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ABSTRACT

Reliability indicates the internal consistency of a test. In educational studies, reliability is
a key feature for a test. Researchers have proposed many traditional reliability estimates, such as
coefficient alpha and coefficient omega. However, traditional reliability indices do not deal with
the data hierarchy, even though the multilevel structure is prevalent in most of the educational
data sets. And then level-specific reliabilities (i.e., the within-group and between-group level) for
multilevel data structure have been recently proposed. But the new approach has not considered
the influence of missing data, which is very common in educational studies, social and
behavioral areas.

The aim of this study is to investigate the reliability estimation for multi-level data with
missing values. We first reviewed the traditional single level reliabilities and the level-specific
reliabilities. And then we proposed a new model, the multilevel confirmatory factor with missing
values. This model was illustrated by analyzing a real data set, the 2018 PISA data. We found
some differences between the single-level and the level-specific reliability estimates. And then
we further investigated the performance of the model by conducting simulation studies under

various conditions. We focused on a two-levels single-factor model with six indicators. Six



reliability estimates (single-level coefficient alpha a, within-group coefficient alpha «,,,,
between-group coefficient alpha ag, single-level coefficient omega w, within-group coefficient
omega w,,, and between-group coefficient omega wp) were investigated and compared. Various
simulations conditions were considered, number of clusters, cluster sizes, intraclass correlation
(ICCs), missing data mechanisms, missing data proportions, and missing data techniques.
Parameter biases and convergence rates were compared.

Results showed that (1) missing values have negative impacts on the reliability estimation
and with the proportion of missing data increased, the percentage bias increased while the
convergence rates decreased, (2) listwise deletion method performed worse than the full
information maximum likelihood (FIML) method, (3) ICC is importance in the reliability
estimation and when ICC was large (say, .30 in our simulation), the between-group level
reliability estimates outperformed the within-group reliabilities, (4), the coefficient omega
performed better than the coefficient alpha if the tau-equivalent assumption is violated.

Limitations of the current model and future research were also discussed in the last part.
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CHAPTER 1
INTRODUCTION

Reliability is one of the most important features of a measurement tool such as a test or a
questionnaire. A high reliability ensures the consistency of the test results (Feldt & Brennan,
1989) and the necessary conditions for the test’s validity (Messick, 1989). A test in social and
behavioral sciences usually requires reporting the reliability (American Educational Research
Association, American Psychological Association & National Council on Measurement in
Education, 2014; Wilkinson & Task Force on Statistical Inference, American Psychological
Association, Science Directorate, 1999). In the early of 1940s, reliability was defined as a
correlation coefficient of the observed scores (Kelly, 1942) or the ratio of the true score variance
to the total score variance (Kaitz, 1945). According to Crocker and Algina (1986), if we
administer the same test twice or administer two similar tests, we could then use the coefficient
of equivalence (derived from the alternative form method) or the coefficient of stability (derived
from the test-retest method) as reliability measures. However, as pointed out by Cronbach
(1943), two or more test administrations cause bias in the reliability estimates, so we use the
observed scores obtained from a single test administration. In this case, the reliability coefficient
is calculated by the Spearman-Brown prophecy formula based on the split-half method or the
internal consistency reliability measures such as KR 20 or KR 21 calculated by the Kuder
Richardson formula (Kuder & Richardson, 1937), the coefficients calculated by the Hoyt

formula (Hoyt, 1941), or the coefficient alpha (Cronbach, 1951).



However, reliability measures based on the classical test theory had a limitation because
the true scores and the errors could not be observed directly (Miller, 1995). By using factor
models (Joreskog, 1971), we can estimate reliabilities by treating the true scores and the error as
the latent variables. In structural equation modeling (SEM) or factor analysis (FA), factors are
latent or unobserved. For example, in educational area, the true ability of the examinees or the
underlying construct that the test targets to measure are factors and their indicators are the test
items.

