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ABSTRACT

We systematically review applications of exploratory factor analysis (EFA) in marketing since 2000.
We show that most authors do not report EFAs in sufficient detail to determine whether appro-
priate practices were applied. When reported, most EFAs were conducted with practices that have
been outdated for decades, resulting in inaccurate assessments of constructs. For instance, authors
regularly utilize sample sizes too small to produce reliable estimates, apply inappropriate rotations,
and use retention methods known to misidentify the number of factors. Our discussion highlights
practices most in need of improvement, and we provide a checklist to ensure appropriate

applications of EFA.

The foundation of empirical research is adequate measure-
ment, whether through the creation of accurate sensors in
the natural sciences or scales in the social sciences (Cohen
et al., 2013; Hair et al., 2019; Stevens, 2012). If measures do
not sufficiently represent intended constructs, empirical
observations would not reflect phenomenon as they natu-
rally occur, and subsequent inferences derived from these
observations would be misleading. By utilizing poor mea-
sures, nonsignificant effects in the population could appear
significant in a sample (i.e. Type I Error), and significant
effects in the population could appear nonsignificant in
a sample (i.e. Type II Error). Given the essential impor-
tance of proper measurement, an array of techniques has
been developed to investigate the psychometric properties
of measures. Exploratory factor analysis (EFA) is among
the most popular of these techniques, and it is commonly
applied in marketing due to the field’s reliance on scales
(Hair et al.,, 2019; Kamakura & Wedel, 2000; Peterson,
2000; Rossiter, 2002; Steenkamp & Maydeu-Olivares,
2023; Stewart, 1981).

EFA identifies a number of latent factors underlying
a set of indicators, and it identifies the relation of each
latent factor to each indicator - known as factor loadings
(Goretzko et al., 2021; Howard, 2016, 2023; Watkins,
2018). For instance, a researcher may perform an EFA
on a five-item service quality scale and a five-item custo-
mer satisfaction scale, discovering that four items solely

relate to a first factor, four items solely relate to a second
factor, one item relates to both factors, and one item
relates to neither factor. Based on these results, it would
be typical for the researcher to remove the latter two
items to improve measurement adequacy, resulting in
two four-item scales believed to represent independent
constructs. Due to its data driven nature, EFA is believed
to be apt at identifying whether a set of indicators ade-
quately represent common and/or distinct constructs as
intended by the applied scale(s) (Auerswald & Moshagen,
2019; Maskey et al., 2018; Nguyen & Waller, 2022).
Likewise, because EFA assesses the relation of each factor
with each indicator, it is also believed to be apt at identi-
fying items that relate to multiple constructs (i.e. cross-
loadings) (Brown, 2015; Li et al., 2020; Sass & Schmitt,
2010). Therefore, in addition to being a popular analysis,
EFA is also an effective analysis.

More so than most other techniques, researchers
must make several analytical decisions when conducting
an EFA (Costello & Osborne, 2005; Fabrigar et al., 1999;
Howard & Henderson, 2023). Choosing incorrect deci-
sions can result in misleading EFA results, which could
cause researchers to claim support for inaccurate mea-
sures. Using the prior example, an incorrectly per-
formed EFA could cause the two problematic items to
be included in the two produced scales, resulting in
biased measurement tools. Ultimately, poorly
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performed EFAs could cause researchers to conduct
subsequent analyses with inappropriate measures that
misrepresent the studied phenomenon, resulting in
incorrect assessment of hypotheses and misleading
interpretations (Cohen et al., 2013; Hair et al., 2019).
For these reasons, it is paramount that researchers
understand and apply the correct decisions for perform-
ing an EFA.

Concerningly, three primary tensions are evident in
the current marketing literature, stemming from
changes in best practices for EFA since the last focused
reviews of EFA in marketing (Peterson, 2000; Stewart,
1981). First, marketing researchers are likely applying
outdated EFA approaches and perhaps engaging in
practices now known to produce inaccurate findings,
resulting in misleading insights into the substantive
nature of their scales. For instance, modern guides
now recommend the oblique rotations and a variety of
factor retention methods (e.g. parallel analysis) should
be applied when conducting EFA, but marketing
researchers may still be utilizing orthogonal rotations
and the Kaiser criterion. Second, several statistical and
technological advances have been made since these
reviews, including the creation of advanced technologies
that can effortlessly conduct analyses that were pre-
viously restricted to only those with state-of-the-art
computers. Aspects of EFA may not have been
addressed in these original sources due to analytical or
computing limitations at the time, leaving uncertainty
regarding certain EFA decisions even after their

Table 1. Recommended EFA practices.

publication. Because these technologies are now wide-
spread, we expose readers to these advanced approaches
for improved EFAs (e.g. machine learning), such that
researchers can obtain more accurate EFA results.
Third, researchers have increasingly recognized that
proper EFA practices depend on the context, and cer-
tain EFA decisions may differ based on the field of
study, such as factor loading interpretations (Howard,
2023; Howard & Henderson, 2023; Sakaluk & Short,
2017). Because this was not known at the time of these
prior reviews, EFA best practices specific to marketing
remain unrecognized.

To resolve these tensions in the literature, the current
article reports a systematic review of EFA practices in
marketing since 2000. We begin by discussing currently
recommended EFA practices for psychometric investi-
gations derived from relevant guides (e.g. Hair et al.,
2019; Howard, 2016, 2023) and investigations (e.g.
Goretzko & Bithner, 2020; Lim & Jahng, 2019). We
briefly discuss the use of EFA for Harman’s single-
factor test and recent evidence that it is ineffective for
assessing problematic common method bias (e.g. Fuller
et al., 2016). Then, we report our systematic procedures
and findings. We highlight certain widespread EFA
practices in marketing that are particularly outdated or
problematic, drawing researchers’ attention to aspects of
their methodological toolkits that could particularly
benefit from updating. In our discussion, we use our
systematic review to inform certain novel EFA recom-
mendations that are specific to marketing, such as new

Step

Recommendations

Step 0 — Review of Literature

Review the current literature for new developments to EFA. Review both statistical developments and software

developments, as previously recommended but difficult to apply analyses may become easier with new programs.

Step 1 - Data Inspection

Ensure that sample sizes are appropriate based on estimates of common variance, such as the number of studied indicators

and expected factors. We recommend the cutoffs of Rouquette and Falissard (2011).
Perform typical assessments of data quality and approaches for data cleaning, such as recommended practices to ensure
sufficient participant motivation and address missing data. Ensure that gathered samples are representative of the target

population.
Report Bartlett’s test and KMO test.
Step 2 - Factor Extraction
studying either.

Determine whether the investigation at hand calls for the analysis of total or common variance. Report the justification for

If the study of total variance is desired, apply PCA.
If the study of common variance is desired, apply PAF due to its less restrictive data assumptions. However, if model fit
indices are desired, apply ML but recognize its data assumptions.

Step 3 - Factor Retention

Apply both visual scree plot analysis and parallel analysis.

If these two approaches do not provide a firm factor retention decision, apply another supported method. We recommend
the comparison data method due to its accuracy and ease of application.

Step 4 - Factor Rotation Do not perform an orthogonal rotation.

Perform an oblique rotation, such as oblimin or promax.

Step 5 - Factor Loading
Interpretation

In an a priori manner, consider whether factor loadings are expected to be small, medium, or large based on the studied
constructs. Then, use percentile values in Table 3 associated with these expectations as factor loading cutoffs.

If there are no expectations for the size of factor loadings, apply our percentile cutoffs for moderate factor loadings. This
would include a primary loading cutoff of .56, a secondary loading cutoff of .42, and a factor loading difference cutoff of

.35.

Describe the magnitude of resultant factor loadings based on the percentiles in Table 3.

Step 6 — Review of Reporting
or online repositories.

Ensure that all recommended practices are clearly detained in the final EFA reporting. If needed, use supplemental materials




guidelines for the interpretation of factor loadings. We
conclude by providing a clear guide for best practices in
conducting EFAs within marketing (Table 1).

By achieving these goals, the current article produces
several implications for research and practice. First, we
eliminate ambiguities in the current literature by pro-
viding guidance for all aspects of EFA, including those
without widely accepted guidelines (e.g. factor loading
interpretation). These efforts enable future analyses to
be more accurate and easier to conduct, allowing
researchers to better test their hypotheses and models.
Second, while some reviewed recommendations are
long-standing best practices, it cannot be guaranteed
that researchers are utilizing these suggestions. We pro-
vide insights into whether the current marketing litera-
ture is overlooking well-known recommendations,
which would suggest that greater efforts are needed by
editors and reviewers to ensure proper statistical appli-
cations. Third, we identify specific studies that may have
been particularly likely to produce misleading results by
identifying problematic practices in prior applications
of EFA in marketing research. Through using our sys-
tematic review database (Supplemental Material A),
researchers could reinvestigate these past findings and
perhaps discover the substantive nature of widely stu-
died constructs may notably differ (e.g. number of fac-
tors) when reanalyzed using recommended techniques.
Fourth, our review provides evidence that Harman’s
single-factor test is popular but inaccurate, thereby
redirecting research efforts to analyses that are more
effective in detecting common method bias. Together,
we intend for the current article to be a clear guide for
marketing researchers to perform improved EFAs,
resulting in more accurate measurement and empirical
research.

Background
Exploratory and confirmatory factor analysis

We first distinguish EFA from its most closely related
analysis, confirmatory factor analysis (CFA), as the two
analyses are indeed distinct and used for different pur-
poses. When conducting an EFA, the researcher should
have a general conceptualization of their studied con-
structs, including expectations regarding the number of
dimensions and relations of each indicator to those
dimensions; however, EFA does not specifically test
a designated model, as it is instead a data-driven
approach (Goretzko et al., 2021; Howard, 2016, 2023;
Howard & Henderson, 2023; Stewart, 1981; Watkins,
2018). The analysis identifies the best model for the
analyzed data, which includes the number of latent
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factors and the relation of each latent factor to the
indicators. These relations include the association of
indicators to their posited construct, known as factor
loadings, and it includes the association of indicators to
each other alternative construct, known as secondary
loadings. This approach enables researchers to easily
identify any unanticipated latent factors or secondary
loadings, which is a clear benefit of the analysis.

