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Authors within the fields of cyberpsychology and
human−computer interaction have demonstrated a particu-
lar interest in measurement and scale creation, and exploratory
factor analysis (EFA) is an extremely important statistical method
for these areas of research. Unfortunately, EFA requires several
statistical and methodological decisions to which the best choices
are often unclear. The current article reviews five primary
decisions and provides direct suggestions for best practices.
These decisions are (a) the data inspection techniques, (b) the
factor analytic method, (c) the factor retention method, (d) the
factor rotation method, and (e) the factor loading cutoff. Then
the article reviews authors’ choices for these five EFA decisions
in every relevant article within seven cyberpsychology and/or
human–computer interaction journals. The results demonstrate
that authors do not employ the recommended best practices for
most decisions. Particularly, most authors do not inspect their
data for violations of assumptions, apply inappropriate factor
analytic methods, utilize outdated factor retention methods, and
omit the justification for their factor rotation methods. Further,
many authors omit altogether their EFA decisions. To rectify
these concerns, the current article provides a step-by-step guide
and checklist that authors can reference to ensure the use of rec-
ommended best practices. Together, the current article identifies
concerns with current research and provides direct solutions to
these concerns.

Ensuring proper scale creation and evaluation methods is
particularly important for the study of cyberpsychology and
human–computer interactions for several reasons. First, these
research areas are often interested in the relationship between
technology and human cognitions, affect, and personality. These
human dynamics are conceptualized as unobservable latent con-
structs that are identified and measured through scales (Hinkin,
1995, 1998; Tabachnick & Fidell, 2007). Second, these fields
are relatively new. The psychometric properties and validity
of scales measuring many constructs of interest have yet to
be properly analyzed, but authors require sound measures to
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draw accurate research inferences. For these reasons and others,
scholars within these fields have demonstrated a great inter-
est in proper scale creation and evaluation methods (Hamari &
Koivisto, 2014; Howard & Jayne, 2015; Lam & Li, 2013).

Although the scale development and evaluation process con-
sists of several steps, among the most important is identifying
a theoretically and psychometrically sound factor structure
(Comrey & Lee, 1992; Henson & Roberts, 2006). Providing rel-
evant theory differs for each scale, but identifying an initial fac-
tor structure through exploratory factor analysis (EFA) is often
mandatory (Costello & Osborne, 2005; Fabrigar, Wegener,
MacCallum, & Strahan, 1999). Performing an EFA requires
several statistical and methodological decisions. Unfortunately,
the correct choices for these decisions are often unclear, caus-
ing scholars to obtain inaccurate EFA results (Gorsuch, 1997;
Henson & Roberts, 2006). Due to the importance of the scale
creation process to cyberpsychology and human–computer
interaction scholarship, the current article has several objectives
related to identifying proper EFA methods.

First, a review of proper EFA methods is provided, and each
required decision when performing an EFA is clearly stated.
Second, the current article catalogues the statistical and method-
ological decisions of all authors applying EFA within seven
journals, resulting in clear inferences about the current prac-
tices of scale creation and evaluation within cyberpsychology
and human–computer interaction research. Third, direct sugges-
tions are given for future researchers to overcome the common
concerns discovered through reviewing prior EFA decisions.
Fourth, implications for future research and practice are noted.
Together, the current article may greatly improve the future of
scale development and evaluation through drawing attention to
common difficulties when performing EFA.

Further, it should be noted that the current article is not
meant to be an overview of cutting-edge EFA practices, such
as Bayesian factor analysis and exploratory structural equa-
tion modeling. Many of these methods can be performed only
with a knowledge of specialized software, and they are cur-
rently outside the scope of many authors who apply EFA
in cyberpsychology and human–computer interaction studies.
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52 M. C. HOWARD

Instead, the current article focuses on methods that can be eas-
ily applied by anyone with a general knowledge of SPSS or
SAS, which is assumed to be most researchers. With these
aspects noted, an overview of best-practices and researchers’
EFA decisions is presented.

1. EFA DECISIONS
When performing an EFA, several statistical and method-

ological decisions are required. These are (a) the data inspection
techniques, (b) the factor analytic method, (c) the factor reten-
tion method, (d) the factor rotation method, and (e) the factor
loading cutoff. Each of these should be planned before per-
forming the EFA, as the decisions should be based upon prior
theory and methodological logic. If an author makes these
decisions during the scale creation or evaluation process, such
as through testing multiple methods, they may inadvertently
increase their familywise error rate and risk committing a Type I
error (Benjamini & Hochberg, 1995). More important, they also
risk their decisions being chosen by the preferred results rather
than the correct results, which is a clear violation of scientific
integrity.

Further, it should be noted that the current review is
not meant to be entirely comprehensive. Each EFA decision
itself could constitute a book. Instead, the current review is
meant to be accessible to most researchers and provide gen-
eral EFA advice. Scholars should stay alert toward additional
methods that may be incorporated within the EFA process.
Psychometricians consistently discover methodological and sta-
tistical improvements, and best practices are constantly chang-
ing. With this in mind, each decision is reviewed next.

1.1. Data Inspection Techniques
With any analysis, authors should check their data for viola-

tions of statistical assumptions, and EFA is no different. The two
most popular data inspection techniques for EFA are Bartlett’s
test of sphericity (Bartlett, 1950; Dziuban & Shirkey, 1974)
and the Kaiser–Meyer–Olkin (KMO) Measure of Sampling
Adequacy (Dziuban & Shirkey, 1974; Kaiser, 1970). Both of
these methods test whether sufficiently large relationships exist
within the data set of interest to perform EFA.

