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Abstract

The measurement of psychological and sociologictdrventions often implies important
random and systematic degrees of error which hi@stibstantive conclusions. Results can
be affected by the mismatch between the statistisslimptions and the data characteristics.
When using Confirmatory Factor Analysis to obtadmstruct validity evidences, it is usual to
work with moderate or severe skewed ordinal vaeisibhlthough robust estimation methods
are recommended (specifically, RML and RULS), there no simulation studies enough to
know in which conditions such methods are efficiémthis study we compare through Type-
| error correctly specified and misspecified modatalyzing the performance of RML and
RULS in Likert scales according 6, RMSEA and RMR. Four experimental factors were
manipulated: the number of dimensions, the numlbe@esponse categories, the degree of
skewness, and the sample size. We advise using dstittmation methods and give some
practical recommendations in order to avoid systi&naaror.

Keywords: Confirmatory Factor Analysis, Likert scales, RMLWJES, Type | error.

Introduction

Construct validity assures that the observed behancluded in a measurement instrument
are true indicators of the construct to be measuBtdictural Equation Modeling (SEM)
consists in elaborating a model from the structoireelationships between the variables
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linked to the theoretical knowledge about a comst{Catena, Ramos & Trujillo, 2003).
Along with Confirmatory Factor Analysis (CFA), SEM considered a special case of
covariance structure modeling and distinguishesvéen latent and observed variables
(Catena et al., 2003; Cea, 2004). In case the mzasat instrument is a Likert scale, one of
the CFA application requirements, that is, the iooiaius nature of both latent and continuous
variables (Mulaik, 1972) is not fulfilled. In thgense, it should be remembered that authors as
Coenders and Saris (1995), DiStefano (2002) as ageFlora and Curran (2004) point out
that the observed variables of Likert scales arasmeed according to an ordinal measurement
scale. In addition, another application requiremevttich implies that observed variables
must follow a multivariate normal distribution, mot frequently satisfied in Likert scales.
This is due to a certain degree of skewness, wtachoften be observed in the distribution of
observed variables, and it means that a non-narmbHivariate distribution occurs.

When running a CFA, the lack of fulfilment of th@a mentioned requirements can lead to
accept misspecified models and therefore to a wtibegretical development of constructs or
artifactual concepts because of a bad praxis i@ @atalysis. More concretely, in the
parameters estimation stage there are methods asnita Likelihood (ML), which is
mostly used although it ignores the peculiaritietikert scales (Brown, 2006). At the same
time, the results of both goodness of fit indiced aignificance of parameters depend on the
parameters estimation method chosen and in turay tinay influence the model
reformulation stage from maladjusted starting dete

Considering the situation posed by Likert scalegelation to construct validation, it seems
appropriate to analyze the behaviour of Robust Maxn Likelihood (RML) and Robust
Unweighted Least Squares (RULS) estimation methdath ML and RML methods consider
that the observed variables are continuous, bus iadvisable to use RML when the
multivariate normal distribution requirement is nhdfilled by the observed variables
(Brown, 2006; Finney & DiStefano, 2013). For itstp&RULS method, analyzed by authors
as Yang-Wallentin, Joreskog, and Luo (2010), isugawit of unweighted Least Squares (ULS)
method, which is applied when the observed vargade not follow a multivariate normal
distribution (Morata-Ramirez, Holgado-Tello, Barbé&sarcia & Méndez, 2015). As far as we
know, there are few simulation studies focused yoeT error of RML and RULS methods
despite these topics are covered in articles agA089), Yang-Wallentin et al. (2010), Savalei
and Rhemtulla (2013), Sass, Schmitt, and Marsh4R8dd Li (2015).

When the multivariate normal distribution requirernés not fulfilled, it is necessary to
calculate de asymptotic covariance (AC) matrix ¢3&og, 2004). This matrix is involved in
the parameters estimation stage of CFA, when thergeexpression F=[ & (p) W[ S -

Y (p) ] is minimized (Bollen, 1989) and the weiglgtimatrix W is the inverse of the AC
matrix (Batista & Coenders, 2000). The AC matrixighs a polychoric correlation matrix
previously obtained in order to achieve a freeritistion matrix (Jéreskog & Sérbom, 1988).
In RML method, AC matrix weighs a Pearson correlatinatrix (Batista & Coenders, 2000).

Later, in the goodness-of-fit evaluation stage BACthey” Likelihood Ratio Test is the index
par excellence. It is the unique goodness-of-fiewhich implies a statistical test where the
null hypothesis stands when the theoretical modgists to the empirical model. In case of a
significanty®value (p< .05), the null hypothesis is rejected islconsidered that there is no
adjustment between theoretical and empirical mg&ehumacker & Lomax, 1996; Cea,
2004; Brown, 2006).

