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Abstract: Exploratory factor analysis (EFA) is a very common tool used in the social sciences to
identify the underlying latent structure for a set of observed measurements. A primary component
of EFA practice is determining the number of factors to retain, given the sample data. A variety of
methods are available for this purpose, including parallel analysis, minimum average partial, and
the Chi-square difference test. Research has shown that the presence of outliers among the indicator
variables can have a deleterious impact on the performance of these methods for determining the
number of factors to retain. The purpose of the current simulation study was to compare the
performance of several methods for dealing with outliers combined with multiple techniques for
determining the number of factors to retain. Results showed that using correlation matrices produced
by either the percentage bend or heavy-tailed Student’s t-distribution, coupled with either parallel
analysis or the minimum average partial yield, were most accurate in terms of identifying the number
of factors to retain. Implications of these findings for practice are discussed.
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1. Introduction

Exploratory factor analysis (EFA) is widely used by researchers in a variety of fields to
identify the latent structure underlying a set of observed variables, such as item responses
on psychological and educational measurements, subscale scores from test batteries, and
measures on observational behavior inventories, as examples. Because EFA does not posit a
specific factor structure, a key component of using the methodology involves determining
the number of factors to retain. A variety of statistical tools exist for this purpose, which
can be used in conjunction with an understanding of the theory underpinning the observed
variables to determine the optimal number of factors to retain. Once the number of factors
has been decided upon, the researcher can then go on to interpret the nature of the latent
variables based on how the observed indicators group together.

Prior research has found that the presence of outliers in the observed data can have a
deleterious impact on the accurate determination of the number of factors to retain [1–13].
Specifically, outliers have been found to result in a tendency for researchers to retain more
factors than are actually present in the data and a single factor that accounts for a greater
share of variance in the sample data than is the case for the population [6]. Given that
outliers are common in social science data [14], researchers using EFA may reach incorrect
conclusions regarding the latent structure underlying the observed data. Therefore, the
availability of alternative approaches for fitting EFA models in the presence of outliers
represents an important tool in a researcher’s toolbox. The goal of this simulation study was
to investigate the performance of several methods for dealing with outliers and to examine
how they interact with methods for determining the number of factors to retain under a
variety of conditions. The manuscript is organized as follows: First, the common factor
model is briefly reviewed, after which there is a discussion of several statistical approaches
for determining the number of factors to retain and robust methods for handling outliers.
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The simulation study conditions are then described, followed by the results and a discussion
of these results with recommendations for practice.

1.1. The Common Factor Model

The common factor model relates the individual observed indicator variables with the
latent factors as in Equation (1):

y = Λξ + ε (1)

where

y =A (p × 1) vector of observed indicators for the individuals in the sample
ξ =A (k × 1) vector of latent factors for the individuals in the sample
Λ = A (p × k) matrix of factor loading matrix linking observed indicators with factors
ε = A (p × 1) vector of unique factors for indicator y for the individuals in the sample, i.e.,
sources of indicator variance that are not associated withξ.

Note that the model in Equation (1) is for mean-centered variables. The value of
the observed indicator is a function of an individual’s level on the latent variable(s), the
relationship between the latent and observed variables, and the random error associated
with the indicator. The ε for indicator y is random and independent of the ε for all other
indicators and of ξ. Within the matrix Λ are separate factor loadings relating each indicator
to each factor.

The factor model parameters can be used to predict the covariance matrix of the
indicator variables:

Σ = ΛΨΛ′ + Θ (2)

where

Σ = Model predicted correlation or covariance matrix of the indicators
Ψ = Correlation matrix for the factors
Θ = Diagonal matrix of unique error variances.

Fit of the factor model is determined by comparing the model implied covariance
matrix, Σ, with the observed covariance matrix S. The more similar Σ and S are to one
another, the better the fit of the model to the data. On the other hand, if the corresponding
elements of the two matrices are far apart, we would conclude that the model does not
fit the data well. The proximity of Σ and S can be assessed using a Chi-square statistic, as
described in more detail below.

1.2. Maximum Likelihood

One of the most popular and widely used methods of factor extraction is maximum
likelihood estimation (ML). The goal of ML in the context of EFA is to identify factor model
parameter estimates for Equation (2) that will yield Σ that is as close to S as possible. The
mechanism by which the estimated covariance matrix is determined involves minimizing
the fit function in Equation (3):

FML = ln|Σ|+ tr
(

Σ−1S
)
− ln|S| − p (3)

where

Σ = Predicted correlation matrix for the observed variables based on the factor analysis
model parameters
|Σ| = Determinant of Σ
S = Observed correlation matrix for the observed variables
|S| = Determinant of S
p = Number of observed indicators.

ML uses an iterative methodology to obtain the factor loadings, factor variances, and
covariances, which are, in turn, used to calculate Σ using Equation (2). It has been shown to
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be an effective method for extracting an initial factor solution, provided that the assumption
of multivariate normality is met [15]. Despite its generally positive performance under
a variety of conditions, ML is sensitive to the sample size such that with small N, the
algorithm may have difficulty converging. In addition, it relies on an assumption of multi-
variate normality for the observed indicator variables. When the normality assumption
is violated, the data analyst should use an alternative estimator, such as ML, with robust
standard errors [11,16]. Furthermore, although the focus of this study is on continuous
indicator variables, alternative estimators for categorical indicators are also available, such
as weighted least squares and diagonally weighted least squares [17,18].

1.3. Methods for Determining the Number of Factors to Retain

There exist a large number of methods for determining the number of factors to retain
with EFA. The current study examined the performance of eight such statistics in the
simulations described below. The results of the simulation study identified two methods
that appeared to perform best across conditions. Therefore, those methods, along with the
Chi-square hypothesis test, will be described in more detail below. The full list of techniques
included in the simulation study appears in the Methods Section. The Chi-square statistic
is discussed here because it is closely tied to the ML estimation algorithm and is the default
assessment method in many widely available software programs, such as SPSS, R, SAS,
and Stata.

1.4. Parallel Analysis

Another inferential approach for determining the number of factors to retain in EFA
is parallel analysis (PA; [19]). PA involves the generation of synthetic data that has the
same marginal properties (i.e., means and variances) as the actual observed data but which
has no underlying latent structure (i.e., 0 factors). A large number (e.g., 1000) of synthetic
random datasets are generated, and for each, a principal components analysis model is
fit, and the eigenvalues (i.e., first, second, third, etc.) are retained, thereby creating a
distribution for each eigenvalue under the null hypothesis of no factor structure is present.
The eigenvalues obtained from EFA applied to the observed data are then compared to
these distributions to determine the number of factors to retain. A factor is retained if the
observed eigenvalue corresponding to it is larger than the 95th percentile of the distribution
of null factor eigenvalues generated from the synthetic random data. It should be noted
that a comparison of the observed eigenvalue to the mean of the synthetic eigenvalues has
also been used in prior research and application [19]. The interested reader can find a more
detailed description of EFA in Finch [20]. Prior research has found that PA is effective at
identifying the number of factors to retain [21–24]. For this reason, it was included in the
current study.

