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1. INTRODUCTION

Most researchers conducting research in social, behavioral, and educational sciences usually
work on psychological attributes. Psychological attributes, also named as constructs, are
theoretical concepts. Psychological constructs cannot be directly observed: the degree to which
a construct characterizes an individual can only be predicted by observing the behaviors of the
individual (Crocker & Algina, 2008). To analyze the relationships among observed variables
and latent constructs, researchers widely use structural equation modeling techniques (Byrne,
2016; Raykov & Marcoulides, 2006). The use of confirmatory factor analysis (CFA) is also
widely accepted as one of the structural equation models to examine the construct validity of
the hypothesis (AERA et al., 2014).

When the scale development and adaptation studies in the literature are examined, it is observed
that CFA is frequently used for collecting evidence for construct validity. Acar-Giivendir and
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Ozer-Ozkan (2015) and Sahin and Boztung Oztiirk (2018) examined scale development studies
and they reported that CFA was used in 61% and 52% of these studies, respectively. Deciding
the estimation method used in CFA is all-important to obtain unbiased parameter estimations.
For this reason, it is also important to examine which estimation method is unbiased.

When the literature is examined, there are many studies comparing CFA estimation methods.
One of the most comprehensive of these studies is one conducted by Forero et al. (2009). In
this study, the researchers studied 324 simulation conditions and the performance of diagonally
weighted least squares (DWLS) and unweighted least squares (ULS) estimation methods was
compared in terms of sample size, measurement model, test lengths, factor loadings, and
categories of indicators. As a result of the research, it was reported that both methods had
similar results but ULS had more accurate and less variable results for parameter estimations.

Another comprehensive study in the literature was conducted by Flora and Curran (2004). In
this study, they manipulated latent response (y*) distributions, model specifications, sample
sizes, and number of categories (160 simulation conditions). As a result of the study, it was
reported that, while WLS requires a large sample size, robust WLS performs better for all
conditions. Also, they reported that polychoric correlation is strong against moderate violations
of normality.

The study conducted by Rhemtulla et al. (2012) aimed to compare the performance of robust
ML and robust categorical least squares estimation (cat-LS) method. CFA model size,
underlying distribution, number of indicator categories, threshold symmetry, and sample size
were manipulated. As a result of the study, it was reported that ML was more sensitive to
asymmetric thresholds. The cat-LS method was suggested for indicators which have fewer than
five categories.

When the other studies in the literature were researched, it was observed that there are many
studies which examine datasets consists of five categories indicators (Babakus et al., 1987; Lei,
2009; Morata-Ramirez & Holgado-Tello, 2013; B. O. Muthén & Kaplan, 1985; Potthast, 1993).
There are also studies examining data consisting of other than five categories. Dolan (1994)
used 2, 3, 5 and 7 categories indicators, for example; Green et al. (1997) used datasets with 2,
4, and 6 categories and continuous indicators. Flora and Curran (2004) used 2 and 5 categories
indicators; Beauducel and Herzberg (2006) used 2, 3, 4, 5, and 6 categories indicators; Forero
et al. (2009) used 2 and 5 categories indicators; Yang-Wallentin et al. (2010) used 2, 5 and 7
categories indicators; Rhemtulla et al. (2012) used 2, 3, 4, 5, 6, and 7 categories indicators;
Liang and Yang (2014) used 2 and 4 categories indicators, and Moshagen and Musch (2014)
used 2 and 5 categories indicators. However, in most of these studies, frequentist estimation
methods have been compared. In addition, in most of these studies, datasets were generated
such that the factor loadings of the indicators were equal (Beauducel & Herzberg, 2006; Flora
& Curran, 2004; Forero et al., 2009; Liang & Yang, 2014; B. O. Muthén & Kaplan, 1985;
Nestler, 2013; Shi et al., 2018). However, in real life applications, it is difficult to have equal
factor loadings of all indicators.

The motivation of the present study is to compare Bayesian estimation method and frequentist
estimation methods under simulation conditions. Studies comparing the performance of
Bayesian method with frequentist methods are also found in the literature. For example, Liang
and Yang (2014) compared the performance of WLSMYV and Bayesian (informative priors and
non-informative priors) methods in 96 simulation conditions. However, in this study, the factor
loadings of the indicators were manipulated to be 0.50 and 0.80. There was also no comparison
with the performance of the ML method used by default in most software. Xu (2019) compared
robust ML (MLR) and Bayesian estimation method’s performance in 27 simulation conditions.
However, in this study, factor loadings of all indicators were fixed as 0.7. In the study conducted
by Onen (2019), ML and Bayesian estimation methods were compared in terms of detecting
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model misspecification, using 0.30 and 0.80 as factor loadings in the simulation study.

When the researches in the literature were studied, although many datasets consisting of
different categories of indicators were used, we could not find any paper which compared ML,
ULSMV, WLSMYV, and Bayesian estimation methods and, at the same time, not have fixed
factor loadings of indicators. The differentiation of factor loadings of the indicators would be
more appropriate for real situations. Therefore, in this study, the average factor loading, which
is more suitable for real conditions, was determined as the simulation condition and the factor
loadings of the indicators were generated to be different from each other (details are given in
the method section). At the same time, the aim is to compare the performance of Bayesian and
frequentist estimation methods (ML, ULSMV and WLSMYV) for binary indicators. The present
study differs from other studies in the literature in terms of compared estimation methods
(frequentist vs. Bayesian) and not fixing the factor loadings of all indicators. Therefore, it is
considered that the current research will contribute to the literature in order to examine which
estimation methods (ML, ULSMV, WLSMYV, or Bayes) perform better in binary data under
different simulation conditions and will help researchers in practice.

2. METHOD

This research was designed as a Monte Carlo simulation study. Monte Carlo simulations use
random sampling for a statistical model across varying conditions (Harrison, 2010). Thus,
suggestions can be made by investigating the effects of different factors for the statistical model
(Gilbert, 1999). The main purpose of this study was to investigate estimation methods
performance under different simulation conditions. For this purpose, unlike other studies,
average factor loading is considered as a simulation condition. In addition, the performance of
Bayesian and frequentist estimation methods.

2.1. Estimation Methods

Estimation methods differ from each other in terms of the analysis processes they use and
assumptions. In general, there are four types of estimation methods: maximum likelihood;
unweighted least squares; generalized least squares, and asymptotically distribution-free
(generally called as weighted least squares). Each estimation approach tries to minimize the
corresponding fit function (Raykov & Marcoulides, 2006). The fit function expresses the fit
between the covariances obtained from the sample and the covariances obtained from the model
established by the researcher (Kline, 2016).

The maximum likelihood (ML) method is the most commonly used estimation method by
researchers (Bollen, 1989). Being the default estimation method in most software, ML may be
used more frequently in research. ML estimation method assumes that indicators are measured
on continuous scales and requires a large sample size. Although ML requires a continuous data
set, it was seen that ML is used for binary data sets in the literature. For example, ML method
was used in binary data sets in Kogar and Yilmaz Kogar's (2015) study. The ULS method makes
estimations under the assumption of continuous variables holding multivariate normal
distribution. In addition, all variables in this process should take place on the same scale (Kline,
2016). The weighted least squares (WLS) method has no distributional assumption. Estimations
can be made for both continuous and categorical indicators. However, this estimation method
needs a large sample size (Kline, 2016). Bayesian methods differs from other frequency-based
methods in terms of fixed and free parameters. When the ML method calculates the values
which will make the obtained likelihood function maximum, Bayesian methods make
estimations by combining the prior distribution of the data with the posterior distribution of
parameter estimation (B. O. Muthén & Asparouhov, 2012).

The estimation methods explained above are considered as essential methods; modified
estimation methods have been obtained with the help of some corrections via essential methods.
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In weighted least square parameter estimates using a diagonal weight matrix with standard
errors and mean adjusted chi-square test statistic (WLSM) method, which is developed based
on the WLS estimation method, the average corrected chi-square test statistics are produced by
using full weight matrix. When the variances in the WLSM method are corrected, a
modification of the WLS method is obtained with the WLSMV method. Full weighted matrix
is used in the WLSMYV method (L. K. Muthén & Muthén, 2015). In ULS parameter estimates
with standard errors and a mean and variance adjusted (ULSMYV) method, which is developed
based on the ULS method, both the averages and the variances are corrected and the chi-square
test statistics is calculated over the full weighted matrix (L. K. Muthén & Muthén, 2015).

2.2. Simulation Design

Five factors were manipulated in this simulation study: (i) sample size (200, 500 and 1,000);
(ii) distribution of indicators (left skewed, normal and right skewed); (iii) test length (10 and 20
indicators); (iv) average factor loading (0.4 and 0.7), and (v) factor structure (unidimensional,
two factors [¢ = 0], two factors [¢ = 0.3], two factors [¢ = 0.6]). Full crossed design was adopted
for simulation conditions.

The sample sizes were 200, 500 and 1,000. Boomsma (1985) suggests a sample size of at least
200 to avoid non-convergence and improper solutions. In addition, Mulaik (2009) states that a
sample size of less than 200 is inadequate for statistical inference purposes with chi-square
statistics in CFA. Liang and Yang (2014) also emphasize that there are very few studies with
sample sizes of less than 200. Therefore, 200 was specified as a minimum sample size. Other
sample sizes were specified to examine the effects of sample sizes on the performance of the
estimation methods. In addition, the 1,000 sample size was included in the study as
recommended as a minimum sample size by some researchers (Comrey & Lee, 1992; Floyd &
Widaman, 1995; Gorsuch, 1974; Guadagnoli & Velicer, 1988; Streiner, 1994).

The distribution of indicators was manipulated to be left-skewed, normal and right-skewed. The
ML estimation method estimates parameters under the assumption that the variables meets
multivariate normal distribution (Tabachnik & Fidell, 2012). WLS and ULS are asymptotic
distribution free methods (Brown, 2015). The aim was to examine the estimation methods
performance when indicators were skewed. Therefore, the skewness of the indicators was
specified as a simulation condition (details are in the data generation section).

The test length conditions were manipulated as 10 and 20 indicators. In order to examine the
performance of the estimation methods in short tests, a test length of 10 indicators was specified
as a simulation condition. The 20 item condition was determined to examine how the results
change when the test length increases.

The average factor loading was specified as 0.4 (low) and 0.7 (high). Unlike other studies, the
factor loadings of the indicators were generated to be different from each other. Since the lowest
factor loading was suggested to be 0.4 (Stevens, 2009) or .32 (Tabachnik & Fidell, 2012), the
average factor loading was specified as 0.4 for low factor loading. Since the average factor
loading was used in current study, the condition of 0.40 was added as the lowest average factor
loading. Because the factor loadings of the items can be smaller than 0.40 (see Table 2). As we
aimed to investigate the performance of estimation methods at high factor loading, the average
factor loading was specified as 0.7.

Factor structure is considered as unidimensional and two-factors (¢ =0, 0.3 and 0.6). When the
studies in the literature are examined, it is observed that achievement tests are usually
unidimensional (Anil et al., 2010; Kili¢ & Kelecioglu, 2016) but, in some cases, two-factors
structures may also occur (Lissitz et al., 2012; Thissen et al., 1994). Therefore, both
unidimensional and two-factors structures were specified as simulation conditions. Interfactor
correlations were set to @ =0, 0.3 and 0.6 and were manipulated to examine how the magnitude
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of the relationship between factors in two-factors structures affected the performance of
estimation methods. While ¢ = 0 was specified because of the performance of the estimation
methods in unrelated structures, @ = 0.3 was specified because of its frequent use in studies
(Curran et al., 1996; Flora & Curran, 2004; Li, 2016). Thus, the results of the study can be
compared to other studies in the literature. ¢ = 0.6 was specified because it offered the chance
of examining how the increase of interfactor correlation affected the performance of the
estimation methods. Thus, the aim is to examine the performance of estimation methods under
these changing conditions. Table 1 contains a summary of the factors held constant and
manipulated factors with their levels.

