |   0.97015   -0.11045   -0.15048   -0.07214    0.01876 
         v12 |   0.73720   -0.41617    0.06840    0.05385    0.27576 
 
 
. predict FinAvoid 
            (based on unrotated factors) 
            (3 scorings not used) 
 
               Scoring Coefficients 
    Variable |      1 
-------------+---------- 
          v7 |   0.20069 
          v8 |   0.01618 
          v9 |   0.13315 
         v10 |   0.12794 
         v11 |   0.58008 
         v12 |  -0.00456 
 

 FinPro 
Index 

FinAvoid 
Index 

Actor 1 .4443279 -1.118306 

Actor 2 .8378844 -1.09693 

Actor 3 .6288902 -1.222294 

Actor 4 .1150957 -1.538525 

Actor 5 .9953501 -1.03001 

Actor 6 .7868509 -.3788913 

Actor 7 .7922795 .4341438 

Actor 8 -1.222116 .9950153 

Actor 9 1.279486 -.2004473 

Actor 10 -1.128053 -.8112444 

Actor 11 .3140512 .4110756 

Actor 12 -.4226372 .5302756 

Actor 13 .6372782 -.258028 

Actor 14 -.8573895 .7103895 

Actor 15 -.798339 .4357112 

Actor 16 -2.240574 1.047652 

Actor 17 -.4896838 1.798898 

Actor 18 -.9144903 1.291515 
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If you look at the patterns, the indices seem reasonable: those with high avoidance scores seem to have 
low promotion scores and vice versa. The indices would be somewhat easier to interpret if we got rid of 
the reverse scoring in some cases, but they do present a coherent picture. 
 
Once we have the indices, it is possible to treat them as any other variable in a standard linear regression: 
they could be used as an independent or a dependent variables. 
 
 
Pulling it all together… 
 
For a factor analysis, here are the usual steps: 
 
1. Choose an appropriate factor analytic technique (factor, pca, etc.). 
 
2. Run the test. 
 
3. Choose a rotation, if appropriate (varimax or promax, or both). 
 
4. Determine which factors to retain using the Kaiser or scree test (use greigen for the scree graph). 
 
5. Determine which variables are loaded on which retained factors. 
 
6. Test the groupings using Cronbach’s α. 
 
7. Generate indices using predict. 


