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The effect of sample size in exploratory factor analysis with ordinal data was 

explored by a simulation study which investigated factor recovery under different 

settings of estimation methods, number of factors, number of items per factor, 

magnitude of primary loadings, and sample size. Factor recovery was measured by 

congruence coefficient, root mean squared deviation, general pattern accuracy, total 

pattern accuracy, and per element accuracy.  

The results suggested the factor recovery was very similar for diagonally weighted 

least squares and unweighted least squares across all of the simulation conditions. 

Better factor recovery was associated with a smaller number of factors, a larger number 

of items per factor, higher primary loadings, and a larger sample size. The number of 

factors, number of items per factor, and sample size had a small effect on factor 

recovery when the primary loadings were high and became important determinants 

when the primary loadings were medium. Small sample size was sufficient for a good 

congruence coefficient as long as the primary factor loadings were high. However, 

larger sample size was required when the factor loadings were medium and the sample 
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size requirement was influenced by the number of factors and the number of items per 

factor.   

Sample size recommendations were made based on the findings in the present 

study. A sample size of 200 resulted in a good congruence coefficient for all of the 

conditions with 2 factors and for all of the conditions with 4 and 6 factors when the 

primary loadings were large. However, a larger sample size was needed with medium 

primary factor loadings: for four factors a sample size 200 was sufficient for 14 items per 

factor and a sample size 600 was sufficient for 7 items per factor. For 6 factors, no 

sample sizes in the range of 200 to 800 produced a good congruence coefficient. 
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CHAPTER 1 
INTRODUCTION AND LITERATURE REVIEW 

Background 

Items used on tests and questionnaires in social science typically have ordered-

categorical response formats, and factor analysis (FA) and the item response theory 

(IRT) are often used for modeling data collected by using this type of item response. In 

factor analysis, appropriate sample size is always an important issue in order to obtain 

acceptable factor recovery.  

Several early studies provided recommendations about minimum sample size in 

factor analysis: 200 observations by Guilford (1954), 200-500 by Comrey and Lee 

(1973), 50 to 200 by Gorsuch (1983), and 200-250 by Cattell (1978). Other researchers 

suggested sample size based on the ratio between sample size and number of items: 

3:1 to 6:1 by Cattell (1978), at least 10:1 by Everitt (1975), and 20:1 by Hair, Anderson, 

Tatham, and Black (1979). However, Arrindell and Van der Ende (1985) found out the 

rules for sample size, whether in terms of the minimum sample size or minimum ratio of 

sample size to number of items, could not be generalized to different assessments 

when principal component analysis was used. The Fear Survey Schedule (FSS-III) 

assessment contained 76 items and the Marks and Matthew Fear Questionnaire (FQ) 

had 20 items. Arrindell and Van der Ende reported that the minimum ratio of sample 

size to number of items was 1.3:1 for FSS-III and was 3.9:1 for FQ, and the respective 

minimum sizes were 100 and 78 for the two assessments. MacCallum, Widaman, 

Zhang, and Hong (1999) claimed that absolute rules of minimum sample size or 

minimum ratios were not appropriate because the factor analysis solution can be 

improved by increasing sample size, larger factor loadings (or communality), or stronger 



 

13 
 

overdetermination of factors (number of items per factor), and the necessary sample 

size was influenced by the magnitude of factor loadings (or communality) and the 

degree of overdetermination of the factors. Conclusions in MacCallum et al. (1999) were 

drawn from exploratory factor analysis (EFA) with continuous data. Similar results were 

also found in other simulation studies in EFA with continuous data (de Winter, Dodou, & 

Wieringa, 2009; Guadagnoli & Velicer, 1988; Hogarty, Hines, Kromrey, Ferron, & 

Mumford, 2005; MacCallum et al., 1999; MacCallum, Widaman, Preacher, & Hong, 

2001).  

The variables influencing factor recovery in CFA with ordinal data have been 

thoroughly investigated. These variables include sample size, magnitude of factor 

loadings, overdetermination of factors, number of categories, degree of skewness of the 

ordinal data, number of factors, estimation methods, interfactor correlation, and their 

interactions (Beauducel & Herzberg, 2006; Boulet, 1996; DiStefano, 2002; Flora & 

Curran, 2004; Forero & Maydeu-Olivares, 2009; Foreo, Maydeu-Olivares, & Gallardo-

Pujol, 2009; Gagné & Hancock, 2006; Muthén, du Toit, & Spisic, 1997; Nye and 

Drasgow, 2011; Oranje, 2003; Parry & McArdle, 1991; Rhemtulla, Brosseau-Liard, and 

Savalei, 2010; Rigdon & Ferguson, 1991; Wirth & Edwards, 2007; Yang-Wallentin, 

Jöreskog, & Luo, 2010). However, similar research in EFA for ordinal data is very 

limited and only a few have been found (Sass, 2010). Therefore, the present study 

examined how factor recovery quality of EFA with ordinal data was affected by variables 

significantly influencing the quality of CFA with ordinal data and EFA with continuous 

data in the previous studies. In the present study, the impact of number of factors, 
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number of items per factor, magnitude of primary factor loading, sample size, estimator, 

and their interactions were investigated.  

Modeling Ordinal Data in FA and IRT 

The FA model implies a hypothesis that the observed covariance matrix for a set 

of measured variables is equal to the covariance matrix implied by a hypothesized 

model. This relationship can be stated as  

   ( ) (1-1) 

where   represents the population covariance matrix of a set of observed variables and 

 ( ) represents the population covariance matrix as a function of  , a vector of model 

parameters. In factor analysis with continuous observed variables, the model implied 

covariance matrix is related to the model parameters described as following 

 ( )         (1-2) 

where   is the matrix of factor loadings,   is a matrix of variances and covariance 

among latent factors, and   is the variance and covariance matrix of measurement 

errors. The assumptions for factor analysis specify that the measurement errors and 

latent factors are uncorrelated and measurement errors are uncorrelated. Therefore   is 

a diagonal matrix.  

Maximum likelihood (ML) is the most popular method to estimate the model 

parameters with assumptions that the observed variables are continuous and follow a 

multivariate normal distribution. However, many data in educational and psychological 

research are ordinal or do not follow a multivariate normal distribution. Theoretical and 

empirical research shows that ML does not perform well especially when the number of 

observed categories for ordinal items is five or fewer. The alternative approaches for 
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analyzing ordinal data include least square methods using the polychoric correlation 

matrix. 

A polychoric correlation is the correlation between the two latent continuous 

variables, each of which underlies an observed ordinal variable. The latent continuous 

variables are assumed to be bivariate normal with zero means and unit variances. The 

three least squares methods are Weighted Least Squares (WLS; Muthén, 1978, 1984), 

Diagonal Weighted Least Squares (DWLS; Muthén et al., 1997), and Unweighted Least 

Squares (ULS; Muthén, 1993).  

Application of WLS, DWLS, and ULS involves a two-step estimation procedure. 

First, polychoric correlations and their asymptotic covariance matrix   are estimated. 

Secondly, the model parameters   and   are estimated by minimizing the fit function 

  [   ( )]    [   ( )] (1-3) 

where   is a vector of sample polychoric correlations,   is the positive definite weight 

matrix, and  ( ) is the model implied vector of population elements in  ( ). The 

different choices of weight matrix   lead to three different least squares methods.  

WLS:        (1-4) 

DWLS:   (      )   (1-5) 

ULS:     (1-6) 

The main differences between these weight matrices are that the weight matrices for 

DWLS and ULS are diagonal, whereas the weight matrix for WLS is the inverse of the 

full matrix  . 

In addition to the three least squares methods, ML applied to polychoric correlation 

(ML_PC) is another option in FA to analyze ordinal data. 
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Modeling ordinal data in IRT framework does not rely on the correlations between 

observed variables but generally on the observed raw data. Marginal Maximum 

Likelihood via the Expectation-Maximization algorithm (MML/EM; Bock & Aitkin, 1981; 

Bock, Gibbons, & Muraki, 1988) is one of the most common methods.  

In the present study, the estimation methods suitable for ordinal data, such as 

ML_PC, WLS, DWLS, ULS, and MML/EM, are of our interest. The following literature 

review focuses on the studies related to these estimators. 

Finding from Past Studies 

The literature review focuses on three areas: CFA with ordinal data, EFA with 

continuous data, and EFA with ordinal data. It summarizes findings about the variables 

that affect factor recovery in FA. The summary is organized in terms of the analysis type 

(EFA vs. CFA) and data type (continuous vs. ordinal). Details about simulation 

conditions in the literature I reviewed are presented in Tables 1-1 to 1-10.  

Variables Influence Factor Recovery in CFA with Ordinal Data 

The variables that influence factor recovery in CFA with ordinal data include 

estimation method, sample size, magnitude of factor loadings, overdetermination of 

factors, number of categories, number of factors, skewness of the ordinal data, and 

interactions of  estimation method with sample size, number of categories, model 

complexity, and magnitude of interfactor correlations. Factor recovery is measured by 

multiple indices of loading estimation accuracy, such as relative bias, relative bias of 

standard errors, root mean square error (RMSE), the discrepancy index, and the 

absolute difference between loading estimates and population loadings. 
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Effect of sample size and its interaction with estimation method 

Several studies found that increasing sample size usually improved factor loading 

estimation in WLS, ULS, DWLS, ML_PC, and MML/EM. For ML_PC, a larger sample 

size decreased relative bias (Oranje, 2003; Rigdon & Ferguson, 1991; Yang-Wallentin 

et al., 2010), RMSE (Oranje, 2003; Yang-Wallentin et al., 2010), absolute difference 

between loading estimates and population loadings (Oranje, 2003), and RMSE of the 

standard errors of loading estimates (Yang-Wallentin et al., 2010). For MML/EM, 

relative bias (Forero & Maydeu-Olivares, 2009) and RMSE were improved by a larger 

sample size (Boulet, 1996; Forero & Maydeu-Olivares, 2009). For WLS, increasing 

sample size improved the relative bias (DiStefano, 2003; Flora & Curran, 2004; Oranje, 

2003; Rigdon & Ferguson, 1991; Yang-Wallentin et al., 2010), the RMSE (Yang-

Wallentin et al., 2010), the absolute difference between loading estimates and 

population loadings (Oranje, 2003), the relative bias of the standard errors of loading 

estimates (DiStefano, 2003; Flora & Curran, 2004), and the RMSE of the standard 

errors of loading estimates (Yang-Wallentin et al., 2010). For DWLS, larger sample size 

reduced relative bias (Flora & Curran, 2004; Foreo et al., 2009; Muthén et al., 1997; 

Orangje, 2003; Rigdon & Ferguson, 1991; Yang-Wallentin et al., 2010), RMSE (Yang-

Wallentin et al., 2010), relative bias of the standard errors of loading estimates (Flora & 

Curran, 2004; Muthén et al., 1997), RMSE of the standard errors of loading estimates 

(Yang-Wallentin et al., 2010), standard errors of loading estimates (Beauducel & 

Herzberg, 2006), and absolute difference between estimated loadings and population 

loadings (Oranje, 2003). For ULS, increasing the sample size yielded decreased relative 

bias (Forero & Maydeu-Olivares, 2009; Foreo et al., 2009; Rigdon & Ferguson, 1991; 

Yang-Wallentin et al., 2010), RMSE (Boulet, 1996; Forero & Maydeu-Olivares, 2009; 
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Yang-Wallentin et al., 2010), RMSE of standard errors of loading estimates (Yang-

Wallentin et al., 2010), and discrepancy index of factor loading estimates (Parry & 

McArdle,1991). However, sample size had a stronger effect on standard errors than on 

means of loading estimates in DWLS (Beauducel & Herzberg, 2006) and had stronger 

effect on relative bias of standard errors than on relative bias of loading estimates ( 

Muthén et al., 1997). The sample size required for accurate estimation using WLS was 

larger than for DWLS (Wirth & Edwards, 2007), MML/EM (Wirth & Edwards, 2007), and 

ULS (Parry & McArdle, 1999).  

Increasing sample size improved the convergence rate in MML/EM (Forero & 

Maydeu-Olivares, 2009), ML_PC (Rigdon & Ferguson, 1991), WLS (Parry & McArdle; 

1991), DWLS (Foreo et al., 2009), and ULS (Forero & Maydeu-Olivares, 2009; Foreo et 

al., 2009). Also the improper solution rate in ML_PC, ULS, DWLS, and WLS were 

reduced by using larger sample sizes (Rigdon & Ferguson, 1991). The percentage of 

the improper factor loading estimates of MML declined with increasing sample size 

(Boule, 1996). 

Effect of factor loadings 

Research results suggested that larger factor loadings yielded better factor loading 

estimation in MML/EM (Forero & Maydeu-Olivares, 2009), ULS (Forero & Maydeu-

Olivares, 2009; Parry & McArdle, 1991), and WLS (Parry & McArdle, 1991).  

Effect of overdetermination of factors and its interaction with estimation method 

Stronger overdetermination of factors was associated with more accurate factor 

loading estimation in MML/EM (Boulet, 1996; Forero & Maydeu-Olivares, 2009), ULS 

(Boulet, 1996; Forero & Maydeu-Olivares, 2009), ML_PC (Oranje, 2003), and DWLS 

(Oranje, 2003). Forero and Maydeu-Olivares (2009) and Foreo et al. (2009) found that 
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stronger overdetermination improved the convergence rate in MML/EM, DWLS, and 

ULS. Boulet (1996) indicated the percentage of the improper loading estimates in 

MML/EM and the actual number of the improper loading estimates in ULS was 

decreased substantially by stronger overdetermination. 

Boulet (1996) found that the effect of overdetermination was not different in 

MML/EM and ULS. 

Effect of number of response categories in item response and its interaction with 
estimation methods 

The effect of number of categories in the item response format on factor loading 

estimation varies among estimation methods. Increasing the number of categories 

improved estimation accuracy in MML/EM and ULS (Forero & Maydeu-Olivares, 2009), 

but had little effect in WLS (Flora & Curran, 2004) and DWLS (Beauducel & Herzberg, 

2006). Flora and Curran (2004) indicated that overall improper solution rates in WLS 

were greater with two response categories than with five. According to Yang-Wallentin 

et al. (2010), nonconvergence of ML_PC, WLS, DWLS, and ULS seemed to decrease 

with increasing number of categories but this was not true for the relative bias and 

RMSE of loading estimates and its standard errors. Rhemtulla et al. (2010) found that 

both convergence failures and improper solutions of ULS occurred most frequently with 

2 categories and declined as the number of categories increased. ULS had largely 

accurate estimates with 2 to 4 categories and remained accurate with 5-7 categories.   

Effect of degree of non-normality of ordinal data 

Ordinal data usually are non-normal but some previous studies generated ordinal 

data that were approximately normally distributed (Beauducel & Herzberg, 2006; 

DiStefano, 2002; Flora & Curran, 2004; Forero & Maydeu-Olivares, 2009). Three 



 

20 
 

different methods were used to manipulate the degree of non-normality of ordinal data: 

using thresholds on normally distributed continuous variables (DiStefano, 2002; Rigdon 

& Ferguson, 1991); categorizing continuous data with zero to moderate non-normality 

by the same set of thresholds (Flora & Curran, 2004); and controlling the percentage of 

endorsement on the items (Forero & Maydeu-Olivares, 2009; Parry & McArdle, 1991). 