Under the factor analysis framework, there are three types of measurement models to
explain the relationship between factors and indicators, parallel, tau-equivalent and congeneric.
the If the test is parallel, it assumes the following: (a) the same unit of measurement, and (b) the
same precision of measurement. That is, assumption (a) means that the change of the factor score
causes the same magnitude of change in the scores of all indicators (i.e., the same factor loadings
of all indicators in the model), and assumption (b) means that the variability of the errors of all
indicators’ scores are the same (i.e., the same error variances). When we hold assumption (a) but
relax assumption (b), the test is tau-equivalent. If we relax both assumptions, the test is
congeneric.

Because two assumptions for the parallel model are too strict in practical testing
situations (Crocker & Algina, 1986), reliability measures have been proposed based on either the
tau-equivalent or the congeneric model. The most common reliability estimate is the coefficient
alpha (Cronbach, 1951, 2004). As reviewed in the literature (Deng & Chan, 2017; Dunn et al.,
2014; Hogan et al., 2000; McNeish, 2018; Yang, & Green, 2011), the reasons the coefficient
alpha is widely reported in most social science studies are as follows: (a) the coefficient alpha

has long been accepted as the best-known reliability index (i.e., the coefficient alpha is familiar



to most of the researchers of the social science studies ); (b) The coefficient alpha has a much
simpler calculation process than the alternative reliability estimates such as the coefficient omega
(McDonald, 1978), the coefficient beta (Revelle, 1979), or greatest lower bound reliability
(Bentler, 1972; Jackson & Agunwamba, 1977; Woodhouse & Jackson, 1977); (c) the coefficient
alpha is based on the fully saturated model so that the model-fit is not a concern; and (d) most
computer package programs (e.g., SPSS, Mplus, SAS, etc.) set the coefficient alpha as a default.

In spite of its popularity, it is controversial to use the coefficient alpha because the tau-
equivalent assumption could be violated in actual test administration situations such as the
different factor loadings estimated from the factor model (Bentler, 2009; Cortina, 1993; Feldt &
Qualls, 1996; Green & Yang, 2009a, 2009b; Raykov, 1997a; Revelle & Zinbarg, 2009; Sijtsma,
2009; Yang, & Green, 2011). In particular, for a one-factor model, if the differences among the
factor loadings are large (e.g., above .6), the coefficient omega should be used as an alternative
to the coefficient alpha (Dunn et al., 2014; Edwards et al., 2021; Raykov & Marcoulides, 2015;
Zhang & Yuan, 2016; Zinbarg et al., 2005).

However, as test administration has become more complicated, studies reported that the
traditional reliability estimates (e.g., the coefficient alpha or coefficient omega) may be biased
(Geldhof et al., 2014). One problem comes from the multilevel structure of the collected data
(Bonito et al., 2012; Geldhof et al., 2014; Jak & Jorgensen, 2017; Jeon et al., 2009; Sideridis et
al., 2018). For example, researchers collect data using multistage sampling. If they sample
schools in the first stage and in the second stage they collect data from the students of the
selected schools, then the data have two levels with the student level nested within the school
level. In this case, the students from the same school share the common school features, so there

is a dependency among students’ data, which violates the assumption of independent residuals.



As such, multilevel data may lead to biased reliability estimates (e.g., Snijders & Bosker, 1999).
Geldhof et al. (2014) found that if the true reliability values at both levels are different, then the
traditional single-level reliability estimates are inaccurate. Also, Bonito et al. (2012)
demonstrated that the single-level reliability measures could be the average of the reliability
estimates of both levels.

Another problem comes from the missing values in a data set. For example, examinees
may skip answering some test items because of a lack of knowledge or a time limit (C okluk and
Kayri, 2011). If we do not consider these missing values, the reliability estimates would be
biased because the data with missing values would not represent the features of the population.
Some factor of missing values—for example, the missing data proportions, the missing data
mechanisms and the missing data techniques—play significant roles in estimating reliability
measures (Cuesta Izquierdo & Fonseca Pedrero, 2014; Downey & King, 1998; Enders, 2003,
2004; McDonald et al., 2000; Raykov, 2009Db).

