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Introduction

Surveys are ubiquitous analytic tools
used throughout the military services.
From assessing an organization’s
health to soliciting opinions on
policies, surveys are often used to
gather data. In general, these surveys
focus on measuring attitudes and
these attitudes are almost universally
measured using Likert scales. The
results of these surveys often drive
policy decisions. So, it is critical to
develop surveys carefully and conduct
appropriate analysis to provide
accurate insights.
Unfortunately, military analysts
are not typically trained in survey
development or analysis. The initial
skills training for Air Force and Army
operations research analysts does
not include a formal course on
survey analysis or related statistical
methods (Henry and Smith 2015).
Lack of formal training is made more
problematic with the large body
of literature that cannot agree on
the appropriate treatment of Likert
scales. In fact, a quick Google search
of “Likert scales analysis” returns
competing methodological opinions.
Some claim that Likert scales are
ordinal, and only nonparametric
statistical methods are appropriate
(Allen and Seaman 2007). Others,
including the Director, Operational
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Test and Evaluation for the Office of
the Secretary of Defense, advocate
using parametric methods and
treating Likert scales as continuous
(Office of the Secretary of Defense
2015, Norman 2010). While methods
for analyzing survey data are not new
and many papers attempt to highlight
the proper treatment of Likert scales,
it is clear confusion on Likert scales
remains (Carifio and Perla 2008,
Boone and Boone 2012).
To shine some light on these
issues, we will clarify what actually
constitutes a Likert scale, describe
a method used to create them, and
demonstrate analysis of a Likert scale
with an example. We end with a brief
discussion of important and often
overlooked considerations for survey
development that create a solid
foundation for analyses.

The Likert Scale: What It Is
(and What It Isn’t)

In 1932, Rensis Likert published
the paper “A Technique for the
Measurement of Attitudes,” which
introduced a method for measuring
attitudes and his eventual namesake,
the Likert scale. Since then,
lackadaisical use of terminology
has generated a heated debate in
the literature on the best statistical
methods for analyzing Likert scales

(Jamieson 2004, 2005; Pell 2005;
Carifio and Perla 2007). The primary
disagreement centers on the treatment
of the data as ordinal or interval. As it
turns out, much of the disagreement
stems from confusion and could be
cleared up by simply clarifying the
definition of a Likert scale.
In his 1932 paper, Likert described
a simple and powerful method to
construct an attitude scale, built on
the premise that groups of related
questions measure a subject’s attitude
about some issue addressed by
those questions. He demonstrated
that summing the responses from
the related questions resulted in a
useful and tractable measure of the
underlying attitude (Likert 1932).
Likert’s “Survey of Opinions” used
several different response formats.a
One of these response formats
offered five possible choices:
strongly disagree, disagree,
undecided, agree, and strongly
agree. This type of response format
is commonly misidentified as a Likert
scale. An individual response on a
question is a Likert-type response
(Figure 1). Likert-type responses can
be thought of as ordered, but since
the distance between each response
choice is not necessarily constant or
well-defined, Likert-type responses
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Figure 1. Illustration of a Likert-type response.

Figure 2. Illustration of a Likert scale constructed as the sum of Likert-type responses
from related questions.
reflect ordinal rather than interval
data. This data format makes the
application of parametric statistical
methods inappropriate.

Robinson 2000). Unfortunately,
these scales are not available for all
research problems, although they may
provide a useful starting point.

A Likert scale (Figure 2) is the attitude
measurement constructed from the
sum of Likert-type responses on
related questions. Likert found such a
summation allowed for measuring the
underlying attitude that drives how a
subject responds to those questions
(Likert 1932). Likert scales, when
properly constructed, approximate
interval data and are therefore
amenable to traditional parametric
methods (Carifio and Perla 2008,
Boone and Boone 2012).

The Likert Scale: How to
Build It

How does a researcher know which
questions are related and make up
an attitude scale? In other words,
how does one choose the Likerttype responses that combine to
create an appropriate Likert scale?
One approach is to use an existing
attitudinal scale already evaluated for
validity and reliability (see for example
Buss and Perry 1992, Bennett and

Exploratory Factor Analysis

For those intrepid analysts attempting
to develop novel attitudinal scales,
tools are required to determine
which questions should be used
together to form a Likert scale. Factor
analysis is a powerful tool capable
of modeling underlying attitudes and
illuminating their existence in survey
response data. Factor analysis is a
multivariate data method used to
understand underlying relationships
or dimensions in data. These common
dimensions are called factors (Dillon
and Goldstein 1984, pp. 59–61).
When applying factor analysis to
survey data, the underlying attitudes
are the factors. But in the case of a
new survey without well-established
Likert scales, the underlying attitudes
and their relationship to the survey

responses will not be known, though
they should be hypothesized. With
exploratory factor analysis (EFA) we
can determine if there are underlying
attitudes, or in this case, factors, that
drive responses on survey questions.
These factors can then be used to
create new Likert scales.
Assume we administer a survey
comprised of m questions, with each
response denoted by Xi, where
i = 1, …, m. Using EFA, a realistic
subset of n observable and prominent
attitudes driving the survey responses
is determined. Then each question
response in Likert-type data is
effectively a linear combination of
the underlying factors (𝒇j, j = 1, …, n)
weighted according to the strength
of the relationship between the
factor and the individual question
called loading, or 𝝀ji. Together with
a measurement error, this gives
Equation 1:
Xi = λ1i𝒇1 + λ2i𝒇2 + · · · + λji𝒇j + ei