Alternatively, the researcher is expected to have
a firm conceptualization of their studied constructs
and their relations when conducting a CFA (Brown,
2015; Harrington, 2009). The analysis specifically tests
a designated model, and it assesses the extent that the
modeled relations explain the underlying covariance
between indicators in the studied dataset. Model fit
indices are statistics utilized to determine whether the
model adequately explains this covariance, and if ade-
quately fitting, the researcher can then interpret the
factor loadings and construct relations to understand
the (inter)relations of indicators and latent factors.
Because relations must be explicitly modeled to be
tested via CFA, it is difficult to identify unanticipated
latent factors or cross-loadings with the analysis.
Nevertheless, the ability to assess the validity of
a specific model is a sizable benefit of CFA, as research-
ers can determine whether their model and any compet-
ing models are adequate representations of the data
(Brown, 2015).

EFA and CFA are similar in that they both assess the
(inter)relations of indicators and latent factors; how-
ever, the two analyses differ in their approach, which
causes them to produce differing considerations. The
data-driven approach of EFA often enables researchers
to identify problematic features of the studied indica-
tors, such as cross-loadings, as these problematic fea-
tures are rarely modeled when conducting CFA. For this
reason, EFA is often applied when studying relatively
untested measures, whether because they are newly cre-
ated or recently adapted (Goretzko et al., 2021; Stewart,
1981; Watkins, 2018). It is also regularly used in the
earlier phases of the scale development process. Some
authors have called for EFA to be applied more broadly
in empirical research, even when applying established
measures, as researchers could better assess whether
unexpected factors or loadings occurred in their studied
sample (Howard, 2016, 2023; Howard & Henderson,
2023). Alternatively, CFA provides more direct infer-
ences about a specific model, and researchers can assess
whether their model of interest is an adequate explana-
tion for the underlying structure of their data. This has
caused authors to frequently apply CFA when studying
established measures, as stronger expectations can be
had for those measures (Brown, 2015; Harrington,
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2009). CFA is also regularly applied in the latter phases
of the scale development process. Together, EFA and
CFA should be applied based on the needs of the
researcher, and neither analysis should be considered
superior to the other.

Psychometric investigations

The primary focus of the current article is the use of
EFA for psychometric investigation, which refers to
applying the analysis to identify and substantively inter-
pret the latent factors underlying a set of indicators
(Hair et al.,, 2019; Peterson, 2000; Stewart, 1981).
When performing an EFA for this purpose, five primary
categories of decisions must be made, which are com-
monly categorized as (1) Data Inspection, (2) Factor
Extraction, (3) Factor Rotation, (4) Factor Retention,
and (5) Factor Loading Interpretation. We review each
category below.

Data Inspection

Typical data inspection techniques should be applied
when performing an EFA. For instance, researchers
should utilize attention checks to ensure that partici-
pants were sufficiently motivated to accurately respond
(Kung et al,, 2018), and they should use modern
approaches to address missing data (Newman, 2014).
Researchers should also ensure that their sample is
representative of their target population, which is essen-
tial for all empirical research. Many methodologists
have commented on the frequent inadequacy of
research samples, as convenient sources may not always
generalize to intended target populations (Hanel et al.,
2016; Stevens, 2011). For instance, it would be unlikely
that results obtained from unemployed undergraduate
students would generalize to employees currently in
sales positions, as these students would have different
experiences and perceptions than sales employees.
Similarly, authors have discussed that samples are typi-
cally Western, educated, industrialized, rich, and demo-
cratic (WEIRD) (Cheon et al., 2020; Klein et al., 2022;
Muthukrishna et al., 2020). If researchers intend for
their samples to generalize beyond WEIRD contexts,
they need to explicitly sample from those contexts.
These considerations are true when using EFA, and
the representativeness of the studied sample is essential
when conducting the analysis.

Two data inspection techniques specific to EFA
should also be applied when conducting the analysis,
which are Bartlett’s test of sphericity and the Kaiser-
Meyer-Olkin (KMO) test for sampling adequacy.
Bartlett’s test determines whether the observed indica-
tor correlation matrix is significantly different than an

identity matrix (correlations of zeros), whereas the
KMO test assesses the extent that each indicator is
predicted by each other indicator (Liidecke et al.,
2021). Both analyses determine whether the data is
suitable for EFA by testing whether sufficient interrela-
tionships are evident between the indicators. When
indicators share an insufficient amount of covariance,
factor solutions may appear to be suitable, but they
would instead explain little shared variance. In this
case, the emergent factors would have little theoretical
utility, and the researcher could unknowingly derive
misleading theoretical inferences from the deceptive
factors. For this reason, these two analyses are essential
to perform in all applications of EFA (Costello &
Osborne, 2005; Goretzko et al., 2021; Howard, 2023;
Watkins, 2018), as researchers cannot otherwise detect
when these instances may occur. A significant Bartlett’s
test and a KMO value above .60 indicate that the data is
appropriate for EFA (Hair et al., 2019; Howard, 2016).

Additionally, researchers must obtain an appropriate
sample size to conduct EFA, for which many recom-
mendations are widespread in the current literature
(Goretzko et al.,, 2021; Howard, 2023; Howard &
Henderson, 2023; Maskey et al., 2018; Reio & Shuck,
2015; Sakaluk & Short, 2017; Watkins, 2018). The most
popular recommendations are absolute guidelines and
relative guidelines. Absolute guidelines recommend
a fixed minimum number of participants, and the
most popular absolute guidelines are 200 or 300 parti-
cipants. Relative guidelines recommend a minimum
number of participants based on the number of ana-
lyzed indicators in the EFA, of which 5 or 10 partici-
pants per indicator are the most popular
recommendations.

Methodologists have shown, however, that the neces-
sary sample size for EFA is not a fixed value, and it
depends on more than the number of studied indicators
(Costello & Osborne, 2005; Hogarty et al., 2005;
MacCallum et al., 1999; Rouquette & Falissard, 2011).
Instead, the minimum number of participants depends
on the pattern of common variance shared by the stu-
died indicators. While common variance can be
observed by aspects such as communalities or factor
loadings, these aspects are often difficult to predict
before conducting the EFA. For this reason, authors
have recommended that researchers should base their
sample sizes on both the number of studied indicators
and the expected number of emergent factors, as these
two aspects together often correspond to the common
variance of indicators (Howard, 2023; Howard &
Henderson, 2023; Rouquette & Falissard, 2011). Few
authors have provided sample size tables for EFA
based on these aspects, but Rouquette and Falissard’s



(2011) tables are among the most empirically supported
because the authors conducted extensive simulations to
arrive at their sample size recommendations. Based on
their simulations, these authors recommend sample
sizes that are larger than common absolute or relative
guidelines, ranging from 250 (PCA, 45 indicators, and 2
factors) to 800 participants (EFA, 10 indicators, and 3
factors). Researchers should be aware that often larger
sample sizes are necessary to obtain accurate EFA
results in most applied contexts than those commonly
recommended in the literature, and they should use
Rouquette and Falissard (2011) tables to determine
appropriate sample sizes for their EFAs.

Factor Extraction Method

Three factor extraction methods are commonly dis-
cussed in extant guides: principal components analysis
(PCA), principal axis factoring (PAF), and maximum
likelihood (ML). The first of these, PCA, analyzes the
total variance of indicators, whereas the latter two, PAF
and ML, analyze the common variance of indicators. In
earlier works of EFA (e.g. Harris, 1964; Jefters, 1967;
Lawley & Maxwell, 1962; Velicer, 1974), the implica-
tions of studying total or common variance were often
debated, but more recent articles have less frequently
discussed this distinction in depth. Instead, contempor-
ary authors typically apply a factor extraction method
without providing supporting justifications beyond an
occasional citation, which is a problematic practice
because the study of total or common variance poses
differing theoretical implications.

The goal of PCA is to maximize the amount of
explained variance in the indicators, which is why
PCA involves the analysis of total variance rather than
common variance (Hair et al., 2019). Because PCA
analyzes total variance, it is often not considered a true
factor analytic technique (Howard, 2016, 2023; Howard
& Henderson, 2023). Instead, methodologists typically
consider the study of total variance to be the analysis of
components, whereas the study of common variance is
the analysis of factors. Researchers should be careful
with their language when discussing PCA for this rea-
son. Further, the analysis of total variance does not
differentiate between shared and unique variance, caus-
ing PCA results to represent a combination of both.
Authors have suggested that PCA may be most applic-
able when specific and error variances are expected to
represent a small portion of the studied indicators’ total
variance. PCA is also regularly applied when
a researcher’s objective is to summarize indicators into
a minimum number of components for prediction pur-
poses, as the analysis of total variance is particularly
effective for data reduction (Fabrigar et al., 1999; Hair
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et al,, 2019). Despite these differences between PCA and
factor analysis, the two sets of analytic techniques pro-
duce similar results when the subsequent steps of the
EFA process are performed correctly (Matsunaga, 2010;
Trendafilov et al., 2013; Velicer & Jackson, 1990),
emphasizing the importance of each EFA decision.

Alternatively, PAF and ML are considered factor
analytic techniques because they assess common rather
than total variance, which can be particularly useful
when the researcher does not have knowledge or expec-
tations about their indicators’ specific and error var-
iance (Hair et al., 2019). Regarding the distinction of
PAF and ML, the former imposes fewer data assump-
tions, enabling it to provide accurate results in a wider
range of contexts. The latter natively provides model fit
indices (Costello & Osborne, 2005); however, Montoya
and Edwards (2021) found that model fit is an ineffec-
tive approach to determine the number of factors to
retain from EFA, drawing the benefits of model fit
indices with ML into question. For this reason, we
recommend the application of PAF for the study of
common variance to avoid restrictive data assumptions
(Beavers et al.,, 2019; Costello & Osborne, 2005;
Watkins, 2018).