Table 1. Simulation conditions

Fixed Factor Manipulated Factors
Number of Sample Distribution Test Average Factor Structure
Categories of Size of Indicators Length Factor (Model)
Indicators Loading
200 Left-Skewed Unidimensional
1-0 500 Nqnnal 10 0.40 Two Factors (¢ = 0)
1.000 Right- 20 0.70 Two Factors (¢ =0.3)
’ Skewed Two Factors (¢ = 0.6)

Full crossed factorial design was used in the study. By crossing each condition, 3x3x2x2x4=72
simulation conditions have been studied. The number of indicators is equally divided between
the factors in two-factorial models. For example, in two-factors models with 10 indicators, five
indicators were included in each factor. For each condition, 1,000 replications were obtained.
The models examined in the study are presented in Figure 1.

The factor loadings were specified as Table 2.

Table 2. Factor loadings used in study

Figure 1.a Figure 1.c Figure 1.b Figure 1.d
g g Factor Loadings Factor Loadings Factor Loadings Factor Loadings
2 § Average Factor Loading
0.4 0.7 0.4 0.7 0.4 0.7 0.4 0.7
1 0.39 0.68 0.39 0.72 0.36 0.68 0.37 0.68
2 0.37 0.72 0.37 0.73 0.40 0.73 0.37 0.73
3 0.38 0.68 0.38 0.69 0.40 0.71 0.38 0.71
4 0.39 0.68 0.39 0.68 0.39 0.69 0.44 0.69
5 0.45 0.7 0.45 0.70 0.43 0.72 0.34 0.72
6 0.39 0.72 0.39 0.73 0.39 0.69 0.35 0.69
7 0.42 0.7 0.42 0.72 0.40 0.70 0.45 0.70
8 0.43 0.73 0.43 0.69 0.39 0.71 0.44 0.71
9 0.42 0.72 0.42 0.71 0.40 0.73 0.36 0.73
10 0.34 0.70 0.34 0.67 0.44 0.69 0.46 0.69
11 0.38 0.72 0.36 0.70
12 0.42 0.72 0.40 0.68
13 0.41 0.71 0.40 0.71
14 0.39 0.7 0.39 0.72
15 0.45 0.71 0.43 0.70
16 0.38 0.72 0.39 0.70
17 0.42 0.71 0.40 0.67
18 0.41 0.71 0.39 0.74
19 0.41 0.71 0.40 0.68
20 0.40 0.72 0.44 0.71
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Figure 1. Models examined in the research

2.3. Data Generation

A latent response variable framework was used in data generation (Brown, 2015; B. O. Muthén
& Asparouhov, 2002). Accordingly, the datasets were firstly generated as continuous which
holds multivariate normal distribution. Then, the datasets were categorized according to the
skewness of the indicators using threshold values. The threshold values are specified as {0} for
normal distribution, {1.05} for right-skewed and {-1.05} for left-skewed. In this case, the mean
skewness values of the indicators are 0 for normal distribution, 2.00 for right-skewed
distribution and -2.00 for left-skewed distribution. Kurtosis values are 2, 5 and 5 respectively.
The lavaan package (Rosseel, 2012) in the R software (R Core Team, 2018) was used for data
generation.

2.4. Data Analysis

The Mplus software (L. K. Muthén & Muthén, 2012) was used to analyze the generated data.
The MplusAutomation package (Hallquist & Wiley, 2017) was used to analyze the simulated
data and to obtain the outputs of the analyses. The performance of ML, mean and variance
adjusted weighted least squares (WLSMV), mean and variance adjusted unweighted least
squares (ULSMV) and Bayesian estimation methods were compared in terms of outcome
variables. The number of iterations in ML, ULSMV and WLSMYV methods is limited to 1,000,
which is the default value of Mplus.
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When the Bayesian estimation method was used, informative and non-informative priors could
be used. Informative priors can be used if the researcher has information about the distribution
of parameters. However, non-informative priors can be used if the researcher does not have
information about the distribution of parameters (B. O. Muthén & Asparouhov, 2012). Non-
informative priors, which is the default in Mplus used in this study, were determined as follows:
for indicators, (t) ~N (0, o); for factor loadings (L) ~N (0,5); for regression coefficients ()
~N (0,5); for latent response variable's mean / intersection ( a) ~N (0, «), and, for latent
response variable's variance, ~inverse Gamma (-1,0) was used (L. K. Muthén & Muthén, 2015).
In this study, tetrachoric correlation matrix was used to conduct CFA because of the binary
data.

2.5. Outcome Variables

Firstly, non-convergence solutions were investigated. Following this, improper solutions were
examined. If the factor loadings of the indicators are -1.00 and smaller or +1.00 and greater,
then this solution was treated as an improper solution and excluded from further analysis.

In order to compare data obtained from the simulation study, relative percentage bias (RPB)
values were used (DiStefano & Morgan, 2014; Flora & Curran, 2004; Jin et al., 2016; Lei, 2009;
Liang & Yang, 2014). The equation for RPB can be formulated as below:

RPB = 820mmue 10000 1

True

Here, 8 is the mean of sample estimates over 1,000 replications, whereas Oy, presents the
true value. When the formula of RPB value is examined, it is seen that the value calculated is a
percentage. In studies where RPB values are used, absolute values of RPB greater than 10 are
taken as the evaluation criteria (Curran et al., 1996; Flora & Curran, 2004; Rhemtulla et al.,
2012). Similarly, in this research, RPB values greater than 10 were labeled biased. In this study,
RPB for interfactor correlation was calculated only for ¢ = 0.3 and ¢ = 0.6. Because of the zero
divided problem (@r,,.=0 in Equation 1), RPB was calculated only for ¢ = 0.3 and ¢ = 0.6
conditions.

When reporting RPB, averages of the indicators were calculated. The mean RPB value of the
indicators is demonstrated in graphs. In addition, RPB values for each item are given in a table
in Appendix 3.

Coverage rate also was used to compare estimation methods’ performances. Coverage rate
examines the inclusion of the real parameter value of the confidence interval to be established
around the parameter estimation. For this purpose, a 95% confidence interval was created for
each estimation using the standard error of the estimation, and whether the real parameter value
was in this interval was examined. Collins et al. (2001) suggest a coverage rate less than 90%
is problematic. Therefore, in the present study, the cut-off point of the coverage rate was 90%.

For the relative bias of standard errors, the relative standard error bias (r-seb) was also
calculated. For this:
1

Nrep — 5
o 2Ly e (Bpe)

r—seb = —
sd(Opt)

equality was used. Where @(épt), standard error of parameter p for t. replication, sd (épt) is
standard deviation of parameter p for t. replication. R-seb value was classified by Holtmann et
al. (2016). Holtmann et al. (2016) as 5/6 < r-seb <6/5 negligible, 2/3 <r-seb <5/6 ve 6/5 <r-
seb <3/2 medium, and r-seb <2/3 or r-seb >3/2, large. In the present study, r-seb values which
were negligible, and medium were considered as acceptable.
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3. RESULT
In this section, results of the simulation study are provided according to the outcome variables.

3.1. Non-convergence and Improper Solutions

Non-convergence was encountered in 15 datasets (0.01%) of 144,000 datasets mostly in 200
sample sizes for the ML method. One of these datasets is in the 500 sample size and the other
14 are in the 200 sample size. The ML method was not converged under conditions where
average factor loading is 0.4, indicators follow skewed distribution (right or left) and the
number of indicators is 10.

Non-convergence was encountered in 19 datasets (0.01%) of 144,000 datasets, mostly in 200
sample sizes for the Bayesian method. The Bayesian method was not converged under
conditions where the number of factors was two, average factor loading was 0.4 and the number
of indicators was 10.

The ULSMV and WLSMYV methods have more non-convergent datasets than ML and Bayesian
methods. Non-convergence was encountered in 2,755 datasets (1.91%) of 144,000 datasets for
the ULSMV method. When the properties of the non-converged datasets were examined, it was
observed that it occurs mostly where the sample size is 200 and indicators are skewed in the
ULSMYV method. All non-converged datasets occurred under conditions where the average
factor loading was 0.4.

The WLSMYV method has non-convergent solutions in 2,856 datasets (1.98%). It was observed
that non-convergence occurred mostly in conditions where the sample size is 200 and average
factor loading is 0.4. Non-convergent solutions are detailed in Appendix 1.

The Bayesian method has no improper solution. ML has improper solutions in 162 datasets
under conditions where sample size is 200, average factor loading is 0.4, the number of
indicators is 10, which were skewed. ML has improper solutions for only two factors
conditions.

In the ULSMV method, there were improper solutions in 1,534 datasets (1.06%). It was
observed that these datasets generally emerged under conditions where the number of indicators
1s 10, sample size is 200, average factor loading is 0.4, and indicators were skewed. In the
WLSMYV method, there were improper solutions in 1,877 datasets (1.30%). It was observed
that these datasets generally emerged under conditions where the number of indicators is 10,
sample size is 200, average factor loading is 0.4, and indicators were skewed. The number of
datasets with the improper solution is detailed in Appendix 2.

3.2. Relative Percentage Bias
3.2.1. Relative percentage bias of factor loadings

RPB values obtained from simulation conditions are presented in Figure 2. In addition, the
maximum, average and minimum values of the RPB obtained from the items are given in
Appendix 3 for researchers who want to examine them.

When the RPB values obtained from the estimation methods for factor loadings (Figure 2) are
examined, it can be said that all methods have an acceptable bias for sample sizes of 500 and
1,000. It was observed that RPB values of all estimation methods are less than 10 under
conditions with average factor loading of 0.7 in a sample size of 200. However, RPB can be
smaller than -10 where average factor loading is 0.4 in the sample size of 200. Considering the
conditions with an average factor loading of 0.4 and the number of indicators of 10, the RPB
of the Bayesian method is less than -10 where the indicators are skewed and factorial structure
consist of two factors (for ¢ = 0 and 0.3). For the same conditions, except for the number of
items, the RPB of the WLSMYV is less than -10 where the number of indicators is 20 and two
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factorial structure (for @ = 0 and 0.3). Increasing the number of indicators in skewed
distributions reduced bias. In addition, increasing the interfactor correlation reduced bias. ML
and ULSMYV methods have acceptable bias in all conditions. The WLSMYV method’s RPB is
less than -10 in just one condition (mean factor loading is 0.4, right-skewed indicators, the
number of indicators is 20, and sample size is 200). All of the methods have negative bias.

3.2.2. Relative percentage bias of interfactor correlations

The results obtained from simulation conditions for interfactor correlations are presented in
Figure 3. In addition, for researchers who want to examine further detail, values are given in
table in Appendix 4. When the RPB values of the methods for interfactor correlation (Figure 3)
are examined, RPB, obtained from all methods is within acceptable limits under conditions with
an average factor loading of 0.7. However, as the sample size decreases under the conditions
with an average factor loading of 0.4, the RPB of the ¢ parameter obtained from the methods
may go beyond the limits. The RPB obtained from the Bayesian method was estimated to be
less than the required value for both models under conditions where the sample size was 200
and 500, and the average factor loading was 0.4. RPB values of ML, ULSMV and WLSMV
methods are within acceptable limits under conditions where sample size is 500 and average
factor loading is 0.4. Under the conditions where average factor load was 0.4, sample size was
200, and skewed distribution, the number of items was increased, the RPB values of ML,
ULSMV and WLSMV methods increased to acceptable range. Under the conditions where
average factor loading was 0.4, sample size was 200, and normal distribution, the RPB values
of ML, ULSMV and WLSMV methods were within acceptable limits.

3.3. Coverage Rate
3.3.1. Coverage rate of factor loadings

The coverage rates obtained from the simulation conditions are presented in Figure 4. In
addition, the maximum, minimum and average values of the coverage rates obtained from the
items are given in Appendix 5 for researchers who want to study the detail. When the coverage
rates of the methods are examined according to the simulation conditions, it was observed that
the coverage rates of the estimation methods decreased under conditions where the sample size
1s 200 and the items were skewed. When average factor loading increases to 0.7, the coverage
rates of estimation methods increase for a sample size of 200. The coverage rate of ULSMV
and WLSMV is below 90% under the conditions where sample size is 200, average factor
loading is 0.4 and the items are skewed. It can be said that the Bayesian method performs better
than the others under these conditions. Increasing the number of items increased the coverage
rate of ML. The coverage rate of the Bayesian method is less than 90% for the conditions where
the factor structure is unidimensional, the number of items is 20 and average factor loading is
0.4.