Bartlett’s test of sphericity checks whether the observed cor-
relation matrix is an identity matrix, which holds the property
of having all off-diagonal values of zero (Tobias & Carlson,
1969). Given that factor analysis explains the relationships of
variables, a complete lack of relationships within a data set
(i.e., an identity matrix) prevents EFA from being performed.
If Bartlett’s test of sphericity is significant, the results indi-
cate that the data are not an identity matrix and appropriate for
EFA. Although this test is successful in checking for violations
of EFA assumptions, authors have noted that virtually all data
sets are significantly different from an identity matrix, and the
Bartlett’s test of sphericity is rarely nonsignificant (Dziuban &

Harris, 1973; Dziuban & Shirkey, 1974). Nevertheless, the test
may detect problematic data sets, and it should be performed
prior to EFA.

Alternatively, the KMO Measure of Sampling Adequacy
is an indicator of common variance within a data set, which
indicates that latent factors may be present and EFA may be per-
formed (Dziuban & Shirkey, 1974; Kaiser, 1970). In general, the
results of Bartlett’s test of sphericity and the KMO Measure of
Sampling Adequacy are very similar, but the latter provides var-
ious ranges of acceptable variance rather than simply significant
or nonsignificant. Generally, the metrics are as follows:

• 0.00 through 0.50 – Unacceptable – Bad
• 0.50 through 0.60 – Miserable – Bad
• 0.60 through 0.70 – Mediocre – Okay
• 0.70 through 0.80 – Middling – Okay
• 0.80 through 0.90 – Meritorious – Good
• 0.90 through 1.00 – Marvelous – Great

Given these, authors should seek KMO Measure of Sampling
Adequacy above .60 before performing their EFA (Dziuban &
Shirkey, 1974; Kaiser, 1970). If a lower value is obtained, vari-
ables with small intercorrelations can be removed to improve
suitability for EFA.

In addition to these two methods, authors should ensure
that their sample size is sufficient, and scholars have suggested
an array of guidelines. Among the most popular recommen-
dations for minimum sample size are 200 to 500 participants
(depending on communalities and other factors; Comrey &
Lee, 1992; MacCallum, Widaman, Zhang, & Hong, 1999) and
between a 5-to-20 and participant-to-variable ratio (Costello
& Osborne, 2005; Hair, Black, Babin, Anderson, & Tatham,
2006; Velicer & Fava, 1998). Of these, it appears that most
authors are accepting of a minimum sample size of 200 and 5-
to-1 participant-to-variable ratio, whichever is greater. Although
some may consider this cutoff conservative, the current article
supports its use for most EFA applications.

1.2. Factor Analytic Method
Next, authors must choose their preferred factor ana-

lytic method, which is likely the most contested aspect of
EFA. Multiple methods exist, and among the most common
are Principal Components Analysis (PCA), Principal Axis
Factoring (PAF), and Maximum Likelihood (ML). Each of these
methods demonstrates particular strengths and weaknesses.

PCA is often considered the most popular “EFA” method;
however, authors have repeatedly speculated that its popular-
ity is not due to its statistical properties but rather because
it is the default factor extraction methods in SPSS (Costello
& Osborne, 2005). Further yet, authors have consistently con-
demned the use of PCA for several reasons (Fabrigar et al.,
1999; Preacher & MacCallum, 2003). Primarily, PCA is not
a true form of factor analysis. Instead, it is based upon a dif-
ferent mathematical model than EFA techniques, and disparate
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EXPLORATORY FACTOR ANALYSIS DECISIONS 53

results arise due to multiple model differences. First, PCA does
not account for the structure of correlations but only attempts
to explain as much variance as possible within the measured
variables (Fabrigar & Wegener, 2012). For this reason, PCA
does not provide results on latent constructs but only serves to
account for the variance of measured variables (Fabrigar et al.,
1999; Preacher & MacCallum, 2003). Second, EFA methods
account for common variance and unique variance within mea-
sured variables, and resultant factors are derived from common
variance alone. Alternatively, PCA does not make a distinction
between these two forms of variance, and components repre-
sent common and unique variance. Some authors propose that
PCA may be analogous to an EFA method, which assumes
that measured variables’ unique variances are zero. In the same
breath, however, these authors also note that these assumptions
are often unrealistic, as virtually all measured variables will
include measurement error (Bentler & Kano, 1990; Fabrigar &
Wegener, 2012). With these aspects taken into consideration,
authors should not apply PCA when performing EFA, as the
results do not reflect true factors.

Alternatively, many authors suggest PAF for EFA. The goal
of PAF is to produce a set of factor loading estimates that
comes as close as possible to reproducing the common vari-
ance within a correlation matrix (De Winter & Dodou, 2012).
Several authors have detailed the mathematics that provide
these estimates (Cudeck, 2000; Gorsuch, 1988). These math-
ematics are not discussed in the current article, as they are
automated within modern statistical programs. Nevertheless,
authors should be aware of certain aspects of PAF. First, mod-
ern PAF methods must undergo several statistical iterations
before arriving at a final solution. Second, once the final solu-
tion has been obtained, a number of alternative solutions may
reproduce the common variance equally well, and the initially
derived factor loadings are chosen for computing ease rather
than interpretability (Fabrigar & Wegener, 2012). For this rea-
son, authors should subsequently rotate their PAF solutions to
improve interpretability while retaining correctness. Third, PAF
assumes that unique variances (errors) are normal but does not
assume that variables are multivariate normal with linear inter-
relationships (Costello & Osborne, 2005; De Winter & Dodou,
2012). Together, these factors prompt PAF to provide accurate
results in most situations.