1.5. Minimum Average Partial

The minimum average partial (MAP) is used to determine the number of factors
to retain [25]. MAP is based on the mean of the squared partial correlations among the
observed indicators after partialing out the influence of the factors. It is based on the
following multiple-step procedure:

1. Correlations among the observed variables are calculated and squared, and the
squares are then averaged.

2. A principal components analysis (PCA) is fit to the data, and the squared correlations
among the observed indicators are calculated and averaged after partialing out the
first factor.

3. The average squared correlation among the observed variables is again calculated,
this time partialing out the first two factors obtained from the PCA.

4. These steps are repeated for the first p − 1 factors, where p is the number of
observed indicators.
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5. The researcher retains the number of factors corresponding to the minimum average
squared partial correlation obtained from steps 1–4.

The minimum average squared partial correlation identified in step 5 corresponds to
the number of factors accounting for the maximum amount of systematic variance in the
observed indicators [25]. MAP has been shown to be effective in correctly determining the
number of factors to retain [26–29].

1.6. Exploratory Graph Analysis

Recently, authors have proposed the use of an alternative network-based approach
to modeling data that has traditionally been addressed using factor analysis [30–32]. This
technique, known as exploratory graph analysis (EGA), is based on the Gaussian graphical
model (GGM) described in [31]. Golino et al. [32] showed that the GGM and the factor
model correspond closely to one another. In particular, the inverse of the covariance matrix
for the observed indicator variables (Σ) is known as the precision matrix K such that:

K = Σ−1 (4)

The negative elements of K (kij) can be standardized based on the diagonal elements
(kjj, kii) in order to obtain partial correlation coefficients between any pair of observed
variables, i and j:

ρij = −
kij√

kjj
√

kii

(5)

These partial correlations then serve as the degree of relationship between pairs of
variables and are used to identify variable clusters in EGA.

The network-reflecting relationships among the variables are then estimated using the
GLASSO technique [33], which is a regularization method based on the lasso estimator [34].
Regularized estimators apply a penalty to parameter estimates (e.g., relationships among
variables) such that small sample values are assumed to be 0, and only those that are
relatively large remain. In the context of estimating latent variable structure, GLASSO is
designed to estimate a sparse network, such that weak connections among the observed
variables in the sample are penalized to 0, yielding a network that retains only relatively
strong connections among the variables. The degree of regularization is governed by
the tuning parameter, γ. As discussed in [32], the optimal value of γ for a given sample
is associated with the minimum value of an information statistic, such as the extended
Bayesian Information Criterion (eBIC). The number of dimensions to retain in the context
of EGA is determined using the Walktrap algorithm, details of which can be found in [3,32].

Prior research investigating the performance of EGA in identifying the number of di-
mensions to retain has found that it works well in a variety of conditions. For example, [31]
found that EGA performed comparably to PA and better than MAP in terms of identifying
the correct number of factors across a range of sample sizes, number of indicators, and
number of factors. In addition, when the interfactor correlation was large (0.7) and there
were four factors, EGA was more accurate than PA. Similar simulation results were reported
by [32], who also found that EGA performed comparably to or better than PA across a
variety of conditions and was generally more accurate than other techniques included in
the study, such as Kaiser’s greater than 1 eigenvalue rule, the optimal coordinate, and the
acceleration factor techniques. These prior results suggest that EGA is a viable alternative
to traditional approaches for identifying the number of factors to retain.

1.7. Impact of Outliers on Determining Number of Factors to Retain

Researchers have examined the impact of outliers on the performance of multiple
methods for determining the number of factors to retain in the context of both PCA and
factor analysis. Based on the results of a simulation study, [8] found that ML extraction
coupled with the Chi-square test tended to overfactor in the presence of outliers. They
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also found that the use of the minimum covariance determinant (MCD) to obtain the
covariance matrix used in the factor extraction yielded factor solutions that were closer to
the latent structure used to generate the data than was the case for the standard covariance
matrix [35]. It is important to note that this simulation study included a single factor with
five indicators and a sample size of 100. [36] conducted a simulation study that found a
tendency to overfactor when outliers were present, and the eigenvalue greater than 1 rule
was used to determine the number of factors to retain.

Ref. [6] investigated the impact of outliers on the ability of several approaches, in-
cluding the Chi-square test, PA, and MAP, to correctly identify the number of factors
underlying a set of normally distributed indicator variables. They found that the per-
formance of PA and MAP were largely unaffected when the outliers were symmetric in
nature. However, the Chi-square test tended to recommend the retention of too many
factors. Furthermore, [6] also reported that when the outliers were asymmetric (i.e., the
indicator variables were skewed), MAP tended to overfactor, and PA tended to underfactor.
The author concluded that while MAP and PA were generally more resistant to outliers
than the Chi-square test, their performance was also deleteriously impacted by outliers in
some conditions. [7] extended simulation work by [6,36], confirming earlier results that
outliers have a deleterious impact on the performance of the Chi-square test and PA for
determining the number of factors to retain. These methods were all used in conjunction
with maximum likelihood estimation.

1.8. Methods for Dealing with Outliers

The statistics literature includes a large number of approaches for dealing with out-
liers [37]. In the context of EFA, it has been recommended that researchers faced with
outliers use a robust method for estimating the covariance matrix among the observed
indicators and then use the result to extract the factors [8]. This stands in contrast to
the default approach for extracting factors, which is based on the standard covariance or
correlation matrix. The following section of the manuscript provides a description of robust
methods for estimating the covariance matrix among the indicators. For the current study,
each of these approaches was applied to the simulated data, and the resulting covariance
matrices were then used for factor extraction.

1.9. Percentage Bend Covariance Matrix

The percentage bend (PB) approach is designed to reduce the impact of outliers
through a weighting system [37,38]. The reader interested in the technical details of the
method is referred to [37] for an in-depth discussion. The PB algorithm starts by calculating
the distance between the data value and the median for each variable in the set (e.g., each
indicator variable used in the factor analysis):

Wi = |Xi − MX | (6)

where

Xi = Value of variable X for individual i
MX = Median for variable X

The most extreme value that lies at a predetermined quantile of the aforementioned
distances (e.g., 75th percentile) is then identified and labeled WX . For each median distance
value that is less than this extreme score, a ratio is calculated with the median distance in
the numerator and the extreme distance value in the denominator, as in Equation (7).