According to Joreskog (2004), LISREL program indsdAC matrix depending on the
estimation method and it displays a serieg’dhdices in the output. As a result, when RML
method is used, there are fodrindices obtained: C1 (“Minimum Fit Function Chi«Bge”),
C2 (“Normal Theory Weighted Least Squares Chi-Sg)aC3 (“Satorra-Bentler Scaled Chi-
Square”) and C4 (“Chi-Square Corrected for Non-Nality)). If RULS method is applied,
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they? indices obtained are C2, C3 and C4. It must bhligigted that C3 index is a correction
of typical ¥* for non-normality conditions (Brown, 2006; Finn&yDiStefano, 2013). It was
proposed by Satorra and Bentler (1990) in orddes$o the hypothesis about goodness of fit
when the normality assumption is not fulfilled (C2804).

Given thaty® index has limitations derived from its connecttory’® central distribution and
its sensitivity to sample size, it is recommendedobtain additional results with another
goodness-of-fit indices (Bollen, 1989; Byrne, 19@#&a, 2004; Brown, 2006). In the present
simulation study, those indices are RMSEA and RMR.

RMSEA (Root Mean Square Error of Approximation)asgoodness of fit index, which
measures the level of discrepancy between thedhealr and the empirical model according
to the degrees of freedom. When its value is sm#ikn .05, it is considered that there is a
good adjustment of the theoretical model, wherbasatljustment or approximation error is
reasonable when RMSEA values are between .05 8n@rowne & Cudeck, 1993). RMSEA
is sensitive to the number of parameters of theréteal model, that is, the complexity of the
model. In this sense, the simpler the model isgtieater degree of freedom it has, so there is
a greater probability to reject the model (Byrrn@98; Batista & Coenders, 2000).

RMR (Root Mean Square Residual) is a goodness @fidex which represents the average
residual value which results of the differencesMeein the variance-covariance theoretical
and observed matrices (Byrne, 1998). Although a RKIRe equal to zero indicates a perfect
adjustment of the theoretical model (Kline, 201there is a good adjustment if RMR is
smaller than .05 (Sérbom & Jéreskog, 1982; Col&8719

The objective is to compare through Type | erra performance of RML and RULS in
Likert scales according t6, RMSEA and RMR indices.

Method

Four experimental factors were manipulated: a) remdd factors, or latent variables, b)
number of response categories, c) degree of skewaes d) sample size. The number of
factors had five experimental levels (2, 3, 4,)5For each factor were simulated three items.
The factor loadings of the items were always threesan all factors, namely .9, .8 and .7 for
the first, second and third item of each fact@mié were generated according to a normal
distributionN (0, 1) Then these answers were categorized accordiBg 495, and 6 point
Likert scales, that is, the number of response goaies was established with four
experimental levels. Likert scales were categorigedthat: a) the responses to all items
remained symmetrical, b) all items had moderatenskss, or c) all items had severe
skewness. Thus, the degree of skewness had thperireental levels: skewness = 0;
skewness = 1, or moderate; skewness = 2, or severe.

To categorize the Likert scales, as stated by Bodled Barb (1981), the continuum was
divided into equal intervals from z = -3 to z =rBarder to calculate the thresholds of the
condition in which the response distribution toitdims is symmetrical (skewness = 0). For
skewed distributions, the thresholds were calcdlaecording to Muthén and Kaplan (1985),
in such a way that observations were accumulateah@ of the extreme categories as the
degree of skewness increased. Half of the variatflesach factor were categorized with the
same positive skewness and the rest of variabldsthve same negative skewness with the
purpose of simulating difficulty factors.

As regards the fourth experimental factor, the damjze had six experimental values (100,
150, 250, 450, 650 and 850 subjects).
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The combination of number of factors, number opogse categories, degree of skewness
and sample size produced 360 experimental condi{{dx4x3x6) which were replicated 500
times. These replications were performed usingmRier 2.12.0 (R Development Core Team,
2010), which invoked successively PRELIS versiod @oéreskog & Sorbom, 1996b) to
generate the corresponding data matrices accotdirtie specifications resulting from the
combination of the experimental conditions. Thus, édach generated matrix, Pearson and
polychoric correlations matrices as well as asytiptmvariance matrices were obtained.