Last, ML is another suggested EFA possibility. ML math-
ematically determines the factor loading and unique variance
estimates that are most likely to have produced the observed
data (De Winter & Dodou, 2012). Once again, these mathe-
matics are not described within the current article, but they
have been detailed elsewhere (Cudeck, 2000; Gorsuch, 1988).
Six aspects should be known about ML. First, ML must also
undergo several statistical iterations before arriving at a final
solution. Second, the final solution must be rotated for inter-
pretability. Third, ML assumes that unique variances (errors) are
normal. Fourth, ML assumes that variables are multivariate nor-
mal with linear interrelationships, which is not an assumption

of PCA or PAF (Costello & Osborne, 2005; De Winter &
Dodou, 2012). Fifth, ML is more likely to produce inaccurate
or improper solutions than PAF, but these cases are generally
considered rare (Fabrigar & Wegener, 2012). Sixth, ML can
provide an array of model fit indices which are shared with
CFA/SEM. Unlike other EFA methods, ML model fit indices
allow direct comparisons between multiple EFA solutions and
enables hypothesis testing (Conway & Huffcutt, 2003; Furr,
2011). Overall, ML can provide more information than other
EFA methods, but it also includes stricter assumptions.

Overall, three recommendations can be given for factor anal-
ysis method choices. First, authors should not apply PCA for
EFA. Second, the added information provided by ML is use-
ful, but its drawbacks may result in inaccurate or inappropriate
results. For this reason, authors should perform PAF if they are
not interested in model fit indices. Alternatively, they should
perform ML if they are interested in model fit indices; however,
authors should compare their ML results against PAF results to
ensure that the two are similar and ML assumptions are not vio-
lated, resulting in inaccurate or inappropriate inferences. Third,
other factor analytic methods exist, but they are less common
and possess statistical assumptions of their own. No matter the
method applied, authors should be knowledge of their benefits
and limitations.

1.3. Factor Retention Method
The goal of EFA is to produce a number of factors that

accurately and understandably explain the observed correlation
matrix. The resultant number of factors should not be bene-
fitted by adding another factor, and the model should perform
substantially worse if a factor is removed. For this reason,
authors need to be extremely careful in determining their fac-
tor retention decisions, and an array of factor retention methods
exist. These include the Kaiser criterion, visual scree plot (VSP)
analysis, parallel analysis, and Velicer’s Minimum Average
Partial (MAP) test. Most of these methods create factor cut-
offs through analyzing eigenvalues, which are numerical values
representing the “variances in measured variables accounted for
by each of the common factors” (Fabrigar & Wegener, 2012,
p. 45). Eigenvalues are calculated by summing the squared fac-
tor loadings (Kline, 2014). For this reason, factors with small
eigenvalues represent little common variances and should not
be included in analyses.

Possibly the first factor retention method is the Kaiser
(1960) criterion, which suggests that all factors with eigen-
values above 1 should be retained. The justification for
the “eigenvalues-greater-than-one” rule was initially derived
from the mathematics behind PCA (Cliff, 1988; Yeomans &
Golder, 1982), prompting concerns regarding its use within
EFA. In addition to theoretical doubts, the Kaiser criterion
also demonstrates practical concerns. Particularly, factors with
almost identical eigenvalues, such as 1.01 and 0.99, receive
different retention decisions, despite explaining almost equal
amounts of common variance. These concerns are well known,
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54 M. C. HOWARD

and authors have repeatedly condemned the Kaiser criterion.
Costello and Osborne (2005) noted that it is “amongst the least
accurate methods” for factor retention decisions (p. 2), which
is supported by a multitude of simulation studies (Kline, 2014;
Patil, Singh, Mishra, & Donavan, 2008). For this reason, authors
regularly apply other factor retention methods.

One of the most popular factor retention methods is the VSP
analysis (Zoski & Jurs, 1996). To perform a VSP analysis,
authors plot each eigenvalue on a graph and determine when
decreases in successive eigenvalues become less noticeable—
called an “elbow.” Each factor with an eigenvalue before the
elbow is retained, as these factors are considered to repre-
sent common variance significantly better than factors after the
elbow. The primary benefit of a VSP analysis is also its draw-
back; it is easy to perform and does not require any statistical
analyses. Due to this, VSP analyses are greatly subject to inter-
pretation and may not provide clear cutoffs in certain situations.
Nevertheless, due to its accuracy beyond the Kaiser criterion
and the need for simple cutoffs, psychometricians are generally
accepting of VSP analyses.

Another method is parallel analysis. Parallel analysis
involves the generation of many randomized data sets with the
same number of variables and cases as the data set of inter-
est (Hayton, Allen, & Scarpello, 2004). Then the randomized
data sets are subjected to EFA, and the (a) average or (b) the
95th percentile of each eigenvalue is recorded (depending on the
author’s choice). Once this process has been repeated a speci-
fied number of times, the recorded eigenvalues are compared
to the eigenvalues derived from the EFA performed upon the
data set of interest. Each factor with an eigenvalue greater than
its respective pair obtained from the randomized data sets is
retained. Originally, parallel analyses were difficult to complete,
but scholars have provided easy-to-use programs to automate
the process. In fact, Patil, Singh, Mishra, and Donavan (2007)
even developed an extremely simple web applet that can be
used without statistical software programs, providing access to
virtually anyone.

Further, the logic of a parallel analysis is simple. When per-
forming an EFA upon a randomized data set, the resulting eigen-
values cannot represent meaningful factors. Instead, they rep-
resent statistical artifacts (Horn, 1965; O’Connor, 2000). Any
factor with an eigenvalue greater than its respective random-
data eigenvalue is believed to provide explanatory information
beyond statistical artifacts alone, whereas a factor with an eigen-
value less than its respective random-data eigenvalue cannot be
differentiated from statistical artifacts alone.

Although parallel analysis is theoretically sound, it incurs
particular practical concerns. Like the Kaiser criterion, dis-
parate retention decisions can be obtained for almost identical
factor eigenvalues. For example, a parallel analysis may indi-
cate that the third-factor eigenvalue must exceed 1.10 to be
retained. Although 1.11 would meet this cutoff and 1.09 would
not, it is debatable whether these values actually demonstrate
a significant difference. Despite these concerns, simulations

have generally supported parallel analysis for factor retention
decisions (Hayton et al., 2004).