(1)

While the theoretical framework
assumes that the underlying attitudes
drive responses, these attitudes are
not directly observable. We can only
infer their existence. This makes
sense, since how an individual feels
about their military unit’s culture, for
example, will drive their responses
to questions related to culture, and
these questions will have relatively
large loadings on a culture attitude
scale. Similarly, feelings about
culture will not drive responses to
questions unrelated to culture and
the corresponding loadings on
nonculture-related attitude scales
will be relatively small. The questions
unrelated to culture will then not
be included in the calculation of
the Likert scale measuring culture
attitudes. Therefore, the goal of EFA
is to determine how many underlying
attitudes exist and which attitudes
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Costello and Osborne 2005, Suhr
2012, Revelle 2016). We recommend
using OLS and comparing the results
to other extraction methods to assess
model sensitivity to the method.

Figure 3. Sample size recommendations for exploratory factor analysis.
contribute to which set of survey
questions and how much.
Fricker et al. provide background
on EFA’s theoretical foundations
and an overview of its application
to solving these problems in survey
analysis, although notably without
mentioning Likert (Fricker et al. 2012).
The general steps to EFA outlined by
Fricker et al. are:
1. Determine the number of underlying
factors or attitudes (j in Equation 1)
2. Fit the j factor model in Equation 1
to estimate the factor loadings
3. Rotate the loadings (λji in
Equation 1) to simplify and find a
meaningful solution

Key Considerations

While Fricker et al. describe the basic
steps, there are seven considerations
for building Likert scales we would
like to add.
First, it would be unusual to cover
statistical methods without some
discussion of sample size. Figure
3 provides a summary of general
sample size guidelines for EFA.
Analysts should strive for greater than
200 survey respondents, although the
number of questions and the nature
of the data should be considered
(Wilson VanVoorhis and Morgan
2007, Costello and Osborne 2005).
Given that not all individuals surveyed
respond, the number sampled should
be adjusted based on the expected
response rate.
34
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EFA requires the creation of a
correlation matrix for all questions.
As noted earlier, and central to the
confusion, while Likert scales can be
treated as interval data, Likert-type
responses are ordinal. Therefore,
parametric correlations such as
the common Pearson correlation
are problematic because they
rely on the assumption of interval
data. The values for Likert-type
data is restricted to the Likert-type
response options. This restriction
results in reduced association when
measured by Pearson correlations
and generates underestimated factor
loadings (Holgado-Tello et al. 2010).
Polychoric correlations, on the other
hand, assume that the data are
restricted to categories. When used
for EFA of Likert-type data, polychoric
correlations have been shown to
provide a more accurate estimate of
the true model (Equation 1) compared
to Pearson correlations (Holgado-Tello
et al. 2010).
Methods for fitting the EFA model
to extract factor loadings include
maximum likelihood (ML), principle
axis factors (PAF), ordinary least
squares (OLS), and weighted least
squares (WLS). The ML method
assumes normally distributed
data and therefore some research
recommends OLS when using
polychoric correlations with ordinal
data (Holgado-Tello et al. 2010).
However, the superiority of a single
method is not clear given the diverse
set of recommendations in the
literature (Holgado-Tello et al. 2010,

During extraction, loadings are rotated
to simplify their structure. Rotation
yields factors with predominately low
loadings and questions that generally
load on only one factor (Dillon and
Goldstein 1984, pp. 87–89). This
helps the analyst derive a meaningful
interpretation of the factors without
changing the general fit of the
model, (e.g., the amount of variance
accounted for by the items) (Costello
and Osborne 2005). Of course, the
method for rotating loadings must
also be chosen. While Fricker et al.
applied orthogonal varimax rotation to
their example, we would emphasize
oblique rotation such as the promax
method for most survey data. Oblique
rotation has the advantage of allowing
for correlation between factors (i.e.,
attitudes), expected in the social
sciences (Costello and Osborne 2005).
Once loadings are computed and
rotated, a decision is required
regarding which questions are
associated with each factor. There
is no universal prescription and this
process requires a certain amount
of judgment. Strong loadings are
desirable, and low loadings are not,
but what are low, moderate, and
strong loadings? General guidelines
suggest that values less than 0.4
constitute a low loading, and values
greater than 0.7 are strong (Costello
and Osborne 2005). In addition to
strong loadings, factors extracted for
analysis should include no less than
three well-loaded questions (Costello
and Osborne 2005, Suhr 2012).
The detected factors should be
checked for reliability and goodness
of fit using confirmatory factor