Under the conditions where the sample size is 500, the coverage rate of all methods, except for
Bayesian, is over 90% for all models. However, the Bayesian method can fall below 90% in
unidimensional structures. With the increase in the average factor loading, the performance of
the Bayesian method in unidimensional structures increases. When the simulation conditions
where the sample size is 1,000 are examined, the Bayesian method has a lower coverage rate
in unidimensional structures than the other structures under conditions where average factor
loading is 0.4. The coverage rates of the ML, ULSMV and WLSMV methods are adequate for
all models for the conditions where the indicators are normal and distribution skewed. Under
conditions with an average factor loading of 0.7, the coverage rates of all other methods, except
the ML method, are sufficient. The coverage rate of ML is below 90% for some models under
conditions where the number of indicators is 10 or 20. Interestingly, the increase in sample size
reduced the coverage rate of ML for these conditions.
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3.3.2. Coverage rate of interfactor correlations

The coverage rate of the methods for interfactor correlation are presented in Figure 5, and the
numerical values are presented in a table in Appendix 6. Coverage rates obtained from all
estimation methods are 90% and above, under conditions where the sample size is 1,000 and
average factor loading is 0.7. Under the conditions where the sample size is 200 and average
factor loading is 0.7, the coverage rates of the methods are above 90% under the conditions
where indicators follow normal distribution. However, the performance of the WLSMV method
decreased as the ¢ parameter decreases under conditions where the indicators distributions are
skewed. ML and Bayesian methods have a coverage rate of over 90% under conditions where
the sample size is 200, indicators are skewed and average factor loading is 0.7. The ULSMV
method had a coverage rate of over 90% with the increase of the ¢ parameter under conditions
where the sample size is 200, indicators were skewed and average factor loading is 0.7, and
remained below 90% under conditions where ¢ was 0.

The conditions where indicators follow normal distribution and average factor loading is 0.4,
increasing the sample size increased coverage rate of ML, ULSMV and WLSMV. In addition,
the coverage rate of the Bayesian method is less than 90% where the ¢ parameter is 0.6.
Decreasing the ¢ parameter increased the coverage rate of the Bayesian method. The conditions
where indicators are normally distributed, the average factor loading is 0.4 and sample size is
200, increasing the interfactor correlation (¢) increased the coverage rate of ULSMV and
WLSMV. With the increase in the number of indicators in these conditions, the coverage rate
of ML increased but it was not affected by the magnitude of the interfactor correlation.

Under conditions where the average factor loading is 0.4, indicators follow skewed distribution,
sample size is 200 and the number of items is 10, the coverage rate of the Bayesian method
alone (for ¢ = 0 and 0.3) is higher than 90%, while when the number of indicators increased to
20, the coverage rate of ML is about 90%. Under all conditions where the average factor loading
is 0.4, items have skewed distribution and sample size is 500, the coverage rate of the ULSMV
and WLSMYV methods is higher than 90% only if the ¢ parameter is 0.6. For these conditions,
the coverage rate of ML is higher than 90%. With the increase in the number of items, the
coverage rate of ML also increased. While the Bayesian method has a coverage rate of less than
90% under conditions where the ¢ parameter is 0.6, under conditions where the ¢ parameter is
0 or 0.3, the coverage rate of the Bayesian method is higher than 90%.

3.4. Relative Standard Error Bias
3.4.1. Relative standard error of factor loadings

The r-seb values obtained from the simulation conditions are presented in Figure 6. In addition,
maximum, minimum values and averages of the r-seb values obtained from the indicators are
given in Appendix 7. In all conditions where the sample size is 500 and 1,000, all estimation
methods have an acceptable r-seb value for all models. However, the WLSMV method has a
large r-seb value in all two-dimensional models, except for unidimensional structures under 20-
indicators conditions with a skewed distribution with an average factor loading of 0.4 in 200
sample size.
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3.4.2. Relative standard error of interfactor correlations

The r-seb values of the methods for interfactor correlation are presented in Figure 7 and the
numerical values are given in the table in Appendix 8. When Figure 7 is examined, it can be
said that the r-seb values of all estimation methods are acceptable under all conditions where
sample sizes are 500 and 1,000. However, the r-seb values of the estimation methods are out of
range for decreasing the sample size and the indicators became skewed.

The r-seb values of the estimation methods are acceptable under conditions where the sample
size 1s 200 and the average factor loading is 0.7. In cases where the items are skewed, the r-seb
values of the WLSMV method are out of the acceptable range when ¢ parameter is 0. The r-
seb values of the other methods are acceptable under these conditions.

The r-seb values of the estimation methods are acceptable under conditions where the sample
size is 200, the average factor loading is 0.4 and indicators follow normal distribution. In these
conditions, except for distribution of indicators, the r-seb values of the Bayesian method are
acceptable under conditions where indicators follow skewed distribution. Increasing the
number of items under these conditions, the r-seb values of the ML method increased to an
acceptable range. The r-seb values of the ULSMV and WLSMYV methods are unacceptable for
these conditions. In these conditions, ML and Bayesian methods perform better in terms of r-
seb values.

4. DISCUSSION

In this study, CFA estimation methods were compared by manipulating sample size,
distribution of data, test length, average factor loading, and factor structure for binary data.

4.1. Non-convergence and Improper Solutions

Non-convergence frequently encounters datasets which have a two-factor structure and consist
of skewed indicators for the ULSMV and WLSMYV estimation methods. These methods have a
less converged problem in unidimensional structures than in two-factor structures (even if items
are skewed). The increase in the number of items for conditions where items are skewed
decreases the non-convergence datasets for ULSMV and WLSMYV. It can be said that all
estimation methods converge when the average factor loading is 0.7. In other words, the
ULSMYV and WLSMV estimation methods are mostly non-convergent for small sample size,
low average factor loading, short test length, two-dimensional models, and the magnitude of
interfactor correlation is small. This result is consistent with the study by Moshagen and Musch
(2014). In a study comparing MLR and WLSMYV estimation methods conducted by Li (2016a),
consisting of 4, 6, 8, and 10 categories indicators with skewness coefficients ranging from 1.01-
1.31, it was reported that WLSMYV converged under all conditions and there were no improper
solutions. It is thought that the differentiation of the number of categories of indicators and the
skewness of the indicators may have caused differentiation between the results. Nestler (2013)
states that the DWLS (WLSMV) method had 3.7% non-convergence in sample size of 250. The
present study is similar to the study conducted by Flora and Curran (2004) and Nestler (2013)
in terms of non-convergence.

There are no improper solutions in the Bayesian method, whereas there are a few in the ML
method. Liang and Yang (2014) also reported that there were no improper solutions in binary
data in a simulation study using non-informative priors. The result obtained in this respect is
consistent with the Liang and Yang's (2014) study. The ULSMV and WLSMV methods have
more improper solutions under conditions where average factor loading is 0.4 and sample size
is 200. There was a decrease in the number of improper solutions under conditions where the
average factor load was 0.4, sample size was 200 and the indicators followed a normal
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distribution. The number of improper solutions is very close to 0 even if the sample size is small
under conditions where the average factor load was 0.7.

When non-convergence and improper solution results are evaluated, it can be said that ML and
Bayesian methods perform better than ULSMV and WLSMV methods. It was observed that
the number of non-convergence and improper solutions of the methods increased where the
average factor loading was low, test length was short and the distribution of indicators were
skewed, the factor structure was not unidimensional, and the sample size was small.

4.2. Relative Percentage Bias of Factor Loadings

When the RPB values calculated via factor loadings of the estimation methods were examined,
the Bayesian and WLSMYV methods may give biased results under conditions where the sample
size is 200, average factor loading is 0.4, and items are skewed. The conditions where the
sample size is 200, average factor loading is 0.4, and items are skewed show that increasing the
number of indicators and number of factors and decreasing the interfactor correlation decreased
the WLSMV estimation method’s RPB, and decreasing the number of indicators and the
interfactor correlation while increasing the number of factors decreased the RPB value of the
Bayesian method. This result is similar to the findings obtained by Nalbantoglu Yilmaz (2019)
in continuous data. She stated that the WLS method has larger RPB values for small samples.
In addition, this result is consistent with the research conducted by Moshagen and Musch (2014)
and Lei (2009). Moshagen and Musch (2014) report that RPB was less than 10% for
unidimensional structures, while Lei (2009) states that RPB values of the ML and WLSMV
methods were less than 10%. Flora and Curran (2004) report that the RPB values of robust
WLS estimation methods did not exceed 10%. But in the present study, the RPB value of
WLSMV is more than 10% in conditions where the sample size is 200, the average factor
loading is 0.4, the distribution of 20 indicators are left-skewed, and the interfactor correlation
is 0 and 0.3. This difference may be due to the fact that the factor loadings are not equal for all
indicators in the present study. In addition, Flora and Curran (2004) make y* (latent continuous
variable) skewed. However, in the present study, the latent variable (y*) was generated to
follow a normal distribution. Indicators were skewed and analyses were performed. It is thought
that the differentiation of the results may have been due to this differentiation.

4.3. Relative Percentage Bias of Interfactor Correlations

When the RPB values of the ¢ parameter, which is interfactor correlation, are examined, the
RPB performance of all methods is sufficient in all conditions with average factor loading of
0.7. However, the RPB performance of the ML, ULSMV and WLSMV methods decreased
when the sample size decreased and the skewness of the items increased under conditions where
average factor loading is 0.4. Beauducel and Herzberg (2006) state that interfactor correlation
size is more effective on the performance of the estimation methods. In this respect, it can be
said that the present study is similar to Beauducel and Herzberg's (2006) study. The RPB value
of the Bayesian method is higher than 10% in almost all conditions where the average factor
loading is 0.4, sample size is 1,000, distribution of indicators normal and the number of
indicators is 20. This result is consistent with the findings of Liang and Yang (2014).

4.4. Coverage Rate of Factor Loadings

When the coverage rates calculated via factor loadings of the estimation methods were
examined, it was observed that the increase in sample size and average factor loading increased
the performance of the estimation methods. It can be said that the coverage rate of the ULSMV
and WLSMYV methods are not sufficient in the conditions where the distribution of indicators
is skewed, sample size is small, and average factor loadings is low. This result is consistent
with the findings of the simulation study conducted by Forero et al. (2009). In addition, Kogar
and Yilmaz Kogar (2015) stated that ULS and DWLS methods have less standard errors when
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compared to the ML method. The difference may have originated from variables that were not
examined in current study included in the real data set. In the simulation study conducted by
Wolf et al. (2013), it was reported that ML had sufficient coverage rates under all conditions
studied. However, in this study, the data were generated as normal and continuous. It can be
said that there may be a difference in this respect with the results of the present study. The
coverage rate of the Bayesian method is less than 90% for the conditions where the model is
unidimensional and average factor loading is 0.4. Onen (2019) states that the coverage rate of
the Bayesian method is sufficient for all simulation conditions. In the present study, the
difference may have arisen since non-informative priors for Bayesian estimations.

4.5. Coverage Rate of Interfactor Correlations

Coverage rates calculated for interfactor correlations for the WLSMV method remained below
90% under conditions where the correlation between the dimensions was 0 and a small sample
size. The performance of the WLSMV method decreased as the ¢ parameter decreased under
conditions where the indicators followed a skewed distribution. The ML and Bayesian methods
had a coverage rate of over 90% under conditions where sample size is 200, average factor load
is 0.7 and items are skewed. Li (2016b) likewise reported that the coverage rate of the MLR
method is adequate, and that the WLSMV method may have a coverage rate of less than 90%
in skewed distributions. It can be said that the current research findings are consistent with this
study. The ULSMV method’s coverage rate remained below 90% as interfactor correlation
decreases under conditions of sample size of 200 and skewed distribution of items. Under
conditions where the average factor loading is 0.4, sample is small and the indicators follow
normal distribution, the coverage of the ULSMV and WLSMV methods decreases as interfactor
correlation decreases. In the case of indicators with average factor loading of 0.4, the
performances of other methods remained below 90%, except for the Bayesian method.
However, with the increase in the sample size, the coverage rate of the methods increased.