Xi − MX
WX

(7)

The inverse of the resulting ratio is then used to determine a weight for each obser-
vation, with those having values greater than WX receiving a weight of 0. This process
is completed for each variable in the dataset, and the covariance/correlation matrix is
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calculated using the resulting weighted data. It should be noted that the standardized
version of PB is not an estimate of the population correlation value (ρ) for a variable pair,
but rather is an estimate of the linear relationship between the two variables. Therefore,
while it provides comparable information to that reflected in ρ, it is not a direct estimate of
ρ [37].

1.10. Heavy-Tailed Covariance Matrix

The heavy-tailed covariance matrix (Ht) used in this study is based on the work of [39]
and involves the application of the generalized hyperbolic skewed Student’s t-distribution.
This distribution has parameters µ (mean vector), δ (covariance matrix), γ (vector of sample
skewness values), and ν (degrees of freedom). The resulting distribution has heavy tails,
which accounts for the skewness present in the sample data. By default, in the R software
package used in this study (fitHeavyTail; [40,41]), the degrees of freedom is 4, though the
data analyst can adjust this as needed. Smaller values for ν yield heavier-tailed distributions,
whereas large values yield distributions approaching the standard normal.

1.11. Winsorized Covariance Matrix

The Winsorized (W; [37]) covariance matrix is obtained by replacing a predetermined
proportion of individuals at either extreme of the sample with the same proportion of
the next most extreme values. For example, if we want to Winsorize 10% of the sample,
the extreme 10% members at each end of the sample are replaced by the 10% adjacent
to them. In the context of multivariate data (such as that used in EFA), we cannot order
the data based on any single value, but instead need to order the individuals based on
the full set of variables. Thus, in order to characterize each individual based on the set of
variables used in the EFA, the Mahalanobis distance based on these variables is calculated
for each member of the sample. The Mahalanobis distance value reflects the location of each
individual in multivariate space, with values closer to 0 being near the multivariate center
of the observed variables. Multivariate Winsorization is based on these distances, such
that individuals with the 10% smallest Mahalanobis values have their full set of variables
replaced by those in the next highest 10% based on the Mahanlanobis distance. Similarly,
the set of variables used in the EFA for individuals with the largest 10% of Mahalanobis
distance values is replaced by scores for the 10% of individuals with the next highest
Mahalanobis distance values. Thus, individuals are ordered based on the Mahalanobis
distance calculated using the set of indicator variables, and then the desired proportion at
each end, based on the Mahalanobis distance, is Winsorized. The covariance matrix from
the resulting sample is then used for factor extraction.

1.12. Minimum Volume Ellipsoid

The minimum volume ellipsoid (MVE; [42]) involves finding a subsample of the
original dataset that creates an ellipsoid with the smallest volume in the multivariate space
represented by the set of observed variables and consists of one-half or more of the original
sample. As an example, if the total sample size is 100, then the MVE subsample will include
between 50 and 100 individuals. The observations contained within this minimum volume
ellipsoid set are then used to estimate the covariance matrix that is subsequently used
in the EFA. In order to identify the subset of individuals, a large number (B = 1000) of
random samples with replacement of size h = n+p+1

2 are taken from the original sample,
where n is the sample size, and p is the number of observed variables. For each of these
random samples, the volume of the ellipsoid that contains the entire set of observations
is calculated, and the sample that yields the smallest value is selected as optimal. In the
context of EFA, the covariance matrix of the optimal MVE sample is then used to extract
the factors. Figure 1 displays a plot of MVE for two variables. The data points contained
within the ellipse are those that will be retained and used to estimate the covariance. The
outliers appear outside of the ellipse with their case number. They will not be included in
the estimation of the covariance.
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1.13. Minimum Covariance Determinant

The minimum covariance determinant (MCD; [35]) is similar to MVE in that it also
involves a systematic search through the data for a subset of observations containing
no outliers. However, rather than identifying a set of observations that minimizes the
ellipsoid, MCD seeks to identify the set of observations that minimize the determinant of
the covariance matrix. The MCD algorithm involves the following steps:

1. Select a subset of size h = n+p+1
2 from the original sample.

2. Calculate the Mahalanobis distance from the center for each case in this subset.
3. Retain the h2 = h

2 + 1 observations with the smallest distance values.
4. Iteratively include one randomly selected data point from the full sample that was

not included in the original subset h2.
5. Calculate the determinant of the covariance matrix for this new subset.
6. Repeat steps 4 and 5 and retain the subset that has the smallest determinant of the

covariance matrix.

The resulting covariance matrix can then be used to extract the factors with EFA. An
example plot for the MCD appears in Figure 2. As with the MVE plot in Figure 1, outliers
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appear outside the ellipse and are denoted by their case number. Note that for this example,
the MVE and MCD techniques yielded very similar results.
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1.14. MM-Estimator

The MM-estimator of the covariance matrix is designed to down-weight outlying
observations when estimating the covariance matrix and yields the highest possible break-
down point. Note that the breakdown point refers to the minimum proportion of the
sample for which a function goes to infinity that can include outliers without impacting
sample estimates [37]. The weight associated with an individual data point is proportional
to the inverse of the residual for the individual based on the estimated covariance matrix.
These weights are selected such that the sum of squared residuals is minimized across
the sample. MM has been shown to be effective for high dimensional data in which the
ratio of sample size to number of variables is small [37]). However, the MM-estimator is
known to be susceptible to contamination bias, such that a few outlying data points can
have an outsize impact on the quality of the parameter estimates, even in the case where
the breakdown point approaches 0.5.
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1.15. Rocke

Ref. [43] proposed a robust bi-weight estimate of the covariance matrix based on the
S-estimator. The original S-estimator [35] takes the form:

1
n∑n

i=1 ξ(di) (8)

where

di = Mahalanobis distance value for observation i

ξ =

{
1 −

{
1 −

(
di
k

)2
}}3

if |di| ≤ k

ξ = 1 if |di| > k

k =

√√√√p

[√(
1
9

)(
2
p

)
1.548 +

{
1 −

(
1
9

)(
2
p

)}]3

p = Number of variables

The S-estimator is designed to down-weight observations that have large Mahalanobis
distance values, where large is defined by the function in Equation (6). It was found that the
S-estimator does not always correctly identify outliers [43], which led to the development of
Rocke’s extension of it. The difference between the Rocke and S-estimator is in the way that
outliers are identified and weighted. The S-estimator weight function ξ takes the following
form in Rocke’s technique:

ξ = 0 if 0 ≤ |di| ≤ 1 − γ (9)

ξ =

{(
di − 1

4γ

)[
3 −

(
di − 1

γ

)2
]
+ 0.5

}
if 1 − γ < |di| < 1 + γ

ξ = 1 if |di| > 1 + γ

where

γ = min

(
χ2

p(1 − α)

p
− 1, 1

)
χ2

p(1 − α) = Chi-square value for p degrees of freedom and 1 − α probability level.
Rocke’s estimator was shown to yield a breakdown point near 0.5 while at the same

time correctly identifying outliers in a dataset. For more details on the specific calculations
involved in this estimate, the interested reader is referred to [35,44].