After obtaining correlations matrices and asymptotivariance matrices for each data matrix
generated under the concrete specifications oéxiperimental factors, it was performed the
corresponding Confirmatory Factor Analysis (CFAg&ssively, that is, until 500 times (one
CFA for each replication). As in the previous cabese replications were performed using R
version 2.12.0, which invoked successively LISREtrsion 8.80 (Joreskog & Soérbom,

1996a). There were two types of theoretical modgiieh were tested through LISREL.:

1. Correctly Specified Models: This means that the theoretical model which hasnbe
specified using LISREL syntax corresponds exactiy ihe model which has enabled data
generation. So, for example, if we are working watlb factors model, in the syntax it is
specified that the model to be tested has 5 factongre the factor loading of each item
depends on its theoretical factor.

2. Misspecified Models:In this case, the theoretical model which has tmmstified using
LISREL syntax does not correspond exactly with thedel which has enabled data
generation. To do this, in the syntax it is spedfa model so that an item of each factor
saturates incorrectly in another one. For exaniplihe model generated by the data had 2
factors, an item of each factor is saturated iremly in the syntax by including it in a factor
which is different from the one that would corresgdheoretically with the item.

In order to facilitate the management and comjitatf fit indices files, a specific program
was generated in JAVA language.

Data Analysis

Type | error was calculated by the percentage jettiens of the null hypothesis in correctly
specified and misspecified models. All these calitohs were made for each of tyf#values
reported in the LISREL output files obtained focleastimation method used in the present
study. As we mentioned before, thogevalues are known as C1 (“Minimum Fit Function
Chi-Square”), C2 (“Normal Theory Weighted Least &ws Chi-Square”), C3 (“Satorra-
Bentler Scaled Chi-Square”) and C4 (“Chi-Squarer@zed for Non-Normality”) (Jéreskog,
2004). Thus, the? values obtained for each estimation method depgnati the fulfillment

of the multivariable normality assumption were tbikowing ones: for RML method, C1, C2,
C3 and C4; for RULS method, C2, C3 and C4.

To raise the null hypothesis fgf Likelihood Ratio Test a 5% nominal value was cdesid,
which in practice means a probability equal to i@ager than 0.05. As far as RMSEA index is
concerned, the theoretical models are accepted whenlue is lower than 0.08, so models
with a reasonable adjustment (Browne & Cudeck, 1988re included. For its part,
according to RMR index, models with values lowaarth05 were also accepted (S6érbom &
Joreskog, 1982; Cole, 1987).
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Results

Number of Factors

The results related to percentage of Type | eroorcbrrectly specified and misspecified
models of each of RML and RULS estimation methagjsethding on the number of factors of
the theoretical models examined are presenteddle Ta

Table 1: Number of factors

Correctly

Specified Models Misspecified Models

Factors % Type | error % Type | error
RML RULS RML RULS
2 23.4 81
3 21.3 95.7
c1 4 22.9 97.1
5 251 98.6
6 12.7 100
2 24.5 56 81.8 98
3 20.7 76 96.1 100
4 21.8 85.2 96.8 100
C2 5 22.9 89.8 98.1 100
6 9.8 81.5 100 100
2 8.8 12 60.5 83.7
3 0.8 5.6 76.1 98
c3 4 0.3 5.9 72.6 98.8
5 0.1 7.1 70.6 99.3
6 0.1 5.3 99.3 100
2 10 14.2 55.7 82.6
3 3.6 15.4 73.8 98.7
ca 4 11.9 36.8 87.4 100
5 32.7 58 96.8 100
6 455 74.9 100 100
2 6 8.7 35.3 68
RMSEA 3 0.1 0.5 47.2 91.6
4 0.1 28.9 74.9
5 0.1 24.2 68.1
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6 0 0 64.3 96.9
2 16.9 20.3 67.2 94.8
RMR 3 194 27 98.9 100
4 25.9 32.7 99.6 100
5 29.8 34.2 99.7 100
6 10.2 15.8 99.7 100

In correctly specified models, as regards Typedremade with RML method, according to
C1 and C2 the percentage of correct rejected modeiains stable by 21-25% as the number
of factors increases. However, for 6 factors modealscreases to 12.7% (C1) and 9.8% (C2).
For C3 there are no models rejected except forcbifs models (8.8%). For its part, C4
shows an increasing in the percentage of rejeate@a models as the number of factors is
greater, although the smallest percentage of fejects found for 3 factors models (3.6%).

With respect to Type | error with RULS, the highpstcentage of rejected models is achieved
with C2 for 5 factors models (89.8%) from a greatréasing observed for 2 and 3 factors
models. That percentage remains stable accordir@3tdapproximately 5-7%) for models
with more than 3 factors, since for 2 factors medelreaches 12%. When observing C4
results, there are remarkable upward trends ipéneentages from 3 factors on. In this sense,
more than one third of correct models is rejectbdmthey have 4 factors, whereas more than
half of the models with 5 factors is rejected amnd thirds of 6 factors models are rejected.