Many researchers found that that compared to ordinal data that were 

approximately normally distributed, more severely non-normal ordinal data introduced 

more bias in loading estimates and their standard errors in MML/EM (Forero & Maydeu-

Olivares , 2009), ML_PC (Rigdon & Ferguson, 1991), WLS (DiStefano, 2002; Flora & 

Curran, 2004; Parry & McArdle, 1991; Rigdon & Ferguson, 1991), ULS (Forero & 

Maydeu-Olivares, 2009; Foreo et al., 2009; Parry & McArdle, 1991; Rigdon & Ferguson, 

1991), and DWLS (Flora & Curran, 2004; Foreo et al., 2009; Muthén et al., 1997; 

Rigdon & Ferguson, 1991). The RMSE of loading estimates in MML and ULS increased 

with the skewness of the latent distribution (Boulet, 1996). However, Flora and Curran 

(2004) indicated that standard errors in WLS and DWLS were more biased as function 

of increasing model size and decreasing sample size but were not systematically 

affected by the non-normality of the continuous variables. The contradiction reflects the 

varying amount of non-normality in these studies. The ordinal data in Flora and Curran 

(2004) had skewness and kurtosis that did not substantially deviate from the skew 

     and kurtosis      of normal data:  the maximum skewness was 0.49 and 

maximum kurtosis was 3.39. However, the non-normality was more severe in the other 

studies, such as skewness of 2.3 and kurtosis of 5.5 in DiStefano (2002), high 

skewness in Rigdon and Ferguson (1991), 10% of endorsement in dichotomous items 
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in Forero and Maydeu-Olivares (2009), 80% or 90% endorsement in dichotomous items 

in Parry and McArdle (1991). 

Increased non-normality of ordinal data reduced the convergence rate in MML/EM 

and ULS (Forero & Maydeu-Olivares, 2009). Highly skewed ordinal response data 

caused both nonconvergent and improper solutions to occur commonly in ML_PC, 

WLS, ULS, DWLS (Rigdon & Ferguson, 1991). However, Flora and Curran (2004), who 

generated the ordinal variables by categorizing non-normally distributed continuous 

data, suggested that the variation in convergence rate in WLS was not systematically 

associated with the degree of nonnormality of the continuous data. This is likely due to 

the fact that the ordinal variables were not strongly nonnormal in Flora and Curran.  

Effect of estimation method 

Several studies compared different estimation methods under different simulation 

conditions and some results relevant to this dissertation have been found. Forero and 

Maydeu-Olivares (2009) and Foreo et al. (2009) investigated the performance of 

MML/EM vs. ULS and the performance of DWLS vs. ULS with the same simulation 

design. Estimation by ULS and MML/EM was comparable, with ULS yielding slightly 

more accurate loading estimates and MML/EM slightly more accurate standard errors 

(Forero & Maydeu-Olivares, 2009). ULS outperformed DWLS slightly in loading 

estimation accuracy in terms of relative bias of loading estimates and their standard 

errors (Foreo et al., 2009). Neither method generated adequate loading estimates with 

relative bias less than 10% under conditions with small number of items per factor, 

binary items, low factor loading around 0.4, skewness larger than 1.5, and small sample 

size around 200. The estimation accuracy of DWLS was close to that of MML/EM (Wirth 

& Edwards, 2007). The loading estimates in DWLS were close to those from ML_PC in 
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Oranje (2003), when 60% of the items had a 2-category response format, 20% had a 3-

category response format and 20% had a 5-category response format. Rigdon and 

Ferguson (1991) compared the performance of WLS, DWLS, ULS, and ML_PC. For 

each population loading, mean square error (MSE) of the estimates from each 

estimation method over all sample sizes were calculated and were ranked from smallest 

to largest. The sums of ranks over eight loadings were ordered from smallest to largest: 

WLS, DWLS, ML_PC and ULS. However, the relative performance of ML_PC was 

improved to match that of the WLS with increasing sample size so that with a sample 

size of 500, the methods were ranked as ML_PC, WLS, DWLS and ULS. When the 

latent distribution was normal, the loading estimates from ULS were more accurate and 

more stable than those from MML/EM (Boulet, 1996). Yang-Wallentin et al. (2010) 

compared the performance of WLS, DWLS, ULS, and ML_PC. The results indicated 

that the estimation accuracy of ULS, DWLS, and ML_PC were better than WLS in terms 

of the relative bias and RMSE of the loading estimates and their standard errors. In 

general, the performance of ULS, DWLS, and ML_PC were similar over all conditions. 

ULS loading estimates had significantly better relative bias than those from DWLS 

under majority cases and had better relative bias of loading estimates than those from 

ML_PC under some cases. Forero and Maydeu-Olivares (2009) found convergence 

rates for MML/EM and ULS were satisfactory (98.3% for MML/EM and 96.5% for ULS). 

Both methods had unacceptable convergence rates (i.e., less than 80% on average) 

when the number of items per factor was 3, skewness was greater than 1.5, and sample 

size was 200. Foreo et al. (2009) found that DWLS slightly but generally outperformed 

ULS in convergence rates: the average convergence rates across the 324 simulation 
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conditions were 97.4% for DWLS and 96.4% for ULS. Flora and Curran (2004) indicated 

that unlike the WLS, the likelihood of an improper solution or convergence difficulty was 

near zero with DWLS, even with a complex model and small sample size 100. In Rigdon 

and Ferguson (1991), the number of improper solutions produced by ML_PC (18.9%) 

was larger than the sum of improper solutions produced by ULS, DWLS and WLS 

(1.6%). Flora and Curran (2004), Oranje (2003), and Parry and AcArdle (1991) agreed 

that large models and small sample sizes often led to convergence problems in WLS. 

According to Rhemtulla et al. (2010), ML produced more convergence problems than 

ULS but ULS generated a greater number of improper solutions. Maydeu-Olivares 

(2001) suggested that when modeling categorical data the performance of DWLS and 

ULS was similar.   

Effect of interfactor correlation and its interactions with estimation method 

Forero and Maydeu-Olivares (2009) indicated that interfactor correlation had 

different effects on factor loading estimation in MML/EM and ULS. Accuracy of loading 

estimates and standard errors in ULS were unaffected by the magnitude of the 

interfactor correlations (0.2 and 0.6) whereas estimation accuracy was reduced in 

MML/EM as the magnitude of the correlations decreased.  

Effect of number of factors 

Beauducel and Herzberg (2006) studied the effect of number of factors (four 

levels: 1, 2, 4, and 8) and concluded that it had extremely small effect on accuracy of 

factor loading and standard error estimation in DWLS.   

Effect of model size and its interaction with estimation method 

The model size or the complexity of the model includes the number of factors and 

the number of items. Previous studies indicated that performance of WLS was reduced 



 

24 
 

significantly by a large model size. Flora and Curran (2004) investigated WLS and 

DWLS in models with four different levels of complexity (1 factor with 5 items, 1 factor 

with 10 items, two correlated factors with 5 items per factor, 2 correlated factors with 10 

items per factor). The model size had a strong effect on WLS but almost no effect on 

DWLS. The increased model size not only caused more biased factor loading estimates 

in WLS but also prevented converged solutions in the most complex model with a 

sample size of 100. Oranje (2003) also showed that in models with more factors (1 vs. 

3), stronger overdetermination (5, 10, or 15 items per factor) produced less accurate 

estimates or stopped WLS from yielding loading estimates because the number of 

parameters was too large for the sample size. Wirth and Edwards (2007) compared the 

estimated factor loadings obtained from WLS and DWLS under two models (a simple 

model with one factor and 10 items and a complex model with four factors and 40 items) 

and a sample size of 1000. Loading estimates obtained from DWLS were always close 

to the population value regardless of model size while estimates obtained from WLS 

were affected by the model size: loading estimates for the complex model showed more 

discrepancy from the population values than did those for the simple model. Yang-

Wallentin et al. (2010) found out that the relative bias and RMSE of loading estimates 

from ML_PC, WLS, DWLS, and ULS increased from a model with 2 factors and 6 items 

to a more complex model with 4 factors and 16 items.  

Variables that Influence Factor Recovery in EFA with Continuous Data 

In EFA, factor recovery concerns how closely the estimated factor loading matrix 

approximates the population matrix or the extent to which all items have estimated high 

loadings on the correct primary factor and low cross-loadings on the secondary factors 

as shown in the population factor loading matrix. The accuracy indices for the loading 
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matrix include congruence coefficient (indicated as   ), mean factor score correlation 

coefficient (indicated as mean FSC), g2, V, and pattern accuracy. 

The congruence coefficient measures the congruence between the sample and 

population factor loadings for one factor. A larger   indicates more accurate recovery of 

the population factor loadings in the sample solution. Mean FSC is the mean correlation 

between two sets of factor score estimates, which are obtained by using factor loading 

matrices from sample and population loading matrices. The g2  index is interpreted as 

the average squared difference between comparable loadings of the sample and 

population factor loading matrix and g is the square root of g2. The index V assesses 

variability of factor loading matrix over replications within each simulated condition. 

Pattern accuracy measures the extent of agreement between the sample and 

population factor loading matrix and it includes five indices: loading sensitivity, 

specificity, general pattern accuracy, total pattern accuracy, and per element accuracy. 

Factor loading sensitivity is the average proportion of items loading meaningfully 

(loading is larger than 0.3) on at least one factor both in the sample and in the 

population. Similarly, factor loading specificity is the average proportion of items that do 

not load meaningfully on any factor in both the sample solution and the population 

solution. General pattern accuracy is the proportion of replications in which all items 

load on the same factor in both the sample and population. Total pattern accuracy is the 

proportion of replications in which the factors on which all items load are in agreement 

with the population matrices. Per element accuracy is the proportion of items that load 

correctly in each sample matrix, averaged across replications.  
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Effects of sample size and its interaction with factor loading 

Increasing the sample size improved factor recovery as measured by a variety of 

indices: bias and RMSE of factor loading estimates (Hogarty et al., 2005), mean FSC 

(de Winter et al., 2009),  g2 (Guadagnoli & Velicer,1998), g (MacCallum et al., 2001, 

Velicer & Fava, 1998), standard deviation of g (Velicer & Fava, 1998), V (MacCallum et 

al., 1999),    (de Winter et al., 2009; Hogarty et al., 2005; MacCallum et al., 1999;  

MacCallum et al., 2001), and pattern accuracy (Hogarty et al., 2005). 

Some researchers (Guadagnoli & Velicer, 1988; Hogarty et al., 2005; MacCallum 

et al., 1999; MacCallum et al., 2001; Velicer & Fava, 1998) found that the effect of 

sample size interacted with the size of the factor loading or the communality: sample 

size had a strong effect when factor loading (or communality, component saturation) 

was small but a weak effect when factor loading was high. 

MacCallum et al. (1999) and MacCallum et al. (2001) concluded that sample size 

had little effect when factor loadings were high (0.6-0.8) and factors were strongly 

determined (10 or 20 items measuring 3 factors). Similarly, de Winter et al. (2009) 

suggested that the effect of sample size was negligible when factor loadings were high 

(0.8-0.9), number of factors small (1-4), and number of items high (12-96). These 

researchers found that under the preceding conditions, a relatively small sample size 

was required for an accurate factor recovery (de Winter et al., 2009; MacCallum et al., 

1999; MacCallum et al., 2001).  

Effect of factor loading 

The magnitude of factor loading (or communality, component saturation) is an 

important determinant of factor recovery. Generally speaking, larger factor loadings or 

communalities improved the EFA solution quality (Guadagnoli & Velicer, 1988; Hogarty 
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et al., 2005; MacCallum et al., 1999; MacCallum et al., 2001; Velicer & Fava, 1998). 

MacCallum et al. (1999) and MacCallum et al. (2001) suggested that good to excellent 

factor recovery was achieved as long as the communality was high and that the 

influence of communality was stronger as factors became more poorly determined. De 

Winter et al. (2009) showed that higher factor loadings were very helpful in achieving 

satisfactory factor recovery so that a smaller sample size would be sufficient.  

Effects of number of factors, number of items, and overdetermination of factors 
and their interaction with factor loading 

A larger number of items or fewer factors improved factor recovery but the effects 

were evident only when factor loading was low (de Winter et al., 2009; Guadagnoli & 

Velicer, 1988; Velicer & Fava, 1998). 

According to papers in EFA with continuous data, variation of overdetermination 

can be achieved in three ways: varying the number of items with number of factors fixed 

(Hogarty et al., 2005; Velicer & Fava, 1998); varying the number of factors with the 

number of items fixed (Hogarty et al., 2005; MacCallum et al., 2001); varying both the 

number of items and number of factors (MacCallum et al., 1999). Stronger 

overdetermination improved factor recovery (Hogarty et al., 2005; MacCallum et al., 

1999; MacCallum et al., 2001) and overdetermination had little effect on factor recovery 

when communality was high but became important determinant when communality was 

low (MacCallum et al., 1999; MacCallum et al., 2001).  

Effect of rotation methods 

Rotation is used to minimize the complexity of the factor loading matrix and yield a 

simple or interpretable pattern. The row or column in the loading matrix is regarded as 

being simple if it has few nonzero elements and complex if it has many. Sass and 
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Schmitt (2010) compared four rotation methods under two factor structures: (a) perfect 

simple structure with each item having a large loading on only one factor and no cross-

loadings in the population loading matrix and (b) approximate simple structure with each 

item having large loading on one factor and small cross-loadings on secondary factors. 

Direct Quartimin and Geomin rotation methods were found suitable for perfect simple 

structure because their goals were to generate a rotated loading matrix with only large 

primary loadings and no cross-loadings. Crawford-Ferguson (CF)-Equamax and CF-

Facparsim were appropriate for approximate simple structure because their rotated 

loading matrix were allowed to have a complex structure with small cross-loadings.   

Ranks of the effects 

Some researchers (Hogarty et al., 2005; MacCallum et al., 1999; MacCallum et al., 

2001; Velicer & Fava, 1998) conducted repeated ANOVA to measure the size of the 

effects that influence factor recovery. The effect size was measured by omega square, 

the proportion of variance accounted for in the population by each effect. The common 

finding was that the strongest effects were factor loading (or communality), sample size, 

and overdetermination of factors. For most factor recovery indices, either factor loading 

or sample size was the strongest effect and their rank depended on the recovery index.  

Variables that Influence Factor Recovery in EFA with Ordinal Data 

Sass (2010) is the only research I found that evaluated EFA with ordinal data. The 

simulation conditions included factor structures (two levels: perfect simple structure and 

approximate simple structure), interfactor correlations (six levels: 0, 0.10, 0.20, 0.30, 

0.4, and 0.8), rotation methods (two levels: varimax and promax), sample size (six 

levels: 100, 200, 300, 400, 500, and 1000). For perfect simple structure, 15 items had 

large loadings ranging from 0.40 to 0.82 on each of the two factors and there were no 



 

29 
 

cross loadings. The approximate simple structure was obtained from perfect simple 

structure by adding small cross loadings ranging from 0.02 to 0.28 on each of the factor.  

NOHARM (Fraser, 1988; Fraser & McDonald, 1988), an approximation of ULS, was 

used to analyze the dichotomous response data. The bias and RMSE of factor loading 

estimates improved with increasing sample size. The performance of rotation 

procedures depended on the factor structures and interfactor correlations. The 

performance (including bias, RMSE of loading estimates, inter-factor correlation 

estimates) of promax was acceptable with interfactor correlation less than 0.4 and 

perfect simple structure data, whereas varimax only succeeded under orthogonal 

factors. Neither rotation method performed well with larger interfactor correlations (0.8) 

or approximate simple structure data. Increasing interfactor correlation had a tendency 

to increase the bias and RMSE of loading estimates and its effect had some variation 

related to sample size, rotation method, and magnitude of loading. For zero and small 

cross loadings, when the interfactor correlation was in range of 0.0 to 0.4, increasing the 

correlation increased bias and RMSE of loadings obtained from varimax rotation 

regardless of the sample size. With promax rotation the correlation increased bias and 

RMSE of loadings only with a small sample size (100) but had trivial effect on bias and 

RMSE with larger sample sizes (300-1000). When the interfactor correlation was 

increased from 0.4 to 0.8, bias and RMSE of zero and small cross loadings were 

increased dramatically regardless of rotation methods and sample size. For large 

loadings, interfactor correlation had little effect on bias and RMSE when correlation was 

in range of 0.0 to 0.4 but increased them substantially when correlation was increased 

from 0.4 to 0.8.  
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Summary 

Although the researches in the literature review come from CFA with ordinal data 

and EFA with continuous and ordinal data, there are some common findings on the 

variables that influence factor recovery. All papers agreed that increasing sample size 

improved factor recovery. All papers except the one in EFA with ordinal data (Sass, 

2010) recognized that larger factor loading (or communality) and stronger 

overdetermination of factors were advantageous to solution accuracy.  