1.16. Study Goals

The goal of this simulation study was to extend earlier work by comparing the perfor-
mance of several methods for dealing with outliers coupled with several approaches for
identifying the number of factors to retain. Earlier research described above found that out-
liers can have a deleterious impact on methods for detecting the number of factors to retain
in an EFA (e.g., [7]). However, methods for dealing with outliers were not widely explored
in these studies. Therefore, the current study extends this work by assessing the extent to
which several methods that account for outliers in the estimation of covariance/correlation
matrices can ameliorate the aforementioned problems associated with determining the
number of factors in EFA when outliers are present. In addition, the performance of a
promising new approach to characterizing the structure underlying a set of observed vari-
ables, EGA, has not been investigated in the presence of outliers. Therefore, the current
study examined the performance of EGA in the context of outliers among the observed
variables. The primary outcome of interest was the proportion of correct instances of the
number of retained factors, with a secondary goal of the mean number of factors retained by
each combination of outlier methods and techniques for identifying the number of factors
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to retain. Based on the prior research discussed above, it is hypothesized that the robust
methods for estimating the correlation matrix will yield more accurate results regarding
the number of factors to retain when compared with the standard approach. In addition, it
is hypothesized that in conjunction with the robust correlation matrix estimation approach,
PA will be the most accurate technique for identifying the number of factors to retain.

2. Materials and Methods

The study goals described above were addressed using a simulation study. For each
combination of simulated conditions, which are described below, 1000 replications were
generated. Data generation and analyses were all conducted using R version 4.1. A four-
factor model was simulated with the indicators being generated from the standard normal
distribution having a mean of 0 and a standard deviation of 1. The factor loadings were set
to 0.8, the factor variances to 1, and the factor correlations to 0.4. Data were generated using
the lavaan package [45] from R. The manipulated study conditions are described below.

2.1. Factor Loading Values

Three factor loading conditions were included in this study: 0.4, 0.6, and 0.8. These
values were drawn from prior research [6,24] and represent small, medium, and large
relationships between the observed indicators and latent variables.

2.2. Number of Indicators per Factor

The number of indicators per factor for each of the four factors was 3, 6, or 12, yielding
a total number of indicators of 12, 24, or 48. For a given number of indicators, each factor
had the same number of indicators, e.g., 3 indicators for each of 4 factors, yielding a total of
12 indicators.

2.3. Interfactor Correlation

The interfactor correlations were simulated to be 0.2, 0.4, or 0.8, reflecting small, medium,
and large relationships among the latent variables [31]. These values have been used in
previous research investigating the performance of exploratory factor analysis [6,24].

2.4. Proportion of Sample That Was Outliers

The proportion of individuals in the sample contaminated with outliers was 0, 0.01,
0.08, and 0.15. These conditions represent a range of situations, from no outliers in the
sample to a relatively large share, and were borrowed from the work of [6].

2.5. Number of Variables Exhibiting Outliers

A range of values for the number of variables containing outliers was used in the
study, including 1, 6, 12, and 24. These values were included to allow for examination of
the case when outliers were a minor issue (1), a moderate issue (6 and 12), and when all
variables included outliers (24).

2.6. Mean and Standard Deviation Shift

Multiple mean and standard deviation shift for outlier conditions were included in the
study and completely crossed with one another. For the mean shift condition, variables for
the sample members with outliers were 0 (the means were the same for the main sample and
the outlier sample), 1.5, and 3. The standard deviation shift was 1 (the standard deviations
for the general sample and the outlier sample were the same), 1.5, and 3. Values for both
the mean shift and standard deviation shift were borrowed from earlier research [6].

2.7. Sample Size

The sample sizes used in the study were 250, 500, and 1000 and corresponded to those
used in [6]. They represent samples ranging from relatively small (250) to relatively large
(1000) in the context of EFA practice.
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2.8. Methods for Determining the Number of Factors

In order to determine the number of factors to be retained, multiple methods were
used for each simulation replication, including PA, MAP, and EGA. PA and MAP were
obtained using the R psych package [46] and EGA from the EGAnet R package [47]. With
respect to PA, principal axis factor analysis was used to extract the factors, and the 95th
percentile of simulated eigenvalues was used as the cut-off against which the observed
eigenvalues were compared. The PA comparison data were generated using resampling of
the sampled observations with 1000 datasets. Principal axis factoring was applied to each
of these randomly sorted datasets, and the resulting eigenvalues were retained to create
the comparison distribution. For each simulated dataset, each method was applied, and
the resulting number of factors to retain was recorded. These were then used to calculate
the study outcomes, which are described below.

2.9. Methods for Dealing with Outliers

The methods used to address the presence of outliers were Percentage Bend (PB),
Winsorized covariance matrix (W), minimum volume ellipsoid (MVE), minimum covari-
ance determinant (MCD), Rocke estimator, MM-estimator, and the heavy-tailed skewed
t-distribution (Ht). PB and W were carried out using the WRS2 [48] R package, ROCKE
and MM with the RobStatTM package [49], and MVE and MCD with the cov.rob function
in the MASS package. For each simulation replication, each of these methods was used to
estimate the covariance matrix for the observed indicator variables. The resulting covari-
ance matrices were then used for EFA factor extraction, and the techniques for determining
the number of factors were used.

2.10. Study Outcomes

The primary outcome of this study was the proportion of replications for each combina-
tion of conditions that correctly identified the number of factors to retain (4). The secondary
study outcome was the mean number of factors that were recommended for retention across
replications. In order to identify the manipulated results and their interactions that impacted
the primary study outcome, a mixed-effects analysis of variance (ANOVA) was used in
conjunction with the partial ω2 effect size. The within-subject effect was the combination
of dimensionality and outlier detection method (6 levels), and the between-subject effects
included the other manipulated factors. For each combination of conditions, the proportion of
replications across the 1000 was calculated and then served as the dependent variable for the
ANOVA. The assumptions of normality and heteroscedasticity were assessed and found to be
met. The ANOVA was conducted using SPSS version 27.