4.6. Relative Standard Error Bias of Factor Loadings

When r-seb values are examined for factor loadings, it can be said that the methods perform
sufficiently in most of the conditions. The WLSMYV method went beyond the acceptable limits
for r-seb values under conditions where the average factor loading is 0.4, the sample size is 200
and the number of indicators are 20, and is within the acceptable range under other conditions.
Other methods are acceptable in all conditions. In the simulation study performed by Xu (2019),
the MLR method has sufficient relative bias in normal, mild non-normal and moderate non-
normal data. However, the Bayesian method has a relative bias greater than 10% under
moderate non-normal conditions. In the present study, the Bayesian method has sufficient r-seb
value under all conditions. In the study conducted by Xu (2019), the data was produced as a
correlation matrix. In addition, the factor loadings of the indicators were fixed to 0.7. It can be
said that the differentiation may have originated from here.

4.7. Relative Standard Error Bias of Interfactor Correlations

When the r-seb values are examined for interfactor correlations, all methods are in the
acceptable range in 500 and 1,000 sample sizes, while the WLSMYV method in the sample size
of 200 may be out of the acceptable range in skewed distributions.

When the results of the research are evaluated in general, it can be said that the increase in the
average factor loading and the sample size have a positive effect on the performances of the
estimation methods. The increase in the number of indicators did not cause much difference for
the indicators which follow normal distribution, but it affected the estimations of the methods
for the indicators which followed skewed distribution. According to the research findings, it
can be said that the methods are sufficient to estimate the average factor loading and the
interfactor correlations, regardless of the estimation method used in most of the conditions
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where the average factor loading is 0.7. However, as the average factor loading was 0.4, the
number of skewed indicators increased, the sample size decreased and the interfactor
correlations decreased, the performance of the methods decreased. Especially in small samples,
the interfactor correlation was lower in the case of skewed indicators than indicators which
follow normal distribution.

According to the research findings, it can be said that any estimation method can be chosen
under conditions where sample size is 500 or 1000 and average factor loading is 0.7. The
performance of the estimation methods differs in conditions with a sample size of 200.
Therefore, the conditions where sample size is 200, the average factor loading is 0.4, indicators
follow normal distribution, and the structure is unidimensional, it is recommended to use ML,
ULSMV or WLSMV.

However, if the indicators are skewed, it can be recommended that to use ML or ULSMV
estimation method. As the interfactor correlation decreases, the performance of the estimation
methods to estimate the interfactor correlations decreases in small samples. Therefore,
expanding the sample can be considered in such a case. According to the research findings,
there is no method that makes the most accurate estimation under all conditions. However, it
can be suggested that to use the ULSMV estimation method because it is observed that it has
sufficient performance under more conditions.
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6. APPENDIX

Appendix 1. Number of datasets having convergence failure

% ° 3 3 Mean Factor Loading = 0.4 Mean Factor Loading = 0.7
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Appendix 3. Mean, maximum and minimum values of relative percentage bias

2,3 o g Number of Items = 10 Number of Items = 20
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200 <« 0.7 WLSMV 0.1 12 -07 04 11 00 03 .1 03 07 14 -02 03 08 -03 07 1.9 0.1
200 0.7 BAYES -20 29 -169 -08 25 97 -26 18 -l61 -08 26 -185 -06 1.1 -12.1 -09 34 -172
200 04 ML 51 05 -101 -72 -42 99 43 12 75 23 -04 -51 87 -7.0 -10.1 -3.0 -14 -65
200 @ 04 ULSMV -75 57 -158 01 23 -34 -76 60 -161 -85 -03 -11.7 -12 01 3.1 93 15 -134
200 T 04 WLSMV -51 116 -114 07 30 -29 -55 81 -l165 -101 48 -158 -01 13 -21 -99 58 -155
200 & 04 BAYES -125 75 230 -18 82 -85 -132 87 -212 -37 10 -82 -12 21 -62 -45 20 -86
200 £ 07 ML -2 05 -18 -38 -30 45 -14 -08 -19 -02 04 -09 -33 28 -37 01 06 -09
200 g 07 ULSMV -11 -05 -1.7 -05 03 -10 -13 -06 -1.8 -1 -03 -1.8 -03 02 -09 -09 -03 -19
200 & 07 WLSMV 01 07 -04 00 07 -03 -00 05 -05 07 15 00 05 .1 -01 09 1.5  -0.1
200 0.7 BAYES -1.8 29 -156 -10 19 -85 -26 13 -149 -08 21 -176 -04 15 -11.8 -06 2.6 -16.6
200 04 ML 37 07 -72 17 -59 92 27 -08 -52 21 06 43 83 -67 -11.5 -1.8 -02 5.1
200 © 04 ULSMV -6.4 25 -11.6 -04 07 21 -47 47 97 89 -1.9 -124 -09 07 -34 -86 -1.1 -122
200 ? 0.4 WLSMV -36 44 -73 03 14 -12 25 76 94 -7.1 31 -11.7 03 20 -21 -69 39 -106
200 & 04 BAYES -73 99 -l64 15 102 -63 -68 113 -142 -13 40 -54 08 48 26 -14 43 -69
200 £ 07 ML -1.0 05 -15 35 -30 44 -09 -0.1 -19 00 05 -04 -31 -24 -42 01 09 -06
200 g5 07 ULSMV -14 -07 -21 -02 01 -06 -13 -01 -24 -13 -07 -20 -03 03 -10 -LI -03 -L9
200 & 07 WLSMV 0.1 07 05 04 08 00 03 1.4 -07 07 1.2 00 06 12 -0.1 038 1.6 0.1
200 0.7 BAYES -1.0 3.1 -124 -04 2.1 74 -16 20 -124 -04 24 -155 -0.1 1.5 -103 -03 29 -147
500 04 ML 09 1.5 22 -89 -75 98 -12 -03 -26 -01 13 -12 87 -76 97 -01 1.0 -1.2
500 w 04 ULSMV -1.7 -02 -29 -04 04 -14 -19 -05 37 -1.7 -2 -30 -03 02 -12 -18 -0.6 -28
500 5 04 WLSMV 03 24 -1 00 08 -1.0 -01 14 -15 04 17 -08 02 08 -07 03 1.4  -08
500 g 0.4 BAYES -43 04 -246 -29 09 -216 -46 -06 -220 -36 14 337 -24 11 279 -34 21 -335
500 E 0.7 ML 00 05 -04 -33 -27 -38 -03 -00 -05 10 15 06 -28 -24 -33 1.0 14 06
500 E 0.7 ULSMV -03 01 -07 00 04 -02 -05 -03 -07 -04 -00 -08 -01 01 -04 -04 -00 -08
500 =2 0.7 WLSMV 04 08 -00 03 07 0.1 0.1 04 -01 04 07 -01 02 05 -1 04 08 -00
500 0.7 BAYES 03 1.7 -5.0 0.2 1.1 -40 -04 1.4 -5.8  -0.1 1.9 -124 0.1 1.1 -7.4 0.1 1.6 -11.6
500 04 ML -5 1.1 -39 78 63 93 -18 02 45 -1.0 03 24 86 -7.1 97 -12 01 -26
500 = 04 ULSMV -09 10 -34 04 14 05 -08 16 -24 -19 -08 36 -01 11 -1..I -21 -08 -33
500 I 04 WLSMV 01 19 -26 07 16 -02 02 24 -17 00 14 -14 03 .5 -06 -02 11 -17
500 % 0.4 BAYES -24 34 58 -05 20 -28 31 07 -51 -l16 08 -56 -08 15 -81 =-20 17 -57
500 3 07 ML -08 -02 -14 36 -33 40 -11 -03 -16 00 04 -04 -35 27 -41 -02 02 -05
500 & 0.7 ULSMV -02 05 -07 00 04 -02 -04 03 -08 -03 02 -07 -02 01 -05 -05 -0.1 -09
500 <« 0.7 WLSMV 03 09 -02 02 07 -00 00 08 -05 04 09 00 0.1 04 -02 02 06 -02
500 0.7 BAYES -07 15 83 -03 18 -58 -12 18 91 -02 16 -87 -03 10 -61 -06 13 -99
500 04 ML -9 02 -54 81 -65 -100 -10 10 -26 -10 16 -33 -86 -7.7 -11.1 -1.1 02 -29
500 @ 0.4 ULSMV -1.8 -02 -52 0. .5 -14 -10 06 23 -21 02 -48 -03 06 -24 -21 -08 -50
500 T 0.4 WLSMV -05 12 40 04 18 -1.1 0.1 20 -1.8 -02 23 27 0.1 1.0 -19 -02 1.1 -25
500 & 04 BAYES -19 48 -7.7 -00 21 22 -14 28 56 -12 18 41 -06 21 -65 -14 17 -46
500 £ 07 ML -09 -04 -14 36 -30 43 -10 -04 -16 -0.1 04 -05 -33 25 -39 00 04 -03
500 g 07 ULSMV -03 02 -09 -0 02 -04 -04 -01 -1 -05 -01 -09 -01 02 -06 -03 01 -08
500 & 0.7 WLSMV 02 07 -03 02 04 02 01 04 -05 02 06 -01 02 05 -03 04 08 -00
500 0.7 BAYES -08 19 -7.7 -02 13 -55 -10 21 90 -03 14 86 -01 09 -60 -04 20 -96
500 04 ML -1.5 04 36 -88 -75 -105 -1.2 -02 -24 -03 19 -15 -85 -68 98 -05 14 -21
500 <© 04 ULSMV -23 -00 -51 -07 01 -16 -1.8 -04 -28 20 06 -33 -03 05 -1.2 -20 -1.0 -43
500 T 0.4 WLSMV -08 06 -33 -03 04 -12 -02 06 -15 0.1 24  -1.1 02 1.0 -06 0.1 1.6 -1.8
500 & 04 BAYES 09 88 -25 13 64 -10 11 66 32 07 22 -16 06 39 -1.7 06 32 -41
500 £ 07 ML 07 -0.1 -1.1 -37 -30 43 -09 -02 -13 0.1 06 -03 -32 2.6 -40 0.1 05 -0.2
500 3 0.7 ULSMV -04 00 -08 -02 02 -5 -5 01 -0 -05 01 -1.0 -01 03 -03 -05 00 -09
500 & 0.7 WLSMV 02 07 -02 0.1 05 -03 0.1 06 -05 03 08 -2 03 07 -00 03 08 -0
500 0.7 BAYES -05 15 -66 -02 12 -51 -08 20 -7.7 -0. 18 -72 -00 1.1 51 -03 17 -79
1000 04 ML 08 1.1 -15 -88 -79 98 -08 01 -19 01 09 -1.0 -86 -74 96 -0 09 -07
1000 w 04 ULSMV -09 05 -18 -0.1 04 -08 -09 -03 -19 -07 00 -19 -01 07 -09 -09 -00 -1.6
1000 § 04 WLSMV 00 17 -08 01 07 -05 00 06 -1.1 03 1.0 -08 02 1.0 -07 02 1.0 -05
1000 é 0.4 BAYES -23 22 -152 -13 09 -7.7 -26 00 -164 -18 21 -278 -1.I 16 -198 -1.7 13 -265
1000 £ 0.7 ML 00 02 -02 -34 -31 41 -01 02 -04 11 1.4 08 28 24 34 1.1 1.3 038
1000 E 0.7 ULSMV -0.1 01 -03 -0.0 02 -2 -02 01 -05 -1 01 -05 -01 01 -03 -0.1 02 -04
1000 2 0.7 WLSMV 02 05 0.1 0.1 03 -0.1 0.1 04 -02 02 05 -01 0.1 02 -01 02 05 -00
1000 0.7 BAYES 00 1.1 -35 00 06 -06 -00 08 -34 01 08 -64 01 07 -35 0.1 1.0 -62
1000 £ 04 ML -1 10 24 85 72 96 -14 04 27 -07 06 -19 86 -73 94 -08 05 -2.0
1000 £:04 ULSMV -0.6 08 -1.9 0.1 .t -1 -08 02 -19 -08 06 -25 01 09 -05 -08 02 -21
1000 g 04 WLSMV 00 18 -1.5 02 12 -10 -02 1.0 -12 0.1 1.6 -1.3 03 .1 -03 0.1 .1 -1
1000 ~ 04 BAYES -12 29 81 -04 22 -19 -15 1.1 -32 -08 16 -39 -04 14 47 -09 31 -29
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2, 3 o g Number of Items = 10 Number of Items = 20