The limitations of the studies above are as follows: (a) The studies using the multilevel
reliability indices (Bonito et al., 2012; Geldhof et al., 2014; Jak & Jorgensen, 2017; Jeon et al.,
2009; Sideridis et al., 2018) did not consider the effect of the missing values in the reliability
estimation, and (b) the studies about the effects of the missing values on the estimation of the
traditional reliability indices (Cuesta lzquierdo & Fonseca Pedrero, 2014; Downey & King,
1998; Enders, 2003, 2004; McDonald et al., 2000; Raykov, 2009b) did not consider the
multilevel data structure.

Therefore, this study aims to propose a new model to address these problems in
estimating reliabilities and to investigate the performance of both traditional single-level and

multilevel (i.e., within-group level and between-group level) reliability estimates. The simulation



study considers the conditions of missing values (i.e., missing data mechanisms, missing data
proportions, and missing data techniques) and the conditions of multilevel data structure (i.e.,
number of clusters, cluster sizes, and intra-class correlations).

The following sections contain a literature review on single-level and multilevel
reliability estimates and the impact of missing values on reliability estimates. Next, the empirical
data analysis of this study shows the performance of single-level and level-specific reliability
estimates for actual educational data. By conducting a simulation study, the performance of the
reliability estimates is compared regarding the conditions of missing values and multilevel data

structure. Implications and further directions of this study are mentioned in the last section.



CHAPTER 2
LITERATURE REVIEW AND THEORETICAL FRAMEWORK

Reliability for Single-Level Data

Based on the classical test theory (CTT), Spearman (1904) proposed a classical true score
model to explain the components of the observed score related to the true score and the error.
Suppose there is a test containing I items. the reliability is defined as the coefficient of the
internal consistency of the items in the test (Allen & Yen, 1979). Because the test includes the
multiple items from X; to X;, the composite of the observed scores of all items in the testis X =

I_, X; and it is decomposed as
X=T+E (1)

where T = Y!_, t; is the true score and E = }.!_, e; is the error, assuming that (a) the covariance
between the true score and error is zero (o7 = 0), (b) the mean of the errors is equal to zero

(ug = 0), and (c) the covariances of the pairs of errors are zero (aEiE]_ =0fori#j€el,..1I).

Then, the observed score variance o7 is decomposed by

0% = 0f + 0 @
where ¢ is the true score variance, and o7 is the error variance. Then, reliability is defined as
the ratio of the true score variances over the observed score variances (Crocker & Algina, 1986)

of

Pxt = —
Ox

@)

The denominator of Equ. (3), the observed score variance a2, can be directly calculated

because of X = ¥!I_ X;.



1 1
of =Var(X) =Var (Z Xi> = Z Var(X;) + 2 2 Cov(X;X))
i=1 i=1 i4j

I

_ 2

= E O'X1+2 E_'GXL.X].
i=1 itj

It is the sum of all elements in the variance—covariance matrix of the observed scores (i.e.,

(4)

Matrix 1) as follows,

X1 XZ e XI_l XI
X o o o o
1 Xl X1X2 b X1XI_1 X1X[
2
X2 O-X2X1 O-XZ O-XZXI—I O-XZXI
X o o o2 o
-1 X1-1X1 Xr-1Xy Xr-1 X1-1X1
2
X; Ox,x, Ox,;x, - Ox;X;_4 Ox,

where i = 1, 2, ..., is the number of items, a)%i is the observed score variance of the item i, and
ax,x; is the covariance of the observed scores of the items i and j for i # j.