3. Results

The results of the simulation study revealed that the Ht and PB approaches yielded
the most accurate results with respect to the number of factors to be retained across all
conditions. Therefore, in order to ensure that the results are understandable, clear, and as
parsimonious as possible, the following discussion will focus on the simulation results for
the following combinations of outlier and factor determination methods: PB/PA, PB/MAP,
PB/EGA, Ht/PA, Ht/MAP, and Ht/EGA. In addition, the results for EFA extraction using
the standard covariance matrix (S) are also included in the results because they are the
default available in most statistical software packages. The results for all of the extraction
and covariance estimation methods are presented in Tables 1–8.
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Table 1. Proportion of correct number of factors by method, outlier approach, number of variables
containing outliers, and proportion of sample with outliers.

V * C S EGA PB EGA Ht EGA S PA PB PA Ht PA S MAP PB MAP Ht MAP

1 0.01 0.91 0.94 0.93 0.93 0.93 0.93 0.90 0.90 0.90
0.08 0.91 0.93 0.92 0.93 0.93 0.93 0.90 0.90 0.90
0.15 0.90 0.93 0.94 0.93 0.93 0.93 0.90 0.90 0.90

6 0.01 0.92 0.94 0.94 0.92 0.93 0.94 0.89 0.90 0.90
0.08 0.92 0.94 0.94 0.94 0.94 0.95 0.88 0.90 0.90
0.15 0.90 0.94 0.92 0.93 0.92 0.95 0.89 0.88 0.88

12 0.01 0.91 0.93 0.93 0.92 0.94 0.95 0.86 0.89 0.88
0.08 0.86 0.92 0.90 0.86 0.93 0.95 0.81 0.88 0.88
0.15 0.84 0.90 0.90 0.83 0.92 0.93 0.70 0.87 0.87

24 0.01 0.82 0.93 0.94 0.78 0.93 0.93 0.62 0.85 0.86
0.08 0.67 0.92 0.92 0.61 0.91 0.92 0.46 0.84 0.84
0.15 0.59 0.85 0.90 0.59 0.86 0.91 0.40 0.83 0.84

* V = Number of contaminated variables; C = Proportion of contaminated sample; S = Standard estimator using
full covariance matrix; PB = Percentage bend correlation; Ht = Heavy-tailed distribution; EGA = Exploratory
graph analysis; PA = Parallel analysis; MAP = Minimum average partial.

Table 2. Proportion of correct number of factors by method, outlier approach, number of variables
containing outliers, and shift in standard deviation for cases with outliers.

V * S S EGA PB EGA Ht EGA S PA PB PA Ht PA S MAP PB MAP Ht MAP

1 1.0 0.95 0.96 0.94 0.94 0.94 0.95 0.93 0.92 0.93
1.5 0.92 0.93 0.92 0.92 0.91 0.91 0.91 0.92 0.91
3.0 0.92 0.92 0.93 0.91 0.91 0.92 0.90 0.91 0.91

6 1.0 0.95 0.95 0.95 0.95 0.94 0.95 0.92 0.93 0.92
1.5 0.90 0.94 0.93 0.90 0.91 0.92 0.88 0.91 0.91
3.0 0.88 0.94 0.93 0.87 0.90 0.92 0.84 0.88 0.89

12 1.0 0.94 0.95 0.95 0.94 0.94 0.95 0.92 0.92 0.93
1.5 0.88 0.93 0.92 0.86 0.90 0.92 0.82 0.87 0.87
3.0 0.75 0.88 0.90 0.77 0.90 0.91 0.72 0.85 0.85

24 1.0 0.94 0.95 0.94 0.94 0.94 0.94 0.92 0.90 0.91
1.5 0.87 0.91 0.90 0.88 0.89 0.90 0.80 0.84 0.85
3.0 0.48 0.86 0.89 0.26 0.85 0.89 0.21 0.79 0.81

* V = Number of contaminated variables; C = Proportion of contaminated sample; S = Standard estimator using
full covariance matrix; PB = Percentage bend correlation; Ht = Heavy-tailed distribution; EGA = Exploratory
graph analysis; PA = Parallel analysis; MAP = Minimum average partial.

Table 3. Proportion of correct number of factors by method, outlier approach, number of variables
containing outliers, and shift in mean for cases with outliers. Accuracy rates of 0.90 or higher are in
bold.

V * M S EGA PB EGA Ht EGA S PA PB PA Ht PA S MAP PB MAP Ht MAP

1 0 0.95 0.96 0.95 0.95 0.94 0.94 0.93 0.93 0.92
1.5 0.92 0.93 0.93 0.92 0.91 0.92 0.86 0.90 0.91
3.0 0.91 0.92 0.93 0.92 0.91 0.91 0.81 0.88 0.90

6 0 0.94 0.95 0.95 0.95 0.95 0.94 0.93 0.93 0.93
1.5 0.91 0.91 0.92 0.91 0.91 0.91 0.86 0.90 0.90
3.0 0.89 0.90 0.92 0.90 0.90 0.91 0.82 0.87 0.87

12 0 0.94 0.94 0.95 0.95 0.94 0.95 0.93 0.92 0.92
1.5 0.88 0.92 0.93 0.89 0.91 0.91 0.79 0.86 0.87
3.0 0.74 0.90 0.91 0.75 0.91 0.91 0.70 0.84 0.85

24 0 0.95 0.94 0.93 0.94 0.95 0.94 0.92 0.92 0.93
1.5 0.84 0.90 0.91 0.85 0.90 0.90 0.77 0.84 0.84
3.0 0.70 0.88 0.89 0.70 0.87 0.87 0.62 0.82 0.81

* V = Number of contaminated variables; C = Proportion of contaminated sample; S = Standard estimator using
full covariance matrix; PB = Percentage bend correlation; Ht = Heavy-tailed distribution; EGA = Exploratory
graph analysis; PA = Parallel analysis; MAP = Minimum average partial.
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Table 4. Proportion of correct number of factors by method, sample size, factor loadings, and factor
correlations.