Due to the differences in data (continuous vs. ordinal) and factor analysis (CFA vs. 

EFA), the papers in literature review showed different research emphases. The EFA 

papers in the literature review studied the determinants of factor recovery quality and 

none compared different estimation methods. The estimation method was fixed at 

approximate ULS (implemented by NOHARM) for ordinal data or selected from 

maximum likelihood and principal component analysis for continuous data. However, 

the performance of estimation methods commonly used in ordinal data have been 

studied in researches on CFA. The accuracy of factor analysis in CFA is a local 

measurement which focuses on the estimation of individual factor loading whereas the 

accuracy in EFA is more a global assessment which emphasizes the recovery of overall 

factor loading matrix. 

Although the effects of sample size, magnitude of factor loading, and 

overdetermination of factors have been found across studies, research in EFA had the 

additional following conclusions. The effects of sample size and overdetermination of 

factors interacted with the magnitude of factor loadings: the effects were weak when 

factor loadings were large but were strong when factor loadings were small. The most 

influential variables were factor loading, sample size, and overdetermination of factors. 
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For most factor recovery indices, either factor loading (or communality) or sample size 

had the strongest effect in terms of omega square and their ranks depended on the 

recovery index. A relatively small sample size was required for accurate factor recovery 

as long as primary factor loadings were large and factors were strongly determined. 

Research Questions 

Compared to the studies in CFA with ordinal data, two areas of research have not 

been sufficiently investigated for EFA with ordinal data. First, the performance of 

estimation methods appropriate for the ordinal data has been investigated thoroughly in 

CFA but not in EFA. Second, the variables that influence the factor recovery have been 

investigated in CFA with ordinal data and EFA with continuous data but not in EFA with 

ordinal data. 

Considering that WLS requires a much large sample size than DWLS and ULS 

require and that sample size, magnitude of factor loading, and overdetermination are 

the most important variables that influence the factor recovery, the present study has 

three main objectives:  

 To investigate, with ordinal data, the effects of sample size, magnitude of primary 
factor loadings, number of factors, and number of items per factor on factor 
recovery by DWLS and ULS in EFA.  

 To study the influence of magnitude of primary factor loadings, number of factors, 
and number of items per factor on the effect of sample size on factor recovery in 
DWLS and ULS.  

 To recommend sample size that is necessary to produce acceptable solution for 
factor analysis. 
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Table 1-1. Overview of previous studies 

Paper Number Author(s) Year 

1 Beauducel and Herzberg 2006 
2 Boulet 1996 
3 DiStefano 2002 
4 Flora and Curran 2004 
5 Foreo, Maydeu-Olivares, and Gallardo-Pujol 2009 
6 Forero and Maydeu-Olivares 2009 
7 Maydeu-Olivares 2001 
8 Muthén, du Toit, and Spisic 1997 
9 Nye and Drasgow 2011 

10 Oranje 2003 
11 Parry and AcArdle 1991 
12 Rhemtulla, Brosseau-Liard, and Savalei 2010 
13 Rigdon and Ferguson 1991 
14 Wirth and Edwards 2007 
15 Yang-Wallentin, Jöreskog, and Luo 2010 
16 de Winter, Dodou, and Wieringa 2009 
17 Guadagnoli and Velicer 1988 
18 Hogarty, Hines, Kromery, Ferron, and Mumford 2005 
19 MacCallum, Widaman, Preacher, and Hong 2001 
20 MacCallum, Widaman, Zhang, and Hong 1999 
21 Sass 2010 
22 Sass and Schmitt 2010 
23 Velicer and Fava 1998 
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Table 1-2. Analysis type and data type in the previous studies 

Paper Number CFA EFA Ordinal Data 
Continuous 
Data 

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

10 O  O  
11 O  O  
12 O  O  
13 O  O  
14 O  O  
15 O  O  
16  O  O 
17  O  O 
18  O  O 
19  O  O 
20  O  O 
21  O O  
22  O  O 
23  O  O 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

34 
 

Table 1-3. Simulation conditions in the previous studies part 1 

Paper 
Number 

Number of 
factors 

Number of 
items per 
factor 

Factor 
loading Sample size 

Number 
of items 

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

10 O O  O  
11   O O  
12  O  O  
13   O O  
14 O   O  
15   O O  
16 O  O  O 
17 O  O O O 
18 O  O O O 
19  O O O  
20  O O O  
21   O O  
22   O   
23   O O O 
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Table 1-4. Simulation conditions in the previous studies part 2 

Paper 
Number 

Number of 
categories 

Model 
misspecification 

Non-
normality 

Interfactor 
correlation Rotation 

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

10 O     
11   O   
12 O  O   
13   O O  
14    O  
15 O O    
16      
17      
18      
19  O    
20      
21    O O 
22    O O 
23      
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Table 1-5. Estimation methods in the previous studies 

Paper Number Estimators 

1 DWLS, ML 
2 MML/EM, ULS 
3 ML, WLS 
4 DWLS, WLS 
5 DWLS, ULS 
6 MML/EM, ULS 
7 DWLS, ULS, WLS 
8 DWLS 
9 DWLS, WLS 

10 DWLS, ML_PC,ULS, WLS 
11 ULS 
12 ML, ULS 
13 DWLS, ML_PC, ULS, WLS 
14 DWLS, MML/EM, WLS 
15 DWLS, ML_PC, ULS, WLS 
16 N/A 
17 N/A 
18 N/A 
19 ML 
20 ML 
21 ULS 
22 N/A 
23 ML 

Note: The estimation methods investigated in the literature review include DWLS, ML, 
ML_PC, WLS, and ULS. N/A means either the estimation method is not clarified in the 
research or it is not of our interest. 
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Table 1-6. Number of factors in the previous studies 

Paper Number Number of factors 

1 1, 2, 4, 8 
2 1 
3 Model 1: 2 

Model 2: 3 
4 1, 2  
5 1, 3 
6 1, 3 
7 N/A 
8 3 
9 2 

10 1, 3 
11 1 
12 2 
13 2 
14 Model 1: 1 

Model 2: 4 
15 Model 1: 2 

Model 2: 4 
16 1, 2, 3, 4, 8 
17 3, 6, 9 
18 3, 5, 7 
19 3, 7 
20 3, 7 
21 2 
22 2 
23 6 
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Table 1-7. Number of items per factor in the previous studies 

Paper Number Number of items per factors 

1 5 
2 15, 30, 45, 60 
3 Model 1: {4,8} 

Model 2: {4, 4, 8} 
4 5, 10 
5 3, 7, 9, 14, 21, 42 
6 3, 7, 9, 14, 21, 42 
7 N/A 
8 4 
9 {7, 8} 

10 5, 10, 15 
11 8 
12 5, 10 
13 4 
14 10 
15 Model 1: 3 

Model 2: 4 
16 3, 4, 6, 8, 12, 16, 24, 32, 48 
17 4, 6, 8, 12, 16, 18, 24 
18 10:3, 20:3, 30:3, 15:5, 20:5, 30:5, 20:7, 30:7, 40:7 
19 20:3, 20:7 
20 10:3, 20:3, 20:7 
21 15 
22 15 
23 3, 4, 5 

Note: If the number of items is fixed in the study, their values are listed inside braces. 
The commas inside the braces separate the number of items for each factor. The 
commas in the descriptions without braces separate the different levels of manipulated 
number of items per factor. For example, {4, 8} means the number of items per factor is 
fixed and one factor has 4 items and another one has 8 items.  
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Table 1-8. Factor loadings in the previous studies  
Paper 
Number Factor loading 

1 model 1 (orthogonal latent factors):0.5 
model 2 (oblique latent factors): 0.55 

2 discrimination parameter: {(0.5, 1.0, 1.5)} 
3 model1: {(0.7, 0.6), (0.5, 0.4, 0.3)},{(0.5, 0.4, 0.3),(0.7, 0.6)} 

model 2: {(0.7, 0.6), (0.7, 0.6), (0.5, 0.4, 0.3)},{(0.5, 0.4), (0.5, 0.4), (0.7, 0.6)} 
4 0.7 
5 0.4, 0.6, 0.8 
6 0.4, 0.6, 0.8 
7 N/A 
8 {(0.95),(0.85), (1.3)} 
9 {(0.4 to 0.7), (0.05 to 0.2)} 

10 0.8 
11 0.45, 0.7, 0.9 
12 {0.3, 0.4, 0.5, 0.6, 0.7} 
13 {0.9, 0.8, 0.8, 0.7}, {0.7, 0.6, 0.6, 0.5} 
14 Model 1: {(0.6, 0.7, 0.8)} 

Model 2: {0.6, 0.7, 0.8} 
15 model 1: {(0.9, 0.8, 0.7), (0.6, 0.7, 0.8)} 

model 2: {(0.4, 0.5, 0.6, 0.7), (0.8, 0.7, 0.6, 0.6), (0.6, 0.7, 0.8, 0.9), (0.8, 0.7, 
0.5,0.3)} 

16 0.2, 0.4, 0.6, 0.8, 0.9 
17 0.4, 0.6, 0.8 
18 {0.6,0.7,0.8}, {0.2, 0.3, 0.4, 0.5, 0.6,0.7,0.8}, {0.2, 0.3, 0.4} 
19 {0.6 to 0.8}, {0.2 to 0.8}, {0.2 to 0.4} 
20 {0.6,0.7,0.8}, {0.2, 0.3, 0.4, 0.5, 0.6,0.7,0.8}, {0.2, 0.3, 0.4} 
21 0.40 to 0.82 for primary loadings and 0 for crossloadings 

0.40 to 0.82 for primary loadings and 0.02 to 0.28 for crossloadings 
22 0.40 to 0.82 for primary loadings and 0 for crossloadings 

0.40 to 0.82 for primary loadings and 0.02 to 0.28 for crossloadings 
0.40 to 0.82 for primary loadings and 0.20 to 0.48 for crossloadings 
0.40 to 0.82 on one factor and 0.02 to 0.28 on another factor 

23 0.4, 0.6, 0.8 

Note: If all of the factor loadings are not equal, their values are listed inside braces. The 
commas between braces separate the different levels of loadings. The parenthesis inside the 
braces contains the loadings for one factor. If the loadings from different factors have the same 
settings, the parentheses are omitted. The commas between parentheses separate the loadings 
for different factors. The commas inside parentheses separate the possible loading magnitudes 
for one factor. For example, {(0.7, 0.6), (0.5, 0.4, 0.3)}, {(0.5, 0.4, 0.3), (0.7, 0.6)} means the 
factor loadings have two levels: 0.7 or 0.6 for factor 1 and 0.5, 0.4, or 0.3 for factor 2; 0.5, 0.4, or 
0.3 for factor 1 and 0.7 or 0.6 for factor 2. When all of the factor loadings are equal, their values 
are listed without any braces or parenthesis and the commas separate their different levels. For 
example, 0.4, 0.6, 0.8 means all items have equal loadings and they have three levels: 0.4, 0.6, 
and 0.8. For example, {0.6, 0.7, 0.8}, {0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8}, {0.2, 0.3, 0.4} means the 
factor loadings have three levels: 0.6, 0.7, or 0.8 for all items; 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, or 0.8 
for all items; 0.2, 0.3, or 0.4 for all items.  
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Table 1-9. Sample size in the previous studies 

Paper Number Sample size 

1 250, 500, 750, 1000 
2 study 1: 

sample size is selected based on the ratio between sample size 
and number of items and the ratios are 16.67, 33.33, and 66.67. 
for 15 items case, sample sizes are 150, 500, 1000 
for 30 items case, sample sizes are 500, 1000, 2000 
for 45 items case, sample sizes are 750, 1500, 3000 
for 60 items case, sample sizes are 100, 2000, 4000 
study 2: 
sample sizes are 250, 500, 1000, 10000 

3 350, 700 
4 100, 200, 500, 1000 
5 200, 500, 2000 
6 200, 500, 2000 
7 100, 300 
8 200, 400, 800, 1600 
9 400, 800, 1600 

10 200, 500, 1000, 2000 
11 50, 100, 200 
12 100, 150, 350, 600 
13 100, 300, 500 
14 300, 1000 
15 100, 200, 400, 800, 1600 
16 N/A 
17 50, 100, 150, 200, 300, 500, 1000 
18 3p, 5p, 10p, 20p, 40p  

p is the number of items and equals to 10, 20, and 30 for 3 factors 
case, 15, 20, and 30 for 5 factors case, and 20, 30, and 40 for 7 
factors case. 

19 60, 100, 200, 400 
20 60, 100, 200, 400 
21 100, 300, 500, 1000 
22 300 
23 50, 100, 150, 200, 400, 800 

Note: N/A means sample size is not a studied effect in this research and the minimum 
sample size is calculated.  
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Table 1-10. Number of replications in the previous studies  

Paper Number Number of replications 

1 500 
2 100 
3 100 
4 500 
5 1000 
6 1000 
7 1000 
8 500 
9 200 

10 500 
11 30 
12 1000 
13 300 
14 0 
15 2000 
16 5000 
17 5 
18 10000 
19 100 
20 100 
21 1000 
22 1000 
23 10 
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CHAPTER 2 
DESIGN OF MONTE CARLO SIMULATION STUDY 

A Monte Carlo study was implemented to investigate the effects of number of 

factors, number of items per factor, magnitude of primary factor loadings, and sample 

size on the factor recovery quality in DWLS and ULS when ordinal data were modeled 

by EFA.  

Data Generation 

The data were generated using SAS/IML 9.3 and included two steps: producing 

latent continuous variables and then categorizing the variables into ordinal observed 

variables.  

With the assumption that there is a latent variable underlying an observed ordinal 

variable, the latent variable was generated according to its relationship with common 

factors described by the common factor model  

  
          (2-1) 

where   
  is the latent variable corresponding to the     observed variable   ,  =1,2,…, , 

  is the total number of observed variables,   is a     vector representing the common 

factors,   is the total number of common factors,     is a     vector of factor loadings, 

and    is a measurement error. Both common factors and measurement errors are 

assumed to be normally distributed so the underlying continuous variables are also 

normally distributed. Common factors and measurement errors are assumed to be 

uncorrelated.  

The observed ordinal variable was obtained by categorizing the corresponding 

latent variable with a set of thresholds that made the distribution of the ordinal variable 

approximately normal (Beauducel &Herzberg, 2006):  
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(2-2) 

where{v1,…,vc} are the set of the thresholds and c is the total number of categories in 

the observed variables. The thresholds were set at –1.53; –0.49; 0.49; and 1.53 so that 

the scores on the ordinal items were approximately normally distributed (Beauducel & 

Herzberg, 2006). 

The data were generated by using the following steps. 

1. Scores were generated on   uncorrelated variables that followed standard normal 
distributions. Let    denote the     vector of these scores. 

2. Scores were generated on  correlated factors by using 

      (2-3) 

where   is a Cholesky factor of a correlation matrix in which all correlation 
coefficients are 0.3.  
 

3. The     vector of factor loadings,     for observed variable    was generated. 
The primary factor loading was randomly selected from a uniform distribution with 
range 0.6 to 0.8 in the large primary factor loading condition and 0.4 to 0.6 in the 
medium primary loading condition. The secondary factor loadings were randomly 
selected from a uniform distribution with range -0.3 to 0.3. If the communality 
(      ) was equal to or larger than 0.9 the secondary factor loadings were 
selected again. This process was repeated until the communality was less than 
0.90. The repeated sample of secondary factor loadings was only necessary when 

the number of factors was 4 of 6. The   factor loading vectors were stacked to 
form the     factor loading matrix  . 

4. Scores were generated on   uncorrelated variables that followed standard normal 

distributions. Let   denote the     vector of these scores. 

5. Score on an item-specific latent variable was generated by using  

  
            (2-4) 

where    is the     diagonal element in matrix of     (      ) and    is the     

element in vector  . 
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6. Observed variables    were obtained by categorizing   
  using the thresholds: -

1.53, -0.49, 0.49, and 1.53. 