However, the numerator of the reliability of Equation (3), the true score variance o2,
cannot be simply obtained because the true score cannot be directly measured. We use factor
models to estimate the true score (Bollen, 1989; Raykov, 1997b). Suppose the test is designed to
measure M factors (i.e., constructs underlying the test) by I indicators (i.e., items). M factors are
the latent constructs targeted to be measured by the test. For example, if the test is designed to
examine students’ understandings of multiple mathematical operations—such as addition,
subtraction, multiplication, and division—each of the factors indicates the knowledge of each

operation. With factor models, the observed score of the test X is decomposed by

X = i ilimnm +Zei )

where X is the observed score, 1;,, is the factor loading of the mth factor on the ith item, n,, is

the factor score of the mth factor, and ¢; is the error of the ith test item (Brown, 2015; Mulaik,



2009). Here, we assume the factor scores are normally distributed satisfying the mean is equal to
zero and the variance is equal to 1 (n,,~N (0, 1)) and the errors are normally distributed
satisfying the mean is equal to zero and the variance 6;; for the ith test item (g;~N (0, 6;;)). In
addition, the covariance between the factor and errors are zero (g, = 0), and the covariance
among the errors are zero (agigj = 0 fori # j).

For simplicity, suppose the items in the test aim to measure one common factor; thus, the

model is a single factor model. In this case, Equation (5) is simplified to

X=Z/lm+zgi (6)

where the factor score is n,,~N (0, 1). With this model, the observed score variance is a)%i =
Var(X;) = Var(Ain + &) = Var(A;n) + Var(g;) + 2Cov(A;n, &;). Additionally, we assume
that Cov(4;n, €;) = 0, then a)%i = Var(An) + Var(g) = A2Var(n) + Var(s;). Also, we
assume that Var(n) = 1and Var(g;) = 6, thus, oz, = 27 + 6;;.

In addition to the observed score variance, the covariance of the observed scores is
Ox.x; = Cov(Xi,Xj) = Cov(/lm + &, 4 + ej) = Ai/leov(n +¢&,n + sj). Because
Cov(n + &, +¢) = Var(n) + Cov(n, &) + Cov(n, &) + Cov(e;, &) and Cov(n, &) =

j

Cov(n,sj) = Cov(ei, ej) = 0, then, Oxx; = AiAiVar(m). And Var(n) = 1, thus, Ox,x; = Aid;.

From these, we can rewrite Matrix 1 to Matrix 2 as the following:

X, X, X, X,
X, 22106, A, AA, 1A,
X, 1,2, A2+6,, Aoy A2,

X1 14 Aj-14, Mg+ 0111 14y




From this variance—covariance matrix, the elements in the diagonal are the observed score

variances, and the elements in the off-diagonal are the covariances of the pair of the two

observed scores. Then, Matrix 2 is divided into two matrices including a matrix of the true score

variances (i.e., Matrix 3) and a matrix of the error variances (i.e., Matrix 4) as follows:

X X2 . Xjq X X X2 Xi-1 X

X A2 My o MA A X1 011 0 0 0
: : : : : + : : : : :
K1) A1 Aade Ao Al Xi-1] O 0 0111 0

Because the composite of the observed scores is X = Y.I_, X;, the composite of the true scores is
T = Yi_, T;, and the composite of the errors is E = Y.I_; E;, we rewrite Equation (2) to Equation
(7) as the following:
I I I 2 I
a§=a%+aEZ=z,1§+zz,1izj+29ii=<zl1i) +29u )
i=1 i%j i=1 i=1 i=1

There are three types of measurement models explain the relationship between the factor
and the indicators (Joreskog, 1971), parallel measurement, tau equivalent, and congeneric.
Parallel measurements assume (a) the same factor loadings, 4, = 4, = -+ = 4; = 4, and (b) the
same error variances of the indicators, 8,; = 8,, = -+ = 8;; = 6. However, in the actual testing
situation, it is difficult to develop a test that meets two assumptions (Crocker & Algina, 1986;
Novick & Lewis,1966). If we assume (a) without (b), the measurement is tau equivalent. If we
relax both assumptions, the measurement is congeneric. If the measurement is parallel, then the

variance—covariance matrix of the parallel model (i.e., Matrix 5) is as follows:

X1 X2 e XI_1 XI
X, 2 +0 2 22 22
2 +0 22 22

X, 22

X4 A? A?
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X; | A2 A2 22 2+6 |

If the measurement is tau equivalent, then the variance—covariance matrix of the tau equivalent

model (i.e., Matrix 6) is as follows:

Xl X2 s XI_l XI

X, 22+ 0y, 22 22 22

X, 22 12+0,, 22 22

X1 22 22 22460, 11 22
X, )2 12 bE: 22+ 6,

If the measurement is congeneric, the variance—covariance matrix of the congeneric model is

Matrix 2 shown as follows:

Xl XZ e XI_1 XI
X, A A3+0,, A1 A A
X1 A1y A-14; A+ 601114 14y

The well-known reliability Cronbach’s alpha (coefficient alpha a; proposed by Cronbach,
1951) is based on parallel or tau equivalent measurement. It is calculated by

125,

=Y
T ©

a

where I is the total number of items, ;; (i # j withi,j = 1, ..., 1) is the average of off-diagonal

elements of the observed scores’ variance—covariance matrix (i.e., Matrix 6), and ¥, o2 is a sum
of all elements of the observed scores’ variance—covariance matrix (i.e., Matrix 6). The
reliability coefficient omega (McDonald, 1978) is for the congeneric measurement and is

calculated by

. Var(Ei_, A4m) _ i )?
Var(2€=1 /11'7] + Z€=1 gi) (Z{=1 /11')2 + Z{=1 gii

(9)
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where i = 1, ..., I indicates each of items in the test, Var(X_, 4;1) is the true score variance,
Var(Xl_, Am + X1, &) is the observed score variance, J; is the factor loading, and 6;; is the
error variance of the ith test item.

The coefficient alpha is popular and convention (Hogan et al., 2000) because it is easily
calculated from the observed scores directly; in other words, we obtain the coefficient alpha from
the fully saturated model. Thus, we do not need to consider the model fit as the other reliability
measures should be considered under the factor analysis framework and most computer
programs provide the coefficient alpha as the default (McNeish, 2018).

However, much of the literature has pointed out the limits of the coefficient alpha
(Cortina, 1993; Green et al., 1977; Green & Yang, 2009a; Raykov, 1997a, 1997b; Sijtsma, 2009;
Yang & Green, 2011; Zimmermanet al., 1993) because it is unbiased only when the data meet
the parallel or tau-equivalent assumption, in which all factor loadings are the same. However, it
is not a practical assumption in many social sciences when developing a measurement tool (e.g.,
test items in an exam or questionnaire). Hence, other reliability measures have been proposed,
such as the coefficient omega (McDonald, 1978), the coefficient beta (Revelle, 1979), and
greatest lower bound reliability (Bentler, 1972; Jackson & Agunwamba, 1977; Woodhouse &
Jackson, 1977).

Among them, the coefficient omega has been often investigated not only in empirical
data analyses, but also in simulation studies (Deng & Chan, 2017, Duun et al., 2014; Edward et
al., 2021; Zinbarg, et al., 2005). These investigations have shown that the coefficient omega is
more robust than the coefficient alpha for estimating the reliability of data sets which are not
satisfied by the tau-equivalent assumption with a large difference in the factor loadings; an

example of this is a case in which the difference between the average factor loadings and the
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individual factor loading are above .20, as examined in Raykov and Marcoulides (2015) or when
the difference between the highest (.80) and the lowest (.20) factor loadings is .60, as
investigated in Green and Yang (2009a), even though Edward et al. (2021) showed that the
coefficient alpha and the coefficient omega performed well with small sample sizes (e.g., 30
samples) and low population reliability values (e.g., .20 for the data simulation). However, the
model estimating the coefficient omega showed more failures in estimation (i.e., the non-
convergence issues) when the sample sizes are small, 250 samples, and the population reliability
values are small, around .30 (Hancock & An, 2020). In addition, if there is a model
misspecification (i.e., the model has a poor fit), then the coefficient omega is biased (Zinbarg et
al., 2005).

Reliability for Multi-Level Data

The data in the field of education often have multilevel (Bryk and Raudenbush, 1987).
For example, when a researcher collects data from students and their teachers simultaneously,
the data have a two-level hierarchy, including the student level and the teacher level. Also,
suppose the student is administered the achievement test once a year; then, the data have two
levels (the test score level and the student level) because the annually measured scores belong to
each student.