N * S EGA PB EGA Ht EGA S PA PB PA Ht PA S MAP PB MAP Ht MAP

250 0.88 0.91 0.92 0.87 0.90 0.92 0.86 0.89 0.89
500 0.90 0.94 0.94 0.90 0.93 0.94 0.89 0.91 0.92
1000 0.93 0.95 0.95 0.92 0.94 0.95 0.91 0.92 0.93

L S EGA PB GA Ht GA S PA PB PA Ht PA S MAP PB MAP Ht MAP

0.4 0.87 0.90 0.92 0.85 0.90 0.91 0.82 0.87 0.88
0.6 0.91 0.94 0.95 0.90 0.93 0.94 0.87 0.90 0.90
0.8 0.93 0.97 0.97 0.93 0.96 0.96 0.91 0.92 0.94

C

0.2 0.92 0.94 0.95 0.92 0.93 0.95 0.90 0.92 0.92
0.4 0.90 0.93 0.93 0.90 0.93 0.94 0.88 0.90 0.90
0.8 0.87 0.90 0.91 0.87 0.89 0.90 0.84 0.86 0.88

* N = Sample size; L = Factor loading; C = Factor correlation; S = Standard estimator using full covariance matrix;
PB = Percentage bend correlation; Ht = Heavy-tailed distribution; EGA = Exploratory graph analysis; PA = Parallel
analysis; MAP = Minimum average partial.

Table 5. Mean number of factors retained by method and standard deviation shift.

S * S EGA PB EGA Ht EGA S PA PB PA Ht PA S MAP PB MAP Ht MAP

1.0 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00
1.5 4.02 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00
3.0 4.13 4.08 4.02 4.15 4.09 4.03 3.68 3.87 3.92

* S = Standard deviation shift; S = Standard estimator using full covariance matrix; PB = Percentage bend
correlation; Ht = Heavy-tailed distribution; EGA = Exploratory graph analysis; PA = Parallel analysis;
MAP = Minimum average partial.

Table 6. Mean, standard deviation, minimum, and maximum for off-diagonal elements of correlation
matrices: dataset 1 (N = 260)/dataset 2 (N = 107).

Correlation Matrix Mean Standard Deviation Minimum Maximum

Standard overall 0.20/0.19 0.17/0.16 0.10/−0.01 0.49/0.48
Standard block 1 0.26/0.24 0.15/0.13 0.19/0.09 0.35/0.48
Standard block 2 0.25/0.21 0.14/0.12 0.12/0.002 0.46/0.39
Standard block 3 0.24/0.22 0.14/0.14 0.11/−0.01 0.49/0.49
Standard block 4 0.25/0.18 0.15/0.15 0.10/−0.04 0.41/0.45

Percentage bend overall 0.17/0.16 0.11/0.14 −0.11/−0.14 0.51/0.57
Percentage bend block 1 0.21/0.18 0.11/0.10 −0.01/−0.01 0.51/0.44
Percentage bend block 2 0.25/0.20 0.11/0.10 0.13/−0.03 0.47/0.42
Percentage bend block 3 0.22/0.19 0.12/0.11 0.12/−0.01 0.48/0.50
Percentage bend block 4 0.24/0.20 0.09/0.12 0.13/−0.04 0.40/0.57

Ht overall 0.18/0.16 0.11/0.13 −0.09/−0.11 0.52/0.53
Ht block 1 0.22/0.20 0.11/0.09 0.01/0.12 0.51/0.50
Ht block 2 0.24/0.20 0.11/0.11 0.12/0.09 0.47/0.44
Ht block 3 0.22/0.20 0.12/0.11 0.14/0.06 0.50/0.48
Ht block 4 0.25/0.17 0.10/0.10 0.16/0.03 0.46/0.53
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Table 7. Number of factors retained by method: dataset 1 (N = 260)/dataset 2 (N = 107).

Extraction/Outlier Method Number of Factors Retained

Parallel analysis/Standard 5/5
Parallel analysis/PB 4/2
Parallel analysis/Ht 4/4

MAP/Standard 2/2
MAP/PB 3/2
MAP/Ht 3/3

EGA/Standard 5/5
EGA/PB 4/4
EGA/Ht 4/4

Table 8. Factor analysis results for subscales by outlier method. (Data set 1/Data set 2).

Subscale ML
Standard ML PB ML Ht EGA

Standard EGA PB EGA Ht

1 1/1 1/1 1/1 4/4 4/4 3/3
2 1/1 1/1 1/1 4/4 4/4 3/3
3 1/1 1/1 1/1 4/4 4/4 3/3
4 1/1 1/1 1/1 4/4 4/4 3/3
5 1/1 1/1 1/1 4/1 4/4 3/3
6 1/1 1/1 1/1 4/4 4/4 3/3
7 2/2 2/2 2/2 1/1 5/5 4/4
8 2/2 2/2 2/2 1/1 5/5 4/4
9 2/2 2/2 2/2 1/1 5/5 4/4

10 2/2 2/2 2/2 1/1 5/5 4/4
11 2/2 2/2 2/2 1/1 5/5 4/4
12 2/2 2/2 2/2 1/1 5/5 4/4
13 5/5 4/4 4/4 2/2 2/2 1/1
14 4/4 4/4 4/4 2/2 2/2 1/1
15 4/4 4/4 4/4 2/2 2/2 1/1
16 4/4 4/4 4/4 2/2 2/2 1/1
17 4/4 4/4 4/4 2/2 2/2 1/1
18 4/4 4/4 4/4 2/2 2/2 1/1
19 3/3 3/3 3/3 3/3 1/1 2/2
20 3/3 3/3 3/3 3/3 1/1 2/2
21 3/3 3/3 3/3 3/3 1/1 2/2
22 3/3 3/3 3/3 3/3 1/1 2/2
23 3/3 3/3 3/3 1/1 1/1 2/2
24 3/3 3/3 3/3 3/3 1/1 2/2

3.1. Accuracy Rate for Correctly Identifying Number of Factors

The ANOVA identified the following terms to be statistically significant with respect to
the proportion of cases for which the number of factors was correctly identified: interaction
of the number of contaminated variables (V) by the proportion of the sample that is
contaminated with outliers (C) by method (F42,450 = 6.13, p < 0.001, ω2 = 0.32), V by
standard deviation shift (S) by method (F42,450 = 6.88, p < 0.001, ω2 = 0.44), V by mean
shift (M) by method (F42,450 = 3.49, p < 0.001, ω2 = 0.22), and sample size (N) by method
(F14,142 = 27.24, p < 0.001, ω2 = 0.76).

Table 1 includes the proportion of the number of factors correctly retained by the
number of contaminated variables (V), the proportion of sample contaminated (C), and the
method of identification/method of handling outliers. Note that for each combination of V
and C, accuracy rates of 0.90 or above are in bold.

PA and EGA generally yielded the highest accuracy rates across conditions when
coupled with covariances matrices using either PB or Ht. The use of the standard covariance
matrix (S) was consistently associated with the lowest accuracy rates, except when the
number of contaminated variables was one (regardless of proportion contaminated) or six
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with a contamination of 0.01. In addition, MAP was somewhat less accurate than either
EGA or PA for most simulated conditions.