Together, PCA should be used when authors wish to
study total variance, and PAF and ML should be used
when authors wish to study common variance. If com-
mon variance is of interest, authors should use PAF
when possible due to its less restrictive assumptions,
but they should use ML if the provision of fit indices is
necessary. Regardless of the approach, researchers
should provide justification for their applied extraction
method.

Factor Retention Method

The researcher must determine the number of factors to
retain from their EFA, and most methods to make this
decision use eigenvalues (Courtney, 2013; Larsen &
Warne, 2010; Patil et al.,, 2008). Each factor has an
eigenvalue, which is the sum of squared factor loadings
for that factor. As factor loadings represent the relation
between a factor and an indicator, eigenvalues represent
the amount of variance that a factor explains in the
indicators. As the goal of EFA is to retain factors that
explain a meaningful amount of variance in the indica-
tors and exclude factors that do not, the goal of factor
retention methods is to identify this distinction via
eigenvalues.

The most popular factor retention method is the
Kaiser criterion, but it is unfortunately among the least
accurate factor retention methods (Braeken & Van
Assen, 2017; Humphreys & Ilgen, 1969; Patil et al.,
2008). The Kaiser criterion proposes that researchers
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should retain all factors with an eigenvalue above 1.00
and exclude all factors with an eigenvalue below 1.00.
Simulation studies have repeatedly shown that the
Kaiser criterion regularly overestimates the number of
factors to retain, causing EFA solutions to include fac-
tors that do not explain meaningful amounts of variance
in indicators (Bracken & Van Assen, 2017; Humphreys
& Ilgen, 1969; Patil et al., 2008). Authors have also
regularly commented that factors with eigenvalues of
1.01 and 0.99 are largely indistinguishable regarding the
variance that they explain in indicators, and retaining
one while excluding the other is arbitrary and counter-
intuitive. Given these considerations, most modern
guides for EFA recommend against utilizing the Kaiser
criterion.

Another popular factor retention technique is the
visual scree plot analysis (Macrosson, 1999; Roberson
et al., 2014; Yong & Pearce, 2013). To perform this
approach, eigenvalues are plotted sequentially on
a chart from the first to last factor. The researcher
then identifies the final “elbow” in the eigenvalues, or
the final point that the eigenvalues significantly decrease
in value. Factors before the elbow are retained, and
those after the elbow are excluded. Figure 1 provides
a demonstration of a visual scree plot analysis, showing
an elbow in eigenvalues. Modern guides often recom-
mend performing a visual scree plot analysis, but only in

35

25

Eigenvalue

conjunction with other retention approaches due to its
subjectivity (Maroof, 2012; Watkins, 2018). It can be
difficult to determine exactly where the final elbow
occurs when performing a visual scree plot analysis,
causing some discrepancy in interpretations.

While less popular than the Kaiser criterion or visual
scree plot analysis, parallel analysis is among the most
supported factor retention techniques (Dinno, 2009;
Ledesma & Valero-Mora, 2007; Lim & Jahng, 2019).
When conducting a parallel analysis, the researcher per-
forms an initial EFA, and a specified number of datasets
(e.g. 10000) consisting of random numbers are gener-
ated with the same sample size and number of indicators
as the conducted EFA. Separate EFAs are performed on
each of these datasets of random numbers, and the
eigenvalues of each factor from each dataset are
recorded. These eigenvalues represent variance
explained in spurious relations alone, and any mean-
ingful eigenvalue in the EFA conducted on actual data
should be significantly larger than these eigenvalues
derived from random values. For this reason, research-
ers typically retain factors with eigenvalues above the
95th percentile of the eigenvalues derived from random
values when performing a parallel analysis. In recent
years, parallel analysis has become increasingly easy to
apply, as websites now exist that generate the datasets
and conduct the EFAs automatically (e.g. Patil et al.,

.
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Figure 1. Visual representation of factor retention based on eigenvalues. Figure 1 illustrates the application of three different factor
retention approaches. In this example, the Kaiser criterion recommends the retention of three factors, as the eigenvalues for the first
three factors are above 1.00. The visual scree plot analysis recommends the retention of two factors, as the “elbow” occurs after
the second factor; only the first two eigenvalues occur before the point of diminishing returns, and the subsequent eigenvalues
explain much smaller amounts of variance in the indicators. The parallel analysis recommends the retention of two factors, as the
eigenvalues of only the first two factors are larger than the parallel analysis eigenvalues.



2017). Due to its accuracy and ease of use, it is expected
that parallel analysis will become more popular in the
future.

A multitude of other factor retention approaches
have also been supported to be more accurate than the
Kaiser criterion and visual scree plot analysis, but many
of these have yet to become widespread. Many of these
other approaches currently require coding languages
(e.g. R, Python) or sparsely used programs to apply. It
is expected that these other approaches will become
more popular in future research, as methodologists are
continuously creating programs to ease the application
of more accurate statistics. We recommend that
researchers should monitor developments to the
machine learning approaches (Goretzko & Biihner,
2020) for factor retention decisions, as significant sup-
port has been provided for its accuracy.

Together, we recommend that researchers should
apply both visual scree plot analysis and parallel analy-
sis, and they could provide further evidence for their
retention decisions by also applying supported but less
common approaches (e.g. machine learning). If the
number of factors to retain is unclear with both visual
scree plot analysis and parallel analysis, then researchers
must supplement these two analyses with a third
approach. As highlighted in our discussion, we recom-
mend applying the comparison data method in this
circumstance. The comparison data method provides
accurate factor retention decisions (Auerswald &
Moshagen, 2019), and a user-friendly program has
been developed for its application (Courtney, 2013)

Factor Rotation Method

When performing an EFA, the initial solution is
a correct representation of the relations between the
emergent latent factors and indicators, but an infinite
number of potentially more interpretable alternative
solutions are also correct representations. Factor rota-
tions are defined statistical approaches to identifying
a correct and more interpretable alternative solution,
which can greatly aid the researcher in understanding
the nature of their EFA results.

The decision of which family of rotation to apply
often has larger implications for conducting an EFA
than the exact rotation, and the two families of rotations
are orthogonal and oblique (Maskey et al., 2018; Reio &
Shuck, 2015; Sakaluk & Short, 2017). Orthogonal rota-
tions do not allow emergent factors to be correlated,
whereas oblique rotations allow (but do not force)
emergent factors to be correlated. If a justification is
provided for applying an orthogonal rotation, authors
usually specify that they did not expect sizable correla-
tions among their emergent factors, and therefore they
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did not choose a rotation that could model factor cor-
relations. At the same time, if a justification is provided
for applying an oblique rotation, authors usually specify
that all emergent factors are correlated to some extent,
and therefore they chose a rotation that could model
these factor correlations and provide more accurate
results. Relevant reviews and guides of EFA have recom-
mended the application of oblique rotations, as model-
ing these correlations — even when minimal - is
necessary for interpreting factor solutions (Brown,
2015; Goretzko et al., 2021; Howard, 2023; Howard &
Henderson, 2023).

Of specific rotations, varimax is the most popular
orthogonal rotation across many fields of study
(Beavers et al.,, 2019; Costello & Osborne, 2005;
Fabrigar et al., 1999; Ledesma et al., 2021; Watkins,
2018). The varimax rotation increases the variance in
factor loadings, producing a greater dispersion between
large and small factor loadings. Because the varimax
rotation does not allow emergent factors to be corre-
lated, it is infrequently recommended in modern guides,
and it has been less often applied in recent years in the
related fields of tourism and hospitality management
(Howard & Henderson, 2023) and management
(Howard, 2023).

Some authors have applied the varimax rotation
when their studied constructs are highly correlated,
and they believe that obtaining uncorrelated factor
scores is necessary to address multicollinearity in sub-
sequent analyses. Guides for addressing multicollinear-
ity typically do not recommend this approach and/or
explicitly recommend against it (Kraha et al., 2012; Lin,
2008; Sulaiman et al., 2021; Tu et al., 2004). Constructs
are always correlated to some extent, even if relatively
minor. While varimax produces orthogonal factors, the
true nature of the represented constructs still includes
this correlation, and the varimax rotation simply fails to
model this shared variance. The results produced from
the varimax rotation do not align with the true nature of
the constructs, even if used in an attempt to address
multicollinearity issues. For this reason, other
approaches are recommended to address multicolli-
nearity issues, such as theoretically driven model revi-
sion, instead of utilizing varimax rotation (Kraha et al,,
2012; Lin, 2008).

The most popular oblique rotations are promax and
oblimin in reviews of other academic domains (Costello
& Osborne, 2005; Fabrigar et al., 1999; Ford et al., 1986;
Henson & Roberts, 2006; Howard, 2023; Howard &
Henderson, 2023). The promax rotation achieves
a similar function to varimax (increase variance in fac-
tor loadings), but it allows emergent factors to be corre-
lated. The oblimin rotation similarly differentiates large
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and small factor loadings, doing so by “minimize[ing]
the correlations of loadings across factors” (Spicer, 2005,
p. 188). Present research has yet to firmly demonstrate
that promax or oblimin rotations produce more accu-
rate results beyond the other, and the same is true for
other oblique rotations. For this reason, we recommend
the application of oblique rotations, but we do not
specify a specific oblique rotation to apply (akin to
other guides) (Beavers et al., 2019; Ledesma et al,,
2021; Watkins, 2018).