g mﬁ 2 E % Left-Skewed Normal Right-Skewed Left-Skewed Normal Right-Skewed
2] = = Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min
1000 0.7 ML -09 -08 -10 -37 -31 41 -10 -07 -12 -01 03 -3 -34 -28 -39 -01 02 -06
1000 0.7 ULSMV -0.1 00 -02 -00 02 -02 -2 01 -05 -1 02 -04 -1 01 -03 -02 01 -06
1000 0.7 WLSMV 0.1 03 -0.1 0.1 03 -01 -00 03 -03 02 05 -00 0.1 02 -01 0.1 04 -03
1000 0.7 BAYES -03 18 -53 -1 09 -25 -5 11 -51 -1 10 -31 -1 04 -26 -03 12 -30
1000 0.4 ML -1.3 01 -24 86 -73 96 -1.1 -04 -28 -07 12 -16 -86 -73 99 -09 00 -1.8
1000 @ 04 ULSMV -09 02 -1.8 -00 12 -09 -07 04 20 -1.0 08 -24 -01 05 -09 -12 02 -24
1000 ? 0.4 WLSMV -02 0.6 -09 0.1 14 -08 -00 10 -13 -00 19 -11 02 08 -07 -02 08 -13
1000 £ 04 BAYES -06 50 -66 00 27 -29 -04 28 -23 -6 18 -39 -03 14 -34 -09 20 -32
1000 £ 0.7 ML 09 -06 -12 -37 -32 43 -09 -04 -11 -00 04 -03 -34 26 -40 -01 02 -03
1000 5 0.7 ULSMV -02 00 -05 -01 01 -04 -02 03 -06 -02 03 -06 -00 02 -02 -02 00 -06
1000 & 07 WLSMV 0.1 04 -02 -00 02 -03 0.1 06 -03 0.1 07 -01 0.1 03 -00 0.1 04 -0.1
1000 0.7 BAYES -03 17 -1 -2 09 -28 -04 12 -52 -1 12 -33 -0 04 -25 -03 11 -34
1000 0.4 ML -3 03 -19 87 81 97 -10 00 -33 -04 05 -14 -86 -78 95 -05 06 -12
1000 © 04 ULSMV -1.1 02 -18 -02 04 -09 -09 02 29 -1 -00 -18 -01 12 -1.1 -1.I -0.1 -16
1000 T 04 WLSMV -04 10 -10 00 06 -07 -0.1 09 -22 -00 08 -09 0.1 1.5 -09 -00 1.0 -0.6
1000 £ 04 BAYES 15 102 -50 12 65 -19 19 80 -24 06 48 -25 03 19 -12 04 43 20
1000 £ 0.7 ML -06 -04 -10 -36 -32 40 -08 -04 -10 02 03 -0.1 -34 -28 -39 -00 04 -04
1000 5 07 ULSMV -01 01 -06 -00 01 -01 -02 03 -7 -02 01 -04 -01 00 -04 -03 -00 -07
1000 & 0.7 WLSMV 0.1 04 -02 0.1 03 00 00 05 -03 02 05 -00 00 02 -02 00 04 -03
1000 0.7 BAYES -01 19 42 -0 10 -21 -03 12 45 00 1.1 27 01 04 26 -03 1.0 -32
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Appendix 4. Relative percentage bias of interfactor correlations

o) Sample Number of Estimation Mean Factor Loading = 0.4 Mean Factor Loading = 0.7
§ Size Items Method  Left-Skewed  Normal Right-Skewed Left-Skewed  Normal  Right-Skewed
10 Items ML -11.77 -2.13 -9.51 1.21 0.37 3.01
10 Items ULSMV -27.72 7.51 -32.22 -4.45 1.88 -2.22
10 [tems ~ WLSMV -9.93 8.88 -14.92 -1.24 2.55 0.59
200 10 Items BAYES -52.33 -29.60 -53.21 -0.84 2.69 1.93
20 Items ML -1.83 0.77 -2.25 4.63 1.06 0.47
20 Items ULSMV -19.62 10.02 -19.00 -0.52 1.87 -5.39
20 Items  WLSMV -15.13 10.70 -14.29 3.41 2.49 -1.75
20 Items BAYES -34.01 -19.16 -34.66 0.31 -1.17 -3.25
. 10 Items ML -0.35 1.87 -1.81 1.78 0.31 1.91
g 10 Items ULSMV -4.83 5.29 -5.98 -1.78 0.77 -1.64
I 10 [tems ~ WLSMV 2.99 5.56 2.75 0.86 1.01 0.97
g 500 10 Items BAYES -27.78 -15.68 -29.73 0.39 0.25 0.76
g 20 Items ML 3.31 0.55 1.75 4.04 1.21 3.93
§ 20 Items ULSMV -1.72 4.45 -3.41 -0.46 0.89 -0.64
: 20 Items  WLSMV 7.10 4.65 5.40 2.32 1.13 2.09
20 Items BAYES -17.17 -9.67 -18.84 -0.36 -0.39 -0.65
10 Items ML 2.75 0.99 2.87 2.60 0.44 2.78
10 Items ULSMV -0.50 2.39 -0.68 -0.50 0.38 -0.34
10 Items  WLSMV 3.68 2.52 3.59 0.78 0.49 0.96
1000 10 Items BAYES -16.36 -4.71 -14.68 0.31 0.80 0.80
20 Items ML 2.39 0.35 0.22 3.95 1.50 3.97
20 Items ULSMV -0.97 2.36 -3.38 -0.13 0.81 0.26
20 Items  WLSMV 3.37 2.46 0.94 1.21 0.92 1.58
20 Items BAYES -9.30 -3.44 -10.70 0.03 0.44 -0.11
10 Items ML -7.98 0.24 -6.08 3.56 0.30 2.05
10 Items ULSMV -17.69 1.78 -17.11 1.70 0.75 0.04
10 Items  WLSMV -11.77 2.12 -9.89 3.79 1.33 2.34
200 10 Items BAYES -54.18 -31.97 -51.69 -1.14 0.28 -1.18
20 Items ML 4.01 -0.30 0.20 2.94 1.00 2.46
20 Items ULSMV -1.78 4.49 -3.28 0.15 1.06 -0.33
20 Items  WLSMV 2.84 483 2.50 2.54 1.54 2.06
20 Items BAYES -32.52 -22.84 -35.04 -2.30 -1.53 -2.79
- 10 Items ML 1.79 0.63 -0.45 2.18 0.41 2.21
g 10 Items ULSMV -0.76 2.35 -2.84 0.15 0.43 0.35
[ 10 Items  WLSMV 1.72 2.53 -0.08 1.08 0.63 1.29
g 500 10 Items BAYES -29.27 -20.40 -30.88 0.35 -0.05 0.44
g 20 Items ML 2.12 0.39 1.66 2.77 1.00 3.04
‘g 20 Items ULSMV 1.37 2.31 0.79 -0.21 0.62 0.29
: 20 Items  WLSMV 3.63 2.44 3.14 0.76 0.81 1.24
20 Items BAYES -19.28 -11.67 -19.67 -0.99 -0.30 -0.78
10 Items ML 1.60 0.17 2.35 2.34 0.48 1.80
10 Items ULSMV 0.85 0.97 1.60 0.22 0.23 -0.40
10 Items  WLSMV 2.07 1.07 2.77 0.73 0.33 0.07
1000 10 Items BAYES -19.65 -10.51 -18.50 0.38 0.38 0.01
20 Items ML 1.24 -0.22 1.95 2.87 0.66 2.38
20 Items ULSMV 0.26 0.74 0.91 0.26 0.14 -0.19
20 Items  WLSMV 1.46 0.81 2.10 0.72 0.23 0.29
20 Items BAYES -11.40 -6.10 -10.66 -0.21 -0.23 -0.70
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Appendix 5. Mean, maximum and minimum values of coverage rate

2,3 o g Number of Items = 10 Number of Items = 20

g > B E E Left-Skewed Normal Right-Skewed Left-Skewed Normal Right-Skewed
n = = Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min
200 0.4 BAYES 925 946 91.0 938 957 87.6 929 941 919 91.1 953 380 91.0 959 313 912 958 36.6
200 — 04 ML 91.7 936 87.1 930 938 91.5 92.0 935 883 932 944 913 928 946 905 936 956 91.6
200 5 04 ULSMV 885 921 866 935 942 929 89.0 939 857 914 946 888 939 957 928 914 943 889
200 % 0.4 WLSMV 87.8 902 86.3 928 934 922 880 913 858 89.0 932 864 931 947 91.6 889 915 86.6
200 E 0.7 BAYES 91.1 943 887 926 943 913 91.8 927 90.6 89.7 93.0 575 914 941 783 89.7 943 553
200 E 07 ML 935 953 92.8 943 956 934 931 950 922 920 938 90.1 945 962 93.1 922 933 91.0
200 = 0.7 ULSMV 932 942 924 940 953 925 927 937 91.8 929 941 91.7 941 951 929 930 945 915

200 0.7 WLSMV 91.1 91.6 904 93.0 943 919 906 91.7 894 903 91.7 892 928 936 91.8 90.7 929 88.6
200 0.4 BAYES 909 99.7 87.8 938 999 90.6 914 996 882 932 1000 90.7 93.6 983 91.2 93.1 100.0 89.5
200 04 ML 84.0 875 816 892 91.1 877 847 875 80.7 914 933 881 926 944 903 912 93.0 86.7

200 T 0.4 ULSMV 883 96.7 851 92.0 944 90.6 877 962 844 87.0 93.1 845 928 946 91.0 865 932 839
200 % 0.4 WLSMV 86.8 935 841 91.8 943 90.1 873 939 834 79.1 850 744 921 942 905 79.0 844 76.1
200 S 0.7 BAYES 87.1 921 743 90.1 928 81.6 883 925 746 894 950 538 907 947 719 89.7 940 626
200 & 07 ML 93.1 940 925 945 955 934 932 942 919 930 954 91.8 940 956 926 933 941 91.7
200 < 0.7 ULSMV 924 934 914 940 950 927 928 942 914 927 945 912 939 953 924 932 945 923

200 0.7 WLSMV 90.8 923 899 934 951 922 9.1 920 895 894 91.8 874 930 947 913 902 91.0 89.0
200 0.4 BAYES 91.4 100.0 87.0 935 994 89.7 91.0 996 875 93.0 100.0 90.5 938 983 919 93.0 100.0 889

200 & 04 ML 855 882 823 90.0 915 88.6 857 883 830 914 928 889 925 943 909 915 93.1 885
200 ? 0.4 ULSMV 87.8 956 835 923 932 91.6 875 951 833 872 945 848 929 944 91.1 874 939 839
200 & 04 WLSMV 875 93.6 843 919 928 910 874 942 839 822 895 793 920 937 904 828 894 799
200 £ 0.7 BAYES 879 929 748 905 93.7 867 886 923 782 895 938 581 908 940 727 894 932 628
200 :% 0.7 ML 93.8 946 925 939 948 927 935 951 922 930 946 919 941 958 928 928 945 90.5
200 ~ 0.7 ULSMV 929 941 914 937 952 920 928 948 91.8 927 939 915 939 947 928 925 934 90.6

200 0.7 WLSMV 92.0 93.1 90.8 93.0 942 914 91.7 943 905 904 92.0 893 928 940 91.6 902 912 883
200 0.4 BAYES 91.0 993 873 937 985 913 908 993 87.8 931 1000 90.5 93.6 989 90.0 93.6 1000 89.6

200 & 04 ML 88.1 91.0 856 91.8 928 91.0 883 89.6 864 922 943 89.7 927 944 91.0 927 948 893
200 T 0.4 ULSMV 888 939 858 929 940 91.8 883 934 853 887 952 865 934 946 922 8387 942 864
200 & 04 WLSMV 88.1 919 837 925 935 91.2 882 927 849 853 924 832 926 941 913 857 91.6 83.0
200 £ 0.7 BAYES 89.0 91.8 80.6 90.7 929 883 89.7 924 79.1 90.1 938 658 912 938 792 90.0 93.5 689
200 g 0.7 ML 933 944 920 938 954 925 93.0 938 923 929 945 91.1 944 951 937 931 941 90.7
200 ~ 0.7 ULSMV 93.1 942 91.8 935 948 922 927 93.6 920 928 940 914 941 955 93.0 93.0 946 913