Estimation Methods 

As mentioned earlier, five estimation methods were investigated in the literature on 

factor analysis of ordinal data. However, the appropriate methods for modeling ordinal 

data are WLS, DWLS, ULS, and MML/EM. The MML/EM demands heavy computation 

because of the quadrature-based integration over all of the dimensions of the latent 

factors (Wirth & Edwards, 2007). Among the three least squares methods, WLS is 

criticized because the weight matrix is often nonpositive definite and a large sample size 

is required to produce stable estimates of the sampling covariance matrix for the 

polychoric correlations (Flora & Curran, 2004; Nye & Drasgow, 2011). DWLS and ULS 

require smaller sample size than WLS for accurate estimation (Parry & McArdle, 1999; 

Wirth & Edwards, 2007). Therefore, DWLS and ULS were selected as the estimation 

methods in the present study.  

Number of Factors 

The numbers of factors in this simulation study were selected based on the 

literature review in Chapter 1. As seen in Table 1-6, 2 factors and 4 factors were quite 

common in the previous studies. In order to investigate the effect of number of factors, 6 

factors were selected as well. Therefore, the number of factors in this study had three 

levels: 2, 4, and 6.  

Number of Items per Factor 

From Table 1-7, the numbers of items per factor in the previous studies covered a 

wide range (3 to 48). However, DiStefano (2002) surveyed issues of Educational and 

Psychological Measurement and Psychological Bulletin between 1992 and 1999 and 
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found out that two factor models with 12 to 16 items were common model in 

psychological research. A review of psychological instruments suggested that the 

number of items per factor was frequently in the range 6 to 17. These instruments were 

Counseling Center Assessment of Psychological Symptoms-62 (CCAPS-62; Locke, 

Buzolitz, Lei, Boswell, McAleavey, et al., 2011), Mindful Attention Awareness Scale 

(Brown & Ryan, 2003), A Big Five Adolescent Personality Scale (APSI; Lounsbury, 

Tatum, Gibson, Park, Sundstrom, et al., 2003), Multiculturally Sensitive Mental Health 

Scale (MSMHS; Chao & Green, 2011), the revised Self-report Psychopathy Scale 

(SRP-III; Mahmut, Menictas, Stevenson, & Homewood, 2011), Severity Indices of 

Personality Problems (SIPP; Verheul, Andrea, Berghout, Dolan, Busschbach, et al., 

2008), Children’s Behavior Questionnaire (CBQ; Rothbart, Ahadi, Hershey, & Fisher, 

2001), The Fear of Hypoglycemia (FH-15; Anarte Ortiz, Caballero, Ruiz de Adana, 

Rondán, Carreira, et al., 2011) scale, Hypomanic Personality Scale (HPS; Schalet, 

Durbin, & Revelle, 2011), and Elemental Psychopathy Assessment Scale (EPA; Lynam, 

Gaughan, Miller, Miller, Mullins-Sweatt, et al., 2011).Therefore, two levels of the number 

of items per factor were selected: 7 and 14.   

Factor Loading 

In factor analysis with two or more factors, the ideal result is perfect simple 

structure: each item measures only one factor. That is, each item has a high loading 

only on one factor (i.e., the primary factor) and zero loadings on the other factors (i.e., 

the secondary factors). This ideal is often unrealistic in practice, as items frequently 

assess latent traits other than the intended trait (Stout, Habing, Douglas, Kim, Roussos, 

& Zhang, 1996). Quite often, an item has a medium or high loading on the primary 

factor and small loadings on the secondary factors. According to Sass and Schmitt 
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(2010) and Sass (2010), approximate simple structure occurs when all loadings on 

secondary factors (i.e., the cross-loadings) have absolute values less than 0.3. In the 

present study, approximate simple structure was of interest because it is very typical in 

the practice. In reality, the magnitudes of factor loadings on the primary factor always 

vary across the items. Therefore, in this study, the factor loadings on the primary factor 

were randomly selected from predetermined ranges as were the loadings on the 

secondary factors. Two types of factor loading matrices were studied. In the 

approximate simple structure matrix with high loadings, each primary factor loading was 

randomly selected from a uniform distribution that ranged from 0.6 to 0.8 and each 

cross-loading was selected from a uniform distribution that ranged from -.30 from .30. In 

the approximate structure with medium loadings on primary factors, each primary factor 

loading was randomly selected from a uniform distribution that ranged from 0.4 to 0.6 

and each cross-loading was selected from a uniform distribution that ranges from -.30 to 

.30. 

Sample Size 

Muthén et al. (1997) evaluated DWLS in a model with 3 factors and 12 items and 

they found the estimation accuracy was acceptable even for a sample size of 200. In 

addition, previous EFA review studies (Fabrigar, Wegener, MacCallum, & Strahan, 

1999; Ford, MacCallum, & Tait, 1986; Russell, 2002) indicated that sample size of 

roughly 300 was the most common sample size in published research using EFA. The 

model in the present study is larger than the one in Muthén et al. (1997). Therefore, 200 

was selected as the smallest sample size and 400, 600, and 800 were the other levels 

of sample size. 
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Selecting the Number of Factors and Rotation  

Once factors have been extracted from a correlation matrix in EFA, one has to 

decide how many factors to retain as being meaningful or important. In order to 

concentrate on the effects of our interests, number of factors, number of items per 

factor, magnitude of primary factor loadings, and sample size, the number of factors 

retained in EFA was predetermined and equaled to its population value.  

For any given solution in EFA with two or more factors, there are an infinite 

number of alternative orientations of the factors in multidimensional space that will 

explain the data equally well. Therefore EFA models with more than one factor do not 

have a unique solution and single solution needs to be selected from the infinite number 

of equally fitting solutions. Thurstone (1947) suggested rotating the factors in 

multidimensional space to achieve the solution with the best possible simple structure. 

In this study, CF-Equamax rotation method was used because it was recommended for 

factor loading matrices with approximate simple structure by Sass and Schmitt (2010). 

The rotation criterion of CF-Equamax is to minimize the complexity function described 

below 
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(2-5) 

where   is a factor loading matrix with element     in the     row and     column,   is the 

number of common factors, and   is the number of items.  

Interfactor Correlation 

The correlations between common factors (or latent traits) were set to 0.3, which 

was the value commonly used in the previous studies in Table 1-4. A single value was 

selected in order to have a manageable simulation. However, it should be noted that 
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Sass (2010) provided evidence that the correlation affects the accuracy of estimated of 

factor loadings in EFA with ordinal data. 

Number of Categories in Item Response 

All observed variables in this study had responses with five categories, such as 

“strongly disagree”, “disagree”, “neither agree or disagree”, “agree”, and “strongly 

agree”. As noted earlier the observed ordinal variables were approximately normally 

distributed. 

Number of Replications 

In Table 1-10, 1000 replications per condition were very common in the previous 

studies and it was also selected as the number of replications in this study.  

Factor Recovery Indices 

In this study, the overall congruence between sample and population factor 

loading matrix was of interest. Therefore, various indices related to factor recovery were 

calculated. The quality of the sample solution was evaluated by three types of indices: 

pattern accuracy, the congruence (indicated as  ), and root mean squared deviation 

(indicated as g). 

Pattern accuracy was measured by following indices (Hogarty et al., 2005): 

 General pattern accuracy is the proportion of replications in which all observed 
variables have the same loading patterns (≥ 0.30 or < 0.30) in both sample and 
population loading matrices on at least one factor. 

 Total pattern accuracy is the proportion of replications in which all observed 
variables have the same loading patterns (≥ 0.30 or < 0.30) in both sample and 
population loading matrices on all factors. 

 Per element accuracy is the proportion of the elements in the sample factor 
loading matrix which have the same loading pattern (≥ 0.30 or < 0.30) in both 
sample and population loading matrices. The proportion is averaged across 
replications. 
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An example is used to explain the pattern accuracy. Suppose    is a population factor 

loading matrix and    is a sample factor loading matrix, 
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This sample matrix could be counted as a solution that meets the criterion for general 

pattern accuracy because all of the variables have loading ≥0.3 on the same factor in 

the sample and population solution although some variables (1 and 6) have loading 

≥0.3 on another factor in the sample solution. This sample matrix could not be counted 

as a solution that meets the criterion for total pattern accuracy because the sample 

loading for the 6th variable on the first factor and the 1st variable on the second factor 

are not in agreement with the corresponding population loadings. Per element accuracy 

is the proportion of the 12 elements in the matrix that load the same way in the 

population and sample solutions. In this example, per element accuracy is 

10/12=0.8333 because 10 out of the 12 elements loaded on the same way (≥ 0.30 or < 

0.30) in the sample and population matrix. 

The coefficient of congruence,   , was calculated for each factor to assess the 

similarity between the sample and population factor loading matrices. According to Abdi 
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(2010), the coefficient of congruence was first suggested by Burt (1948) and named by 

Tucker (1951). This measure of congruence is given by 
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where     is the true population factor loading for observed variable   on factor   and  ̂   

is the estimated factor loading for observed variable   on factor  . To obtain the degree 

of congruence across all factors in a given solution, the average value of    is computed 

as below: 
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(2-7) 

 

Higher value of   indicates more accurate recovery of the population factors in the 

sample solution. Guidelines suggested for interpreting the value of   is (MacCallum et 

al., 1991): 0.98 to 1.00 = excellent, 0.92 to 0.98 = good, 0.82 to 0.92 = borderline, 0.68 

to 0.82 = poor, and below 0.68 = terrible. It is known that the order of the factors in a 

sample solution may not be the same as the order of factors in the population solution. 

To address this issue,   was calculated for every possible permutation of the sample 

factor loading matrix and the permutation that resulted in the maximum value of   was 

selected. According to Ferron (2012), this procedure was used by Hograty et al. (2005). 

In the remaining part of the dissertation, the congruence coefficient always refers to 

index  . 

To further assess the degree of factor recovery, root mean squared deviation 

(MacCallum et al., 2001) was computed as an index of the discrepancy between the 

sample and population factor loading matrices: 
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In Equation 2-6,   is the population factor loading matrix,  ̂ is the estimated sample 

factor loading matrix,   is the number of observed variables, and   is the number of 

factors. The lower value of g indicated the better the sample solution. 
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CHAPTER 3 
RESULTS 

A simulation study was conducted to examine the effects of five factors on the 

sample solution quality of EFA models with ordinal data. These factors were: 

 The number of factors (NF), with three levels: 2, 4, and 6.  

 The number of items per factor (NI), with two levels: 7 and 14. 

 The magnitude of the primary factor loadings (PFL), with two levels: high 
(randomly selected in the range of 0.6 to 0.8) and medium (randomly selected in 
the range of 0.4 to 0.6).  

 The sample size (SS), with four levels: 200, 400, 600, and 800. 

 The estimators (E), with two levels: DWLS and ULS. 

The factors NF, NI, PFL, and SS were between-subject factors and E was a within-

subjects factor. Therefore, 96 total conditions or 48 conditions per estimator were 

investigated and 1000 replications for each condition were obtained.  

The results are presented in two sections. First, the convergence rate and 

improper solutions rates for all simulation conditions are reported. Second, the effects of 

the five factors and their interactions on the studied statistics (congruence coefficient, 

root mean squared deviation, general pattern accuracy, total pattern accuracy, and per 

element accuracy) are reported. 

Convergence Rates and Improper Solution Rates 

The convergence rate is the proportion of replications per simulation condition that 

converge within the specified number of iterations. The default number of iterations in 

Mplus (i.e., 1000) was used as the maximum number of iterations. Among the 96 

conditions investigated, convergence failures were not found. Thus, the convergence 

rate was 100% for each condition and was not affected by the number of factors, 
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number of items per factors, magnitude of primary loadings, sample size, and 

estimation methods.   

A solution is defined as improper if it contains estimated parameter values that are 

statistically unacceptable. In this study, the only improper estimate that occurred was a 

negative residual variance. Therefore, the improper solution rate is the proportion of 

replications per simulation condition which converge but had negative residual 

variances. Among the 96 conditions, improper solutions were only found in conditions 

with 6 factors, 14 items per factor, and medium primary factor loadings: one for DWLS 

at sample size of 400, one for ULS at sample size of 200, and one for ULS at sample 

size of 800. Each of these three conditions had an improper solution rate of 0.1% 

because only 1 out of 1000 replications had negative residual variances in the solution. 

Repeated Measures ANOVA 

The congruence coefficient, root mean standard deviation, general pattern 

accuracy, total pattern accuracy, and per element accuracy obtained in each condition 

were presented in Tables 3-1, 3-6, 3-11, 3-15, and 3-18, respectively. 

In order to investigate the influence of the simulation design factors and their 

interactions on the statistics of interest, a series of repeated measures five-way 

ANOVAs were conducted. In each ANOVA, the dependent variable was one of the 

factor recovery indices and the independent variables were the five simulation design 

factors. In addition to the main effects, the interactions of these factors were examined. 

With 96 conditions and 1000 replications per condition, the total number of observations 

in each ANOVA was 96000. The large sample size precluded the use of the significance 

levels to determine meaningful effects because with a large sample size small effects 

are likely to be detected as statistically significant. An effect-size measure is a solution 
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to such a problem. According to Olejnik and Algina (2003), an effect-size measure is a 

standardized index, estimates a parameter that is independent of sample size, and 

quantifies the magnitude of the difference between conditions or the relationship 

between exploratory and response variables. There are two categories of effect-size 

measures: the standardized mean difference and the measures of association or the 

proportions of variance explained. In the present study, partial omega square was used 

as the effect size. In the context of a simulation study partial omega square estimates 

the proportion of the sum of variance due to an effect and the variance due to 

replications that is accounted for by the effect itself. The general formula for estimating 

partial omega square is (Olejnik & Algina, 2003) 

 ̂  
                         

                                    
 

(3-1) 

where          is the sum of squares for the effect, for which the effect size is being 

estimated,          is its degrees of freedom,         is the corresponding mean square 

error, and   is the total number of observations. When applied to the simulation design 

with four between-subjects factors and one within-subjects factor,          is defined as  

         
(               ⁄                  ⁄ )
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(3-2) 

The ANOVA results for congruence coefficient, root mean squared deviation, 

general pattern accuracy, total pattern accuracy, and per element accuracy are 

presented in Tables 3-2, 3-7, 3-12, 3-16, and 3-19, respectively. In each table, the sum 

of squares, degree of freedom, mean squared error, F statistics, p-value, and partial 

omega square of all effects are listed. The effects to be interpreted are those that are 

significant and have a partial omega square that is equal to or larger than 0.05. To 
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interpret the effect of a main factor on a studied outcome, the marginal means of the 

statistics were calculated by collapsing over all the other factors. Similarly, interactions 

were interpreted by calculating collapsed over the factors that were not involved in the 

interaction. If both a main effect of a factor and interaction of that factor with one or 

more of the other factors were significant and has met the rule, the effect of the 

interaction on the studied outcome was interpreted. The collapsed means for the 

congruence coefficient are presented in Tables 3-3 to 3-5, for root mean squared 

deviation in Tables 3-8 to 3-10, for general pattern accuracy in Tables 3-13 to 3-14, for 

total pattern accuracy in Table 3-17, and for per element accuracy in Tables 3-20 to 3-

21. It should be noted that readers interested in effects for which partial omega square 

was smaller than .05 can use results in Tables 3-1, 3-6, 3-11, 3-15, and 3-18 to 

construct appropriate tables of collapsed means.  

Congruence Coefficient   

The congruence coefficient assesses the similarity between the sample and 

population factor loading matrices. Higher values of   indicate more accurate recovery 

of the population factors in the sample solution. The criterion from MacCallum et al. 