PROFESSIONAL FEATURE
analysis (CFA). CFA, as the name
suggests, is used to confirm the
existence of a hypothesized factor.
There are several model metrics
resulting from the CFA that may be
used. Generally, an analyst should
use best judgment for selection of
metrics and associated cut-offs, and
not simply stick to rigid rules. Some
metrics and suggested cut-off values
include a Cronbach’s alpha measure
greater than or equal to 0.6, a TuckerLewis index (TLI) greater than or equal
to 0.95, and a root mean squared
error of approximation (RMSEA) less
than or equal to 0.06.b
Finally, the factors uncovered should
have meaning to the analyst and be
relevant to the research. For example,
a factor discovered from a survey of
military units could logically reflect
an attitude about “unit leadership.”
It can be tempting to assume that
strong loadings necessarily imply the
existence of an underlying factor, but
this is another case where judgment
is required. The factors uncovered
should have a narrative meaning of
relevance to the research questions
driving the study.

The Likert Scale: How to Use It

To demonstrate the use of a Likert
scale, we created an attitude
scale using data from the National
Longitudinal Survey of American Youth
(Bureau of Labor Statistics 2012).
The survey includes eight questions
about the role of women, with five
response options from strongly agree
to strongly disagree:
1. A woman’s place is in the home,
not in the office or shop.
2. A wife who carries out her
full family responsibilities
doesn’t have time for outside
employment.
3. A working wife feels more useful

than one who doesn’t hold a job.
4. The employment of wives leads to
more juvenile delinquency.
5. Employment of both parents is
necessary to keep up with the
high cost of living.
6. It is much better for everyone
concerned if the man is the
achiever outside the home and
the woman takes care of the
home and family.
7. Men should share the work
around the house with women,
such as doing dishes, cleaning,
and so forth.
8. Women are much happier if they
stay at home and take care of
their children.
These questions were asked of
subjects in 1979 and 2004. Data
points with incomplete information
(e.g., response refusal or “Does
Not Apply”) were first removed. A
Likert scale to measure an attitude
on women’s roles was developed
using EFA with the 1979 data (n
= 11,873). Two potential factors
were discovered underlying the
eight questions. Five of the eight
questions (questions 1, 2, 4, 6,
and 8) were tied to one factor, with
loadings between 0.58 and 0.78.
This factor has enough questions
and a relevant meaning (women’s
roles) and was therefore chosen for
analysis. Several different methods
for extracting the factor loadings
(e.g., OLS, WLS, and ML) all resulted
in the same model. Confirmatory
factor analysis suggested a reliable,
well-fitting Likert scale with a
Cronbach’s alpha of 0.78, a TLI of
0.99, and a RMSEA of 0.046. The
other factor had only two well-loaded
questions and was therefore not
considered further.
To operationalize the Likert scale,
responses for each individual on
the five well-loaded questions were

summed. If questions have negative
loadings the responses should be
reversed when calculating the score (1
becomes 5, 2 becomes 4, etc.) so that
scores consistently reflect the attitude.
Using this scale, attitudes about
women’s roles across gender,
geographic region, and time (1979
and 2004 with 5,307 respondents
in both data sets) can be compared
using parametric statistical
methods. These results are
displayed in Figure 4. The difference
between genders is noticeable as is
the shift toward more progressive
views of women from 1979 to 2004.
Hypothesis tests on the difference
between years by geographic region
were used to assess the change
from 1979 to 2004. The increase in
more progressive views of women’s
roles was less in the South than in
the Northeast and North Central
with statistical significance (α =
0.05). Also, as is noticeable in
Figure 4, the move toward more
progressive views from 1979 to
2004 was greater for female youths
than male youths, with statistical
significance (α = 0.05).
The questions that do not load onto
factors (questions 3, 5, and 7) should
not be discarded just because they
are not suited to analysis using
parametric methods. The responses
may be analyzed using nonparametric
methods or summarized using
histograms and/or appropriate
descriptive statistics (median, mode,
etc.). See Figure 5 for an example.
However, analysts and decision
makers should be extremely cautious
when drawing conclusions from
single questions, as it is possible
to be misled due to question
wording, misinterpretation, or other
unforeseen issues.
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Survey Development

Operations research analysts are
sometimes prone to focus on
quantitative analysis methods and
spend less time on the “squishy”
aspects of a study. However, proper
survey development is foundational
to its successful analysis. Confusing
questions or an improper sampling
plan could result in wasted effort.
Some of the most important
considerations are overviewed here.
For more details, analysts may refer to
resources such as the Air University
Sampling and Surveying Handbook
(Air University 2002) or guidance from
authors such as Kulzy and Fricker
(Kulzy and Fricker 2015).