200 0.7 WLSMV 91.6 928 90.1 927 939 91.6 913 929 902 909 932 289.1 929 944 91.0 908 93.0 885
500 0.4 BAYES 88.7 945 46.8 89.6 96.1 46.0 908 957 641 90.1 964 143 907 959 262 90.0 956 15.0

500 % 04 ML 942 958 932 921 935 90.0 943 953 924 941 954 927 90.7 919 891 943 957 924
500 E 0.4 ULSMV 93.0 947 919 946 956 938 933 947 91.7 934 946 91.8 945 957 931 935 951 0918
500 g 0.4 WLSMV 929 947 91.7 943 954 937 93.0 940 921 932 941 915 941 953 925 931 946 917
500 E 0.7 BAYES 91.5 93.6 828 91.8 950 79.8 924 945 870 90.6 949 523 925 963 685 9.1 943 572
500 E 0.7 ML 943 957 934 934 952 923 946 955 938 932 947 91.7 93.6 949 927 935 950 91.7
500 = 0.7 ULSMV 942 955 932 945 961 934 944 952 937 939 954 930 949 96.1 937 944 955 929
500 0.7 WLSMV 93.6 955 923 940 955 926 93.6 945 930 930 944 918 944 96.0 927 935 949 922
500 0.4 BAYES 940 999 90.8 944 983 928 942 998 915 940 99.6 923 942 989 853 941 99.6 92.1
500 z 04 ML 925 938 90.1 922 937 905 929 948 916 943 964 928 91.6 93.1 902 942 956 925
500 1 04 ULSMV 91.5 938 90.6 939 947 932 925 940 905 929 953 O91.1 943 953 929 928 943 909
500 % 0.4 WLSMV 920 940 91.0 938 947 929 929 946 915 928 947 90.8 940 951 926 927 939 0910
500 S 0.7 BAYES 91.3 943 840 91.8 938 870 90.6 937 80.6 919 946 782 923 943 77.8 923 953 759
500 & 0.7 ML 944 956 936 929 957 912 945 958 928 942 963 927 93.0 951 915 943 953 935
500 < 0.7 ULSMV 938 950 923 941 957 932 939 955 921 941 953 922 945 951 936 940 953 925
500 0.7 WLSMV 93.7 949 920 939 955 929 938 953 921 933 951 91.7 941 950 932 933 945 0919
500 0.4 BAYES 943 99.7 914 945 984 919 945 997 912 939 998 91.0 940 986 892 946 99.8 923
500 &« 04 ML 933 948 91.7 924 938 913 943 950 938 942 954 929 920 93.1 899 944 962 928
500 ? 0.4 ULSMV 923 932 914 938 943 925 931 938 922 927 943 912 944 956 934 930 948 0913
500 & 0.4 WLSMV 925 936 913 93.6 944 924 931 942 91.7 926 946 914 940 954 930 929 943 917
500 £ 0.7 BAYES 91.0 937 845 924 945 889 90.1 937 79.1 924 956 79.0 927 953 779 920 951 749
500 g 0.7 ML 942 953 929 933 949 91.8 943 953 933 946 956 931 934 946 921 941 957 927
500 «~ 0.7 ULSMV 940 949 928 94.6 956 922 941 947 93.0 942 958 925 947 960 932 938 951 928
500 0.7 WLSMV 934 948 927 943 959 924 935 946 922 937 951 925 943 959 930 93.0 944 0914
500 0.4 BAYES 943 979 91.6 94.6 987 929 940 986 90.6 94.1 993 920 942 96.1 925 943 994 919
500 © 04 ML 943 950 934 926 93.1 91.8 938 954 921 943 957 933 91.8 938 90.1 943 954 925
500 ? 0.4 ULSMV 928 93.7 91.7 943 954 932 923 944 914 936 948 924 945 956 935 932 944 0911
500 & 0.4 WLSMV 927 936 91.8 942 954 93.0 924 944 915 932 943 919 941 954 933 93.0 945 909
500 £ 0.7 BAYES 919 942 860 927 957 88.6 91.6 949 807 929 960 840 929 947 812 93.0 956 824
500 g 0.7 ML 947 963 93.0 932 947 92.1 944 955 928 947 96.7 91.8 93.7 952 922 945 956 934
500 e« 0.7 ULSMV 943 957 934 948 96.0 936 940 955 928 947 964 929 950 959 939 943 953 093.1

500 0.7 WLSMV 93.7 951 925 945 958 935 936 952 922 938 956 919 944 955 934 936 954 923
1000 0.4 BAYES 90.6 949 638 91.8 956 714 909 948 654 91.0 96.7 23.0 912 955 375 90.6 956 255

1000 w 04 ML 944 956 928 89.1 90.8 869 948 956 935 951 962 942 872 892 846 947 958 93.7

1000 § 0.4 ULSMV 93.7 946 924 944 964 937 941 950 925 947 959 932 946 956 93.6 942 956 93.0

1000 é 0.4 WLSMV 93.6 948 924 944 964 93.6 940 946 927 945 956 934 944 953 932 939 956 923

1000 E 0.7 BAYES 91.6 949 823 932 957 875 921 957 82.6 922 948 725 928 953 740 926 949 749

1000 —g 0.7 ML 945 958 933 89.8 913 881 947 953 941 931 947 91.8 90.6 922 888 935 951 92.0
=)

1000 0.7 ULSMV 943 953 937 946 955 93.1 943 950 939 942 952 921 948 962 936 948 96.0 93.6
1000 0.7 WLSMV 939 954 932 944 953 93.1 940 949 935 937 949 913 946 960 932 942 952 934

1000 % 0.4 BAYES 947 98.0 930 940 962 922 945 983 919 940 968 91.8 944 963 883 941 973 895
1000 5:04 ML 947 963 934 90.6 91.6 89.8 947 958 936 946 956 933 898 904 883 948 959 938
1000 g 04 ULSMV 933 942 920 941 951 0921 93.6 952 921 939 951 925 948 965 932 943 962 93.1

1000 v 0.4 WLSMV 935 946 92.1 940 952 922 937 953 924 939 951 926 947 964 933 941 957 93.0
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2, 3 o g Number of Items = 10 Number of Items = 20

g mﬁ 2 E % Left-Skewed Normal Right-Skewed Left-Skewed Normal Right-Skewed
2] = = Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min
1000 0.7 BAYES 924 950 842 934 959 90.1 923 943 87.6 924 96.1 823 928 948 849 933 966 850
1000 0.7 ML 952 959 944 90.7 92,6 893 947 957 931 949 958 937 895 91.0 876 950 96.1 94.0
1000 0.7 ULSMV 947 957 93.7 951 963 944 942 952 93.0 945 955 932 944 952 931 948 960 937
1000 0.7 WLSMV 946 955 94.0 951 962 945 944 953 937 942 953 930 942 951 932 944 962 92.8
1000 0.4 BAYES 946 975 93.0 945 965 925 949 986 925 937 968 91.7 944 961 903 941 986 91.1
1000 & 04 ML 94.6 958 936 90.8 928 887 950 958 945 94.6 958 935 893 91.0 877 947 959 934
1000 T 0.4 ULSMV 935 949 922 945 954 933 941 952 932 940 947 933 947 960 93.7 942 958 923
1000 & 0.4 WLSMV 935 949 919 944 953 932 940 951 933 938 950 929 946 960 935 940 954 922
1000 £ 0.7 BAYES 923 966 868 933 952 872 926 950 861 927 954 821 929 958 855 929 965 848
1000 E 0.7 ML 949 961 941 903 929 887 949 960 936 950 962 934 893 912 877 947 965 928
1000 ~ 0.7 ULSMV 94.6 962 940 947 959 931 948 956 940 947 958 934 946 958 933 945 964 926
1000 0.7 WLSMV 944 956 93.8 948 960 933 945 952 93.6 943 958 93.0 942 955 934 942 965 927
1000 0.4 BAYES 942 984 90.8 945 957 93.6 940 993 913 940 968 919 948 964 932 945 976 917
1000 & 04 ML 945 953 934 90.5 913 895 945 955 928 948 960 932 889 90.5 868 950 96.0 934
1000 ? 0.4 ULSMV 937 943 927 946 959 935 935 954 91.8 942 952 928 947 955 93.6 945 955 931
1000 & 0.4 WLSMV 93.6 945 928 946 957 935 935 955 920 941 955 927 945 952 936 944 953 93.0
1000 £ 07 BAYES 93.0 954 875 936 966 903 924 951 871 925 955 851 932 958 853 933 959 849
1000 g 0.7 ML 949 959 935 90.9 922 894 950 965 926 946 954 930 893 91.0 877 948 957 934
1000 ~ 0.7 ULSMV 94.8 965 930 953 963 943 944 956 926 948 962 936 947 962 936 945 957 929
1000 0.7 WLSMV 943 953 92.8 949 960 939 943 953 92.1 943 952 928 945 962 935 943 956 92.8




Appendix 6. Coverage rate of interfactor correlations

Kilic, Uysal & Atar

o B M L Number of Items = 10 Number of Items = 20
g ean Factor Estimation
E N zo Loading Method Left-Skewed  Normal  Right-Skewed Left-Skewed ~ Normal  Right-Skewed
0.4 ML 76.98 88.48 80.63 90.60 92.70 90.20
S 0.4 ULSMV 71.31 84.82 71.86 63.44 86.86 61.01
g 0.4 WLSMV 67.74 83.54 70.81 38.22 85.74 40.11
=~ 0.4 BAYES 96.79 95.10 96.90 97.09 95.10 96.49
g 0.7 ML 93.00 94.60 95.10 94.50 95.30 94.60
& 0.7 ULSMV 86.80 93.30 89.00 86.90 93.60 87.30
~ 0.7 WLSMV 74.60 92.60 74.77 67.00 92.90 70.10
0.7 BAYES 93.30 93.80 94.90 94.20 94.40 94.50
- 0.4 ML 76.86 90.09 79.57 89.10 93.10 91.30
pe 0.4 ULSMV 72.52 87.66 71.77 73.36 88.03 75.97
I 0.4 WLSMV 74.69 86.84 75.63 58.20 87.22 59.37
s & 0.4 BAYES 92.70 93.60 92.49 92.30 94.20 93.70
a g 0.7 ML 92.40 94.00 93.10 93.50 94.50 93.10
9 0.7 ULSMV 89.10 93.20 89.20 92.00 94.50 89.40
o 0.7 WLSMV 86.29 92.20 86.29 86.90 93.60 85.50
0.7 BAYES 92.80 93.50 93.40 94.40 95.10 93.70
_ 0.4 ML 78.68 88.64 80.73 90.78 92.59 90.29
2 0.4 ULSMV 84.82 94.21 85.51 84.63 91.04 83.37
I 0.4 WLSMV 86.86 93.76 87.37 79.42 90.13 80.30
£ 0.4 BAYES 71.57 83.30 75.20 77.15 81.10 71.64
£ 0.7 ML 92.60 94.10 92.50 91.80 94.40 92.50
9 0.7 ULSMV 91.60 93.40 91.50 92.20 93.40 91.40
o 0.7 WLSMV 90.70 93.00 90.80 90.50 92.60 89.59
0.7 BAYES 93.70 94.60 94.40 94.30 95.60 95.30
0.4 ML 90.69 94.00 92.19 93.90 93.80 93.80
S 0.4 ULSMV 82.74 91.19 85.22 87.44 92.40 85.19
g 0.4 WLSMV 85.23 90.89 86.79 89.76 92.30 88.79
=~ 0.4 BAYES 95.40 94.80 96.00 95.60 94.90 96.10
5 0.7 ML 93.60 95.30 93.40 94.90 95.40 93.30
& 0.7 ULSMV 91.50 94.70 90.20 93.30 94.40 91.20
~ 0.7 WLSMV 92.10 94.30 91.40 94.10 94.40 91.90
0.7 BAYES 93.40 94.20 93.20 94.80 94.00 93.00
_ 0.4 ML 92.40 95.20 92.30 93.20 95.00 94.30
Pt 0.4 ULSMV 87.49 93.50 87.33 88.93 93.00 90.58
I 0.4 WLSMV 87.60 93.20 89.30 89.85 92.60 90.39
s & 0.4 BAYES 93.70 93.30 92.20 92.90 94.90 92.80
REN < 0.7 ML 94.30 94.00 95.20 92.90 95.10 94.00
o 0.7 ULSMV 92.70 94.30 94.40 94.60 94.00 94.60
e 0.7 WLSMV 92.50 93.70 94.30 94.00 93.80 94.10
0.7 BAYES 93.60 93.00 94.50 93.60 94.70 95.10
- 0.4 ML 93.67 95.00 92.56 93.00 94.40 93.50
2 0.4 ULSMV 94.07 94.29 92.41 92.08 93.40 91.86
I 0.4 WLSMV 94.95 93.99 93.08 90.88 93.30 91.47
£ 0.4 BAYES 81.20 80.70 75.48 79.50 87.50 76.30
£ 0.7 ML 92.60 94.20 93.00 93.40 93.60 91.70
o 0.7 ULSMV 94.10 94.70 93.80 94.80 93.80 93.70
e 0.7 WLSMV 93.80 94.40 93.20 94.00 93.20 92.80
0.7 BAYES 93.60 94.20 94.00 94.60 94.20 93.90
0.4 ML 93.40 94.80 93.70 93.60 93.40 94.80
S 0.4 ULSMV 90.17 93.60 90.08 91.30 92.80 91.70
g 0.4 WLSMV 90.57 93.60 91.18 91.80 92.40 92.60
=~ 0.4 BAYES 94.80 95.70 95.40 95.00 93.10 95.70
I 0.7 ML 95.50 95.10 95.10 95.20 94.70 94.40
& 0.7 ULSMV 94.40 94.80 93.50 92.90 93.80 94.10
S o 0.7 WLSMV 94.90 94.70 93.90 93.80 93.70 94.20
= 0.7 BAYES 95.10 95.10 94.40 95.00 93.80 95.00
I 0.4 ML 93.10 93.60 93.50 95.10 94.70 94.80
£ 0.4 ULSMV 91.78 92.50 90.70 93.30 93.80 92.90
2a 0.4 WLSMV 92.08 92.50 91.30 93.10 93.80 93.30
g 0.4 BAYES 93.70 94.80 93.90 94.90 94.30 94.30
£ 0.7 ML 96.20 94.60 93.80 94.10 94.30 95.00
o 0.7 ULSMV 96.00 94.10 93.30 94.90 93.60 94.40
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Sample