(1999) is used to define the quality of the congruence. The   value is considered 

excellent if it is in the range of 0.98 to 1.00, good if in the range of 0.92 to 0.98, 

borderline if in the range of 0.82 to 0.92, poor if in the range of 0.68 to 0.82, and terrible 

when it is smaller than 0.68. Table 3-1 presents mean   under all conditions. Across all 

conditions,   for DWLS and ULS were almost identical with a maximum difference of 

0.001 in some conditions. Because the congruence coefficients from the two estimation 

methods showed almost no difference, the following description is based on DWLS and 
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can be generalized to ULS. In 38 out of 48 conditions, the congruence coefficients were 

considered good or excellent with magnitude larger than 0.92. These conditions 

included all conditions with 2 factors, all conditions with 4 factors except those with 7 

items per factor, medium loadings, and sample sizes of 200 or 400, and all conditions 

with 6 factors and high primary loadings. The congruence coefficients from 8 out of 48 

conditions were in the range of 0.835 to 0.911 and belong to the borderline category. All 

of them were in conditions with medium loadings: 4 factors with 7 items per factor and 

sample sizes of 200 or 400; 6 factors with 7 items per factor and sample sizes of 600 or 

800; and 6 factors with 14 items per factor and all sample sizes. Poor congruence 

coefficients in the range of 0.732 and 0.809 were generated in 2 conditions, which had 6 

factors, 7 items per factor, medium loadings, and sample size of 200 or 400. No terrible 

congruence coefficients were obtained in this study. Excellent congruence coefficients 

occurred in 16 out of 48 conditions, all of which involved 2 or 4 factors. For 2 factors 

excellent congruence coefficients were found in all conditions with high primary factor 

loadings regardless of the number of items per factor or the sample sizes, in one 

condition with medium primary loadings and sample size of 800 and 7 items per factor, 

and in conditions with medium primary loadings and sample size of 400 to 800 and 14 

items per factor. For 4-factors, excellent congruence occurred only in conditions with 

high primary loadings: those with a sample size of 800 and 7 items per factor and 

sample sizes of 400 to 800 and 14 items per factor. 

The ANOVA results for congruence coefficient are reported in Table 3-2. All of the 

between-subject factors were significant with p-value smaller than 0.0001. Almost all of 

the within-subject effects were non-significant except the E x NF x NI x SS and the E x 



 

57 
 

NF x NI x PFL x SS interactions with the p-values of 0.02. The significant effects with 

partial omega squares equal to or larger than 0.05 were the NF, NI, PFL, and SS main 

effects and the NF x PFL, NI x PFL, and PFL x SS interactions but only the two-way 

interactions are interpreted. The partial omega square was 0.30 for NF x PFL, 0.05 for 

NI x PFL, and 0.05 for PFL x SS.  

Mean values of congruence coefficients by number of factors and magnitude of 

the primary factor loading are reported in Table 3-3. The results indicated that 

congruence increased when the magnitude of the primary factor loadings increased and 

effect of the magnitude of the primary factor loadings increased as the number of 

factors increased. Congruence decreased as the number of factors increased and the 

magnitude of the decline was larger when the primary factor loadings were smaller. 

Based on Table 3-3, mean values of congruence coefficients were good or excellent 

except when with 6 factors and medium primary loadings. Mean values of congruence 

coefficients with 2 or 4 factors and with the high primary loadings were considered 

excellent while those from 2 or 4 factors with the medium loadings were classified as 

good. Mean values of congruence coefficients from 6 factors with high primary loadings 

were still good but those with medium primary loadings were in the borderline category.  

Mean values of congruence coefficients by number of items per factor and 

magnitude of the primary factor loading are presented in Table 3-4. Congruence 

increased when the magnitude of primary loadings increased and the effect of the 

magnitude of primary loadings was smaller when the number of items per factor was 

larger. Congruence increased as number of items per factor was larger and the amount 

of the increase was smaller when the primary factor loadings were larger. According to 
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Table 3-4, mean values of congruence coefficients for 7 items per factor were classified 

as borderline and good for the medium and high primary loadings, respectively. In 

addition, mean values of congruence coefficients for both medium and high primary 

loadings cases were larger in conditions with 14 items per factor and were classified as 

good and excellent.  

Mean values of congruence coefficients by the magnitude of the primary factor 

loading and sample size are reported in Table 3-5. Congruence increased when the 

sample size was larger and the effect of sample size was smaller when the primary 

loadings were larger. Congruence increased as the magnitude of primary loadings 

increased and the amount of the increase was smaller when the sample size was 

larger. In Table 3-5, mean values of congruence coefficients for the medium primary 

loadings were in the borderline or good categories and all mean values of congruence 

coefficients were in the good or excellent category when the primary loadings were 

high.  

Root Mean Squared Deviation g 

The root mean squared deviation represents the average difference between 

estimated and population factor loading in a sample solution. Therefore, smaller values 

of g indicate more accurate recovery of the population factors in the sample solution. 

Mean values of root mean squared deviations for all conditions are reported in Table 3-

6. Because no published criterion was found in previous studies, a guideline for g is 

proposed in the present study. Considering a population loading with a magnitude of 

0.6, estimates in the range of 0.55 to 0.65 would be considered as very accurate, 0.5 to 

0.7 as accurate, 0.45 to 0.75 as borderline, 0.4 to 0.8 as bad, and beyond the range of 

0.4 to 0.8 as terrible. Accordingly, the proposed criterion suggests a g less than 0.05 is 
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classified as excellent, 0.05-0.1 as good, 0.1-0.15 as borderline, 0.15-0.20 as poor, 

larger than 0.20 as terrible. Across all conditions, g for DWLS and ULS were almost 

identical with a maximum difference of 0.001. Because g showed almost no difference 

between ULS and DWLS, the following description is based on DWLS and can be 

generalized to ULS. Excellent root mean squared deviation was observed in only 2 

conditions, which had 2 factors, 14 items per factor, high primary loadings, and sample 

sizes of 600 or 800. Good deviations were found in 32 conditions. For 2 factors, all 

conditions except the condition with medium loadings, 7 items per factor, and a sample 

size of 200 had mean root mean squared deviations in the good category. For 4 factors, 

all conditions with 7 items per factor and high loadings, and all conditions with 14 items 

per factor except the one with medium loadings and sample size 200 had mean root 

mean squared deviations in the good range. For 6 factors, mean root mean squared 

deviation in the good range occurred only with high primary factor loadings regardless 

of number of items per factor. Borderline mean root mean squared deviations were 

found in 12 conditions with medium primary factor loadings: 2 factors, 7 items per factor, 

and a sample size of 200; 4 factors, 7 items per factor, and all four sample sizes; 4 

factors, 14 items per factor, and a sample size of 200; 6 factors, 7 items per factor, and 

a sample size of 600 or 800; 6 factors, 14 items per factor, and all four sample sizes. 

Similar to the results for congruence coefficients, two poor root mean squared 

deviations were generated in the conditions with 6 factors, 7 items per factor, medium 

loadings, and sample size of 200 or 400.  

The ANOVA results for root mean squared deviation are presented in Table 3-7. 

All of the between-subject factors were significant with p-value smaller than 0.0001. 
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Almost all of the within-subject factors were not significant except the E × PFL, E × SS, 

and E × PFL × SS interactions with the p-values in the 0.00 to 0.01 range. The effects 

that were significant and had partial omega square equal to or larger than 0.05 were 

NF, NI, PFL, SS, and the NF × PFL interaction. Due to the interactions, the effects that 

were interpreted are NI with partial omega square equal to 0.13, SS with partial omega 

square equal to 0.18, and NF × PFL with partial omega square equal to 0.14.  

Mean values of the root mean squared deviation by the number of factors and 

magnitude of the primary factor loading are reported in Table 3-8. The root mean 

squared deviation dropped when the magnitude of the primary factor loadings increased 

and the amount of the decline increased as the number of factors increased. Root mean 

squared deviation increased as the number of factors increased and the magnitude of 

the increase was larger when the primary factor loadings were smaller. According to 

Table 3-8, mean values of root mean squared deviation were classified as good when 

there were 2 factors or when there were 4 or 6 factors and high primary loadings, and 

mean values were classified as borderline when there were 4 or 6 factors and medium 

primary factor loadings.  

Mean values of the root mean squared deviation by levels of number of items per 

factor are reported in Table 3-9. Root mean squared deviation decreased as the 

number of items per factor increased. As indicated by Table 3-9, the mean root mean 

squared deviations were in the good category for both levels of numbers of items per 

factor.  

Mean values of the root mean squared deviation by levels of sample sizes are 

reported in Table 3-10. Root mean squared deviation declines as the sample size was 
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increased and the magnitude of the decline was smaller as the sample size became 

larger. Except when sample size was 200 the mean root mean squared deviations in 

Table 3-10 was in the good range. When the sample size was 200, mean root mean 

squared deviation in the table was in the borderline range.  

General Pattern Accuracy 

General pattern accuracy evaluates the accuracy of the sample factor loadings in 

reference to the 0.3 rule of thumb and it is the proportion of replications in which all 

variables load on the same factor in the sample as they do in the population ignoring all 

other loadings for the items. Table 3-11 contains values of general pattern accuracy for 

each condition. According to Hogarty et al. (2005), general pattern accuracy at least 0.8 

was considered as borderline, and larger than 0.92 was consider as good. Therefore, 

these cutoff values were used in the present study. Because the pattern accuracy from 

two estimation methods showed small difference, the following description is based on 

DWLS and can be applied to ULS. Good values of general pattern accuracy were found 

in all conditions with high loadings and were in the range of 0.993 to 1.0. Most were 

perfect.  In the medium primary loadings conditions, values in the good range were 

found with 2 factors, 7 items per factor, and a sample size 800 and with 14 items per 

factor and a sample size 600 or 800. For the rest of conditions with medium loadings, 

general pattern accuracy was in the 0.402 to 0.903 range for 2 factors, the 0.053 to 

0.684 range for 4 factors, and the 0.000 to 0.073 range for 6 factors. 

The ANOVA results for general pattern accuracy are presented in Table 3-12. 

Similarly to the results reported earlier, all of the between-subject factors were 

significant with p-values smaller than 0.0001 and the majority within-subject factors 

were not significant. Five significant effects had partial omega square equal to or larger 
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than 0.05 but only the  NF × PFL interaction with a partial omega squared of 0.32 and 

the PFL × SS interaction with a partial omega squared of 0.07 are interpreted because 

the other three important effects were NF, PFL, and SS.  

Mean general pattern accuracy by the number of factors and primary factor 

loading is reported in Table 3-13. General pattern accuracy increased when the 

magnitude of the primary factor loadings increased and the amount of the growth 

increased as the number of factors increased. General pattern accuracy decreased as 

the number of factors increased and the magnitude of the decline was larger when the 

primary factor loadings were smaller. In Table 3-13, the general pattern accuracy for 

high loadings conditions was perfect when there were 2 or 4 factors and were very 

close to perfect when there were 6 factors. However, general pattern accuracy in the 

conditions with medium primary loadings was almost unacceptable (0.037 and 0.338) 

except when there were 2 factors (0.824).  

Mean values for general pattern accuracy by the primary factor loadings and 

sample size are reported in Table 3-14. General pattern accuracy increased as the 

sample size increased and the effect of sample size declined markedly when the 

magnitude of primary loadings was larger. Based on the results in table 3-14, when the 

primary factor loadings were large, general pattern accuracy was almost unaffected by 

sample size because the index was close to perfect at sample size 200 and had little 

room to increase with increasing sample size. General pattern accuracy increased as 

the magnitude of primary loadings increased and the amount of the increase was 

smaller when the sample sizes were larger. When the primary factor loadings were 
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large general pattern accuracy was almost perfect but when the primary factor loadings 

were medium it was unacceptable (0.196 to 0.541).  

Total Pattern Accuracy 

Total pattern accuracy is another index to measure the accuracy of the sample 

factor loadings in reference to the 0.3 rule of thumb and it is the proportion of samples 

that agree with the population factor solution on all items and all factors. A larger value 

of total pattern accuracy represents a better sample solution. Table 3-15 contains 

values for total pattern accuracy under all the simulated conditions. In Hogarty et al. 

(2005) total pattern accuracy was in the range of 0.0 to 0.60 and they were considered 

as low. In this study, the range of the total pattern accuracy was 0.019 to 0.470 for 2 

factors, and 0.0 to 0.018 for 4 factors. For 6 factors all values of total pattern accuracy 

was zero. Accordingly, all values of total pattern accuracy were classified as low. 

Because the total pattern accuracy from two estimation methods showed a small 

difference, the following description is based on DWLS and can be generalized to ULS. 

The ANOVA results for the total pattern accuracy are reported in Table 3-16. 

Almost all of the between-subject factors were significant with p-value smaller than 

0.0001 and the majority of within-subject effects were not significant. Two significant 

effects had partial omega square equal to or larger than 0.05 but only the of NF × NI 

interactions with effect size of 0.05 is interpreted.  

Mean total pattern accuracy by the number of factors and number of items per 

factor is summarized in Table 3-17. The results showed that total pattern accuracy 

decreased when the number of factors increased and the amount of the decline 

decreased as the number of items per factor was larger. Total pattern accuracy 

decreased as the number of items per factor was increased and the magnitude of the 
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decrease was smaller when the number of factors was larger.  When the number of 

items per factor, or the number of factors, or both, increased, it was more difficult for 

every loading in a sample solution to have the same pattern (its absolute value is either 

larger than 0.3 or smaller than 0.3) as in the population solution. Therefore the total 

pattern accuracy decreased dramatically to zero when there are more factor loadings to 

estimate: 4 factors and 14 items per factor; 6 factors and 7 items per factor; and 6 

factors and 14 items per factor. This was shown in either Table 3-15, which contained 

cell means, or in Table 3-17, which contained collapsed means. 

Per Element Accuracy 

Per element accuracy is the proportion of elements in the loading matrices having 

the same pattern of the loadings in the sample solution and the population solution. 

Larger values of per element accuracy indicate a better sample solution. Per element 

accuracy is a less conservative measure of factor recovery than general or total pattern 

accuracy is.  

Mean values of per element accuracy are reported in Table 3-18 for all simulated 

conditions. Criteria to interpret per element accuracy were not presented in Hogarty et 

al. (2005). Because per element accuracy is less conservative than general pattern 

accuracy, a cutoff which is more stringent than that for the general pattern accuracy is 

proposed in this study: larger than 0.95 is considered as good and larger than 0.85 as 

borderline. Because the per element accuracy from two estimation methods showed 

almost no difference, the following description is based on DWLS and can be applied to 

ULS.  

All mean values of the per element accuracy were larger than 0.95 when there 

were 2 factors and the sample size was at least 400. When the sample size was 200, 
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mean values in the good range were obtained when the primary factor loadings were 

large. For 4 factors and 6 factors cases, mean per element accuracy was good in the 

high primary loadings conditions and between borderline and good in the medium 

primary loadings conditions. 

The ANOVA results for per element accuracy are presented in Table 3-19. All of 

the between-subject factors were significant with p-values smaller than 0.0001 and the 

majority within-subject factors were not significant. Four significant effects had partial 

omega squares equal to or larger than 0.05 but only NF × PFL with effect size of 0.12 

and SS with effect size of 0.11 are interpreted. 

Mean per element accuracy by number of factors and primary factor loading is 

reported in Table 3-20. Per element accuracy increased as the magnitude of the 

primary factor loadings increased and the effect increased as the number of factors 

increased. Per element accuracy decreased as the number of factors increased and the 

magnitude of the decline was larger when the primary factor loadings were smaller. 

Mean per element accuracy was borderline with medium primary loadings and 4 factors 

or 6 factors and good with high primary factor loadings. According to Table 3-20, mean 

per element accuracy was in the good category when there were 2 factors conditions. 