Last, Velicer’s MAP is another often-used factor retention
method (O’Connor, 2000; Zwick & Velicer, 1986). Velicer’s
MAP begins by calculating the average squared correlation of
the original data set. Then the variance for each factor is suc-
cessively partialed out, and the averaged squared correlation of
each revision is calculated. The step that resulted in the lowest
averaged squared correlations determines the number of factors
to retain, as this step removed or explained the most amount
of variance within the intercorrelations. Multiple studies have
demonstrated that Velicer’s MAP is accurate in determining fac-
tor retention decisions, but it sometimes has the tendency to
underestimate the number of factors (O’Connor, 2000; Zwick
& Velicer, 1986). Nevertheless, the method still appears to be
an appropriate guide for factor retention decisions.

Overall, it is recommended that authors no longer apply the
Kaiser criterion. Instead, authors should use VSP analysis in
conjunction with parallel analysis, Velicer’s MAP, or both. This
suggestion is very reasonable given the current accessibility of
these methods.

1.4. Factor Rotation Method
Once the number of factors has been chosen, the individ-

ual variable loadings need to be interpreted; however, the initial
results are difficult to analyze. As mentioned, many EFA meth-
ods produce a valid factor matrix that is simple to compute,
but many other factor matrices may also be correct and eas-
ier to interpret (Fabrigar & Wegener, 2012). For this reason,
authors must rotate their EFA solutions. Several methods exist,
and these fall into two categories: orthogonal and oblique.
Orthogonal rotations do not allow the resultant rotated fac-
tors to be correlated, which is often not preferable (Costello
& Osborne, 2005; Fabrigar et al., 1999; Hinkin, 1995, 1998).
Many scales are multidimensional. It is likely that these subdi-
mensions are related, and EFA results should be able to account
for these interrelations. Alternatively, oblique rotations allow
for the resultant factors to be correlated, causing authors to be
preferable toward oblique rotations (Costello & Osborne, 2005;
Fabrigar et al., 1999; Hinkin, 1995, 1998). Forcing related fac-
tors to be uncorrelated (i.e. orthogonal rotations) is seen as
more harmful than allowing, but not forcing, unrelated factors
to correlate (i.e., oblique rotations; Fabrigar & Wegener, 2012).
Nevertheless, scholars should be knowledgeable of both types
of rotation.

Orthogonal rotation methods include quartimax and
varimax. The first created rotation method was quartimax,
but authors quickly discovered its several practical drawbacks
(Kaiser, 1958). For this reason, Kaiser (1958) created varimax
rotation. Varimax rotation seeks to increase the variances of the
factor loadings, resulting in both large and small factor loadings.
This is often preferable, as variables will (hopefully) clearly
load or not load onto each factor. Since its inception, Varimax
has continues to be a popular and useful rotation method.
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EXPLORATORY FACTOR ANALYSIS DECISIONS 55

On the other hand, oblique rotation methods include promax
and direct oblimin. Promax was among the first created oblique
rotation methods (Cureton & Mulaik, 1975). A promax rota-
tion begins by performing a varimax rotation, and then it allows
the factors to correlate through raising the factor loadings to
a specified power. A value of 4 is most often used, likely due
to the default promax procedure in SPSS. Promax, along with
several other oblique rotations, are considered indirect methods
of rotations, as they alter the results of other rotation methods
(Fabrigar & Wegener, 2012). Alternatively, direct oblimin rota-
tions directly rotate to their final solution (Fabrigar & Wegener,
2012). Although several authors believe that direct oblimin is a
rotation method, the term actually refers to a family of rotations.
Each direct oblimin rotation is defined by its delta value, which
specifies the extent that the factors may correlate (Browne,
2001; Jennrich & Sampson, 1966). For instance, a delta of zero
places equal weighting of correlated and uncorrelated factors,
and it is called a direct quartimin rotation. Direct quartimin is
likely the most popular direct oblimin rotation method, as it
is the default direct oblimin rotation in SPSS, and it is proba-
bly the rotation method that authors intend when they mention
direct oblimin. Authors should be wary of applying other delta
values when performing direct oblimin rotations, as not all of
these rotations perform equally as well. Further, from several
simulation studies, authors have relatedly demonstrated the sat-
isfactory performance of direct quartimin (Browne, 2001; Ford,
MacCallum, & Tail, 1986; Hinkin, 1995, 1998).

Together, the rotation choice should be guided by a priori
theory. If an author believes that the resultant factors are uncor-
related, they should perform an orthogonal rotation. Currently,
varimax seems to be the most preferred. Alternatively, if an
author believes that the resultant factors are correlated, then they
should perform an oblique rotation. A direct oblimin rotation
with a delta of zero, also called a direct quartimin, seems to be
the most preferred.

1.5. Factor Loading Cutoff
In addition to determining the number of factors within a

set of variables, factor analysis also determines the extent that
each variable represents each emergent factor through loading
values. Often, variables representative of a factor are retained,
whereas those representative of multiple factors or no factors
at all are removed (Hair et al., 2006; Hinkin, 1995, 1998;
Tabachnick & Fidell, 2007). Several questions arise in inter-
preting the factor loadings to make these decisions. First, it
is unclear when a variable sufficiently loads onto a factor and
is considered representative of that factor. Second, it is also
unclear when a variable loads onto too many factors and is con-
sidered not clearly representative of any. Fortunately, authors
have provided several cutoffs for these decisions.