As far as Type | error made with RMSEA index is cemed, either of the estimation
methods show no rejected models except for 2 faawodels, where the percentage of
rejection is 6% for RML and 8.7% for RULS.

With respect to Type | error related to RMR indiexboth estimation methods the percentage
of rejected models go up as the number of facoigreater. However, for 6 factors models
the percentages are 10.2% for RML and 15.8% for 8nd therefore they are smaller than
the ones obtained for models with 2 factors (16f8fRML and 20.3% for RULS).

In misspecified models C1 and C2 show similar Tygeror percentages when using RML
method, which implies the rejection of most of thié misspecified models with 3, 4 or 5
factors. Those percentages are lower for 2 faatwwdels (around 81%), whereas all the
models with 6 factors are rejected. For its paR, r€jects over half of 2 factors models
(60.5%) and this percentage increases up to 70f08%bhe rest of the models except for 6
factors models, since almost all of them are ref¢®9.3%). A similar trend is observed for
C4 but the increasing percentage of rejected iscomodels is more gradual.

As regards RULS method, almost all 2 factors mo@#86) are rejected with C2, whereas
this percentage is slightly lower with C3 and C&8.@8%6 and 82.6%, respectively). All
misspecified models with 3 or more factors areatei@ with C2, whereas C3 and C4 reject all
the models with 6 and 4 factors, respectively.

With respect to Type | error related to RMSEA ingdthere is no clear upward or downward
trend as the number of factors increase with RMd BULS methods. However, both of
them show the highest percentages of Type | emo6 ffactors models (64.3% and 96.9%,
respectively).
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As far as Type | error made with RMR index is caneel, when using RML almost all the

models with 3 or more factors (namely, from 98.989.7% of them) are rejected, while the
percentage of 2 factors models which are rejecded lower (67.2%). In contrast, RULS

method rejects 94.8% of 2 factors models as wealhasest of models with a greater number
of factors.

Number of Categories

Table 2 shows the percentage of Type | error forectly specified and misspecified models
of each of RML and RULS estimation methods depemdin the number of response
categories of the models.

Table 2: Number of categories

Spe(c:i?irergcl\t/llycl) dels Misspecified Models
Categories % Type | error % Type | error
RML RULS RML RULS
3 19 91.2
4 26.9 95.2
Cl 5 21.7 93.7
6 23.1 94.1
3 17.8 90.4 91.4 99.7
4 25.8 82.6 95.2 99.6
C2 5 20.7 71.6 93.8 99.5
6 22.2 64.3 94.3 99.4
3 0.1 6.8 60 93.9
4 6.9 12 74.3 96
C3 5 0.9 5.8 74.7 95.7
6 1.4 5.4 78.6 95.4
3 10.3 32.4 68.8 94.1
4 20.3 38.7 83.3 96.9
C4 5 16.6 32.6 82.1 95.9
6 19.4 32.4 85.2 95.5
3 0 0.7 13.8 66.1
RMSEA 4 5.2 6.6 39.8 77.7
5 0.2 0.8 43.6 80.7
6 0.2 0.7 46.7 83.2
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3 21.5 31.9 88.7 98.8
RMR 4 27.6 32.6 94.3 99.1
5 20 24.6 91.9 98.6
6 19.4 21.9 92.6 98.6

With respect to Type | error in correctly specifietbdels using RML, the percentages of
correct models rejected according to C1 and C2 shmowpward trend, although the models
with 4 categories have a higher probability of lgeiejected than the rest: 26.9% (C1) and
25.8% (C2). There are hardly rejected models inircigéx, except for 4 categories models
(6.9%). In accordance with C4, there is an increpséndency in the percentage of Type |
error but the models with 4 categories show agagmeater percentage of rejected correct
models (specifically, 20.3%).

When RULS method is applied, C2 presents a downweamdency in Type | error as the
number of categories is greater. In both C3 andir@es the percentages of accepting
correct models remain stable, except for 4 categomodels, where those percentages are
higher (12% and 38.7%, respectively).

As regards RMSEA, both RML and RULS methods shoat the correct models with 4
categories are the ones with more probabilitiesbefng rejected (5.2% and 6.6%,
respectively).

According to RMR index, with RML the percentageTgpe | error goes around 20%, while
for 4 categories models it increases until 27.6%eWusing RULS method, the percentage of
rejected models remains stable for 3 and 4 fachadels, and then it goes down. Once again
the models with 4 categories present the highergméage of Type | error (namely, 32.6%).