Factor Loading Interpretation
When performing an EFA, researchers must interpret
primary factor loadings and cross-loadings. Primary
loadings are the indicators’ factor loadings on intended
factors, whereas cross-loadings are the indicators’ factor
loadings on alternative factors. It is typical to retain
indicators with large primary loadings and small cross-
loadings while excluding indicators with small primary
loadings and/or large cross-loadings (Ford et al., 1986;
Peterson, 2000; Sass, 2010). For this reason, it is neces-
sary to distinguish large from small when considering
primary loadings and cross-loadings, and this designa-
tion should be determined before conducting the EFA.
Earlier guides discussed the interpretation of statisti-
cal significance when assessing primary loadings and
cross loadings (Cattell, 1966; Kim & Mueller, 1978);
however, more recent sources advise against this prac-
tice because statistical significance is influenced by more
than the loading alone, and researchers observed that
the meaningfulness of a factor loading is often indepen-
dent from its statistical significance (Brown, 2015;
Costello & Osborne, 2005; Ford et al., 1986). These
sources instead recommend absolute cutoffs for primary
loading and cross-loading interpretations.
Unfortunately, a wide array of recommendations can
be seen in recent reviews of EFA (Goretzko et al., 2021;
Howard, 2016, 2023; Howard & Henderson, 2023;
Maskey et al., 2018; Reio & Shuck, 2015; Sakaluk &
Short, 2017; Watkins, 2018). Common recommenda-
tions for primary loading cutoffs range from .32 to .70,
whereas common recommendations for cross-loading
cutoffs range from .30 to .70. Perhaps equally proble-
matic, authors rarely provide justifications for applying
their chosen cutoff beyond a citation, leaving it unclear
why any cutoff may be better or worse than another.
Therefore, no primary loading or cross-loading cutoff is
dominant or most supported in the present literature.
Recent years have also seen an increase in authors
considering the difference between indicators’ pri-
mary loadings and cross-loadings (Topcu-Uzer
et al., 2021; Tuck & Thompson, 2023; Vicente
et al, 2020). Absolute guidelines can result in

problematic indicator retention decisions. For
instance, if a researcher applied primary loading
and cross-loading cutoffs of .40, they would retain
an item with a primary loading of .41 and a cross-
loading of .39, although a .02 discrepancy in loadings
is likely not a meaningful difference. Among the few
recommendations for the difference between primary
loadings and cross-loadings, Howard (2016) sug-
gested a cutoff of .20 based on a review of EFA in
the human-computer interaction literature.

These differences in interpretations and wide
ranges of cutoffs may be due to the relatively arbi-
trary nature of factor loadings. That is, factor load-
ings do not have an inherent characteristic that
signifies large or meaningful values. For instance,
while a factor loading of .50 is larger than a factor
loading of .40, researchers cannot decisively label
either as large or meaningful based on the nature of
factor loadings themselves. For this reason, Howard
(2023) recently adopted prior approaches for devel-
oping correlational effect size benchmarks (Bosco
et al., 2015; Gignac & Szodorai, 2016; Orth et al,
2022) to craft new factor loading guidelines for man-
agement research. The author conducted a systematic
review of EFA in management to identify benchmark
ranges for primary loadings, cross-loading, and load-
ing differences based on percentile estimates of pre-
viously reported findings, and they offered the ranges
of very small (<10™ percentile), small (10™-33" per-
centile), moderate (33"4-66'" percentile), large (66"-
90™ percentile), and very large (290" percentile).
These ranges actualized the strength of factor load-
ings accepted in the field of management, as they
were created from factor loadings of published
EFAs. The author suggested that authors could
require their indicators to produce factor loadings
that meet the cutoff for moderate values, but these
ranges also enable researchers to select more liberal
or conservative cutoffs based on their applications.
Therefore, these factor loading benchmarks provided
clarity to the interpretation of factor loadings in
management.

It cannot be guaranteed that standards of manage-
ment generalize to marketing, as the former may be
more conservative or liberal regarding the treatment of
factor loadings. For this reason, we replicate this crea-
tion of factor loading benchmarks using our review of
marketing. In doing so, we provide a table of factor
loading percentiles to provide much-needed clarity for
the interpretation of factor loadings, as no cutoffs are
currently dominant in the literature. Future researchers
can use these percentiles as cutoffs, which is illustrated
in our discussion.



Harman'’s single-factor test

In addition to using EFA for psychometric investiga-
tions, the analysis is also commonly applied to detect
problematic amounts of common-method variance,
known as Harman’s single-factor test (Fuller et al,
2016; Howard, 2023). To conduct Harman’s single-
factor test, researchers perform an EFA on all studied
indicators. If a one-factor solution emerges and/or more
than 50% of the variance in indicators is explained by
the first factor, the data is considered to contain
a problematic amount of common-method variance.
Recent investigations have shown that Harman’s single-
factor test is ineffective, as it too often provides suppor-
tive results for data with problematic common-method
variance (Aguirre-Urreta & Hu, 2019; Fuller et al,
2016). Unfortunately, its appearance in prominent out-
lets of marketing even after the publication of these
investigations suggests that the analysis is still broadly
being applied despite its inefficacy. For this reason, we
systematically investigate the frequency that researchers
in marketing apply Harman’s single-factor test and the
frequency that their results were supportive. If the ana-
lysis excessively produced supportive results, then it
could indicate that researchers claimed support for
their data that may have contained problematic com-
mon-method variance. Such a discovery would both
suggest that certain prior research is concerning and
replication attempts are necessary to verify the validity
of prior results. We also believe that this additional
information is necessary to convince researchers to no
longer apply Harman’s single-factor test, as extant
investigations have not been fully effective in curbing
the application of the analysis.

Additional considerations

The current article makes two additional considera-
tions. First, it could be argued that any concerning result
observed in our review may be irrelevant if practices are
trending toward more appropriate applications of EFA.
For this reason, we assess the relation of year with each
aspect of EFA practices and results. If these relations are
largely not statistically significant, then they would indi-
cate that EFA practices have remained relatively consis-
tent over the studied 20-year period, and any
problematic practices are not trending toward appro-
priate applications.

Second, it could be argued that any concerning result
may be irrelevant if researchers are replicating EFA results
with CFA or measurement models (e.g. portion of struc-
tural equation modeling [SEM]). This is not a valid argu-
ment (see Howard, 2023; Howard & Henderson, 2023).
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CFAs and measurement models can produce misleading
results if based on inappropriately conducted EFAs, and
they can particularly produce the same biasing effects if
conducted on the same sample as the EFA (Brown, 2015).
Nevertheless, we assess the frequency that authors conduct
subsequent CFAs and measurement models on the indi-
cators retained from the EFA, and we assess the frequency
that these analyses are conducted on the same or different
samples. By doing so, we assess whether EFAs are largely
being replicated.

Method

We review the applications of EFA in premier journals
of marketing, as deriving insights from premier outlets
can provide heightened benefits for future research.
Articles from these sources often produce an intensified
influence on the current literature, and providing cor-
rective recommendations for these articles can help
ensure that researchers adopt our recommended prac-
tices. It is also believed that any problematic practices in
these more-selective outlets would be even more wide-
spread within other less-selective marketing journals,
and therefore readers should be particularly sensitive
to any concerns observed in these outlets.

To identify relevant outlets, we utilized the Academic
Journals Guide by the Chartered Association of Business
Schools (2018), which categorizes business journals into
separate tiers by discipline. We chose to review all journals
ranked 4* or 4 within the Marketing section, which
included the outlets of Journal of Consumer Psychology,
Journal of Consumer Research, Journal of Marketing,
Journal of Marketing Research, Journal of the Academy of
Marketing Science, Marketing Science, International
Journal of Research in Marketing, and Journal of
Retailing. We used Publish or Perish 8 to perform
Google Scholar searches in November 2023. These
searches were restricted from the year 2000 to the present,
as our intent was to provide a review of modern EFA
practices. In each of our eight selected outlets, we per-
formed the six searches of “Exploratory Factor Analysis,”
“EFA,” “Principal Components Analysis,” “PCA,”
“Harman’s Single-Factor Test,” and “Harman’s One-
Factor Test” (quotations included). After removing dupli-
cates, these 48 total searches produced an initial list of 615
articles to be coded.

In each phase of the coding process, two coders coded
sources until sufficient interrater agreement was met for
a set of 20 articles (Cohen’s k or ICC >.80) (Gisev et al,,
2013). Once met, the primary coder coded the remaining
sources. In the first phase of the coding process, the two
coders coded the number of EFAs reported in each source.
This resulted in the reduction of our article list from 615 to
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474 sources. Our search terms often appeared in the refer-
ence section of the excluded sources, which caused them to
appear in our searches but not report an EFA. In a small
number of instances, the authors reported an EFA as
a demonstration in a methodology-focused article, which
we did not code and instead excluded. EFAs reported for
this purpose are typically utilized for their unique charac-
teristics or subpar results, and analytical decisions in these
methodology articles often differ from typical empirical
investigations. Therefore, excluding these articles provided
a clearer depiction of modern EFA practices in marketing.

In the second phase of the coding process, we coded
each EFA for the characteristics below, resulting in the
coding of exactly 1,000 EFAs from 474 sources. For each
characteristic below, the aspect was coded as “Unknown” if
it could not be determined from the article.

Sample size

The sample size was recorded. If the sample size of the
EFA was not explicitly stated, we recorded the sample
size of the associated study.

Number of indicators

The number of initially included indicators was
recorded.

Number of retained factors

The number of retained factors was recorded.

Bartlett’s test and KMO test

Whether the authors performed Bartlett’s test or KMO
test were each recorded as “Yes” or “No.”

Factor analytic method

The applied factor analytic method was recorded as
‘(PCA’)) ((PAF),) (‘ML,)’ Or ((Other'))

Factor retention method

The factor retention method was recorded as “Kaiser,”
“Scree,” “Parallel,” or “Other.” Multiple factor retention
methods could have been recorded for an EFA.

Factor rotation method

The factor rotation method was recorded as
“Orthogonal,” “Oblique,” or “None.” The exact type of

factor rotation method was also recorded as “Varimax,”
“Promax,” “Oblimin,” or “Other.”

Factor loading cutoffs

The primary factor loading cutoff, cross-loading cutoff,
and difference between the primary factor loading and
cross-loading cutoff was recorded.