Possibly the most popular cutoff for “good” factor loadings
onto a primary factor is 0.40 (Hinkin, 1995, 1998), but other
authors have proposed values of 0.30 (Costello & Osborne,

2005), 0.32 (Tabachnick & Fidell, 2001), 0.45 (Tabachnick &
Fidell, 2007), and beyond (Hair et al., 2006). Alternatively,
the criterion for “excessive” factor loadings onto alternative
factors is even less decisive. Authors have proposed that alter-
native factor loadings should not exceed a certain value, such
as 0.32 or .40 (Costello & Osborne, 2005). Other authors have
proposed that differences between the primary and alternative
factor loadings should be considered, such as a loading dif-
ference of 0.20 between the primary and alternative factors
(Hinkin, 1998). The current article suggests a combination of
these proposals. It is recommended that satisfactory variables
(a) load onto their primary factor above 0.40, (b) load onto alter-
native factors below 0.30, and (c) demonstrate a difference of
0.20 between their primary and alternative factor loadings. The
current article dubs this the .40–.30–.20 rule.

2. CURRENT PRACTICES
With the primary decisions involved in EFA reviewed,

the current study provides an overview of the current prac-
tices of EFA within cyberpsychology and human–computer
interaction studies. To perform this overview, every arti-
cle that mentioned “factor analysis” in seven journals was
retrieved, and their EFA decisions were recorded by the primary
author. The seven journals were Cyberpsychology, Behavior,
and Social Networking; Computers in Human Behaviors;
Journal of Educational Computing Research; Journal of
Computer-Mediated Communication; New Media and Society;
International Journal of Human–Computer Interaction; and
Computers & Education. From this search, 220 articles were
discovered, and 163 reported an EFA.

It should be noted that, if multiple EFAs were performed
within the same article, the decisions were recorded only once.
This was to prevent articles that performed several EFAs from
being overrepresented and skewing the results; however, excep-
tions were made for two occurrences. First, if the authors chose
different decisions for the factor analyses, the multiple decisions
were recorded. Second, if the authors used multiple samples but
the same decisions, the decisions were recorded only once, but
each separate sample size was recorded.

2.1. Data Inspection Techniques
The application of two data inspection techniques, KMO

Measure of Sampling Adequacy and Bartlett’s test of sphericity,
was recorded. Also, the overall sample size was recorded.
Participant-to-item ratios were meant to be included, but many
studies were unclear about how many variables were included
within their factor analyses. For this reason, participant-to-item
ratios were not recorded.

2.2. Factor Analytic Method
The chosen factor analytic method was recorded. The

recorded options were PCA, PAF, ML, other, and unspecified.
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56 M. C. HOWARD

2.3. Factor Retention Method
The factor retention method was recorded. The recorded

options were the Kaiser criterion, VSP analysis, parallel anal-
ysis, Velicer’s MAP, factor variances, number of representative
items, other, and unspecified.

2.4. Factor Rotation Method
The factor rotation method was recorded. First, it was deter-

mined whether the method was orthogonal, oblique, or unspec-
ified. Second, it was noted whether the method was varimax,
quartimax, equimax, direct oblimin, promax, unrotated, or
unspecified.

2.5. Factor Loading Cutoff
The factor loading cutoff was recorded. First, it was recorded

whether the author stated a cutoff for the loading upon the pri-
mary factor and the specified value itself was recorded. Next,
if the author did not specify the primary factor loading cutoff,
the lowest primary factor loading of all included variables was
recorded. This value was considered the inferred factor loading
cutoff.

Second, it was recorded whether the author stated a cutoff
for the loading upon alternative factors. Then, the stated cut-
off value was recorded, separated by whether the cutoff was
a stand-alone value or distance from the primary factor load-
ing. If the author did not mention a cross-loading cutoff, no
inferred value was recorded. This is because most authors do not
list alternative factor loadings within their tables, and the vast
majority of alternative value cutoffs could not be determined.

3. RESULTS
Authors’ choices for each EFA decision within 163 articles

were recorded. Given that statistical standards and practices
change fairly quickly, the results reported within tables are
separated by all articles and those published within the past
decade (starting in 2005). Of articles published in 2005 or later,
130 included an EFA. In next describing the results, only those
published within the last decade are referenced.

Table 1 provides an overview of data inspection techniques
and sample sizes. Overall, KMO Measure of Sample Adequacy
(42%) and Bartlett’s Test of Sphericity (39%) were applied
almost equally. Although not evident in the table, almost
every author who applied one method also applied the other
(90%). Despite this, most authors did not apply either method
(56%).

In addition, the mean and median sample sizes were 402 and
253, respectively. Of these, the median should be considered, as
the mean is greatly skewed by a few large sample sizes. Also,
the standard deviation of 568 indicates that the sample sizes var-
ied greatly across studies. This is also reflected in the minimum
and maximum values of 31 and 5,509. To gain a better under-
standing of sample size choices, a histogram of sample sizes is
included in Figure 1, lists the number of articles that fall into
certain sample size ranges. It seems that many articles did not
meet the recommended number of 200 participants (37%).

Table 2 provides an overview of factor analytic method deci-
sions. The most popular method was PCA (53%), although it is
not an EFA method, followed by PAF (20%). Beyond these two,
authors occasionally performed ML (12%) or another method
(3%). Surprisingly, a large number of authors did not report their

TABLE 1
Chosen Data Inspection Techniques and Sample Sizes

All Articles Within Past Decade

1. KMO Measure of Sample Adequacy 58 (36%) 54 (42%)
2. Bartlett’s Test of Sphericity 52 (32%) 51 (39%)
1. M sample size 379 402
2. Mdn sample size 244 253
3. Sample size SD 524 568
4. Minimum sample size 20 31
5. Maximum sample size 5,509 5,509
1. No. of participants between 1 and 100 25 (15%) 16 (12%)
2. No. of participants between 101 and 200 40 (24%) 33 (25%)
3. No. of participants between 201 and 300 36 (21%) 29 (22%)
4. No. of participants between 301 and 400 18 (11%) 14 (10%)
5. No. of participants between 401 and 500 15 (09%) 13 (10%)
6. No. of participants above 501 34 (20%) 29 (22%)

Note. The total number of reviewed articles was 163. The total number of included sample sizes was 168. The total number of reviewed
articles within the past decade was 130. The total number of included sample sizes within the past decade was 134. The sum of each column
may be greater than the total number of articles, as a single article may contain multiple samples and chosen decision choices. KMO =
Kaiser–Meyer–Olkin.
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FIG. 1. Histogram of sample size choices.