Working with misspecified models, as far gsindex is concerned, with RML estimation
method C1 and C2 show a slight upward trend asitimber or categories grows, but the
highest Type | error percentages correspond tdegodes models (95.2%). According to C3
and C4, there is a greater percentage of Typeol @3 the number of categories increases
from 3 to 4 categories. Then the percentages dativedy stable, but the percentage of
rejected models with 6 categories in C3 is smatlan in C4 (78.6% and 85.2%,
respectively). When RULS method is used, C2 rejakt®st all the incorrect models (about
99%). C3 and C4 present quite stable percentagdyps | error, but the models with 4
categories show the highest ones (96% and 96.%ecavely).

With respect to RMSEA, both estimation methods slaomincreasing in the percentages of
Type | error up to 46.7% (RML) and 83.2% (RULS}las models have more categories. That
increasing is more pronounced from 3 to 4 categofteaddition, the percentages are greater
with RULS than with RML, particularly for 3 categes models. In this case, the percentage
shown by RML is 13.8%, whereas the percentage diRid 66.1%.

As regards RMR index, RML shows a slight upwardhdres the number of categories is
greater, except for 4 categories models, whichahbgher percentage (namely, 94.3%). For
its part, RULS show stable percentages around ®8f6the models with 4 categories have
also the greatest one (that is, 99.1%).

Degree of Skewness

In Table 3 we present the results about percerabd@gpe | error for correctly specified and
misspecified models obtained with RML and RULS reation methods depending on the
degree of skewness.
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Table 3: Skewness

Correctly

Specified Models Misspecified Models

Skewness % Type | error % Type | error
RML RULS RML RULS
0 71 97.5
1 17.9 94.2
46.1 88.2
5.4 56.4 97.7 99.2
16.3 87.6 94.4 99.6
C2 2 46.3 96.7 88.1 99.8
0.6 5.4 94.1 97.7
Cc3 1 3.4 9.2 73.7 95.4
3.3 8.6 436 91.9
0 23.2 39.3 945 97.1
- 14.2 33.4 81.9 95.5
11.4 26.2 60.3 93.7
0.3 0.8 77.4 96.1
RMSEA 29 38 21.2 84.2
2 1.2 2.2 1 44.9
14.2 18.8 96.9 98.6
MR 228 35.2 91.2 98.7
30.8 32 86.6 99

In correctly specified models the smallest peragmiat Type | error when using RML method

is achieved by C3 index. As regards C1 and Cayitlee noticed a similar upward trend in the
percentage of rejected correct models as the slssagrews, which reaches in both of them
about 46% when the skewness is severe. Moreoveording to C3, almost none of the

correct models are rejected when the responsebdistm is symmetric, whereas only about
3% of correct models with moderate and severe skteligtributions are rejected. C4 shows a
slight downward trend from 23.2% to 11.4% in thecpatage of rejected correct models as
their degree of skewness is greater.

When using RULS method, C3 is also the index wilobws the smallest Type | error. For its
part, C2 presents an upward trend in the percemtfggected correct models. In this sense,
almost half of the models (56.4%) with symmetridesitributions is rejected, whereas almost
all the correct models (96.7%) with severe skewisttidutions are rejected. In contrast, C3
shows a small percentage of correct rejected mddelsymmetrical distribution (5.4%) in

comparison with the similar percentages obtainedbimth moderate and severe skewed
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distributions (9.2% and 8.6%, respectively). RegardC4 index, there is a slight downward
tendency as the response distributions of corrextets have a greater degree of skewness,
falling from 39.3% for symmetrical distributions 26.2% for severe skewed distributions.

With respect to RMSEA, Type | error percentagesnshby RML and RULS methods are
alike. As regards correct models with symmetripoese distributions, only 0.3% of them
are rejected with RML and 0.8% with RULS. The petages of rejected models are slightly
greater for skewed distributions, but for modersitewness they are bigger than for severe
skewness.

Type | error in RMR shows an upward tendency for LIRMethod in the percentage of

rejected correct models as skewness is greatengdoom 14.2% to 30.8%. As regards

RULS, there are more rejected correct models ag dsrtheir response distribution is skewed
instead of symmetrical, but for moderate skewettidigions the percentage of rejection is
higher (35.2%) than for severe skewed distributi@2856).

In misspecified models, regarding’ index when using RML, a huge percentage of
misspecified models is rejected in accordance @itrand C2. In this sense, despite the slight
downward tendency as the skewness grows, for seskawed response distributions that
percentage is about 90%. C3 and C4 are similaeingmtages of Type | error, but there are
less rejected models when C3 is considered, phatlgufor severe skewed distributions.
Namely, 43.6% with C3 and 60.3% with C4.