Factor loadings

The smallest primary loading, largest cross-loading, and
smallest difference between a primary loading and
cross-loading was recorded. Whether factor loadings
were reported were also coded as “Yes” if all factor
loadings were reported, “Partially” if some but not all
were reported, or “No” if none were reported.

Purpose

The purpose of the EFA was coded as “Psychometric
Investigation” or “Harman’s Single-Factor Test.”
Psychometric investigations assessed the factor struc-
tures underlying a set of indicators, whereas Harman’s
single-factor test assessed common-method variance.

Harman'’s single-factor test cutoff

For Harman’s single-factor tests, the applied cutoff was
recorded as “50% of Variance in First Factor,” “One
Factor Solution,” or “Both.”

Harman'’s single-factor test fail

Whether Harman’s single-factor test was failed was
recorded as “Yes” or “No.”

Year

The publication year of the article was recoded.

Subsequent CFA

Whether a CFA or measurement model (either covar-
iance-based SEM or partial least squares SEM; Hair et al,
2020) was conducted on the retained items from the EFA
was coded as “Yes” or “No.” If so, whether the authors
utilized the same sample as the EFA was coded as “Same,”
and whether the authors used a different sample was coded
as “Different.”



Results

Our final systematic literature review database is pro-
vided in Supplemental Material A. We first assessed
whether any article was an outlier regarding the number
of reported EFAs, such that we could ensure that no one
article disproportionately affected our results. Following
modern recommendations (Aguinis et al., 2013), we
calculated z-scores for the number of EFAs each article
reported. The most EFAs reported in the articles were
23 (z-score = 8.50), 22 (z-score =8.09), 16 (z-score =
5.65), and 13 (z-score =4.43). Six articles reported the
next-highest number of EFAs (12; z-score=4.02).
Because the two articles that reported the most EFAs
had significantly larger z-scores than the following arti-
cles, we removed these two articles from our analyses,
resulting in a final database of 955 EFAs and 472 arti-
cles. Of these, 869 EFAs were psychometric investiga-
tions, whereas 86 were Harman’s single-factor tests.

We also conducted a series of sensitivity analyses,
which are analyses utilizing alternative approaches to
ensure that our analytical decisions did not cause the
current results. First, we calculated alternative results
including the outlier articles discussed above, which are
provided in Supplemental Material B. Second, we coded
the EFAs exactly as they were reported, and these coding
results were utilized in our primary analyses. For
instance, some articles specified that they used PAF for
their third EFA, but they may have not made this spe-
cification for their first or second EFAs. In this case, we
coded the extraction method of the first and second
EFAs as “Unknown,” and the third EFA as “PAE.”
Some readers, however, may disagree with this
approach, as they may believe that it could be safely
assumed that the first and second EFAs likewise utilized
PAF. For this reason, Supplemental Material C provides
results of analyses wherein we assumed that all EFAs
reported within an article utilized the same approach if
not stated otherwise. In the example above, all three
EFAs would be coded as “PAF.” Third, our primary
analyses report results for each EFA, causing some arti-
cles to appear in our dataset more than others. In
Supplemental Material D, we report results with the
EFAs coding averaged together for each article, such
that each article appears in the dataset once. Fourth,
we reconducted our analyses separated by outlet,
which would be of interest to readers interested in the
practices of specific outlets. These are provided in
Supplemental Material E.

Across these sensitivity analyses, inferences obtained
from the results remained consistent with our primary
analyses, and no major deviations were seen for any aspect
of modern EFA practices. These findings strongly support
the robustness of our primary results, and they indicate that
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Table 2. Frequency of analytical decisions for EFA in marketing.

Frequency
Bartlett’s Test 29 (3%)
KMO Test 44 (5%)
PAF 53 (6%)
ML 36 (4%)
PCA 309 (36%)
Other 2 (0%)
Unknown 469 (54%)
Kaiser Alone 134 (15%)
Scree Alone 26 (3%)
PA Alone 3 (0%)
Other Alone 1 (0%)
K&S 29 (3%)
K&PA 2 (0%)
K&O 2 (0%)
S&PA 11 (1%)
S&0 1 (0%)
PA&O 0 (0%)
K&S&PA 2 (0%)
K&S&O 2 (0%)
K&PA&O 1 (0%)
S&PA&O 0 (0%)
K&S&PA&O 0 (0%)
Unknown 655 (75%)
Orthogonal 171 (36%)
Varimax 165 (35%)
Other Orthogonal 1 (0%)
Oblique 88 (19%)
Oblimin 19 (4%)
Promax 36 (8%)
None 4 (1%)
Unknown 207 (44%)

All categories above are exclusive with the exception of factor rotations. The
categories of orthogonal and oblique also include the frequencies of
respective specific rotations within these categories of rotations. For
instance, the provided frequency of orthogonal rotations includes the
frequency of varimax rotations.

our findings were not solely due to our analytical decisions.
Regarding the analyses of outlets, we did not observe siz-
able differences in reporting practices, and no outlet
appeared to habitually report better or worse practices.
The studied outlets seem similar in their standards and
expectations for EFA, suggesting that researchers of mar-
keting broadly should take note of our recommendations
rather than only those appearing in a subset of outlets.

EFA for psychometric investigation

Tables 2-4 provide our coding results. We first discuss
data inspection procedures. Very few authors reported
the results of either Bartlett’s test (3%) or KMO test
(5%), indicating that marketing researchers rarely
report screening their data before conducting EFA.
Regarding sample size, the median number of partici-
pants per EFA was 232, with a median participant-to-
item ratio of 20. While the former was closer to small
absolute guidelines for sample size, the latter exceeded
even the largest widespread relative guidelines
(Goretzko et al.,, 2021; Howard, 2023; Howard &
Henderson, 2023; Maskey et al,, 2018; Sakaluk &
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Table 3. Median sample size of EFAs separated by number of indicators and factors.

Indicators
Factors 5 10 15 20 25 30 35 40+
1 236 120 272 - - - - -
(142) (39) (10)
2 235 246 249 341 - - - -
(64) (51) (12) (10)
3 320 227 217 224 - - - -
(14) (50) (17) (17)
4 - 200 212 302 117 - - 371
(13) 24 (15) (6) (10
5 - - 249 360 140 - - 301
(am @) (10) (5)
6 - - - 292 274 - - 214
(14) (6) 8)
7 - - - - - - 202 -
9)
8+ - - - - 199 - 447 319

8) 9) (15)

Median sample sizes listed in each cell, and number of observations used to estimate the median sample size is provided in each cell

within parentheses.

Table 4. Percentile estimates of EFA analytical decisions and results.

Primary Smallest Largest
Sample  Number of  Sample Size to Loading Secondary  Difference Primary Secondary Smallest  Total Variance
Size Indicators  Indicator Ratio Cutoff Loading Cutoff  Cutoff Loading Loading Difference  Explained
n 850 805 798 98 50 0 308 153 138 320
10 100 4 4 40 .25 - 43 21 .04 57
20 126 6 7 40 .25 - .50 .29 1 62
30 162 7 1 40 .25 — 54 32 14 66
33 172 8 12 40 .30 - .56 34 .16 68
40 195 9 15 44 .30 - .60 .36 .20 70
50 232 " 20 .50 .30 - .63 .39 27 72
60 292 15 28 .50 .30 - .66 41 32 75
66 320 18 35 59 .30 - .69 42 35 76
70 352 20 39 .60 .30 - .70 44 .36 78
80 464 25 59 .60 .36 - 73 47 42 83
90 781 36 119 .70 .50 — .80 .50 47 88

The first row indicates the number of EFAs utilized to calculate the percentiles. The first column indicates the percentile values. For instance, the second row

reports the 10th percentile for each column.

Short, 2017; Watkins, 2018). To assess whether market-
ing authors base their sample sizes on the number of
indicators and/or factors, we conducted a regression
analysis with sample size as the dependent variable
and the number of indicators and factors as the inde-
pendent variables.' Neither the number of indicators (3
=-.08, p =.14) nor factors (f =.07, p=.15) had statisti-
cally significant relations with sample size. Table 3 pre-
sents median sample sizes separated by the number of
indicators and factors. No median exceeded the sample
size suggestions of Rouquette and Falissard (2011).
Therefore, marketing researchers appear to not base
their sample sizes for EFA on guidelines derived from
estimates of common variance, as sample sizes did not
correspond to proxies of common variance (number

indicators and factors) and did not meet cutoffs based
on common variance.

Determining a factor extraction method is the second
step of EFA. It was most common for marketing
researchers to not report their extraction method
(54%). When reported, PCA (36%) was much more
common than PAF (6%), ML (4%), or other extraction
methods (~0%). This finding indicates that marketing
researchers are much more interested in the analysis of
total variance rather than common variance when per-
forming EFA.

Determining a factor retention approach is the third
step of EFA. It was again most common for marketing
researchers to not report their factor retention approach
(75%). Of reported approaches, it was most common for

"In conducting this analysis, we rescaled significant outliers for all three variables similar to the approach described above. Specifically, we calculated z-scores
and rescaled large values to the next highest typical value based on the distribution of observations. This included rescaling six sample sizes to a value of
13,327 (z-score = 2.89), five numbers of indicators to a value of 93 (z-score = 3.96), and one number of factors to a value of 14 (z-score = 4.65).



researchers to apply the Kaiser criterion alone (15%),
followed by the visual scree plot analysis alone (3%) and
the Kaiser criterion and visual scree plot analysis
together (3%). No other approach or combination of
approaches appeared in more than one percent of EFAs.
This finding indicates that marketing researchers are
not following factor retention guidelines that have
been widely recommended for decades (Dinno, 2009;
Goretzko & Biithner, 2020; Ledesma & Valero-Mora,
2007; Lim & Jahng, 2019).