Size

Model

0.6)

2 factors (@

Mean Factor Estimation

Number of Items = 10

Number of Items = 20

Loading Method Left-Skewed  Normal  Right-Skewed Left-Skewed ~ Normal  Right-Skewed
0.7 WLSMV 95.70 94.10 93.60 94.80 93.60 94.20
0.7 BAYES 96.30 94.30 93.80 94.70 94.50 95.10
0.4 ML 95.50 94.50 95.30 94.20 95.00 93.30
0.4 ULSMV 94.78 94.00 94.58 93.30 95.00 93.10
0.4 WLSMV 94.58 94.00 93.88 92.90 94.80 92.90
0.4 BAYES 80.00 89.30 85.20 86.40 91.80 87.60
0.7 ML 92.10 94.70 94.50 91.70 93.50 91.80
0.7 ULSMV 94.30 95.40 95.80 94.50 94.50 95.50
0.7 WLSMV 93.90 95.10 95.70 94.10 94.40 95.70
0.7 BAYES 93.00 94.70 95.00 95.70 94.90 96.10




Appendix 7. Mean, maximum and minimum values of r-seb

Kilic, Uysal & Atar

2,3 o g Number of Items = 10 Number of Items = 20

g > e E = Left-Skewed Normal Right-Skewed Left-Skewed Normal Right-Skewed
2] = = Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min
200 0.4 ML 090 093 0.86 098 1.01 093 091 095 085 096 1.00 091 098 103 093 097 101 0.90
200 = 04 ULSMV 0.76 090 0.73 096 099 091 0.77 095 071 090 098 085 097 1.02 093 091 1.02 0.84
200 5 04 WLSMV 072 086 0.68 094 097 089 074 092 069 077 096 066 095 099 090 077 097 0.70
200 § 0.4 BAYES 094 1.19 088 1.02 124 093 096 123 0.88 1.00 135 094 1.00 1.06 0.90 1.01 137 0.93
200 E 0.7 ML 0.97 1.02 092 1.00 1.03 097 098 101 096 099 1.03 09 099 1.03 096 0.99 1.03 0.96
200 E 0.7 ULSMV 096 1.00 092 099 1.04 096 095 098 093 096 099 091 099 1.03 096 096 1.01 0.92
200 2 0.7 WLSMV 092 096 0.89 097 101 094 093 096 092 093 097 089 097 1.00 094 093 098 091
200 0.7 BAYES 096 1.03 0.89 098 1.03 094 098 103 095 098 1.07 093 097 1.00 093 098 1.10 0091
200 0.4 ML 0.73 0.78 0.69 0.89 094 085 076 0.78 0.70 0.88 094 0.83 095 1.00 092 0.89 0.95 0.83
200 = 04 ULSMV 0.77 096 0.69 086 092 082 075 095 0.66 0.73 091 066 092 097 08 0.73 091 0.68
200 I 04 WLSMV 0.74 093 0.66 086 091 082 075 091 065 060 0.75 0.55 0.90 096 087 0.60 074 054
200 \;-&/ 04 BAYES 1.09 227 079 109 180 091 1.08 210 080 105 206 086 1.02 154 093 1.03 212 086
200 S5 0.7 ML 095 097 092 099 1.02 096 096 1.00 093 098 1.04 094 099 104 096 099 1.02 096
200 & 07 ULSMV 094 097 092 098 101 095 095 098 091 095 1.00 089 099 1.02 095 096 1.02 093
200 o 0.7 WLSMV 0.89 0.92 0.86 097 101 095 092 095 089 088 092 0.83 097 101 093 090 094 0386
200 0.7 BAYES 099 121 092 097 1.09 091 101 1.18 090 1.00 1.14 094 097 1.04 094 1.00 121 0.93
200 0.4 ML 0.77 0.80 0.75 091 094 088 078 0.84 0.74 0.89 092 084 096 1.00 092 0.89 0.93 0.86
200 « 04 ULSMV 076 098 0.69 087 092 084 075 095 066 075 095 0.69 093 098 088 0.75 096 0.66
200 ? 0.4 WLSMV 0.74 095 0.67 086 091 0.83 074 095 067 062 087 054 091 096 0.87 0.63 0.84 0.56
200 & 04 BAYES 1.09 214 0.80 104 163 08 1.06 208 076 1.02 2.07 0.87 1.02 154 092 102 197 0386
200 £ 07 ML 0.98 1.02 091 098 1.01 093 096 1.00 094 098 1.02 094 099 1.03 096 098 1.03 091
200 5 0.7 ULSMV 095 099 091 097 100 091 095 097 093 094 098 090 098 101 096 095 098 0.89
200 & 07 WLSMV 093 098 088 096 099 091 092 095 087 091 096 087 096 099 093 092 095 0.86
200 0.7 BAYES 1.01 129 091 095 105 0.88 099 1.19 091 099 1.13 091 097 1.03 094 1.00 1.16 0093
200 0.4 ML 0.81 0.84 0.77 093 096 092 080 084 076 092 096 0.88 0.97 1.02 092 093 098 0.89
200 © 04 ULSMV 078 097 071 091 094 087 078 096 071 077 101 071 096 102 092 078 099 0.70
200 T 0.4 WLSMV 0.75 093 0.67 0.89 093 0.86 0.76 091 0.68 066 093 059 093 099 0.89 0.67 0.90 0.61
200 £ 04 BAYES 1.04 1.87 0.79 104 148 092 1.02 1.8 077 1.03 1.86 0.89 1.00 144 090 1.04 185 088
200 £ 07 ML 0.97 1.00 093 098 1.02 095 097 1.00 092 099 1.03 094 099 1.02 096 0.99 1.05 0.95
200 5 0.7 ULSMV 095 098 092 098 102 095 095 098 092 095 100 091 099 1.02 094 096 1.00 091
200 & 07 WLSMV 093 096 0.89 096 101 093 093 098 090 092 097 088 097 099 093 092 098 0.87
200 0.7 BAYES 099 124 092 095 1.02 091 099 1.17 092 100 1.18 095 098 1.03 094 1.00 123 0.94
500 0.4 ML 0.97 1.01 094 1.00 1.03 097 098 1.01 094 099 1.02 095 099 1.02 096 098 1.03 0.96
500 — 04 ULSMV 0.92 095 0.89 0.99 1.02 097 094 097 090 096 0.99 093 098 1.01 095 096 1.00 0.93
500 '5 0.4 WLSMV 094 097 091 098 1.02 096 094 097 090 095 099 092 097 1.00 0.94 095 099 0.92
500 § 0.4 BAYES 095 1.02 084 096 107 0.76 099 1.06 094 101 150 093 0.99 1.10 0.94 1.00 1.44 095
500 E 0.7 ML 1.00 1.06 0.97 1.00 1.04 097 099 1.03 097 1.00 1.03 097 1.00 103 096 101 106 0.96
500 E 0.7 ULSMV 099 1.04 096 100 1.04 097 098 1.0l 095 098 100 094 1.00 1.03 0.97 099 1.04 095
500 = 0.7 WLSMV 098 1.03 095 099 1.03 096 097 100 094 097 099 094 099 102 096 098 1.03 094
500 0.7 BAYES 096 1.00 081 096 1.03 0.79 095 099 090 096 1.02 084 098 1.02 0.85 097 1.02 0.85
500 0.4 ML 0.92 094 090 097 1.01 095 093 101 0.89 097 1.04 093 098 1.04 094 097 1.00 0.94
500 = 04 ULSMV 0.85 091 082 094 097 092 0.87 092 0.82 092 096 087 097 1.03 093 092 095 0.87
500 I 04 WLSMV 0.87 092 0.84 093 097 092 088 094 0.84 093 1.00 0.89 096 1.02 092 092 095 0.86
500 % 0.4 BAYES 1.10 1.76 091 1.03 131 093 1.10 173 091 1.02 170 093 1.0l 157 094 1.03 1.69 0.93
500 5 0.7 ML 1.00 1.03 097 1.00 1.08 0.95 099 1.03 09 1.00 1.05 095 1.00 1.05 096 1.00 1.05 0.96
500 & 0.7 ULSMV 098 1.02 095 099 1.08 094 098 102 095 098 1.03 093 099 104 095 098 102 093
500 <« 0.7 WLSMV 098 1.02 095 099 1.08 094 098 1.02 095 097 103 092 098 1.03 094 097 1.0l 093
500 0.7 BAYES 097 1.03 093 096 106 0.90 097 1.03 093 097 103 091 097 1.02 0.88 098 1.07 092
500 0.4 ML 094 097 091 098 1.00 094 097 1.02 095 097 1.0l 093 099 103 094 098 1.02 094
500 © 0.4 ULSMV 087 091 083 095 097 092 089 093 08 093 098 090 099 1.03 094 094 098 0.90
500 7 04 WLSMV 088 091 084 094 097 091 090 094 087 093 098 089 098 1.01 093 094 097 090
500 & 04 BAYES 1.09 1.64 090 1.02 133 091 1.09 1.66 090 1.02 166 091 101 145 091 1.04 158 092
500 £ 0.7 ML 0.98 1.01 095 1.01 1.05 098 098 1.00 096 1.01 1.06 097 1.01 1.05 096 0.99 1.03 0.95
500 g 0.7 ULSMV 097 1.00 095 100 1.03 096 098 1.00 095 098 103 092 1.00 104 095 097 1.00 0.95
500 & 0.7 WLSMV 097 099 094 099 1.04 096 097 099 094 097 1.03 092 099 1.03 095 096 099 093
500 0.7 BAYES 096 1.00 092 097 1.03 091 096 100 092 098 1.08 090 098 1.04 0.89 098 1.11 0091
500 0.4 ML 0.96 098 094 099 1.01 097 095 1.00 092 098 1.04 095 099 1.03 096 098 1.01 0.93
500 & 0.4 ULSMV 090 095 085 097 099 094 089 093 0.84 093 100 089 098 102 095 095 098 0.90
500 ? 04 WLSMV 089 094 085 096 098 093 0.89 093 084 093 100 088 097 1.01 094 094 097 089
500 & 04 BAYES 1.04 144 092 1.02 132 092 1.04 144 089 1.02 149 093 1.00 1.24 091 1.02 146 0.92
500 £ 07 ML 099 1.03 096 101 1.05 098 099 1.04 095 1.02 1.08 097 1.0l 106 099 101 1.05 098
500 3 0.7 ULSMV 098 1.03 096 101 1.04 098 098 1.02 094 099 105 095 1.01 105 097 098 1.02 094
500 o 0.7 WLSMV 097 1.03 094 100 1.03 097 097 102 093 098 1.04 094 100 1.04 096 097 101 094
500 0.7 BAYES 097 1.01 091 097 1.01 092 097 105 092 099 1.13 092 098 1.04 091 099 1.08 0.93
1000 0.4 ML 0.97 1.01 094 099 1.04 096 099 1.03 095 1.01 1.04 098 1.00 1.03 095 099 1.03 097
1000 - 04 ULSMV 095 099 093 098 1.03 096 097 1.01 094 099 1.03 096 099 103 095 098 1.02 095
1000 5 04 WLSMV 095 098 092 098 1.03 095 097 1.0l 094 099 102 096 099 1.02 095 097 101 094
1000 § 0.4 BAYES 093 097 074 095 1.04 0.71 095 100 0.82 100 108 095 097 1.05 0.83 097 1.02 093
1000 £ 0.7 ML 1.00 1.02 098 1.01 104 095 1.00 1.02 097 101 106 095 100 1.04 097 1.01 1.05 097
1000 TE’ 0.7 ULSMV 099 1.02 097 100 103 095 098 1.01 096 099 103 093 1.00 1.04 0.97 099 1.03 0.96
1000 2 0.7 WLSMV 099 1.01 096 100 1.03 094 097 100 096 098 102 092 100 104 097 099 103 0095
1000 0.7 BAYES 095 100 078 096 101 0.80 094 1.03 080 098 103 086 0.97 1.06 0.78 098 1.05 0.90
1000 £ 0.4 ML 098 1.02 094 098 1.00 093 097 1.00 093 099 1.0l 096 1.01 105 097 099 1.06 0.96
1000 £:04 ULSMV 091 094 087 096 099 092 092 094 089 097 099 093 100 1.04 097 097 1.04 0094
1000 g 0.4 WLSMV 092 095 088 096 0.99 091 092 095 0.89 096 099 093 1.00 1.04 096 097 1.03 0.94
1000 ~ 04 BAYES 1.04 126 094 100 1.13 092 1.03 137 093 098 121 092 1.0l 121 095 100 131 092
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2, 3 O B Number of Items = 10 Number of Ttems = 20