As far as RULS is concerned, 99% of incorrect medek rejected with C2 whatever the
degree of skewness. In addition, the percentage€33afind C4 are over 90%, but they are
lower as the degree of skewness increases.

According to RMSEA index, with RML there are gradifferences between Type | error
percentages depending on the degree of skewnessthém words, 77% of misspecified
models with symmetric distribution is rejected, wdas this percentage goes down to 21.2%
for models with moderate skewness and to only 1%csévere skewness. There is also a
decreasing trend with RULS method, but it is mai@punced when comparing moderate to
severe skewness and, moreover, the amount of edj@atorrect models is greater than the
one found for RML. Hence the percentages go fromi%6for symmetric distributions to
44.9% for severe skewness.

As regards RMR, most of the misspecified modelggjected with RML. In this sense, Type

| error percentages go down from 96.9% to 86.6% dgmetric and severe skewed
distributions, respectively. As RULS method is ysidse percentages are higher and close
to 100%, especially when the skewness is severe.

Sample size

In Table 4 we present the data related to sampke \8ith respect to percentages of Type |
error for correctly specified and misspecified medebtained with RML and RULS
estimation methods depending on the sample size.
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Table 4: Sample size

Correctly

Specified Models

Misspecified Models

Sample size % Type | error % Type | error
RML RULS RML RULS
100 10.7 74.7
150 14.7 89.1
250 17.4 96.5
Ci 450 24.6 99.3
650 30.1 99.8
850 37.6 99.9
100 6.8 70.5 74.3 97.7
150 12 75.9 89.8 99.2
250 16.2 79 96.7 99.9
C2 450 24.8 78.8 99.4 100
650 30.8 77.6 99.9 99.9
850 37.8 77.4 99.9 100
100 0.3 6.1 31.1 82.8
150 2.8 9.5 50.5 90.7
250 3.9 9.5 67.4 96.7
C3 450 4 9 86.5 99.2
650 0.8 5.5 95.2 99.8
850 2 5.1 96.6 100
100 39.1 59.5 61.4 86.1
150 32.2 53.9 66.7 91.1
250 16.8 44.9 72.4 95.9
C4 450 8 28.3 86.5 99
650 2.7 17.6 93.2 99.7
850 33 13.3 97 99.9
100 0.6 3.9 25.2 74.3
RMSEA 150 2.7 3.4 32.7 74.6
250 3.1 3.3 37.3 76.7
450 3.3 39.9 79.1
650 39.2 78.4
850 40.5 78.8

90
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100 75.9 82.4 95.6 98.9
RMR 150 47.3 65.1 95 98.7
250 10 36.1 93.4 98.7
450 4 9.5 91.7 98.8
650 0.1 0.4 88.6 98.8
850 0 0 87.5 98.8

Type | error in correctly specified models whenngsRML is very similar for C1 and C2,
since they show an upward tendency as the sampiggsr. In this sense, the percentage of
correct models with 850 cases rejected is appraeima87%. When C3 is considered, the
tendency in the percentage of correct rejected masl@ot clear. In other words, the smallest
percentages of rejection correspond to models Wi and 650 cases (0.3% and 0.8%,
respectively), while the highest ones belong to eedvith 250 and 450 cases (about 4%).
According to C4, Type | error percentages dimirasimodels have a greater number of cases.
Namely, they fall from 39.1% (models with 100 cgses 3.3% (models with 850 cases),
although the percentage for 650 cases is a bitlen{al7%).

As far as RULS method is concerned, Type | errorGa@ presents an upward trend, going
from 70% to approximately 77%. However, the peragatof rejection of correct models

increases until about 79% for 250 and 450 cases.t§gart, for C3 the percentages of
rejection are small (around 5-6%) for models wiD,1650 and 850 cases, whereas for
models from 150 to 450 cases the percentage igh{gbout 9%). There is a downward trend
for C4 related to the percentages of rejectiorhassample size is bigger, falling from 59.5%
to 13.3%.

When using RML method, a few correct models arected according to RMSEA index. In
other words, only 2-3% of the models with a sangife between 150 and 450 cases and
none of the models with 100, 650 or 850 cases geeted. This situation is similar with
RULS method, but in this case there is a clear deavd trend when the number of cases is
greater, as for models with 100 cases samplesditemage is 3.9% and none or the models
with 650 and 850 cases samples is rejected.

Type | error for both RML and RULS methods show @vdward tendency, reaching
percentages close or equal to 0% for models with &% 850 cases. However, with RML
there is a noticeable decrease when the modelsi®ith 150 and 250 cases are compared
(namely, the percentage of rejected models fali®fr5.9% to 10%), whereas when RULS is
used that reduction is more progressive.