TABLE 2
Chosen Factor Analytic Methods

All Articles Within Past Decade

1. Principal
components
analysis

85 (52%) 69 (53%)

2. Principal axis
factoring

33 (20%) 26 (20%)

3. Maximum
likelihood

15 (9%) 15 (12%)

4. Other method 4 (2%) 4 (3%)
5. Did not specify 34 (21%) 23 (18%)

Note. Total number of reviewed articles was 163. The total number
of reviewed articles within the past decade was 130. The sum of each
column may be greater than the total number of articles, as a single
article may contain multiple samples and chosen decision choices.

factor analytic method (18%). In most of these cases, the author
simply stated that they performed “factor analysis.”

Table 3 provides an overview of factor retention deci-
sions. Of these, the Kasier criterion was the most popular
method (54%). VSP analysis (33%) and parallel analysis (10%)
were also regularly used. Velicer’s MAP was only sporad-
ically applied (4%). Two undiscussed methods, amount of
variance explained (5%) and number of representative items
(5%), were also occasionally used as factor retention decisions.
Last, authors sometimes used other methods (3%), and many
did not specify their method at all (32%). It should be noted
that, of those that reported their method, 45% of authors used
multiple methods, and 42 percent of those which applied the
Kaiser criterion also applied VSP analysis, parallel analysis, or
Velicer’s MAP.

TABLE 3
Chosen Factor Retention Method

All Articles Within Past Decade

1. Kaiser Criterion 84 (52%) 70 (54%)
2. VSP analysis 50 (31%) 43 (33%)
3. Parallel analysis 13 (8%) 13 (10%)
4. Velicer’s MAP 5 (3%) 5 (4%)
5. Variance explained 8 (5%) 7 (5%)
6. No. of representative items 8 (5%) 6 (5%)
7. Other 4 (2%) 4 (3%)
8. Did not specify 57 (35%) 41 (32%)

Note. Total number of reviewed articles was 163. The total num-
ber of reviewed articles within the past decade was 130. The sum of
each column may be greater than the total number of articles, as a sin-
gle article may contain multiple samples and chosen decision choices.
VSP = visual scree plot; MAP = Minimum Average Partial.

TABLE 4
Chosen Factor Rotation Method

All Articles Within Past Decade

1. Orthogonal 94 (58%) 76 (58%)
1a. Varimax 88 (94%) 70 (92%)
1b. Quartimax 1 (1%) 1 (1%)
1c. Equimax 1 (1%) 1 (1%)
2. Oblique 52 (32%) 42 (32%)
2a. Direct Oblimin 27 (52%) 21 (50%)
2b. Promax 12 (23%) 11 (26%)
3. Unrotated 2 (4%) 0 (0%)
4. Did not specify 25 (15%) 19 (15%)

Note. Total number of reviewed articles was 163. The total number
of reviewed articles within the past decade was 130. The sum of each
column may be greater than the total number of articles, as a single
article may contain multiple samples and chosen decision choices.

Table 4 provides an overview of factor rotation meth-
ods. Orthogonal rotations (58%) were more popular than
Oblique rotations (32%). Of the orthogonal rotations, varimax
is the most popular (92%). Of the oblique rotations, direct
oblimin rotations (50%) were the most popular followed by
promax (26%). Many did not specify their rotation method
(15%).

Last, Table 5 provides an overview of the chosen factor load-
ing cutoffs. Of those that directly stated a cutoff, the average
value was 0.44. A surprisingly large number of authors did
not specify their cutoff for the primary factor loading (46%).
Of those that specified their cutoff or could be inferred, a large
variation was seen in values, as seen in Table 5. The average
was high and appropriate at 0.48, but a portion of studies used
cutoffs 0.30 or lower (10%). Further, most authors made no
mention of cross-loading cutoffs (78%). Of those that did, they
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58 M. C. HOWARD

TABLE 5
Chosen Factor Loading Cutoff

All Articles Within Past Decade

1. Stated primary loading were cutoff 83 (51%) 71 (54%)
2. Did not specify 81 (49%) 60 (46%)
3. Stated primary loading cutoff value mean .43 .44
4. Inferred primary loading cutoff value mean .47 .48
5. Primary loading cutoff between 0.00 and 0.30a 20 (12%) 13 (10%)
6. Primary loading cutoff between 0.301 and 0.40a 49 (30%) 37 (28%)
7. Primary loading cutoff between 0.401 and 0.50a 42 (26%) 39 (30%)
8. Primary loading cutoff between 0.501 and 0.60a 26 (16%) 24 (18%)
9. Primary loading cutoff above 0.601a 5 (3%) 4 (3%)
1. Stated cross-loadings were cutoff 33 (20%) 29 (22%)
2. Did not specify 130 (80%) 101 (78%)
3. Cross-loading cutoff values .20–5 (3%) .20–5 (4%)

.30–2 (1%) .30–2 (2%)

.35–1 (1%) .35–1 (1%)

.45–1 (1%) .45–1 (1%)

.50–2 (1%) .50–2 (2%)
4. Cross-loading cutoff difference values .10–3 (2%) .10–3 (2%)

.30–1 (1%) .30–1 (1%)

Note. Total number of reviewed articles was 163. The total number of recorded primary factor cutoffs was 164, as one article made different
factor cutoff decisions between its first and second sample. The total number of reviewed articles within the past decade was 130. The total
number of recorded primary factor cutoffs was 131, as one article made different factor cutoff decisions between its first and second sample.
The sum of each column may be greater than the total number of articles, as a single article may contain multiple samples and chosen decision
choices.

aValues include stated and inferred cutoffs.

most often specified that they analyzed cross-loadings, but never
made a mention of cutoff values (52%). Of those that did men-
tion a value, most chose a certain cutoff rather than a distance
value (73%). The most common cutoff was a loading of 0.20.
The most common distance value was 0.10.