The Research Question

The first step is always developing
clear and well-articulated research
questions. The research questions
should address the purpose of the
study and surveys should be used
only if these research questions
are answerable with a survey.
The analyst should always keep
the research questions in mind
throughout the development and
analysis of the survey.

Sampling

Sampling design should be random,
considering population subgroups,
such as gender, so that population
inferences are possible and aligned
with the research questions. Survey
response rate will impact sample
size and should be estimated
while building the sampling plan.
Additionally, weighting may be
required to draw population inferences
if there are response differences
between subgroups. Kulzy and
Fricker (2015) provide an overview of
response weighting.

Question Development

Question development is critical yet
extremely difficult. Best practices
36

PHALANX – JUNE 2017

1979 − Female Attitude

1979 − Male Attitude

2004 − Female Attitude

2004 − Male Attitude

Traditional

Progressive

Figure 4. Male and female youth’s attitudes about women’s roles in different US
regions in 1979 and 2004.

Men should share the work around the house with women,
such as doing dishes, cleaning, and so forth. (1979)
Female

Male

3%

5%

13%

17%

Strongly Disagree

35%

49%

61%

Disagree

17%

Agree

Strongly Agree

Figure 5. Example visual display of a single question.
include avoiding excessively
complex or vague questions, builtin assumptions, or questions with
perceived intent. A perilous mistake is
asking two questions in one, referred
to as a double-barreled question.
Consider this example from Likert’s
1932 paper:

statement, but a person who favors
compulsory training would disagree
with the “reduced” portion (Likert
1932). Because two questions are
asked in one, the response cannot
be used to decipher a person’s
attitude towards compulsory
training . . . or anything else.

“Compulsory military training in all
countries should be reduced but not
eliminated.”

Once developed, questions should
be thoroughly evaluated. An expert
review should be used to ensure the
question’s meaning is appropriately
conveyed. Additionally, focus groups
and pilot tests may be used to
assess question performance. These

A person who opposes compulsory
training would disagree with the
“not eliminated” portion of the

PROFESSIONAL FEATURE
evaluations can identify problems
early and avert issues during data
collection. Finally, try to keep the
survey as concise as possible.

Additional Questions

If comparisons across population
subgroups are of interest,
demographic questions should be
included. Include enough questions
to meet the needs of the research
but be cautious since demographic
questions can compromise anonymity.
Depending on the survey, it may also
be appropriate to build screening
mechanisms into the survey to detect
nonsincere survey takers. Honesty
questions should be used if the survey
is addressing sensitive material to
determine if a respondent answered
honestly. Dummy questions, for
example, “Choose 1, Strongly
Disagree,” may be used to ensure
a respondent actually answered the
questions instead of simply filling
in responses. Any respondents
answering dishonestly or failing the
dummy questions should not be
included in the analysis.

Those Pesky Free-form
Comments: Ways to Make
Sense of Them

Free-form comments are often
included in surveys. These can
provide a wealth of additional insight
for leaders, but can also prove
troublesome for analysis. To get the
most out of these comments we
recommend two steps: categorize
and summarize. First, categorize all
comments into “topics.” Count how
often each topic is mentioned. Then,
summarize the frequencies with
graphs. Finally, further summaries
can be provided with text analytics.
One example is a wordcloud, a
visualization technique that displays
the individual words sized by the
frequency of use. Wordclouds can

Figure 6. Example word cloud of article text.
provide a nice overview of prevalent
topics (Figure 6).

Conclusion

Surveys provide a powerful measure
of attitudes and useful insights for
decision makers if they are developed
and analyzed correctly. Using
attitude scales, i.e., Likert scales,
composed of multiple questions,
provides greater insights than simply
assessing responses from individual
questions. To clarify the persistent
confusion with Likert scales, the
key is understanding the difference
between Likert-type responses and
Likert scales. Likert-type responses
are the results of single questions and
should be treated as ordinal data.
Likert scales are created as the sum
of multiple Likert-type responses
and may be treated as interval data.
Decision makers will ultimately use
the information provided by surveys,
so careful and precise understanding

of survey development and analysis
methods is essential for the
operations research analyst. And, as
always, it is essential that each analyst
use their skill, knowledge, experience,
and creativity in applying critical
thinking to their unique problem.
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Notes

Both a 5- and 3-point response
type were considered. We will not
address all the various options for
Likert type responses or their best
use in this paper.

a

The indices discussed here are
suggested; however, other metrics
may also be used for model
assessment. See Hu and Bentler
(1999) and Suhr (2012).
b
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