In misspecified models, with respect to C1 and @fices when using RML method, about

75% of the misspecified models with 100 subjeces mjected. This percentage increases
until 99% for models with 450 subjects or more. fEhare similarities between C3 and C4

values. In this sense, the percentage of rejeaimatriect models is higher as the sample size
grows, reaching values above 90% for samples viitha&hd 850 subjects. However, C3 and

C4 percentages are different for 100 cases, sinedtord of the models are rejected with C3

and over half of them with C4.

As regards RULS method, the percentages of rejentsspecified models with C2 are close
or equal to 100% whatever the sample size. C3 slmgys values with an upward trend in
Type | error percentage as the sample size growshley are only very close or equal to
100% in models with 450 cases or more. For its @&ttvalues are very similar to C3.
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As far as RMSEA is concerned, Type | error peragegaobtained with RML method are

lower than the ones with RULS method, despite lwdtthem show a very slight upward

tendency. In this sense, one fourth of misspeciimedels with 100 subjects are rejected with
RML and two thirds of them with RULS, whereas Typerror percentages for models with

450 to 850 subjects raise to about 40% with RML almolut 79% of them with RULS.

Concerning RMR index, most of misspecified modetsrajected with both RML and RULS
methods. However, as the sample size grows, Tepel percentages go down when RML is
used, whereas those percentages remain stablprakepately 98% with RULS.

Discussion

Number of Factors

As regards the number of factors and Type | erbbaiaed in correctly specified models from
v*, RML shows a lower percentage of rejected modes RULS, particularly in C3 values.
If RMSEA is considered, both estimation methodsatp minority of correct models with 2
factors and accept those with 3 or more factors.itSgart, in accordance with RMR index
there is a higher percentage of accepted models whsieg RML instead of RULS method,
especially with 3 factors models.

When misspecified models are considered regarginghe percentages of rejection are
higher with RULS. In this sense, the greater diffees between both estimation methods
come from C3 values (except for 6 factors modedsyell as from C4 values up to 4 factors
models. Regarding RMSEA index, the amount of missieel rejected models is greater

when RULS is used (particularly with models witloi36 factors) despite the percentages of
rejection for those specific models are also higth VRML. Related to RMR there are no

noticeable differences between the estimation nastrexcept for 2 factors models, where
RULS permits the rejection of most of misspecifireddels.

Number of Categories

With respect to the number of categories and Tygerdr obtained in correctly specified
models, ag/ is taken into consideration there are fewer reject®dels when using RML
method, particularly if we pay attention to C3 \edu As RMSEA is concerned, both
estimation methods accept all correct models iprcentage shown by RML is lower than
RULS, even with 4 categories models, where thegmtage of rejected correct models is a bit
higher than the rest. RMR index shows lower peaggd of rejection when RML is used,
even though the differences between both methaelgyaater as the number of categories
decreases.

Regarding misspecified models, the results fgérshow that RULS method reject a bigger
amount of models, particularly C3 values. For iertp RMSEA index shows a higher
percentage of rejected misspecified models wherglRULS instead of RML, mainly if they
have 3 response categories. When RMR is considaheahst all the incorrect models are
rejected with RULS method, despite the large amo@imiodels which RML method rejects.

Degree of Skewness

Taking into account the degree of skewness in ctiyrepecified models, as regargfsthe

percentage of Type | error is greater with RULSnsamuently, RML rejects fewer correct
models than RULS, particularly when C3 is considefes regards RMSEA index, there is a
small amount of rejected models but RULS methodwshisigher rejection percentages than
RML, especially for skewed distributions. The résubbtained for RMR index are very
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similar in both estimation methods, but the perages of rejected correct models are higher
when RULS is used, particularly with moderate skéwesponse distributions.

For misspecified models, the percentage of rejeniedels according tg® is greater with
RULS method. It is worthy to note that C3 shows tiiggest differences between the
estimation methods, especially with severe skewespanse distributions. For its part,
RMSEA index shows higher percentages of rejectesspaicified models with RULS rather
than RML. In this sense, the differences betweesdhestimation methods are evident with
severe skewed distributions. As regards RMR, whanguRULS method all the incorrect
models are rejected despite the degree of skewnbgseas the high percentages of Type |
error with RML decrease as skewness grows, paatigulfrom moderate to severe
asymmetry.

Sample Size

Considering the sample size and Type | error imextly specified models, the results related
to x* show that there is a lower percentage of rejestedels with RML method instead of
RULS method, particularly with C3 values. Regard®'{dSEA, the amount of correct models
rejected by RML and RULS is very similar, but thare noticeable differences between the
estimation methods in samples of 450 subjectsawalje all, in 100 subjects. It is remarkable
that neither RML nor RULS reject correctly spedfimodels with 650 or 850 subjects. For its
part, RMR shows a decreasing trend in the perceatad rejected correct models as the
sample size grows for RML and RULS methods, buy thee greater when RULS is used.
However, all the correct models with 650 or 850jscis are accepted by both estimation
methods.