4. DISCUSSION
Creating psychometrically sound and valid scales is par-

ticularly important for cyberpsychology and human–computer
interaction scholarship. Both of these fields are interested in
latent constructs, and few established measures exist due to their
relative newness. For this reason, the current article has two
primary sections. First, a review provided suggestions for five
important statistical and methodological decisions during the
EFA process. Second, an overview detailed authors’ EFA deci-
sions to determine whether appropriate methods are being used.
From these two sections, several inferences can be made.

First, most authors do not investigate their data for viola-
tions of EFA assumptions. This is surprising, as KMO Measure
of Sample Adequacy and Bartlett’s Test of Sphericity have
existed for decades (Bartlett, 1950; Dziuban & Shirkey, 1974;
Kaiser, 1970) and may denote when a set of variables may
demonstrate small correlations that are unsuitable for EFA. It is
highly suggested that future authors incorporate these two data

investigation techniques into research and practice, as it may
prevent inappropriate applications of EFA.

Second, the mean sample size of articles is not overly con-
cerning (402 participants); however, this value is skewed by
several large outliers, and other values should be considered.
When analyzing the median sample size (253 participants), it
is below many recommended cutoffs (Comrey & Lee, 1992;
MacCallum et al., 1999). In regards to the cutoff suggested
by the current article, 200 participants, many articles failed to
meet this recommendation (37%). Further, the lowest observed
sample size was 31—much lower than the recommended cut-
off of any author (Hair et al., 2006; Velicer & Fava, 1998).
Overall, authors should strongly consider their sample sizes, as
EFA may be greatly inaccurate with an insufficient number of
participants.

Third, the most common factor analytic method was PCA,
which is not even a true form of EFA and presents several sta-
tistical concerns (Fabrigar et al., 1999; Preacher & MacCallum,
2003). Alternatively, PAF and ML were much less common,
despite their statistical advantages (Costello & Osborne, 2005;
De Winter & Dodou, 2012). Authors should become familiar
with these latter two methods, as their properties can greatly
benefit research and provide more accurate study results. Also,
a surprising number of authors did not even mention their factor
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EXPLORATORY FACTOR ANALYSIS DECISIONS 59

analytic method, and only stated that they performed “factor
analysis.” This is extremely problematic, as readers cannot be
certain of the validity of results and replication becomes impos-
sible. Future researcher should always note their chosen factor
analytic method.

Fourth, the Kaiser criterion is the most popular factor reten-
tion method, despite a long history of voiced concerns (Kline,
2014; Patil et al., 2008). Even more problematic, most authors
who applied the Kaiser criterion did not perform any other
factor retention methods to support their results. Within these
studies, authors’ chosen number of retained factors may be
grossly overestimated. Also, like factor analytic method deci-
sions, a large number of authors did not specify their factor
retention methods—almost large as the number of authors who
applied VSP analysis. Once again, this is extremely problem-
atic for the same reasons just noted. It is highly suggested
that authors begin applying and reporting more statistically
sound factor retention methods, such as VSP analysis, parallel
analysis, and Velicer’s MAP.

Fifth, surprisingly, orthogonal rotations were more popular
than oblique rotations. This is not a problem itself, per se, but
most authors did not specify the theoretical justification for their
rotation method. For this reason, it appears that authors may
be unsure of the differing dynamics in the two categories of
rotations and the statistical concerns that may arise from per-
forming the incorrect type of rotation. Although it may not be a
sound practice, it is suggested that authors perform oblique rota-
tions when they are unsure toward the correct rotation method,
as forcing factors to be uncorrelated may be more problematic
than allowing them to correlate (Fabrigar & Wegener, 2012).
Further, of the orthogonal rotations, varimax was the most pop-
ular. Of the oblique rotations, direct oblimin rotations were the
most popular, but a considerable number of authors also applied
a promax rotation. Once again, a large number of authors did
not specify their rotation or simply stated the category of rota-
tion (i.e., orthogonal or oblique rotation). This is a poor practice
and should be rectified.

Sixth, the number of authors who did and did not state
their primary factor loading cutoff was almost even. Of those
who did state their cutoff, the average value was 0.44. This
value is in accordance to priori suggestions and appropriate.
Many articles, although not directly stated, could have their
primary factor loading cutoff inferred from included tables.
The average value of inferred cutoffs was 0.48. It is unclear
why these authors would not state their cutoff, as most met
or exceeded prior suggestions. Further, when analyzing stated
and inferred cutoffs together, almost half chose a value above
0.40. It seems that authors’ primary factor loading cutoffs are
generally appropriate and not a large area of concern.

Seventh, the large majority of authors made no mention
of variable cross-loadings. Of those who mentioned cross-
loadings, about half only stated that variables could not cross-
load but did not provide a cutoff value. Ensuring that variables
do not include alternative constructs of interest is extremely

important for research and practice. If an item, for instance, is
included within a scale but cross-loads with another scale, the
observed relationship between these two scales would be artifi-
cially inflated due to the criterion contamination of the item(s).
Of all decisions made within the EFA process, it seems that vari-
able cross-loadings were the least considered by authors. Once
again, it is strongly suggested that future researchers directly
state their cross-loading cutoff values for variable retention, and
the suggested .40–.30–.20 rule could be easily applied. This rule
recommends that satisfactory variables (a) load onto their pri-
mary factor above 0.40, (b) load onto alternative factors below
0.30, and (c) demonstrate a difference of 0.20 between their
primary and alternative factor loadings.