Determining a factor rotation method is the fourth
step of EFA. We only assessed articles that did not report
a one-factor solution when calculating estimates for this
step. It was likewise most common for authors not to
report their factor rotation approach (44%). Orthogonal
rotations (36%) were more likely to be applied than
oblique rotations (19%). Varimax was almost the sole
orthogonal rotation applied (35%), as the remaining
one percent solely included authors that did not specify
their oblique rotation. More variety was seen in applied
oblique rotations. Promax (8%) was the most common
oblique rotation, which was followed by Oblimin (4%)
and authors not specifying their applied oblique rotation
(7%). Much like factor retention decisions, these findings
suggest that marketing researchers are also not applying
factor rotation guidelines that have been widely recom-
mended for decades (Brown, 2015; Goretzko et al., 2021;
Howard, 2023; Howard & Henderson, 2023; Maskey
et al., 2018; Sakaluk & Short, 2017).

Interpreting factor loadings is the fifth step of EFA.
Only 11% of articles reported an a priori primary factor
loading cutoff; only 6% reported an a priori secondary
factor loading cutoff; and no article reported a cutoff
for the difference between primary and secondary
loadings. Of articles that reported a primary factor
loading cutoff, the most common were .40 (35%), .50
(23%), and .60 (17%). Retained indicators in reported
EFAs almost always met the smallest of these cutoffs, as
the 10™ percentile of primary factor loadings was .43
and the median was .63. Of articles that reported
a secondary loading cutoff, the most common were
.25 (28%) and .30 (44%). Retained indicators in
reported EFAs much less often met these cutoffs com-
pared to primary loading cutoffs. The 90th percentile
for largest secondary loading was .50, and the median
largest secondary loading was .39. The 10th percentile
for the smallest difference was .04, whereas the median
smallest difference was .27. These results together indi-
cate that an array of factor loading cutoffs are currently
used in the marketing literature, and researchers typi-
cally retain items with strong primary loadings but also
strong secondary loadings.
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EFA for Harman'’s single-factor test

We provide results regarding four aspects of Harman’s
single-factor tests: sample size, applied cutoffs, variance
explained by first factor, and whether the test was
passed. The median sample size for Harman’s single-
factor tests was 220, with a median participant-to-
indicator ratio of 11. It was most common for research-
ers not to specify a cutoff (57%). A one-factor solution
and/or the first factor explaining 50% or more variance
was the most common cutoff (21%); a one-factor solu-
tion was the second most common cutoff (12%); and the
first factor explaining 50% or more variance was the
third most common cutoff (11%). Less than half of
researchers directly stated the amount of variance
explained by the first factor (48%). Of those that did,
the first factor explained 27% of variance on average
(S.D.=7.77). No author found a one factor solution and/
or the first factor to explain more than 50% of variance.
Therefore, no researcher ever reported failing Harman’s
single-factor test in the studied marketing outlets.

Additional analyses

We performed analyses with year as the sole predictor of
each EFA discussed above. These results are provided in
Table 5. The relations of year with the aspects were not
statistically significant in 22 of 29 tests (p >.05). Of the
significant relations, recent researchers were more likely
to report their factor retention decisions (8=-.03, p
=.01) and much more likely to apply the Kaiser criter-
ion (f=.04, p<.01), whereas they were less likely to
perform visual scree plot analyses (f=-.04, p=.03).
Recent researchers were also more likely to apply the
varimax (8 =.03, p =.04) and promax rotations (f8 = .05,
p =.02). Lastly, recent researchers reported using smal-
ler primary (f=-.31, p<.01) and secondary loading
cutoffs (=-.32, p=.02).

We assessed the frequency that EFAs were replicated
in subsequent CFAs or measurement models, and we
assessed how often the CFAs or measurement models
were conducted on the same or different samples. Sixty-
two percent of EFAs included a subsequent CFA or
measurement model. Of these, half were conducted
with the same sample as the EFA, whereas half were
conducted with a different sample as the EFA.

Discussion

Adequate measurement is essential for accurate tests of
hypotheses and advancement of theory. Due to the
reliance of the survey methodology in marketing, EFA
is a primary and particularly important analysis in the
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Table 5. Results of regression analyses with year as sole predictor.

Coefficient p Coefficient p
Psychometric Investigations
1) Bartlett's Test .04 .19 2) KMO Test .02 39
3) Sample Size .02 .60 4) Participant-to-Indicator Ratio .06 .09
5) Unknown Factor Extraction -.01 21 6) PCA .00 75
7) PAF .02 32 8) ML .02 37
9) Unknown Factor Retention -.03 .01* 10) Kaiser Criterion .04 <.01**
11) Visual Scree Plot Analysis -.04 .03* 12) Parallel Analysis .02 .62
13) Other Factor Retention -.01 .83 14) Unknown Factor Rotation -.02 12
15) Orthogonal Rotation .02 .07 16) Varimax .03 .04*
17) Oblique Rotation .00 77 18) Oblimin .03 .28
19) Promax .05 .02% 20) Primary Loading Cutoff Provided .02 22
21) Primary Loading Cutoff -31 <.01** 22) Smallest Primary Loading .06 .30
23) Secondary Loading Cutoff Provided .01 .57 24) Secondary Loading Cutoff -32 .02%
25) Largest Secondary Loading -.14 .09 26) Smallest Factor Loading Difference 15 .09
Harman's Single-Factor Test
27) Sample Size -.02 87 28) Participant-to-Indicator Ratio -.03 .82
29) First Factor Variance 27 .09

Linear regression analyses were conducted for continuous outcomes, whereas binomial regression analyses were conducted for dichotomous outcomes.

*p<.05%*p<.01

field, as it provides insights into the suitability of mea-
sures for representing studied constructs. Given its
importance, the first goal of the current article was to
review modern recommended practices for conducting
EFA, such that comprehensive guidelines could be pro-
vided to modern researchers in marketing. The second
goal of the current article was to review current EFA
practices in the marketing literature since 2000 to deter-
mine areas of potential concern and avenues for
improvement, such that marketing researchers could
better understand which current practices need correct-
ing. From our review of 1,000 EFAs from 474 sources,
the current article identified several areas for improve-
ment regarding current uses of EFA in the marketing
literature, which can now be addressed to produce
a more robust field of research with more accurate
studies. We review our findings and provide suggestions
regarding each step of the EFA process below. Table 1
summarizes our recommended practices.

Data inspection

Very few researchers report conducting Bartlett’s test or
KMO test, which is a concerning practice in the market-
ing literature. When indicators share little common
variance, EFA results may still appear meaningful, and
issues may remain undetected by researchers; however,
these results would provide little explanatory value
regarding the interrelations underlying a set of indica-
tors, and emergent latent factors would explain little in
the indicators themselves (Hair et al., 2019; Liidecke
et al, 2021). In this case, theoretical insights that could
be obtained from the emergent factors would be signifi-
cantly hampered, stifling the meaningful progression of
theory. It is possible - if not likely — that obtained factor

structures in many prior studies were interpreted as
substantive, but they were instead misleading depictions
of the studied construct(s). Therefore, researchers
should make greater efforts to conduct these two ana-
lyses, such that more confidence can be obtained in the
theoretical relevance of the EFA results.

Regarding sample size, the median number of parti-
cipants was on the smaller end of common absolute
guidelines, but it was on the larger end of common
participant-to-indicator guidelines (Goretzko et al.,
2021; Maskey et al., 2018; Reio & Shuck, 2015; Sakaluk
& Short, 2017; Watkins, 2018). Because researchers in
marketing (on average) conduct their EFAs on a smaller
number of indicators than other fields of study, such as
tourism and hospitality management (Howard &
Henderson, 2023) or management (Howard, 2023),
they may believe that it is permissible to use sample
sizes that are small by absolute guidelines. This is not
the case. Analyzing a small number of indicators may
call for larger sample sizes depending on underlying
common variance, which is the largest known determi-
nant of necessary sample sizes for EFA (Howard, 2023;
Howard & Henderson, 2023; Rouquette & Falissard,
2011). Due to the importance of common variance for
determining sample size, researchers have recom-
mended basing EFA sample sizes on the ratio of indica-
tors to factors, as this ratio is partially reflective of
common variance. Our results also showed, however,
that the number of indicators or latent factors did not
significantly relate to sample size, suggesting that
researchers are not basing sample sizes on either.
Likewise, no median sample size for any combination
for the number of indicators and latent factors met the
cutoffs of Rouquette and Falissard (2011), which are
based on simulations with varying common variance.



Thus, marketing researchers appear to not base their
sample sizes on relevant characteristics of their data and
likely underpower their EFAs.

Future researchers should recognize that sample sizes
for EFA should be based on estimates of common var-
iance, and the ratio of indicators to factors is likely the
easiest estimate of common variance to estimate
a priori. We recommend that marketing researchers
should utilize the sample size recommendations of
Rouquette and Falissard (2011), which provide sample
size recommendations based on the number of indica-
tors and expected factors. By utilizing these recommen-
dations, researchers can ensure that their EFAs are
sufficiently powered, and they can have greater confi-
dence in the accuracy and robustness of their analyses.

Factor extraction

Scholars of marketing strongly prefer the study of total
variance rather than common variance, as PCA was
applied almost three-and-a-half times more often than
both PAF and ML together. Neither approach is more
correct than the other because the analysis of total or
common variance should be based on the theoretical
rationale at hand. Nevertheless, we provide three
recommendations for factor extraction in marketing
based on our observations.

First, even more common than applying PCA, it was
most common for researchers not to specify their factor
extraction method. This practice is concerning. Greater
attention has been paid in recent years to the impor-
tance of replication, which relies on the complete
reporting of methods and analyses (Maxwell et al.,
2015; Open Science Collaboration, 2015). Because dif-
fering results (with differing implications) are obtained
by applying different factor extraction methods, many
EFA results in marketing cannot be replicated. Future
researchers should be more complete in their reporting.
While page counts are limited, researchers could report
their complete EFA procedures and results in supple-
mental materials or online repositories, such as the
Open Science Framework (osf.io). By doing so, a more
robust field of study can be obtained.