Mean per element accuracy by sample size is reported in Table 3-21. Per element 

accuracy was increased as the sample size increased. As shown in Table 3-21, mean 

per element accuracy for sample size 200 and 400 was in the range of 0.922 to 0.943 

and considered between borderline and good and mean per element accuracy for 

sample sizes 600 and 800 was 0.951 and considered as good.  
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Table 3-1. Congruence coefficient 
NF IN PFL SS DWLS ULS 

2 7 Medium 200 0.958 0.958 
   400 0.978 0.978 
   600 0.978 0.978 
   800 0.984 0.984 
  High 200 0.991 0.991 
   400 0.993 0.993 
   600 0.994 0.994 
   800 0.994 0.994 
 14 Medium 200 0.970 0.970 
   400 0.983 0.983 
   600 0.988 0.988 
   800 0.989 0.989 
  High 200 0.991 0.991 
   400 0.995 0.995 
   600 0.995 0.995 
   800 0.996 0.996 
4 7 Medium 200 0.850 0.850 
   400 0.911 0.911 
   600 0.939 0.939 
   800 0.924 0.923 
  High 200 0.972 0.972 
   400 0.978 0.978 
   600 0.979 0.979 
   800 0.982 0.982 
 14 Medium 200 0.928 0.928 
   400 0.948 0.948 
   600 0.965 0.965 
   800 0.955 0.954 
  High 200 0.977 0.977 
   400 0.984 0.984 
   600 0.986 0.986 
   800 0.986 0.986 
6 7 Medium 200 0.732 0.732 
   400 0.809 0.810 
   600 0.856 0.856 
   800 0.835 0.835 
  High 200 0.956 0.956 
   400 0.965 0.965 
   600 0.967 0.967 
   800 0.970 0.970 
 14 Medium 200 0.843 0.845 
   400 0.873 0.872 
   600 0.876 0.876 
   800 0.889 0.889 
  High 200 0.966 0.966 
   400 0.975 0.974 
   600 0.977 0.977 
   800 0.978 0.978 
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Table 3-2. Summary ANOVA table results for congruence coefficient 

 df SS MS F p  ̂  

Between Subject 
Factor 

      

NF                                   2 108.68 54.34 20294.00 <.0001 0.45 
NI                              1 11.16 11.16 4167.24 <.0001 0.08 
PFL                                   1 104.55 104.55 39043.00 <.0001 0.44 
SS                               3 14.07 4.69 1752.10 <.0001 0.10 
NF×NI                        2 3.99 1.99 744.14 <.0001 0.03 
NF×PFL                          2 55.11 27.55 10289.70 <.0001 0.30 
NF×SS                        6 2.80 0.47 174.11 <.0001 0.02 
NI×PFL                        1 6.35 6.35 2371.28 <.0001 0.05 
NI×SS                      3 1.97 0.66 245.22 <.0001 0.01 
PFL×SS                        3 7.57 2.52 942.10 <.0001 0.05 
NF×NI×PFL              2 2.28 1.14 425.57 <.0001 0.02 
NF×NI×SS            6 1.14 0.19 71.04 <.0001 0.01 
NF×PFL×SS              6 1.67 0.28 103.64 <.0001 0.01 
NI×PFL×SS           3 2.00 0.67 248.56 <.0001 0.02 
NF×NI×PFL×SS             6 1.04 0.17 64.83 <.0001 0.01 
 
Within Subject 
Factor       
E                                         1 0.00 0.00 0.11 0.74 0.00 
E×NF                         2 0.00 0.00 0.76 0.47 0.00 
E×NI                      1 0.00 0.00 0.38 0.54 0.00 
E×PFL                         1 0.00 0.00 0.00 0.97 0.00 
E×SS                       3 0.00 0.00 0.45 0.72 0.00 
E×NF×NI               2 0.00 0.00 0.25 0.78 0.00 
E×NF×PFL                   2 0.00 0.00 0.79 0.46 0.00 
E×NF×SS              6 0.00 0.00 0.72 0.63 0.00 
E×NI×PFL               1 0.00 0.00 0.36 0.55 0.00 
E×NI×SS          3 0.00 0.00 2.21 0.09 0.00 
E×PFL×SS               3 0.00 0.00 0.58 0.63 0.00 
E×NF×NI×PFL    2 0.00 0.00 0.23 0.79 0.00 
E×NF×NI×SS      6 0.00 0.00 2.51 0.02 0.00 
E×NF×PFL×SS          6 0.00 0.00 0.74 0.62 0.00 
E×NI×PFL×SS    3 0.00 0.00 2.26 0.08 0.00 
E×NF×NI×PFL×SS     6 0.00 0.00 2.48 0.02 0.00 

Note: NF indicates the number of factors, NI the number of items per factor, PFL the 
magnitude of primary loadings, SS the sample size, and E the estimation method. 
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Table 3-3. Mean congruence coefficient by NF and PFL 

NF PFL Mean 

2 Medium 0.979 
 High 0.993 
4 Medium 0.927 
 High 0.981 
6 Medium 0.839 
 High 0.969 

Note: NF indicates the number of factors and PFL the magnitude of the primary factor 
loadings. 
 
 
 
 
 
Table 3-4. Mean congruence coefficient by NI and PFL  

NI PFL Mean 

7 Medium 0.896 
 High 0.978 

14 Medium 0.934 
 High 0.984 

Note: NI indicates the number of items per factor and PFL the magnitude of the primary 
factor loadings 
 
 
 
 
 
 
Table 3-5. Mean congruence coefficient by PFL and SS 

PFL SS Mean 

Medium 200 0.880 
 400 0.917 
 600 0.934 
 800 0.929 
High 200 0.976 
 400 0.982 
 600 0.983 
 800 0.984 

Note: PFL indicates the magnitude of the primary factor loadings and SS the sample 
size. 
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Table 3-6. Root mean squared deviation 
NF NI PFL SS DWLS ULS 

2 7 Medium 200 0.107 0.107 
   400 0.080 0.080 
   600 0.075 0.075 
   800 0.067 0.067 
  High 200 0.072 0.072 
   400 0.061 0.061 
   600 0.057 0.057 
   800 0.055 0.055 
 14 Medium 200 0.091 0.090 
   400 0.070 0.070 
   600 0.059 0.059 
   800 0.056 0.056 
  High 200 0.068 0.068 
   400 0.054 0.054 
   600 0.050 0.050 
   800 0.047 0.047 
4 7 Medium 200 0.153 0.152 
   400 0.120 0.120 
   600 0.101 0.101 
   800 0.108 0.109 
  High 200 0.090 0.090 
   400 0.079 0.079 
   600 0.076 0.076 
   800 0.073 0.073 
 14 Medium 200 0.110 0.110 
   400 0.092 0.092 
   600 0.078 0.078 
   800 0.084 0.085 
  High 200 0.080 0.080 
   400 0.069 0.069 
   600 0.065 0.065 
   800 0.063 0.063 
6 7 Medium 200 0.182 0.182 
   400 0.154 0.154 
   600 0.135 0.135 
   800 0.143 0.143 
  High 200 0.096 0.096 
   400 0.086 0.086 
   600 0.083 0.083 
   800 0.081 0.081 
 14 Medium 200 0.141 0.140 
   400 0.125 0.125 
   600 0.122 0.123 
   800 0.116 0.116 
  High 200 0.084 0.084 
   400 0.075 0.075 
   600 0.071 0.071 
   800 0.069 0.069 
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Table 3-7. Summary ANOVA table results for root mean squared deviation 

 df SS MS F p  ̂  

Between Subject 
Factor 

      

NF                                   2 30.19 15.09 15992.10  <.0001 0.40 
NI                              1 6.59 6.59 6985.48  <.0001 0.13 
PFL                                   1 31.10 31.10 32955.50  <.0001 0.40 
SS                               3 10.24 3.41 3614.82  <.0001 0.18 
NF×NI                        2 0.50 0.25 264.44  <.0001 0.01 
NF×PFL                          2 7.22 3.61 3825.51  <.0001 0.14 
NF×SS                        6 0.13 0.02 22.44  <.0001 0.00 
NI×PFL                        1 1.18 1.18 1244.96  <.0001 0.03 
NI×SS                      3 0.18 0.06 65.30  <.0001 0.00 
PFL×SS                        3 1.50 0.50 528.34  <.0001 0.03 
NF×NI×PFL              2 0.16 0.08 83.53  <.0001 0.00 
NF×NI×SS            6 0.14 0.02 25.49  <.0001 0.00 
NF×PFL×SS              6 0.10 0.02 18.06  <.0001 0.00 
NI×PFL×SS           3 0.27 0.09 94.87  <.0001 0.01 
NF×NI×PFL×SS             6 0.12 0.02 20.47  <.0001 0.00 
 
Within Subject 
Factor       
E                                         1 0.00 0.00 0.15 0.70 0.00 
E×NF                         2 0.00 0.00 1.22 0.29 0.00 
E×NI                      1 0.00 0.00 0.07 0.79 0.00 
E×PFL                         1 0.00 0.00 7.67 0.01 0.00 
E×SS                       3 0.00 0.00 4.10 0.01 0.00 
E×NF×NI               2 0.00 0.00 0.28 0.76 0.00 
E×NF×PFL                   2 0.00 0.00 1.14 0.32 0.00 
E×NF×SS              6 0.00 0.00 0.79 0.58 0.00 
E×NI×PFL               1 0.00 0.00 0.23 0.63 0.00 
E×NI×SS          3 0.00 0.00 1.96 0.12 0.00 
E×PFL×SS               3 0.00 0.00 4.42 0.00 0.00 
E×NF×NI×PFL    2 0.00 0.00 0.22 0.80 0.00 
E×NF×NI×SS      6 0.00 0.00 1.46 0.19 0.00 
E×NF×PFL×SS          6 0.00 0.00 0.95 0.46 0.00 
E×NI×PFL×SS    3 0.00 0.00 1.88 0.13 0.00 
E×NF×NI×PFL×SS     6 0.00 0.00 1.55 0.16 0.00 

Note: NF indicates the number of factors, NI the number of items per factor, PFL the 
magnitude of primary loadings, SS the sample size, and E the estimation method. 
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Table 3-8. Mean root mean squared deviation by NF and PFL 

NF PFL Mean 

2 Medium 0.076 
 High 0.058 
4 Medium 0.106 
 High 0.074 
6 Medium 0.140 
 High 0.081 

Note: NF indicates the number of factors and PFL the magnitude of the primary factor 
loadings. 
 
 
 
 
 
 
Table 3-9. Mean root mean squared deviation by NI 

NI Mean 

7 0.097 
14 0.081 

Note: NI indicates the number of items per factor. 
 
 
 
 
 
 
 
 
Table 3-10. Mean root mean squared deviation by SS 

SS Mean 

200 0.106 
400 0.089 
600 0.081 
800 0.080 

Note: SS indicates the sample size. 
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Table 3-11. General pattern accuracy 
NF NI PFL SS DWLS ULS 

2 7 Medium 200 0.597 0.598 
   400 0.896 0.897 
   600 0.903 0.897 
   800 0.956 0.958 
  High 200 1.000 1.000 
   400 1.000 1.000 
   600 1.000 1.000 
   800 1.000 1.000 
 14 Medium 200 0.402 0.398 
   400 0.891 0.884 
   600 0.979 0.979 
   800 0.977 0.976 
  High 200 1.000 1.000 
   400 1.000 1.000 
   600 1.000 1.000 
   800 1.000 1.000 
4 7 Medium 200 0.053 0.045 
   400 0.321 0.328 
   600 0.590 0.593 
   800 0.437 0.430 
  High 200 1.000 1.000 
   400 1.000 1.000 
   600 1.000 1.000 
   800 1.000 1.000 
 14 Medium 200 0.131 0.130 
   400 0.319 0.308 
   600 0.684 0.674 
   800 0.548 0.544 
  High 200 1.000 1.000 
   400 1.000 1.000 
   600 1.000 1.000 
   800 1.000 1.000 
6 7 Medium 200 0.000 0.000 
   400 0.015 0.016 
   600 0.049 0.047 
   800 0.053 0.054 
  High 200 0.993 0.993 
   400 1.000 1.000 
   600 1.000 1.000 
   800 1.000 1.000 
 14 Medium 200 0.001 0.001 
   400 0.029 0.026 
   600 0.046 0.046 
   800 0.073 0.066 
  High 200 0.999 0.999 
   400 1.000 1.000 
   600 1.000 1.000 
   800 1.000 1.000 
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Table 3-12. Summary ANOVA table results for general pattern accuracy 

 df SS MS F p  ̂  

Between Subject 
Factor 

      

NF                                   2 2523.58 1261.79 11749.00 <.0001 0.32 
NI                              1 1.59 1.59 14.83 0.0001 0.00 
PFL                                   1 8247.95 8247.95 76800.00 <.0001 0.61 
SS                               3 434.73 144.91 1349.32 <.0001 0.08 
NF×NI                        2 9.15 4.57 42.59 <.0001 0.00 
NF×PFL                          2 2511.39 1255.70 11692.30 <.0001 0.32 
NF×SS                        6 188.69 31.45 292.83 <.0001 0.03 
NI×PFL                        1 1.40 1.40 13.06 0.0003 0.00 
NI×SS                      3 8.56 2.85 26.57 <.0001 0.00 
PFL×SS                        3 427.78 142.59 1327.76 <.0001 0.07 
NF×NI×PFL              2 9.26 4.63 43.10 <.0001 0.00 
NF×NI×SS            6 17.32 2.89 26.88 <.0001 0.00 
NF×PFL×SS              6 194.61 32.43 302.02 <.0001 0.04 
NI×PFL×SS           3 9.21 3.07 28.58 <.0001 0.00 
NF×NI×PFL×SS             6 16.74 2.79 25.98 <.0001 0.00 
 
Within Subject 
Factor       
E                                         1 0.03 0.03 9.93 0.00 0.00 
E×NF                         2 0.01 0.00 1.22 0.29 0.00 
E×NI                      1 0.02 0.02 5.52 0.02 0.00 
E×PFL                         1 0.03 0.03 9.93 0.00 0.00 
E×SS                       3 0.00 0.00 0.06 0.98 0.00 
E×NF×NI               2 0.00 0.00 0.40 0.67 0.00 
E×NF×PFL                   2 0.01 0.00 1.22 0.29 0.00 
E×NF×SS              6 0.01 0.00 0.49 0.82 0.00 
E×NI×PFL               1 0.02 0.02 5.52 0.02 0.00 
E×NI×SS          3 0.02 0.01 2.51 0.06 0.00 
E×PFL×SS               3 0.00 0.00 0.06 0.98 0.00 
E×NF×NI×PFL    2 0.00 0.00 0.40 0.67 0.00 
E×NF×NI×SS      6 0.05 0.01 2.74 0.01 0.00 
E×NF×PFL×SS          6 0.01 0.00 0.49 0.82 0.00 
E×NI×PFL×SS    3 0.02 0.01 2.51 0.06 0.00 
E×NF×NI×PFL×SS     6 0.05 0.01 2.74 0.01 0.00 

Note: NF indicates the number of factors, NI the number of items per factor, PFL the 
magnitude of primary loadings, SS the sample size, and E the estimation method. 
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Table 3-13. Mean general pattern accuracy by NF and PFL 

NF  PFL Mean 

2 Medium 0.824 
 High 1.000 
4 Medium 0.383 
 High 1.000 
6 Medium 0.037 
 High 0.999 

Note: NF indicates the number of factors and PFL the magnitude of the primary factor 
loadings. 
 