Eighth, it seems that standards and practices have not
greatly changed within the past decade when performing EFA.
Through comparing all articles and only those published within
the past decade in Tables 1 through 5, few notable changes
can be seen. This is surprising, as computing technology
has improved and statistical software has become more user-
friendly. Authors within the study of cyberpsychology and
human–computer interaction should take advantage of these
technological improvements, as they should be the most adapt-
able to new technology of any research field.

Taken together, several systematic issues are present in stud-
ies performing EFA. To overcome these issues, the current arti-
cle provides several suggested best practices. Table 6 is included
to summarize these recommended best practices and provide
a checklist to authors. It is recommended that researchers
performing EFAs should follow this checklist, step by step,
to ensure success in performing and reporting their methods.
In addition to these recommend practices, future considerations
should be noted.

5. DIRECTIONS FOR FUTURE RESEARCH
The current study has only two, albeit broad, suggestions for

future research. Authors should continue to denote the impor-
tance of adequate measurement within research (Bunz, 2004;
Faiola, Ho, Tarrant, & MacDorman, 2011; Yang, Linder, &
Bolchini, 2012). Particularly, future research could provide sug-
gestions toward several other aspects of the scale creation and
evaluation process, such as item writing or confirmatory fac-
tor analysis. Also, authors could also provide similar overviews
of alternative attributes of scales. For instance, the current arti-
cle noted very few suggestions toward the state of validity
inferences within research. It may be fruitful to review current
studies and determine the methods by which authors ensure the
validity of their measures. Then suggestions could be provided
to enhance the theoretical basis of extant scales.

In addition, a great need is still evident for psycho-
metrically sound and valid measures within the study of
cyberpsychology and human–computer interaction. As Howard
and Jayne (2015) demonstrated, a great number of research
results are based upon measures with limited investigations
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60 M. C. HOWARD

TABLE 6
Checklist of Suggested Recommendations for EFA

EFA Decision Recommendation Checklist

1. Data inspection Is your sample size greater than 200 participants and a
5-to-1 participant-to-variable ratio?

�

Did you perform a Bartlett’s Test of Sphericity and/or KMO Measure of
Sampling Adequacy?

�

2. Factor analytic method Did you avoid using principal components analysis? �
Did you perform the factor analytic method with the fewest statistical

assumptions while still providing all desired information?
�

3. Factor retention method Did you avoid using the Kaiser criterion (Eigenvalue < 1 rule)? �
Did you perform a visual scree plot analysis and parallel analysis, Velicer’s

MAP, or both?
�

4. Factor rotation method Did you use a rotation method which aligns with the expected correlation of
your factors?

�

If using an orthogonal rotation, did you perform a varimax rotation?
Alternatively, if using an oblique rotation, did you perform a direct
quartimin rotation?

�

5. Factor loading cutoff Do your items load more than .40 on their primary factor? �
Do your items load below .30 on their alternative factors? �
Do your items have a greater difference than .20 between their primary and

alternative factor loadings?
�

Note. KMO = Kaiser–Meyer–Olkin; MAP = Minimum Average Partial.

into their psychometric properties and validity, and these
study results may be inaccurate due to the use of these
measures. Although the current article may seem condemn-
ing of current scale development and evaluation research,
authors should certainly persist in their efforts. Indeed, authors
should apply the recommendations provided within the cur-
rent article, and create a new wave of methodologically sound
studies. Through this effort, multiple areas of research could
be greatly improved and studies’ inferences could be more
reliable.

Currently, some areas of research have already seen inter-
est in developing reliable and valid scales. When reviewing
EFA practices in the current article, among the most studied
constructs were Internet addiction (Caplan, 2002; Pawlikowski,
Altstötter-Gleich, & Brand, 2013), cyberbulling (Çetin, Yaman,
& Peker, 2011; Lam & Li, 2013), e-learning perceptions (Ozkan
& Koseler, 2009; van Braak & Tearle, 2007), and attitudes
toward technology (Korobili, Togia, & Malliari, 2010; Rainer
& Miller, 1996). Researchers disagree about the dimension-
ality and conceptualization of these constructs, partially due
to the differing EFA decisions across articles that can greatly
impact outcomes and interpretation. Future research using the
recommended best practices of the current article may clarify
the dimensionality and conceptualization of these constructs.
In addition, computer self-efficacy (Howard, 2014), blogging
motivations (Baker & Moore, 2011), technology-related emo-
tions (Charlton & Birkett, 1995), unethical computer behaviors
(Namlu & Odabasi, 2007), and presence (Qin, Rau, & Salvendy,

2009) were also studied but to a lesser extent. In future scale cre-
ation efforts, it may be beneficial to reexamine these constructs
to provide clarity in ongoing research debates. Nevertheless,
value is also present in analyzing measurement issues for lesser
researched constructs, as creating a novel and useful scale may
prompt further research.

6. CONCLUSION
The current article provided an overview of five primary

decisions made when performing an EFA and reviewed all EFA
decisions of authors within seven cyberpsychology or human–
computer interaction journals. The results demonstrated that
multiple systematic and problematic concerns exist in regards
to these EFA decisions. Particularly, many authors do not check
their data for violations of EFA assumptions, sample sizes are
routinely below suggested cutoffs, PCA is the most popular
factor analytic method, the Kaiser criterion is the most pop-
ular factor retention method, justifications are sparsely noted
for rotation decisions, and variable cross-loadings are rarely
considered. Possibly the only consistently favorable aspect of
authors’ EFA decisions is their chosen primary factor load-
ing cutoff. For these reasons, it is strongly recommended that
authors take note of the suggestions provided within the cur-
rent article toward EFA decisions. Also, future research should
provide other suggestions toward scale creation and evaluation,
and authors should remain attentive toward creating psychome-
trically sound and valid measures.
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