The lower level of the data (e.g., the student level for the first example and the test score
level for the second example) is referred to as the within-group level (or level-1), and the upper
level of the data (e.g., the teacher level for the first example, and the student level for the second
example) is referred to as the between-group level (or level-2). However, these two-level data
cannot satisfy the assumption of traditional data analysis methods because the observed values at

the within-group level share the common feature of a between-group level unit (Raudenbush &
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Bryk, 2002). For the first example, the students who belong to the same class share the features
of the teacher. For the second example, the characteristics of the student affect the annually
measured test scores. In these cases, the assumption is that the covariances among the errors

(under the classical true score model, Op; = 0 for i # j; under the factor analysis model,
Ogie; = 0 for i # j) is violated for analyzing a two-level data.

Under the factor analysis model framework, Muthén (1994, 1997) applied the multilevel
confirmatory factor analysis (MCFA) model to analyze the educational data set.

From Figure 1, suppose a test has I test items, and there are K examinees belonging to G
schools (i.e., groups). For simplicity, we assume it is a single factor model. Then, we can specify
the two-level MCFA model to decompose the observed score X, = ZleXikg and

Xikg = Xpig + Xwixg = (Asileg + €8ig) + Awillwkg + Ewikg) (10)
where Xg;, is the component of X;;, at the between-group level, and X4 is the component of
Xig at the within-group level. At the between-group level, Xg,;, is the component of the
observed score X at the between-group level decomposed by the factor loading of the ith test
item (Ap;), the factor score of the kth examinee in the gth group (nz,4), and the error of the ith
test item for the kth examinee in the gth group (eg;4). At the within-group level, X, 4 is the

component of the observed score at the within-group level decomposed by the factor loading of

the ith test item (4,,;), the factor score of the kth examinee in the gth group (1,,x4), and the error
of the ith test item for the kth examinee in the gth group (gyxg)-
For the factor scores and errors at both levels, we assume that (a) the factor scores are

normally distributed with the mean as zero and the variance as 1 (i.e., ngg~MVN (0, 1) and

Nwig~MVN(0,1)), (b) the errors are normally distributed with the mean as zero and the variance
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as 6,,;; for the within-group level and 65;; for the between-group level (i.e., eg;g~MVN (0, Og;;)
and &,,,g~MVN(0, 8,,;;)), (c) the covariances between the factor score and the errors are equal

to zero (i.e., Ongg =0and O kgwig = 0), and (d) the covariances among the errors are

€Big

equal to zero (i =0and oz, e, 5, = 0 FOr i # ).

€1 Oepigepjg
Under the MCFA model, Geldhof et al. (2014) investigated the level-specific reliability
estimates; their idea was to apply coefficients alpha and omega in Equations (8) and (9) to
estimate the reliability measures within each level of the data separately. Suppose a test aims to
measure a single factor. If the test is tau equivalent, at the within-group level, by assuming that
factor loadings are A,,; = Ay, = - A,; = - = A,,; = A,,, €rror variances 6,,;; are varied among
the ith test item, and at the between-group level, factor loadings are Ag; = Agy = =+ Ag; = =+ =
Agr = Ag, and error variances 6;; are varied for the ith test item, the test is tau equivalent. Then,

level-specific alpha, the within-group level coefficient alpha a,,, and the between-group level

coefficient alpha ag are calculated by

Izﬁwij
= 11
IzﬁBij
=== 12
aB Z O_)%B ( )

where I is the total number of items, 6,,;; (i # j withi,j = 1, ...,I) is the average of off-diagonal
elements of the observed scores’ variance—covariance matrix at the within-group level, ) U)%W isa

sum of all elements of the observed scores’ variance—covariance matrix at the within-group level,

opi; (I # jwithi,j =1, ...,1) is the average of off-diagonal elements of the observed scores’
variance—covariance matrix at the between-group level, and ); a,%B is a sum of all elements of the

observed scores’ variance—covariance matrix at the between-group level.
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If the test is congeneric, that is, when we relax the assumptions of the same factor
loadings at the within-group and between-group levels, then level-specific omega, that is the
within-group level coefficient omega w,, and the between-group level coefficient omega wp, are

calculated by

. = (2{:1 Awi)z
v (Z§=1 Awi)z + Z§=1 ewii

o Cew?
5 Qo1 A2+ X Oy

(13)