 
 
 
 
 
Table 3-14. Mean general pattern accuracy by PFL and SS 

PFL SS Mean 

Medium 200 0.196 
 400 0.411 
 600 0.541 
 800 0.506 
High 200 0.999 
 400 1.000 
 600 1.000 
 800 1.000 

Note: PFL indicates the magnitude of the primary factor loadings and SS indicates the 
sample size. 
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Table 3-15. Total pattern accuracy  
NF NI PFL SS DWLS ULS 

2 7 Medium 200 0.143 0.155 
   400 0.320 0.325 
   600 0.322 0.329 
   800 0.390 0.385 
  High 200 0.316 0.324 
   400 0.379 0.381 
   600 0.440 0.446 
   800 0.470 0.461 
 14 Medium 200 0.019 0.020 
   400 0.086 0.089 
   600 0.149 0.151 
   800 0.147 0.144 
  High 200 0.081 0.087 
   400 0.125 0.125 
   600 0.183 0.183 
   800 0.178 0.175 
4 7 Medium 200 0.001 0.000 
   400 0.000 0.000 
   600 0.003 0.003 
   800 0.001 0.002 
  High 200 0.008 0.006 
   400 0.011 0.010 
   600 0.007 0.010 
   800 0.015 0.018 
 14 Medium 200 0.000 0.000 
   400 0.000 0.000 
   600 0.000 0.000 
   800 0.000 0.000 
  High 200 0.000 0.000 
   400 0.000 0.000 
   600 0.000 0.000 
   800 0.000 0.000 
6 7 Medium 200 0.000 0.000 
   400 0.000 0.000 
   600 0.000 0.000 
   800 0.000 0.000 
  High 200 0.000 0.000 
   400 0.000 0.000 
   600 0.000 0.000 
   800 0.000 0.000 
 14 Medium 200 0.000 0.000 
   400 0.000 0.000 
   600 0.000 0.000 
   800 0.000 0.000 
  High 200 0.000 0.000 
   400 0.000 0.000 
   600 0.000 0.000 
   800 0.000 0.000 



 

76 
 

Table 3-16. Summary ANOVA table results for total pattern accuracy 

 df SS MS F p  ̂  

Between Subject 
Factor 

      

NF                                   2 1165.93 582.97 5436.15 <.0001 0.18 
NI                              1 145.63 145.63 1357.96 <.0001 0.03 
PFL                                   1 16.41 16.41 152.99 <.0001 0.00 
SS                               3 37.18 12.39 115.57 <.0001 0.01 
NF×NI                        2 269.62 134.81 1257.09 <.0001 0.05 
NF×PFL                          2 27.28 13.64 127.20 <.0001 0.01 
NF×SS                        6 71.34 11.89 110.88 <.0001 0.01 
NI×PFL                        1 3.64 3.64 33.93 <.0001 0.00 
NI×SS                      3 2.85 0.95 8.85 <.0001 0.00 
PFL×SS                        3 1.83 0.61 5.68 0.0007 0.00 
NF×NI×PFL              2 4.86 2.43 22.65 <.0001 0.00 
NF×NI×SS            6 4.88 0.81 7.58 <.0001 0.00 
NF×PFL×SS              6 4.20 0.70 6.52 <.0001 0.00 
NI×PFL×SS           3 0.64 0.21 1.98 0.1153 0.00 
NF×NI×PFL×SS             6 1.62 0.27 2.51 0.0196 0.00 
 
Within Subject 
Factor       
E                                         1 0.01 0.01 5.22 0.02 0.00 
E×NF                         2 0.02 0.01 3.99 0.02 0.00 
E×NI                      1 0.01 0.01 2.25 0.13 0.00 
E×PFL                         1 0.00 0.00 0.35 0.56 0.00 
E×SS                       3 0.04 0.01 5.29 0.00 0.00 
E×NF×NI               2 0.01 0.00 1.49 0.23 0.00 
E×NF×PFL                   2 0.00 0.00 0.81 0.45 0.00 
E×NF×SS              6 0.12 0.02 7.84 <.0001 0.00 
E×NI×PFL               1 0.00 0.00 0.35 0.56 0.00 
E×NI×SS          3 0.01 0.00 1.07 0.36 0.00 
E×PFL×SS               3 0.00 0.00 0.19 0.91 0.00 
E×NF×NI×PFL    2 0.00 0.00 0.81 0.45 0.00 
E×NF×NI×SS      6 0.03 0.00 2.04 0.06 0.00 
E×NF×PFL×SS          6 0.00 0.00 0.24 0.96 0.00 
E×NI×PFL×SS    3 0.00 0.00 0.57 0.63 0.00 
E×NF×NI×PFL×SS     6 0.01 0.00 0.35 0.91 0.00 

Note: NF indicates the number of factors, NI the number of items per factor, PFL the 
magnitude of primary loadings, SS the sample size, and E the estimation method. 
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Table 3-17. Mean total pattern accuracy by NF and NI 

NF  NI Mean 

2 7 0.349 
 14 0.121 
4 7 0.006 
 14 0 
6 7 0 
 14 0 

Note: NF indicates the number of factors and NI the number of items per factor. 
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Table 3-18. Per element accuracy 
NF NI PFL SS DWLS ULS 

2 7 Medium 200 0.922 0.923 
   400 0.959 0.959 
   600 0.956 0.956 
   800 0.966 0.965 
  High 200 0.963 0.964 
   400 0.969 0.969 
   600 0.973 0.973 
   800 0.975 0.975 
 14 Medium 200 0.929 0.930 
   400 0.957 0.957 
   600 0.966 0.966 
   800 0.967 0.967 
  High 200 0.958 0.958 
   400 0.968 0.968 
   600 0.971 0.971 
   800 0.972 0.972 
4 7 Medium 200 0.858 0.859 
   400 0.910 0.910 
   600 0.933 0.933 
   800 0.921 0.921 
  High 200 0.952 0.952 
   400 0.962 0.962 
   600 0.964 0.964 
   800 0.968 0.968 
 14 Medium 200 0.907 0.908 
   400 0.929 0.929 
   600 0.946 0.946 
   800 0.939 0.939 
  High 200 0.948 0.949 
   400 0.961 0.961 
   600 0.964 0.964 
   800 0.965 0.965 
6 7 Medium 200 0.836 0.836 
   400 0.876 0.876 
   600 0.902 0.902 
   800 0.892 0.892 
  High 200 0.953 0.954 
   400 0.964 0.964 
   600 0.966 0.966 
   800 0.969 0.969 
 14 Medium 200 0.878 0.880 
   400 0.900 0.900 
   600 0.903 0.903 
   800 0.912 0.912 
  High 200 0.953 0.953 
   400 0.964 0.965 
   600 0.967 0.967 
   800 0.968 0.969 
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Table 3-19. Summary ANOVA table results for per element accuracy 

 df SS MS F p  ̂  

Between Subject 
Factor 

      

NF                                   2 20.40 10.20 4618.97 <.0001 0.16 
NI                              1 1.42 1.42 642.68 <.0001 0.01 
PFL                                   1 48.14 48.14 21801.80 <.0001 0.31 
SS                               3 13.84 4.61 2089.87 <.0001 0.11 
NF×NI                        2 0.62 0.31 139.27 <.0001 0.01 
NF×PFL                          2 14.50 7.25 3282.28 <.0001 0.12 
NF×SS                        6 0.31 0.05 23.23 <.0001 0.00 
NI×PFL                        1 2.07 2.07 935.76 <.0001 0.02 
NI×SS                      3 0.44 0.15 65.85 <.0001 0.00 
PFL×SS                        3 3.90 1.30 588.44 <.0001 0.03 
NF×NI×PFL              2 0.40 0.20 89.59 <.0001 0.00 
NF×NI×SS            6 0.36 0.06 27.03 <.0001 0.00 
NF×PFL×SS              6 0.25 0.04 18.63 <.0001 0.00 
NI×PFL×SS           3 0.65 0.22 98.57 <.0001 0.01 
NF×NI×PFL×SS             6 0.34 0.06 25.88 <.0001 0.00 
 
Within Subject 
Factor       
E                                         1 0.00 0.00 42.13 <.0001 0.00 
E×NF                         2 0.00 0.00 0.10 0.90 0.00 
E×NI                      1 0.00 0.00 7.06 0.01 0.00 
E×PFL                         1 0.00 0.00 1.17 0.28 0.00 
E×SS                       3 0.00 0.00 8.29 <.0001 0.00 
E×NF×NI               2 0.00 0.00 0.14 0.87 0.00 
E×NF×PFL                   2 0.00 0.00 0.01 0.99 0.00 
E×NF×SS              6 0.00 0.00 0.36 0.91 0.00 
E×NI×PFL               1 0.00 0.00 2.02 0.15 0.00 
E×NI×SS          3 0.00 0.00 4.18 0.01 0.00 
E×PFL×SS               3 0.00 0.00 1.47 0.22 0.00 
E×NF×NI×PFL    2 0.00 0.00 0.56 0.57 0.00 
E×NF×NI×SS      6 0.00 0.00 1.18 0.31 0.00 
E×NF×PFL×SS          6 0.00 0.00 0.12 0.99 0.00 
E×NI×PFL×SS    3 0.00 0.00 0.55 0.65 0.00 
E×NF×NI×PFL×SS     6 0.00 0.00 2.40 0.03 0.00 

Note: NF indicates the number of factors, NI the number of items per factor, PFL the 
magnitude of primary loadings, SS the sample size, and E the estimation method. 
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Table 3-20. Mean per element accuracy by NF and PFL 

NF  PFL Mean 

2 Medium 0.953 
 High 0.969 
4 Medium 0.918 
 High 0.960 
6 Medium 0.887 
 High 0.963 

Note: NF indicates the number of factors and PFL indicates the magnitude of the 
primary factor loadings. 
 
 
 
 
 
 
 
Table 3-21. Mean per element accuracy by SS 

SS Mean 

200 0.922 
400 0.943 
600 0.951 
800 0.951 

Note: SS indicates the sample size. 
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CHAPTER 4 
CONCLUSIONS AND DISCUSSION 

The main purpose of this study was to investigate the effect of sample size, 

number of factors, number of items per factor, magnitude of the primary factor loadings, 

and estimation procedure on accuracy of factor recovery in EFA with ordinal data. To 

address this purpose, two steps were conducted. First, the factor loadings were 

estimated by using DWLS or ULS under all combinations of numbers of factors (2, 4, 6), 

number of items (7, 14), and magnitude of primary factor loadings (medium, high), and 

sample size (200, 400, 600, 800). Second, the effects of the five factors (estimation 

procedure, number of factors, number of items per factor, primary factor loadings, and 

sample sizes) and their interactions on factor recovery indices were examined by using 

a 3 (Number of Factors) x 2 (Number of Items) x 2 (magnitude of the Primary Factor 

Loading) x 4 (sample Size) x 2 (Estimation Method) ANOVA with repeated measures on 

the estimation method factor. 

Brief Summary 

Research Question 1 

The first research question to answer in this study was “To what extent do sample 

size, magnitude of primary factor loading, number of factors, and number of items per 

factor influence the factor recovery by DWLS and ULS in EFA with ordinal data?” The 

conclusions drawn from the findings of the study are summarized below.  

Increasing sample size improved most of the studied factor recovery indices. The 

congruence coefficient, general pattern accuracy, root mean squared deviation, and per 

element accuracy all improved as the sample size increased. However, sample size 

interacted with the magnitude of factor loadings for the first two indices and the effect of 
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sample size was stronger when the primary factor loadings were medium. There was a 

declining effect of sample size. The largest improvement tended to occur as the sample 

size increased from 200 to 400; there was little improvement in either congruence 

coefficient or general pattern accuracy as the sample size increased from 600 to 800.  

Most of the factor recovery indices improved when the primary factor loading was 

in the range .6 to .8 rather than in the range .4 to .6. The congruence coefficient, 

general pattern accuracy, root mean squared deviation, and per element accuracy had 

better values when the primary factor loadings were large. But the magnitude of the 

primary factor loadings typically interacted with number of factors, number of items per 

factor, or sample size and the interactions that emerged varied with the factor recovery 

index. The magnitude of the primary factor loading 

 had a stronger effect on the congruence coefficient, general pattern accuracy, root 
mean squared deviation, and per element accuracy when the number of factors 
was larger;  

 had a more evident effect on congruence coefficient and general pattern accuracy 
when the sample size was smaller; and  

 more strongly affected congruence coefficient when the number of items per factor 
was smaller.  

The mean values for the congruence coefficient, root mean squared deviation, and 

total pattern accuracy usually improved with more items per factor. But number of items 

per factor interacted with either the number of factors or the magnitude of the primary 

factor loadings. Number of items per factor had a more noticeable effect on the total 

pattern accuracy when the number of factors was smaller. In particular, the effect 

vanished when the number of factor was 6. Number of items per factor also had 

stronger effect on the congruence coefficient when the magnitude of the primary factor 

loadings was lower.  
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In addition, number of factors affected all of the factor recovery indices. Mean 

values of the congruence coefficient, general pattern accuracy, root mean squared 

deviation, per element accuracy, and total pattern accuracy tended to get worse as the 

number of factors increased. But the number of factors interacted with other factors 

such as magnitude of factor loadings or the number of items per factor, and the 

interactions that emerged depended on the factor recovery index. The number of factors 

had 

 a stronger effect on the congruence coefficient, general pattern accuracy, root 
mean squared deviation, and per element accuracy when the primary factor 
loadings were lower, and   

 a more evident effect on total pattern accuracy when the number of factors per 
item was smaller. 

Research Question 2 

The second research question was “To what extent is the effect of sample size on 

factory recovery in DWLS and ULS influenced by the magnitude of primary factor 

loadings, number of factors, and number of items per factor?” The influence of other 

factors on the effect of sample size on factor recovery is reflected by the interaction of 

sample size with the other factors. Partial omega squared was equal to or larger than 

.05 for the interaction of sample size and magnitude of the primary factor loading when 

the recovery indices were congruence coefficient and general pattern accuracy. For all 

recovery indices, partial omega squared was less than .05 for the interaction of sample 

size with number of items per factor and number of factors. Therefore the following 

summary is for the effect of sample size on the congruence coefficient and general 

pattern accuracy. The effect of sample size was stronger when the primary factor 

loadings were in the .4 to .6 range and the interaction was more apparent for general 
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pattern accuracy. But larger sample size did not always guarantee a better factor 

recovery index and sometimes it resulted in little improvement in an index. When the 

primary factor loadings were high, the congruence coefficient improved slightly with 

increasing sample size but general pattern accuracy did not improve for sample sizes 

larger than 400 because it reached the maximum value of 1.0 at sample size of 400. 

When the primary factor loadings were medium, sample size in the range of 200 to 600 

had an evident positive effect on the congruence coefficient and general pattern 

accuracy but sample size in the range of 600 to 800 did not.   

Research Question 3 

The third research question was” What sample size is necessary to produce 

acceptable solution for factor analysis”. Of the five statistics, only the congruence 

coefficient has a criterion published and cited in the references (Hogarty et al., 2005; 

MacCallum et al., 1999; MacCallum et al., 2001). The congruence coefficient reflects 

overall recovery of factor loading matrix by measuring the similarity between factor 

loading matrices from sample and population. Therefore, the sample size 

recommendations are based on the congruence coefficient. Result in Table 3-1 

provides a basis for guidelines for the sample size under different conditions and the 

recommended sample size is summarized in Table 4-1. The congruence coefficients for 

DWLS and ULS under the same condition are almost identical, so the following sample 

size suggestions apply to both estimators unless the estimation method is specifically 

mentioned.  

As presented in Table 4-1, a sample size of 200 resulted in good congruence 

coefficients (i.e., 0.92 to 0.98) for all of the conditions with 2 factors and for all of the 

high primary loading conditions when there were 4 or 6 factors. To achieve an excellent 
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congruence coefficient (i.e., 0.98 to 1.00) in conditions with high primary factor loadings 

the following sample sizes were sufficient: a sample size 200 when there were 2 factors 

regardless of the number of items per factor; a sample size 400 when there were 4 

factors and 14 items per factor; and a sample size 800 when there were 4 factors and 7 

items per factor. For 6 factors with high primary loadings, sample sizes in the range of 

200 to 800 did not result in an excellent congruence coefficient. To obtain a good 

congruence coefficient in conditions with medium primary factor loadings, the following 

sample sizes were sufficient: a sample size 200 when there were 2 factors; a sample 

size of 200 when there were 4 factors and 14 items per factor; and a sample size 600 

for 4 factors and 7 items per factor. For 6 factors with medium primary loadings, no 

sample sizes in the range of 200 to 800 induced a good congruence and larger sample 

size might be helpful. When the primary factor loadings were medium, excellent 

congruence occurred only with 2 factors case: a sample size 800 was sufficient for 7 

items per factor and sample size 400 for 14 items per factor. When the primary factor 

loadings were medium, excellent congruence coefficients did not occur for 4 factors or 6 

factors cases with the sample sizes in the range of 200 to 800. A sample size larger 

than 800 would be required when the primary factor loadings are medium and there are 

4 or more factors.   