The accuracy rate by method, number of contaminated variables, and standard deviation
shift (S) appear in Table 2. As with Table 1, accuracy rates of 0.90 or higher are in bold.

As was the case in Table 1, the Ht/PA, Ht/EGA, PB/PA, and PB/EGA combinations
exhibited the highest accuracy rates across conditions. The standard covariance extraction
approach yielded the lowest accuracy rates, except for with one contaminated variable or
six contaminated variables accompanied by a standard deviation shift of 1 or 1.5. Likewise,
MAP yielded lower accuracy rates than either EGA or PA for each of the outlier methods.

Table 3 includes the accuracy rates by number of contaminated variables, mean shift
(M), and combination of outlier handling and factor determination methods.

These results are very similar to those in Table 2, with Ht/PA, Ht/EGA, PB/PA, and
PB/EGA yielding the most accurate results and S being the least accurate, except with
the lowest levels of contamination. In addition, PB and Ht were more impervious to the
number of contaminated variables and the degree of mean shift when compared to S, which
exhibited worse performance with respect to identifying the correct number of factors when
the number of contaminated factors and/or the degree of mean shift increased in value.
With respect to methods for determining the number of factors, MAP was less accurate
than either PA or EGA.

The accuracy rates by sample size (N), factor loading value (L), interfactor correlations
(C), and method (Table 4) show that Ht/PA, Ht/EGA, PB/PA, and PB/EGA had the highest
accuracy rates across sample sizes. Accuracy rates of 0.90 or higher are in bold.

For all of the methods, accuracy improved concomitantly with increases in sample
size. Similarly, the methods included in the study yielded higher accuracy rates when
the factor loadings were larger. Conversely, across factor extraction and outlier methods,
accuracy rates were lower when the interfactor correlations were larger. Finally, the lowest
accuracy rates were associated with S across the methods for determining the number of
factors, sample sizes, factor loading values, and interfactor correlations.

3.2. Mean Number of Factors Retained

ANOVA was used to identify manipulated factors and their interactions that were
associated with the mean number of factors to be retained. The results of this analysis
identified the interaction of the number of contaminated variables (V) by the proportion of
sample that is contaminated (C) by method (F42,450 = 3.94, p < 0.001, ω2 = 0.19), and the
standard deviation shift (S) by method (F16,306 = 9.29, p < 0.001, ω2 = 0.43). The mean
number of factors identified as optimal, by number of contaminated variables, proportion
of contaminated variables, and combination of methods for dealing with outliers and
determining the number of factors to retain, appear in Figure 3.

The impact of the standard deviation shift on the performance of the extraction
methods in terms of the number of factors to be retained appears in Table 5.

When the standard deviation shift was three, the standard covariance matrix coupled
with either EGA or PA yielded an inflated number of factors to retain. Inflation in the
number of factors retained was also present for EGA with PB and Ht, with the least such
effect for Ht/EGA and Ht/PA. In contrast, when the standard deviation shift was three,
MAP was associated with underfactored solutions, particularly for S/MAP.
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Figure 3. Mean number of factors retained by method, number of contaminated variables, and
proportion of sample that is contaminated with reference line at 4 factors. *Reference line at 4 factors.
When the number of contaminated variables was 1 or 6, all of the methods indicated that the correct
number (4) variables should be retained. As the number of contaminated variables and proportion of
the sample that was contaminated with outliers increased, S/EGA and S/PA were associated with
overfactoring, whereas S/MAP led to underfactoring. The PB/PA, PB/EGA, Ht/PA, and Ht/EGA
methods had a mean number of factors very close to the correct value of 4 across conditions.

3.3. Empirical Example

In order to demonstrate how the methods that have been included in this study can
be used in practice, demonstrations using two empirical datasets are presented. For both
examples, the data consist of scores for 24 subscales from the Wechsler test of cognitive
ability. Based on prior research, subscales 1–6 belong to factor 1, subscales 7–12 to factor
2, subscales 13–18 to factor 3, and subscales 19–24 to factor 4. Each subscale is normed
to have a mean of 100 and a standard deviation of 15. The sample for the first example
consists of 260 college undergraduates who completed the assessment, whereas the second
sample consisted of 107 undergraduates who completed the assessment during a different
semester from the first group. Given the results of the simulation study described above,
results for EGA, PA, and MAP using the standard correlation matrix are provided, as well
as correlation matrices based on the PB and Ht techniques.

Table 6 includes the mean, standard deviation, minimum, and maximum correlation
values for the off-diagonal elements of the full correlation and each subscale block for the
standard, percentage bend, and heavy-tailed correlation matrices.

The blocks represent the sets of subscales that theoretically belong to the same latent
trait in the population (i.e., subscales 1–6, 7–12, 13–18, and 19–20). Because visualizing the
full correlation matrices is very difficult, the descriptive statistics are presented here as a
way of characterizing them. Perhaps the clearest trend present in these results is that, for
both example datasets, the standard deviations of the PB and Ht correlations are slightly
smaller than those of the standard correlation matrix. This result would be anticipated,
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given that both PB and Ht are designed to remove and/or down-weight outliers. In
addition, the mean correlation values for PB and Ht are either comparable to or slightly
smaller (but never larger) than those of the standard correlation matrix for both example
datasets. It should be noted that any such differences are not large at all, however.

The number of factors returned for the example data by each combination of extraction
and outlier methods appears in Table 7.

EGA yielded the correct number (four) for each approach to dealing with the outliers
(PB and Ht) for both example datasets. In contrast, PA was correct for both PB and Ht for
the larger sample, but the standard correlation matrix did not yield accurate results. For
the smaller sample, PA yielded the correct number of factors for Ht but not for PB. MAP
consistently underestimated the number of factors to retain. These results mirror those
from the simulation study, where PA and EGA yielded more accurate results than MAP, as
did PB and Ht in combination with PA.

Table 8 includes the factor analysis results for each outlier method by subscale.
A cut-off of loadings greater than 0.3 was used to determine whether a subscale

belonged to a factor. Specifically, the subscales to which each subscale loaded, based on a
maximum likelihood factor extraction with promax rotation for four factors, are included
in the table. In general, the results are quite accurate, regardless of the correlation matrix
used for the analysis. The subscales that belong to the same latent trait in the population
were generally also found to belong to the same population based on the factor analysis.
The only exceptions to this outcome were subscale 13 for ML standard and subscale 17 for
ML PB, neither of which loaded on any factor. None of the subscales loaded on more than
one factor. With respect to EGA, the results were completely accurate for both the PB and
Ht outlier methods. On the other hand, for the EGA standard combination, subscales 5
and 23 were not associated with the network cluster common to the rest of the items with
which they were associated within the population.