Second, researchers rarely provide a justification or
rationale for their factor extraction approach. While
neither the study of total nor common variance may
be more correct than the other, it is still expected that
researchers provide a justification for studying one
beyond the other. Readers should refer to our concep-
tual distinctions between the study of total or common
variance provided above, and readers should also refer-
ence prior sources that also discuss this distinction (e.g.
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Jain & Shandliya, 2013; Preacher & MacCallum, 2003).
Likewise, even if studying common variance, research-
ers should provide justifications for the use of PAF, ML,
or another approach. We recommend the use of PAF
due to its fewer statistical assumptions.

Third, researchers have increasingly associated dif-
fering terminology with the study of total variance vs.
common variance. Particularly, researchers consider the
emergent dimensions from the analysis of total variance
to be components or composites, whereas they consider
the emergent dimensions from the analysis of common
variance to be factors. Many researchers recognize this
distinction when applying analogous analyses, such as
covariance-based SEM vs. partial least squares SEM
(Chin, 1998; Haenlein & Kaplan, 2004; Hair et al,,
2019), but this terminology is not seen in discussions
of EFA. We recommend that researchers should adopt
this terminology from analogous discussions, which
may cause greater attention to be paid to the conceptual
differences between PCA, PAF, and ML.

Factor retention

Most marketing researchers are not abiding by modern
recommendations for factor retention. No factor reten-
tion approach was specified for three-fourths of EFAs.
In these cases, it is unknown whether recommended
procedures were applied, and it cannot be assured that
the correct number of dimensions were obtained from
the EFA. Equally concerning, researchers cannot repli-
cate prior findings as described by the authors when the
factor retention approach is not reported, leaving it
unclear whether a large portion of published EFAs can
be replicated.

When reported, the Kaiser criterion alone was the
most popular factor retention approach. It was almost
five times more often applied than the second most
popular factor retention approach, and our supplemen-
tal analyses also supported that it is even more popular
in recent years. For decades, researchers have recom-
mended against using the Kaiser criterion alone, as it is
the most inaccurate of the widely applied factor reten-
tion approaches (Braeken & Van Assen, 2017; Howard
& Henderson, 2023; Humphreys & Ilgen, 1969; Patil
et al., 2008). The Kaiser criterion routinely overesti-
mates the number of factors that should be interpreted,
and it is almost certain that many prior EFAs retained
too many dimensions in their factor solutions.

Beyond the Kaiser criterion alone, only the visual
scree plot analysis and Kaiser criterion with visual
scree plot analysis were applied in more than
one percent of EFAs. While visual scree plot analyses
are a useful supplement to other approaches, they suffer
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from their subjective nature. Few - if any - recently
published guidelines have recommended the sole use of
the visual scree plot analysis or in conjunction with the
Kaiser criterion alone (Goretzko & Biithner, 2020;
Maroof, 2012; Watkins, 2018), and a large number of
researchers may only be allocating nominal efforts to
ensuring that the appropriate number of factors are
retained from their EFAs.

These findings are quite concerning. Appropriate
factor retention approaches ensure that the correct
number of dimensions are obtained from the EFA.
Utilizing subpar approaches can result in the identifica-
tion of an incorrect number of emergent dimensions,
ultimately causing misleading interpretations for the
substantive nature of constructs and associated theory.
Of all steps of the EFA process, factor retention may be
the step that necessitates the largest changes in market-
ing research. Moving forward, we strongly urge
researchers to utilize modern factor retention
approaches. We particularly recommend the application
of both visual scree plot analysis and parallel analysis.
Simulation studies have supported that parallel analysis
is among the most accurate factor retention approaches
(Dinno, 2009; Ledesma & Valero-Mora, 2007; Lim &
Jahng, 2019), and it can be conducted with freely avail-
able websites (e.g. Patil et al., 2017). When these two
methods do not provide a conclusive factor retention
decision, we recommend that researchers should also
use the comparison data method, as prior studies have
supported its accuracy (Auerswald & Moshagen, 2019;
Courtney, 2013). This approach compares the observed
eigenvalues to the eigenvalues of sequentially generated
datasets with an increasing number of latent factors, and
the number of factors that produce the most similar
eigenvalues is retained. Courtney (2013) provides
a resource that enables the comparison data method to
be used in SPSS, enabling easier application of the
method. Together, future researchers should see the
application of visual scree plot analysis and parallel
analysis as minimum guidelines for applying EFA, and
they should apply other recommended approaches, such
as the comparison data method, if these two methods do
not provide a clear factor retention decision.

Factor rotation

Like factor retention, marketing researchers are not abiding
by modern recommendations regarding factor rotation
approaches. No factor rotation was specified in almost
half of EFAs. Again, this causes uncertainty regarding
whether recommended procedures were applied, causing
doubts regarding the validity and replicability of results.
When reported, orthogonal rotations were applied almost

twice as often as oblique rotations. Orthogonal rotations do
not allow emergent latent factors to be correlated. Because
all factors are expected to be correlated to some extent,
resultant EFA solutions with orthogonal rotation do not
accurately model the factors underlying a set of indicators
(Maskey et al., 2018; Reio & Shuck, 2015; Sakaluk & Short,
2017). Therefore, the interpretation of orthogonally rotated
factor solutions can be misleading, potentially causing
researchers to provide inaccurate theoretical insights.

We recommend that marketing researchers should
move away from orthogonal rotations, and they should
instead apply oblique rotations. Oblique rotations allow
emergent factors to be correlated, enabling resultant mod-
els to more accurately represent the variance of indicators
and provide more accurate tests of theory (Brown, 2015;
Costello & Osborne, 2005; Goretzko et al., 2021; Howard,
2023; Howard & Henderson, 2023). When marketing
researchers apply oblique rotations, they appear to prefer
promax in favor of oblique or other rotations, but no
justification is currently widespread for applying any obli-
que rotation beyond another. Therefore, we do not provide
a specific recommendation beyond the application of
orthogonal rotations.

Factor loading Interpretation

Few marketing researchers specify an a priori cutoff for
primary or secondary loadings, and none consider
a cutoff for the difference between primary and second-
ary loadings. When a primary loading cutoff was con-
sidered, researchers were generally split between cutoffs
of .40, .50, and .60. When a secondary cutoff was con-
sidered, researchers were also split between cutoffs of
.25 and .30. These findings suggest that marketing
researchers may be presently uncertain regarding how
to interpret their factor loadings, given the wide range of
applied factor loading cutoffs. This uncertainty may
have potentially caused undesirable indicators to be
retained and desirable indicators to be excluded in
final factor solutions from prior EFAs.

To address this tension, we propose a new
approach to identifying factor loading cutoffs rather
than arbitrarily selecting values. Factor loadings do
not have intrinsic properties that define them as
small, medium, or large (and thereby meaningful or
not meaningful). While statistical significance tests can
be conducted for factor loadings, authors have repeat-
edly shown that these are ineffective in interpreting
the relations of indicators and latent factors (Brown,
2015; Costello & Osborne, 2005; Ford et al., 1986).
Instead, we follow trends in identifying correlational
effect size benchmarks to develop factor loading
guidelines, which was also recommended in recent



reviews of EFA in tourism and hospitality manage-
ment (Howard & Henderson, 2023) and management
(Howard, 2023). Several researchers have recognized
that interpretations of correlations should be derived
from the relative distribution of correlations in
empirical research. Perhaps the historically most pop-
ular of these efforts is Cohen (1992) who provided
a qualitative review of empirical research to derive
correlational benchmarks. More recently, several
authors have taken a more systematic approach to
develop these benchmarks by conducting systematic
reviews, cataloging correlational effect sizes, and pro-
viding estimates of percentile ranges for correlation
magnitudes (Bosco et al., 2015; Gignac & Szodorai,
2016; Orth et al., 2022). Because these benchmarks are
derived via systematic procedures, they are believed to
be more theoretically sound and empirically sup-
ported. These recent efforts have also observed that
correlation magnitudes differ across fields of study. As
different fields study different phenomena, the typical
sizes of their effects also differ.

To develop factor loading guidelines for marketing,
we use Table 4. This table provides percentiles for the
smallest primary loading, largest secondary loading, and
smallest difference between the two. Following percen-
tile ranges for correlation benchmarks (Bosco et al,
2015), we recommend that researchers should interpret
factor loadings below the 10th percentile as very small,
between the 10th and 33rd percentiles as small, between
the 33rd and 66th percentiles as moderate, between the
66th and 90th percentiles as large, and above the 90th
percentile as large. When applied to primary loadings,
this would indicate that loadings below .43 are consid-
ered very small, loadings between .43 and .56 are small,
loadings between .56 and .69 are moderate, loadings
between .69 and .80 are large, and loadings above .80
are very large. When applied to secondary loadings, this
would indicate that loadings below .21 are considered
very small, loadings between .21 and .34 are small,
loadings between .34 and .42 are moderate, loadings
between .42 and .50 are large, and loadings above .50
are very large. When applied to primary and secondary
loading differences, this would indicate that differences
below .04 are considered very small, differences between
.04 and .16 are small, differences between .16 and .35 are
moderate, differences between .35 and .47 are large, and
differences above .47 are very large.

To use these guidelines as a priori cutoffs, research-
ers could consider whether their studied constructs
are expected to produce small, moderate, or large
primary loadings, secondary loadings, and loading
differences. For instance, if it is expected that the
constructs would produce large primary factor
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loadings, the researcher could then apply an a priori
primary loading cutoff of .69, as this is the minimum
value associated with large loadings; if it is expected
that the constructs would produce small secondary
factor loadings, the researcher could then apply an
a priori secondary loading cutoff of .34, as this is the
maximum value associated with small loadings. We
recommend that, if researchers do not have a strong
expectation for the magnitude of their loadings, then
they should apply cutoffs for moderate factor loadings.
This would include a primary loading cutoff of .56,
a secondary loading cutoff of .42, and a factor loading
difference cutoff of .35. By developing these cutoffs,
the current article provides clarity in interpreting fac-
tor loadings, and it also provides a rationale for inter-
preting factor loadings in marketing. Now, factor
loading interpretations can be based on observed fre-
quencies of magnitudes in marketing, rather than
vague interpretations of small, medium, and large.