The sample size recommendations in Table 4-1 were based on the congruence 

coefficient. If the root mean squared deviation were used as criterion, more 

conservative sample size recommendations would likely be needed, which was 

suggested by Table 3-6. 
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Applied researchers who do not have any information about the likely size of the 

primary factor loadings may want to use the recommendation based on medium primary 

factor loadings, as these recommendations are more conservative, and take into 

account the number of items and expected number of factors for their study.  

Comparison of Findings with Previous Studies 

DWLS vs. ULS 

Several previous studies in CFA with ordinal data compared the performance of 

DWLS and ULS (Foreo et al., 2009; Rigdon & Ferguson 1991; Yang-Wallentin et al., 

2010) under different simulation conditions. Yang-Wallentin et al. (2010) found that the 

overall performance of DWLS and ULS were close but ULS had significantly better 

relative bias of loading estimates than DWLS in the majority of cases.  Foreo et al. 

(2009) indicated that DWLS generally slightly outperformed ULS in terms of 

convergence rates but ULS outperformed DWLS slightly in loading estimation accuracy 

as measured by relative bias of loading estimates and their standard errors. However, 

Rigdon and Ferguson (1991) concluded that DWLS had relative better performance 

than ULS in regard to the MSE of loading estimates.  

In the present study, the performances of DWLS and ULS in EFA with ordinal data 

were very close in terms of five statistics in Tables 3-1, 3-6, 3-11, 3-15, and 3-18, and 

the effect of estimation method was trivial with a partial omega equal to .00 for each of 

the statistics. The congruence coefficient, root mean squared deviation, and per 

element accuracy were almost identical for two estimation methods across all simulation 

conditions. However, slight differences between estimation methods occurred for 

general pattern accuracy and total pattern accuracy. The overall general pattern 

accuracy of DWLS was slightly better than that of ULS. Among 48 simulation conditions, 
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DWLS had better general pattern accuracy in 13 conditions with a difference of at least 

0.005 in 7 out of 13 conditions, whereas ULS had better general pattern accuracy in 7 

conditions with a difference of at least 0.005 in 1 out of 7 conditions. In contrast, the 

overall total pattern accuracy of ULS was better than that for DWLS. ULS had better 

total pattern accuracy in 13 conditions with a difference of at least 0.005 in 6 out of 13 

conditions, and DWLS had better total pattern accuracy in 6 conditions with a difference 

of at least 0.005 in 2 of 6 conditions. DWLS and ULS had very similar performance in 

terms of convergence rate and improper solution rate: both had perfect convergence 

rates across all simulation conditions, and DWLS and ULS generated 1 and 2 improper 

solutions, respectively, among 48000 replications of this study. 

Main Effects and Interactions 

Although the simulation conditions and studied statistics are different from study to 

study, the findings in the present study about the effects of magnitude of primary factor 

loading, sample size, number of factors, and number of items per factor are generally 

consistent with results summarized in the literature review. Better factor recovery is 

associated with higher factor loading, larger sample size, and more items per factor. 

The additional finding from present study is factor recovery was also improved by a 

smaller number of factors. The effect of number of factor was mentioned in Beauducel 

and Herzberg (2006) but with extremely small influence. In contrast with the effects of 

number of items per factor reported in the previous studies, in the current study better 

total pattern accuracy was observed with a smaller number of items per factor when the 

number of factors was 2. Total pattern accuracy requires agreement in terms of the 0.3 

rule between corresponding elements in the sample and population factor loading 

matrix. As the number of items per factor increases with a fixed number of factors, a 
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larger number of factor loadings make it more difficult to achieve agreement between 

the sample and population loadings. Therefore, total pattern accuracy is worse when 

there are more items per factor.  

The conclusions about the effects of magnitude of primary factor loading, sample 

size, number of factors, and number of items per factor are compared with conclusions 

in Hogarty et al. (2005), MacCallum et al. (1999), MacCallum et al. (2001), and Velicer 

and Fava (1998). These later studies also used ANOVA to study the effects of factors. 

However, MacCallum et al. (1999), MacCallum et al. (2001), and Velicer and Fava 

(1998) did not include number of factors, whereas number of factors was included in the 

present study and in Hogarty et al. (2005). The present and comparison studies all 

reported that sample size and number of items per factor had small effects on 

congruence coefficient and root mean squared deviation when the primary factor 

loadings were large and stronger effects when the loadings were medium. In the 

present study and in Hogarty et al. (2005) the effect of number of factors was weak 

when the primary factor loadings were high and strong when the factor loadings were 

medium.  

Consistent with results in Hogarty et al. (2005), the present study also indicated 

that the variables influencing factor recovery were dependent on the specific factor 

recovery index. For general pattern accuracy, the important interactions were 

magnitude of primary factor loading by sample size and number of factors by magnitude 

of primary loadings. For total pattern accuracy, the only important interaction was 

between number of factors and number of items per factor: number of items per factor 

had a more pronounced effect when the number of factors was smaller and became 
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negligible when the number of factors was large. The PFL x SS interaction on general 

pattern accuracy was found in both the present study and Hogarty et al. (2005). 

However, the NF x NI interaction on total pattern accuracy that was found in the present 

study was not found in Hogarty et al. (2005). For the per element accuracy, the 

interaction between primary factor loadings and number of factors was reported in the 

present study but not in Hogarty et al. (2005), while the interaction of magnitude of the 

primary factor loadings and sample size was reported in Hogarty et al. (2005) but not in 

the present study. 

Sample Size 

The influence of number of factors, number of items per factor, and magnitude of 

factor loadings on the effect of sample size will be discussed by comparing the results in 

the current study with results in Hogarty et al. (2005), MacCallum et al. (1999), and 

MacCallum et al. (2001). In the current study and the previous studies ANOVA was 

conducted. Results for the congruence coefficient are discussed because it was 

included in all four studies and has a published criterion. Results for magnitude of the 

primary factor loading, number of items per factor, and sample size are discussed 

because these factors were manipulated in all four studies. However the number of 

factors was investigated only in the current study and Hogarty et al. (2005).  

According to MacCallum et al. (1999) and MacCallum et al. (2001), because 

sample size had little effect when the loadings were high (communality was 0.6-0.8) and 

factors were strongly determined (the ratio between number of items and number of 

factors was 10:3 or 20:3), a good congruence coefficient can be achieved even with 

fairly small samples (less than 100). In order to see if the same conclusion can be 

drawn from the present study, the average congruence coefficient by factor loading, 
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number of items per factor, and sample size are reported in Table 4-2. The results in 

Table 4-2 are consistent with the conclusions in MacCallum et al. (1999) and 

MacCallum et al. (2001): When the primary factor loadings were high (0.6-0.8) and the 

factors were strongly determined (7 or 14 items per factor), the smallest sample size in 

this study (200) was sufficient for a good congruence coefficient (0.973-0.978) 

regardless of the number of factors. The same collapsed tables for root mean squared 

deviation, general pattern accuracy, total pattern accuracy, and per element accuracy 

are reported in Tables 4-3 to 4-6, respectively. The smallest sample size in this study 

(200) was sufficient for good recovery indices for root mean squared deviation (0.077-

0.086), for general pattern accuracy (0.998-1.0), and per element accuracy (0.953-

0.956). Another conclusion about sample size from the previous studies (Hogarty et al., 

2005; MacCallum et al., 1999; MacCallum et al., 2001) is that when communalities are 

low or cover a wide range, good factor congruence coefficients require a larger sample 

size and more items per factor. The results in Tables 4-2 to 4-6 validate this finding: the 

effect of sample size and number of items per factor on congruence coefficient, general 

pattern accuracy, and per element accuracy, are more evident in the medium loadings 

condition than in high loadings condition.  

The present study showed that the number of factors, number of items per factor, 

and sample size had a small effect on factor recovery when the primary loadings were 

high and became important determinants when the primary loadings were medium. 

These trends affect the sample size that is sufficient for obtaining good congruence 

coefficients. Table 4-1 shows sample size recommendations, from among the sample 

sizes investigated in the study, for obtaining good and excellent congruence 
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coefficients. These recommendations vary by number of factors, number of items per 

factor, and magnitude of primary factor loading. A small sample size was sufficient 

provided the primary factor loadings were high: a sample size of 200 resulted in an 

excellent congruence coefficient for all of the conditions with 2 factors and a good 

congruence coefficient for all of the conditions with 4 and 6 factors. In addition when the 

primary factor loadings were medium and the number of factors was 2, a sample size of 

200 resulted in a good congruence coefficient. However for 4 or 6 factors, a larger 

sample size was required when the factor loadings were medium and the required 

sample size was influenced by the number of items per factor and number of factors. 

For four factors a sample size 200 was sufficient for 14 items per factor and a sample 

size 600 was sufficient for 7 items per factor. For 6 factors, no sample sizes in the range 

of 200 to 800 produced a good congruence coefficient. 

Future Research Questions 

As is true in all studies only a limited number of questions could be investigated 

and future studies can broaden the scope of investigation. First, the performance of the 

standard errors of the parameter estimates was not investigated because of the time 

demands of calculating standard errors in Mplus when the EFA model is applied to 

ordinal data. For example, when the number of factors was 6 and the number of items 

per factor was 14 running time per replication would have been approximately 10 

minutes. Although conditions with a smaller number of factors and a smaller number of 

items per factor would not have been so computationally demanding, the standard 

errors of the parameter estimates were not included in the present study. Future 

simulation work with a smaller number of replications per conditions, (e.g., 500) can be 

conducted to detect the important determinants of accurate standard errors of 
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parameter estimates. Similarly, goodness of fit tests and indices were not included 

because they are also computationally demanding. Therefore, another research 

possibility is to assess how model fit indices are affected by variables in the present 

design. As shown in the literature review, the influence of additional variables on factor 

recovery has been investigated in CFA with ordinal data but not in EFA with ordinal 

data. These effects include the number of item response categories and the distribution 

of the responses across the categories. Sass (2010) investigated the effect of interfactor 

correlation in EFA with ordinal data, but used factor recovery indices (bias and RMSE of 

factor loading estimate) that focused on the estimation accuracy of individual factor 

loading not the overall accuracy of factor loading matrix. In the current study, these 

three variables were not investigated. In the future study, the influence of these effects 

on factor recovery (congruence coefficient, root mean squared deviation, and pattern 

accuracy) could be studied by manipulating their settings: varying the number of 

response categories (e.g., from 2 to 7), the distribution of ordinal data (e.g., from 

approximate normal to severely skewed), or the correlation among factors (from low to 

high). In the present study, the model was always correctly specified and this is not 

always true in the reality. Therefore, the effect of model misspecification on factor 

recovery might be of interest in future research. There are several ways to misspecify a 

model. For example, the number of factors in the model may not be equal to the number 

of factors in the population, or residuals may be uncorrelated in the sample, but 

correlated in the population. 

Conclusions 

Based on the findings presented, there are four conclusions can be set forth. 
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First, the factor recovery is very similar for DWLS and ULS across all of the 

simulation conditions and very small differences were reported between them in terms 

of five factor recovery indices.  

Second, better factor recovery is associated with higher primary factor loadings, a 

smaller number of factors, a larger number of items per factor, and a larger sample size. 

However, there are interactions among these variables. The magnitude of primary factor 

loadings typically interacts with number of factors, sample size, and the number of items 

per factor. The magnitude of the primary factor loadings has a stronger effect when the 

number of factors is larger, the sample size is smaller, or the number of items per factor 

is smaller. The effect of sample size is stronger when the primary factor loadings are 

smaller. The effect of number of items per factor is more pronounced when the number 

of factors is smaller, or the magnitudes of factor loadings are lower. In addition, the 

number of factor has a stronger effect when the factor loadings are lower, or the number 

of items per factor is smaller. These effects (main and interactions) are factor recovery 

index dependent and do not occur for each of the indices.   

Third, sample size had little effect when the loadings were high and the number of 

items per factor was large. Therefore, a good congruence coefficient can be achieved 

even with fairly small samples under these conditions. When factor loadings are lower, 

good factor congruence coefficients occurred with a larger sample size and a larger 

number of items per factor. 

Finally, a sample size of 200 resulted in a good congruence coefficient for all of 

the conditions with 2 factors and for all of the conditions with 4 and 6 factors when the 

primary loadings were large. However, with medium primary factor loadings a larger 
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sample size was needed and it depended on the other effects (the number of factors 

and the number of items per factor). For four factors a sample size 200 was sufficient 

for 14 items per factor and a sample size 600 was sufficient for 7 items per factor. For 6 

factors, no sample sizes in the range of 200 to 800 produced a good congruence 

coefficient. 
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Table 4-1. Sample size recommendation for a good and an excellent congruence 
coefficient 

NF NI PFL 

Sample size for a 
good mean 
congruence  

Sample size for an 
excellent mean 
congruence 

2 7 Medium 200 800 
  High 200 200 
 14 Medium 200 400 
  High 200 200 
4 7 Medium 600 N/A 
  High 200 800 
 14 Medium 200 N/A 
  High 200 400 
6 7 Medium N/A N/A 
  High 200 N/A 
 14 Medium N/A N/A 
  High 200 N/A 

Note: NF indicates the number of factors, NI the number of items per factor, and PFL 
the primary factor loadings. A good congruence coefficient is in the range of 0.92 to 
0.98 and an excellent congruence is in the range of 0.98 to 1.00. The N/A in the sample 
size means that no sample sizes in the range of 200 to 800 produce the good or 
excellent congruence coefficient.  
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Table 4-2. Mean congruence coefficient by PFL, NI, and SS 

PFL NI SS Mean 

Medium 7 200 0.847 
  400 0.900 
  600 0.924 
  800 0.914 
 14 200 0.914 
  400 0.934 
  600 0.943 
  800 0.944 
High 7 200 0.973 
  400 0.979 
  600 0.980 
  800 0.982 
 14 200 0.978 
  400 0.984 
  600 0.986 
  800 0.986 

Note: PFL indicates the primary factor loadings, NI the number of items per factor, and 
SS the sample size.  
 

 

 

Table 4-3. Mean root mean squared deviation by PFL, NI, and SS 

PFL NI SS Mean 

Medium 7 200  0.147  
  400  0.118  
  600  0.104  
  800  0.106  
 14 200  0.114  
  400  0.096  
  600  0.087  
  800  0.085  
High 7 200  0.086  
  400  0.076 
  600  0.072 
  800  0.070  
 14 200  0.077  
  400  0.066  
  600  0.062  
  800  0.060  

Note: PFL indicates the primary factor loadings, NI the number of items per factor, and 
SS the sample size.  
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Table 4-4. Mean general pattern accuracy by PFL, NI, and SS 

PFL NI SS Mean 

Medium 7 200 0.216  
  400 0.412  
  600 0.513  
  800 0.481  
 14 200 0.177  
  400 0.410  
  600 0.568  
  800 0.531  
High 7 200 0.998 
  400 1.000 
  600 1.000 
  800 1.000 
 14 200 1.000 
  400 1.000 
  600 1.000 
  800 1.000 

Note: PFL indicates the primary factor loadings, NI the number of items per factor, and 
SS the sample size.  
 

 

 

Table 4-5. Mean total pattern accuracy by PFL, NI, and SS 

PFL NI SS Mean 

Medium 7 200 0.050 
  400 0.108 
  600 0.110 
  800 0.130 
 14 200 0.007 
  400 0.029 
  600 0.050 
  800 0.049 
High 7 200 0.109 
  400 0.130 
  600 0.151 
  800 0.161 
 14 200 0.028 
  400 0.042 
  600 0.061 
  800 0.059 

Note: PFL indicates the primary factor loadings, NI the number of items per factor, and 
SS the sample size. 
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Table 4-6. Mean per element accuracy by PFL, NI, and SS 

PFL NI SS Mean 

Medium 7 200 0.872  
  400 0.915  
  600 0.930  
  800 0.926  
 14 200 0.905  
  400 0.929  
  600 0.938  
  800 0.939  
High 7 200 0.956  
  400 0.965  
  600 0.968  
  800 0.971  
 14 200 0.953  
  400 0.965  
  600 0.967  
  800 0.968  

Note: PFL indicates the primary factor loadings, NI the number of items per factor, and 
SS the sample size.  
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