4. Discussion

Prior research [3,6–8,13,36] has shown that the presence of outliers among the observed
indicator variables can lead to incorrect statistical results regarding the number of factors
to retain. In particular, outliers have been associated with a tendency of commonly used
techniques, such as PA, to overfactor the models [6]. One approach that has been suggested
for dealing with this problem is for researchers to use a robust estimate of the covariance
or correlation matrix among the indicators as the basis for factor extraction [8]. Therefore,
the goal of this study was to compare the performance of several methods for estimating
the covariance matrix in the presence of outliers combined with multiple techniques for
determining the number of factors to retain and thereby to make recommendations to
practitioners faced with the problem of outlying observations.

Based on the results presented above, it appears that the PA or EGA extraction methods
coupled with the percentage bend or heavy-tail outlier techniques yielded very high
rates of accuracy for the number of factors to extract under the simulation conditions
used in this study. These combinations had accuracy rates of 90% or higher across many
of the conditions included in this study. Indeed, even when there were outliers in all
of the observed variables and up to 15% of the sample was contaminated, percentage
bend/PA, percentage bend/EGA, heavy-tail/PA, and heavy-tail/EGA correctly indicated
the number of factors to retain in over 90% of cases. This high degree of accuracy was
evident regardless of the degree of contamination in the means and standard deviations
and across the sample sizes used in the study. In contrast, MAP, particularly when coupled
with the standard correlation matrix and when 12 or 24 indicators were contaminated, had
substantially lower accuracy rates than the other combinations of methods included in this
study. With respect to the types of errors made by these approaches, the standard/PA and
standard/EGA combinations led to overfactoring, whereas the standard/MAP combination
led to underfactoring.
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The results described here are similar to those reported in earlier research examining
the impact of outliers on factor extraction. [36] also found that overfactoring was an issue
when outliers were present in the data. [6] indicated that the Chi-square test was associated
with overfactored solutions and that the combination of standard/PA and standard/MAP
were more resistant to the presence of outliers, although not completely so. This result
was also found in the current study, particularly for standard/PA, which tended to yield
more accurate results than standard/MAP but was not as accurate as PA coupled with a
robust covariance matrix. In addition, prior research addressing the issue of outliers in
factor analysis did not investigate the performance of EGA, which has been found to be a
promising tool when outliers are not present [30–32]. The current study revealed that EGA
is also an effective tool in the presence of outliers, particularly when coupled with either
percentage bend or heavy-tail-derived correlation matrices. Across study conditions, EGA
performed as well as PA with these robust correlation matrices and better than MAP. In
summary, the results of this study buttress earlier findings with respect to the use of the
standard correlation/covariance matrix for factor extraction in the presence of outliers and
extend it by examining the performance of EFA extraction using several robust alternatives.

Limitations and Future Research

The current study has built upon the foundation of research examining the impact of
outliers on factor extraction methods that have been previously constructed [6,8,36]. As
with any study, it has limitations that must be considered when interpreting the results.
First, the simulation was limited to a scenario involving four latent variables with normally
distributed indicator variables. Future research should examine the performance of various
extraction methods for different factor structures and indicator variable distributions.
Researchers often employ EFA with ordinal indicators, for example, and so more work
needs to be done regarding outliers in this context. In addition, the type of outliers needs
to be expanded. Second, the current work focused on outliers caused by a mixture of
populations within the same sample. These mixtures were a function of differing means
and/or standard deviations. However, outliers may also be caused by differences in the
shape of the underlying distributions (e.g., skewness or kurtosis) for the contaminated
sample or differences in the nature of relationships among the indicators. Thus, future
research should examine how such differences might impact the performance of factor
extraction methods coupled with robust covariance estimates. A related limitation of this
study is that the approach used to induce outliers, which was borrowed from earlier work
in the field [6], reflects fairly large outlier effects, particularly in regard to the mean shift of
3.0. As noted above, these values were selected because they were used in prior studies
upon which the current one is built. In addition, they represent a fairly moderate (1.5) set of
outliers, as well as a more extreme outlier condition (3.0), which was a goal of the current
study. The results presented above revealed that some of the techniques for dealing with
outliers were able to successfully ameliorate the most deleterious impact of outliers on the
accuracy of methods for determining the number of factors to retain. Nonetheless, it is also
true that the 3.0 mean shift condition, in particular, is quite extreme in nature. Therefore,
future research should consider mean shift values between 1.5 and 3.0 in order to examine
how the various outlier detection and factor number determination approaches perform in
cases where outliers are clearly present in the data but are perhaps not so extreme.

Fourth, although an attempt was made to include a wide array of both factor determina-
tion methods and robust estimates of the covariance matrix, it is certainly the case that these
were not exhaustive in nature. Specifically, a wider array of settings for minimum volume
ellipsoid, minimum covariance determinant, or Winsorization could be used to ascertain their
performance. In the current study, the defaults present in the software were used. While
this seems to be a reasonable approach for a first examination of their performance when
combined with the various factor determination methods, future work should expand upon
them. Finally, it would be of interest to expand the outcomes to include the accuracy of factor
model parameter estimates (e.g., loadings, error variances) when using the various robust
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covariance matrix estimates. Early work on the impact of outliers (e.g., [8]) did study these
parameter estimates with outliers and the standard covariance matrix. Thus, future work
could expand upon both those earlier studies and the current one by investigating parameter
estimation accuracy using robust covariance matrices.

5. Conclusions

Based on the results of this study, it would appear that researchers may be best served
using a robust estimate of the covariance matrix when outliers are known to be present
in the data. This recommendation is particularly salient for cases with a relatively large
proportion of the sample containing outliers across a large number of the indicators being
used. In addition, of the methods used here, percentage bend and heavy tail would seem to
be optimal for this purpose. Either of these covariance matrices can be easily obtained using
the R software package. The PA and EGA techniques for determining the number of factors
to retain are also easy to employ using R, making the optimal combinations identified
in this study readily available to researchers. Based on the results of this study, even if
the problem of outliers turns out not to be serious, researchers using the combinations of
percentage bend or heavy tail with PA or EGA will still likely obtain accurate information
with respect to the number of factors to retain. Finally, it is recommended that researchers
screen their data for outliers and take remedial action when necessary. Factor extraction
using the standard covariance matrix when outliers are present is likely to yield inaccurate
results with respect to the number of factors to retain.
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