Harman'’s single-factor test

Recent authors have expressed strong doubts regarding
the validity of Harman’s single-factor test (Aguirre-
Urreta & Hu, 2019; Fuller et al., 2016). These authors
argue that the analysis does not effectively assess com-
mon method variance, and it may too often enable
researchers to claim support for data that is indeed
overly influenced by common method variance (i.e.
false negative) (Aguirre-Urreta & Hu, 2019; Fuller
et al., 2016). Two recent reviews of EFA in tourism
and hospitality management (Howard & Henderson,
2023) and management (Howard, 2023) even found
that researchers in these fields have never found com-
mon method variance to be flagged as problematic when
applying the analysis, regardless of the research design.

The present review found that Harman’s single-
factor test is still widely applied in marketing research,
even after the publication of certain relevant articles on
its inefficacy (Aguirre-Urreta & Hu, 2019; Fuller et al,,
2016). Likewise, we also found evidence in marketing
that corresponds with prior research in tourism and
hospitality management (Howard & Henderson, 2023)
and management (Howard, 2023), as researchers have
likewise never found common method variance to be
flagged as problematic when applying Harman’s single-
factor test in marketing. Prior researchers may have
overstated support for their research designs, and
potentially inappropriate inferences may persist in the
field of marketing taken from studies with excessive
common method bias. Due to this concerning result,
we recommend that researchers should desist applying
the analysis. They should instead apply other



18 M. C. HOWARD AND R. O'SULLIVAN

approaches to assessing common method variance that
has been recommended in several reviews (Kock et al.,
2021; MacKenzie & Podsakoft, 2012). Namely, authors
have supported the effectiveness of techniques that
require the measurement of specific constructs for iden-
tifying and addressing common method bias, which
requires a priori considerations before the collection of
data (Kock et al., 2021; MacKenzie & Podsakoff, 2012).
We specifically recommend the application of these
approaches, which include the marker-variable techni-
que and careful usage of control variables, as they are
better able to detect common method bias than
Harman’s single-factor test.

Additional considerations

We discuss four additional considerations from our
results. First, the current review observed many proble-
matic EFA practices, suggesting that prior studies may
have produced misleading insights regarding the nature
of indicators and factors. For instance, small sample
sizes and the Kaiser criterion both produce overesti-
mates for the number of underlying latent factors,
which may cause researchers to interpret constructs as
containing more dimensions than they do in actuality
(Braeken & Van Assen, 2017; Humphreys & Ilgen, 1969;
Patil et al., 2008). We recommend that researchers
should replicate prior EFAs with recommended
approaches. It is possible that most prior findings pro-
duce the same results when using recommended
approaches, and these replication efforts could support
the robustness of modern theory in marketing; however,
it is also possible that many of these prior findings do
not produce the same results, and novel insights could
be obtained regarding the substantive nature of market-
ing constructs. Readers could refer to Supplemental
Material A to identify EFAs performed with particularly
problematic practices, as these prior findings may ben-
efit the most from reanalysis.

Second and relatedly, the application of improper EFA
practices may have produced inappropriate inferences
regarding theory in prior marketing studies. These infer-
ences may include the substantive nature of constructs
themselves, such as their representative dimensions; how-
ever, it may also include the relations of these constructs
(Costello & Osborne, 2005; Goretzko et al., 2021;
Watkins, 2018). Improperly performed EFAs can cause
inappropriate items to be included in representative
scales, which may systematically bias observed results. In
the process of reanalyzing prior EFAs performed with
substandard practices, researchers should also reassess
whether the resultant inferences produce alternative inter-
pretations of theory. Similar efforts have been made in

alternative fields of study, such as the study of work
engagement in management as discussed by Howard
(2023). Early studies on the predominant work engage-
ment scale produced a factor structure that was difficult to
replicate, causing subsequent authors to strongly question
the representative dimensions of work engagement. In
turn, this caused the study of work engagement to slow,
as these authors had to reinvestigate the most central
question of their domain — what exactly is work engage-
ment? Ultimately, authors reconducted the original ana-
lyses using recommended practices to create sounder
interpretations of theory, enabling a significantly
improved understanding of work engagement.
Researchers in marketing should keep these efforts in
mind when reviewing prior EFAs, as similar courses of
action may be necessary to advance our understanding of
predominant marketing constructs.

Third, the current article reviewed modern recom-
mended practices for EFA, but new practices are con-
stantly being developed. We did not discuss the most
cutting-edge developments in EFA due to their present
difficulty of application. For instance, many newly cre-
ated practices have little documentation to guide appli-
cations and/or must be conducted with statistical
software that requires coding beyond the typical
researchers’ expertise. Nevertheless, marketing
researchers should monitor new developments to both
EFA and statistical software. We particularly recom-
mend the utilization of machine learning approaches
with EFA, particularly factor retention. Indeed,
Goretzko and Bithner (2020) developed machine learn-
ing procedures to estimate the number of factors to
retain with EFA, and they supported that it is quite
accurate with making factor retention decisions. If the
analysis is developed in a user-friendly program, it could
prove to be useful in combination with parallel analysis.

Fourth, our supplemental analyses provided evidence
that researchers should not ignore problematic EFA prac-
tices by providing certain justifications. Namely, our
results showed that EFA practices have remained largely
unchanged over the studied 20-year period, and certain
problematic practices are becoming even more common
over time. For instance, recent researchers were more
likely to apply both the Kaiser criterion and varimax
rotation. Our results also showed that many researchers
do not replicate their EFA results with subsequent CFAs
or measurement models. Of those that did conduct
a CFA or measurement model, half were conducted on
the same sample, which is known to provide little psy-
chometric evidence beyond the EFA conducted on that
sample (Howard, 2023; Howard & Henderson, 2023).
Given the few changes over time, it is even more impor-
tant for researchers to use recommended EFA practices
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Table 6. Summary of current and recommended practices for exploratory factor analysis.

Step Current Practices Recommended Practices
1) Data Sample sizes are often modest for EFA, with an average sample Researchers should follow guidelines based on expected common
Inspection size of 232. variance, which include minimum sample sizes much larger than
232.

Representative samples are often used, and general data quality Researchers should continue using representative samples and general

checks are regularly applied. data quality checks.

Data quality checks specific to EFA are rarely used. Researchers should apply Bartlett's test and KMO test.

2) Factor Researchers most often fail to report their applied factor Researchers should always report their chosen factor extraction
Extraction extraction method. method, as it is essential for replication purposes.
When reported, principal components analysis is applied Researchers should apply the analysis most relevant to their needs and
without justification. justify their decision. Principal components analysis should be
applied for the study of total variance; principal axis factoring should
be applied for the study of common variance; and maximum
likelihood should be applied if the provision of fit indices are desired.
3) Factor Researchers most often fail to report their factor retention Researchers should always report their chosen factor retention
Retention approach. approach, as it is essential for replication purposes.

When reported, the Kaiser criterion alone is most often used. ~ Researchers should apply visual scree plot analysis and parallel analysis,
and they should also consider applying other supported but less
common approaches (e.g. machine learning).

4) Factor Researchers most often fail to report their applied factor Researchers should always report their chosen factor rotation, as it is
Rotation rotation. essential for replication purposes.
When reported, varimax is the most common rotation, which is Researchers should use oblique rotations, such as oblimin or promax.
an orthogonal rotation.
5) Factor Researchers most often fail to specify their primary factor Researchers should always report their chosen factor loading cutoffs,
Loading loading cutoffs. and they should be decided in an a priori manner.

Interpretation When reported, a wide array of primary and secondary loading
cutoffs have been applied with little justification for the use of

any.

Researchers decide a priori whether they expect their primary loadings,
secondary loadings, and primary-secondary differences to be small,
moderate, or large. They should then utilize our factor loading
percentiles in Table 4 to set their factor loading cutoffs. If no
expectation is had, they should apply cutoffs for moderate loadings:
a primary loading cutoff of .56, a secondary loading cutoff of .42, and
a factor loading difference cutoff of .35. They should report the
magnitude of their loadings relative to our percentile values.

to prevent inaccurate measures and misleading infer-
ences from deterring marketing research.

Limitations

As with any article, certain limitations should be noted.
It cannot be guaranteed that EFA practices observed in
our reviewed journals generalize to the marketing field
as a whole, but we specifically chose to review the
selected premier marketing journals for two primary
reasons. These sources are known to have higher stan-
dards than less-prestigious outlets. It is likely that any
concerning EFA practices in these outlets may be even
more widespread in the broader marketing literature,
and reviewing these premier outlets can reinforce that
the observed concerns are likely to be seen more
broadly. Also, articles from these chosen sources are
known to have a heightened impact on the field. It is
hoped that a review of these particularly important
sources would likewise have a heightened impact.
Nevertheless, future researchers should consider repli-
cating the current investigation with a different selec-
tion of marketing outlets.

Also, we applied modern recommended practices in
conducting a systematic methodological review. We
applied relevant and comprehensive search proce-
dures, and we achieved sufficient interrater agreement

for our coding categories. It is always possible, though,
that mistakes were made during the coding process.
For this reason, future researchers should conduct
similar reviews to ensure that our insights are accurate
and valid.

Conclusion

The current article reviewed modern recommended
practices for EFA. We showed that marketing research-
ers often stray from recommended practices, and our
results can be useful in highlighting practices that may
benefit the most from changing. Our results also pro-
vided new guidelines for interpreting factor loadings
and factor loading cutoffs, providing even further clarity
to EFAs in marketing research. Table 6 provides
a summary of current practices in the marketing litera-
ture, along with recommended practices for conducting
EFA. Tt is believed that our results can produce more
accurate analyses moving forward, ultimately resulting
in a more accurate field of study.
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