As far as misspecified models are concerned reggrdample size, the results frog
indicate that Type | error percentages are highér RULS method, especially C3 and C4
values. In this sense, there are more incorrectelsaghich are rejected by RULS when the
sample size is between 100 and 250 subjects. dtisis true with 450 subjects, but the
differences between the estimation methods aresmgironounced. RMSEA index shows a
bigger amount of rejected incorrect models when BUE used, particularly with 100
subjects, despite the upward trend in both estomatiethods as the simple size grows. With
respect to RMR, despite the high Type | error paages which RML present, almost all
misspecified models are rejected with RULS whatévemumber of subjects.

General Guidelines

Comparing RML and RULS estimation methods in relatio correctly specified models, the

percentages of Type | error obtained throygimdices are mostly higher with RULS instead
of RML whatever the experimental factor (humbefaaftors, number of categories, degree of
skewness and sample size). In other words, givepeaific experimental level, C2, C3 and

C4 values when using RULS method reject more comeclels than RML, despite the lower

levels which C3 exhibits. For its part, RMSEA shawefection percentages of correct models
with RML quite similar to RULS, except for 2 fackomodels, for 4 categories models, for
models whose response distribution has moderagse®re skewness and for models from
100 to 450 subjects. In those cases, RULS methedtseclearly more correct models than
RML. When RMR index is considered, the rejectiorcpatages are mostly higher if RULS is

used, particularly with 3 or 4 factors models, w&tor 4 categories models, with models
whose response distribution has a moderate skewanessiodels with 150 or 250 subjects.

According to the results obtained in the four expental factors taken into account, RULS
method rejects most of the times a greater amoluntisspecified models than RML. That
superiority of RULS is more evident in C3 valueg/dbr models up to 5 factors as well as in
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C4 values for models up to 4 factors. Besides,hilgber reject percentages are achieved
particularly with C3 for all number of categoriess regards the degree of skewness, C3
values reject especially misspecified models watvese skewed distributions. In addition, C3
and C4 values with RULS are higher than the onéls ®RML for incorrect models, mainly
with sample sizes up to 250 subjects (althoughréfection percentages with C3 are higher
than C4 compared to RML method, particularly withOlsubjects models). As regards
RMSEA index when misspecified models are analy®ddl.S method permits the rejection
of more models than RML, particularly with 4 factanodels, with 3 categories models, with
models which have moderate and, above all, sever®esl response distributions and,
especially, with 100 subjects models. For its @@MR shows higher Type | error percentages
for RULS method rather than RML method, particylanith 2 factors models, with 3
categories models, with models with severe skewesganse distribution and models with
650 or 850 subjects.

Based on the above comments, it seems that, cothpar®ULS, RML method is more
effective when the models are correctly specifsialce it rejects a fewer amount of them than
RULS. In contrast, RULS method is preferable to Rilorder to reject more misspecified
models. However, as Joreskog and Sérbom (1989hdefmlychoric correlations are better
than Pearson correlations when the measuremesetaicabserved variables is ordinal. In this
sense, using Pearson correlations (as RML doesit res incorrecty2 indices (Morata-
Ramirez & Holgado-Tello, 2013).

In addition, the results might have been influenbgdhe fact that the experimental factors
are considered in isolation. In this sense, th& tF#cinformation about how the interaction
between number of factors, number of categoriegredeof skewness and sample size affect
Type | error is one of the limitations of the preisstudy.

In this study it has been possible to know the tiela of C3 value (or Satorra-Bentlgf
scaled) with robust estimation methods since theeded variables do not fulfill the CFA
normality assumption. As results show, it sticks foam the rest of;® values. According to
Cea (2004), kurtosis is involved when calculatiry Eor this reason, it might be interesting
to take kurtosis into consideration in future stsdilt would also supply more information
related to skewness.

Moreover, the RMSEA index depends on sample sizk degrees of freedom. In others
words, the higher the sample size and degreeseefldém, the lower the RMSEA values
(Kline, 2011; MacCallum, Browne & Sugawara, 1996)this sense, following Byrne (1998),
another topic to discuss in future investigationBew analyzing RMSEA results is the
complexity of models related to their degree oéétem.

Finally, as Morris, Bergan, and Fulginiti (1993)imtoout, model misspecification relies on
the mismatch between correlation and causatiostglies need to be cautiously designed in
a way that rival hypotheses are also includedemth
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