g % = E g Left-Skewed Normal Right-Skewed Left-Skewed Normal Right-Skewed
2] = = Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min Mean Max Min
1000 0.7 ML 1.00 1.03 096 1.01 1.03 097 100 104 096 101 105 095 1.00 1.04 096 1.02 1.08 098
1000 0.7 ULSMV 1.00 1.03 096 1.00 1.02 0.97 099 104 095 100 104 093 1.00 1.04 095 1.00 1.04 0.96
1000 0.7 WLSMV 1.00 1.03 096 1.00 1.02 097 099 104 095 099 1.03 093 099 1.03 095 0.99 1.04 0.96
1000 0.7 BAYES 097 1.02 087 097 1.06 093 097 101 093 095 106 079 097 1.04 0.84 097 1.13 0.84
1000 0.4 ML 097 1.01 095 099 101 096 099 1.02 097 098 1.02 095 1.00 1.03 095 099 1.03 095
1000 @ 04 ULSMV 093 096 090 097 100 095 094 096 092 096 099 093 099 102 096 097 1.01 093
1000 T 04 WLSMV 093 096 090 097 0.99 094 095 097 092 096 099 093 099 1.02 095 096 1.01 0.92
1000 & 04 BAYES 1.04 127 095 1.00 1.13 092 105 142 093 097 118 09 1.00 1.1l 096 0.99 138 0.90
1000 £ 0.7 ML 1.00 1.02 096 1.01 1.07 096 101 1.04 097 101 107 096 099 1.04 096 1.01 1.07 095
1000 5 0.7 ULSMV 099 102 096 1.00 106 0.95 1.00 103 097 099 1.04 094 099 1.03 095 099 1.05 0.94
1000 & 0.7 WLSMV 099 101 096 1.00 1.06 095 100 103 097 099 105 093 098 1.03 095 099 105 0093
1000 0.7 BAYES 097 1.05 091 097 1.02 090 097 105 093 095 104 079 096 1.04 0.83 097 1.13 0.85
1000 0.4 ML 097 1.00 094 099 1.03 097 097 1.02 093 1.00 1.03 097 099 104 097 100 1.04 094
1000 © 04 ULSMV 094 097 091 098 102 096 094 098 090 098 1.02 095 099 1.03 096 098 1.02 0.94
1000 ? 04 WLSMV 094 097 091 098 1.01 095 094 098 090 097 101 095 098 1.02 096 098 1.02 0.94
1000 & 04 BAYES 1.02 123 091 1.01 1.13 096 101 132 089 099 120 092 1.00 1.10 095 1.00 123 0.92
1000 £ 0.7 ML 1.01 1.04 095 1.02 1.05 099 100 1.04 095 101 103 09 1.00 1.02 097 1.01 1.03 0.99
1000 5 0.7 ULSMV 1.00 103 093 1.02 105 098 099 103 095 100 103 095 100 1.03 097 099 1.03 095
1000 & 0.7 WLSMV 1.00 103 093 101 105 098 099 1.02 094 099 103 094 1.00 102 096 099 1.02 0095
1000 0.7 BAYES 099 1.08 090 098 1.08 090 096 103 0.85 095 1.02 081 097 1.03 0.82 097 1.08 0.85
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Appendix 8. r-seb values of interfactor correlations

20 T M N Number of Items = 10 Number of Items = 20
g ean Factor Estimation
E 2 zo Loading Method Left-Skewed  Normal Right-Skewed Left-Skewed ~ Normal Right-Skewed
0.4 ML 0.62 0.84 0.67 0.85 0.93 0.84
S 0.4 ULSMV 0.58 0.70 0.59 0.53 0.79 0.51
g 0.4 WLSMV 0.56 0.68 0.58 0.34 0.77 0.34
e 0.4 BAYES 1.23 1.10 1.28 1.15 1.05 1.13
g 0.7 ML 0.97 0.99 1.01 0.99 1.05 0.99
& 0.7 ULSMV 0.85 0.96 0.87 0.85 0.98 0.86
~ 0.7 WLSMV 0.61 0.94 0.62 0.54 0.96 0.55
0.7 BAYES 0.98 0.99 1.00 0.98 0.99 0.99
- 0.4 ML 0.67 0.88 0.70 0.83 0.94 0.89
Pt 0.4 ULSMV 0.59 0.77 0.61 0.53 0.83 0.56
I 0.4 WLSMV 0.56 0.76 0.58 0.35 0.81 0.34
s £ 0.4 BAYES 1.18 1.06 1.16 1.07 1.10 1.13
3 4 0.7 ML 0.96 0.96 0.96 0.98 1.00 0.97
9 0.7 ULSMV 0.86 0.94 0.87 0.90 0.99 0.88
o 0.7 WLSMV 0.72 0.93 0.71 0.77 0.97 0.74
0.7 BAYES 0.96 0.96 0.96 0.98 1.01 0.97
_ 0.4 ML 0.77 0.91 0.80 0.89 0.93 0.84
2 0.4 ULSMV 0.67 0.95 0.67 0.53 0.92 0.56
I 0.4 WLSMV 0.65 0.93 0.69 0.44 0.89 0.47
£ 0.4 BAYES 0.98 1.08 0.95 1.12 1.12 1.09
£ 0.7 ML 0.97 1.00 0.98 0.97 0.99 0.97
9 0.7 ULSMV 0.95 1.00 0.96 0.92 0.98 0.93
o 0.7 WLSMV 0.91 0.98 0.94 0.88 0.96 0.90
0.7 BAYES 1.01 1.01 1.03 1.01 1.00 1.01
0.4 ML 0.85 0.95 0.90 0.97 0.97 0.94
S 0.4 ULSMV 0.68 0.86 0.72 0.81 0.91 0.78
g 0.4 WLSMV 0.70 0.86 0.75 0.83 0.90 0.77
e 0.4 BAYES 1.06 1.01 1.12 1.06 1.01 1.04
5 0.7 ML 0.96 1.00 0.96 0.99 1.05 0.94
& 0.7 ULSMV 0.91 0.98 0.90 0.97 0.99 0.90
~ 0.7 WLSMV 0.92 0.97 0.90 0.96 0.98 0.90
0.7 BAYES 0.95 0.97 0.94 0.99 0.99 0.93
_ 0.4 ML 0.91 0.99 0.94 0.95 0.98 0.96
Pt 0.4 ULSMV 0.77 0.92 0.77 0.84 0.93 0.86
I 0.4 WLSMV 0.78 0.92 0.80 0.86 0.92 0.86
s & 0.4 BAYES 1.13 1.07 1.07 1.06 1.02 1.05
0 £ 0.7 ML 0.99 0.96 1.02 0.99 1.01 1.03
o 0.7 ULSMV 0.96 0.95 0.99 0.99 1.00 1.00
e 0.7 WLSMV 0.96 0.95 0.98 0.98 0.99 0.99
0.7 BAYES 0.98 0.93 1.00 0.98 0.99 1.01
- 0.4 ML 1.00 0.98 0.95 0.91 1.00 0.95
2 0.4 ULSMV 0.92 0.96 0.89 0.84 1.00 0.91
I 0.4 WLSMV 0.92 0.95 0.90 0.83 0.99 0.90
£ 0.4 BAYES 1.13 1.11 1.08 1.10 1.13 1.11
£ 0.7 ML 0.99 1.00 0.99 1.01 1.01 1.00
3 0.7 ULSMV 0.99 1.01 0.99 0.99 1.01 0.98
e 0.7 WLSMV 0.98 1.00 0.97 0.98 1.00 0.96
0.7 BAYES 0.99 0.97 0.99 1.01 1.02 0.99
0.4 ML 0.94 0.99 0.97 0.96 0.95 0.98
S 0.4 ULSMV 0.83 0.94 0.85 0.89 0.92 0.91
g 0.4 WLSMV 0.84 0.94 0.87 0.90 0.91 0.91
~ 0.4 BAYES 1.02 1.03 1.08 1.02 0.95 1.04
I 0.7 ML 1.03 0.99 0.98 1.01 1.03 0.98
& 0.7 ULSMV 0.99 0.99 0.97 0.97 0.99 0.97
=3 S 0.7 WLSMV 0.99 0.98 0.97 0.97 0.98 0.97
= 0.7 BAYES 1.02 0.99 0.98 1.02 0.98 0.98
I 0.4 ML 0.96 0.97 0.95 1.00 1.00 0.99
& 0.4 ULSMV 0.88 0.95 0.87 0.95 0.98 0.93
2a 0.4 WLSMV 0.89 0.94 0.88 0.95 0.97 0.93
£ 0.4 BAYES 1.05 1.03 1.04 1.06 1.00 1.04
&£ 0.7 ML 1.06 0.98 1.00 1.00 1.01 1.03
o 0.7 ULSMV 1.04 0.98 0.98 0.99 1.00 1.00
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Sample

Size

Model

0.6)

2 factors (@

Mean Factor Estimation

Number of Items = 10

Number of Items = 20

Loading Method Left-Skewed  Normal Right-Skewed Left-Skewed  Normal Right-Skewed
0.7 WLSMV 1.04 0.97 0.98 0.98 1.00 0.99
0.7 BAYES 1.05 0.98 1.00 1.00 1.00 1.03
0.4 ML 1.00 0.97 1.03 0.99 1.02 0.96
0.4 ULSMV 0.96 0.95 0.98 0.96 1.03 0.94
0.4 WLSMV 0.96 0.95 0.98 0.96 1.03 0.94
0.4 BAYES 1.08 1.05 1.14 1.10 1.08 1.08
0.7 ML 0.96 1.01 1.02 1.02 1.01 1.03
0.7 ULSMV 0.95 1.01 1.03 1.00 1.01 1.03
0.7 WLSMV 0.95 1.00 1.02 0.99 1.01 1.02
0.7 BAYES 0.95 1.00 1.01 1.02 1.01 1.04