(14)

where i = 1, ..., I indicates each of the items in the test, A,,; is the factor loading at the within-
group level, 8,,;; is the error variance of the ith test item at the within-group level, A, is the
factor loading at the between-group level, and 8;; is the error variance of the ith test item at the
between-group level.

Instead of reporting level-specific reliability, which is important, the studies of multilevel
modeling have rarely reported the reliability information (Kim et al., 2016). In reviewing the
literature about application of level-specific reliability estimates, the results are as follows. Based
on the empirical data analysis (Jak & Jorgensen, 2017; Jeon et al., 2009; Sideridis et al., 2018),
when we ignore the data hierarchy, we obtain misleading reliability estimates because the results
are the aggregated value (e.g., the average or weighted sum) of the reliabilities at the within- and
between-group level. Ignoring the multilevel data structure distorted not only the results of the
reliability estimation but also the other statistical analyses, such as the factor analysis (Kim et al.,
2016; Padgett & Morgan, 2021; Pornprasertmanit at el., 2014), the structural equation modeling
(Hsu et al., 2007; Ryu & West, 2009), and the cluster randomized study (Cho & Preacher, 2016).

By conducting the simulation study, Bonito et al. (2012) investigated the performance of

the individual- and group-level reliability estimates based on the two-level multilevel model
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(MLM) (Raudenbush & Bryk, 2002). Bonito et al. (2012) found that under the condition of five
items in the test, the reliability ignoring the data hierarchy showed more inflated values than the
individual- and group-level reliability estimates did. However, the difference between the
reliability estimates with or without considering the two-level data structure was small under the
condition of ten items in the test and all group sizes (e.g., two, four, or six individuals in each
group) in this study.

To extend the results of Bonito et al. (2012) and Geldhof et al. (2014) showed the
necessity of using the level-specific reliability based on a multilevel confirmatory factor analysis
(MCFA) model with two factors and six indicators under a two-level data structure. Specifically,
they manipulated the sample sizes regarding two-level data structure (e.g., the number of clusters
as 50, 100, 200, and the cluster sizes as 2, 15, 30), the intra-class correlations
(ICCs .05, .25, .50, .75), and the population values of the reliabilities (.85 as high, .37 as low for
a, w, and H). For the population values of the reliabilities, Geldhof et al. (2014) manipulated the
factor loading differences; for the high population values of the reliabilities, they varied the
factor loadings from .60 to .80 (i.e., congeneric condition), while for the low population values,
they fixed the factor loadings at .30 (i.e., tau-equivalent condition).

Geldhof et al. (2014) found that except H (because H showed the worst results under all
simulated conditions), under the conditions of the high ICCs (over .05), the level-specific and
especially the between-group level reliability indices showed less bias than the single-level or the
within-group level reliability measures. In addition, under the conditions of the high population
values of the reliability (i.e., the congeneric; the violation of the tau-equivalent condition), the
between-group level w outperformed the between-group level a. However, for the larger sample

sizes (i.e., 6,000 samples with 30 individuals per cluster and 200 clusters), the estimates of the
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coefficient w reported more biased results than the coefficient a. These results were the extended
findings of the studies comparing the estimates of the coefficient a and the coefficient w at the
single level (Edward et al., 2021; Green & Yang, 2009a; Hancock & An, 2020; Raykov &
Marcoulides, 2015; Zinbarg et al., 2005).

However, instead of the advantages of the level-specific reliability estimates, Lai (2021)
pointed out the possibility of inflated values of these estimates under certain data conditions. For
example, if the test is not unidimensional but multidimensional, and the underlying constructs
are overlapped (e.g., the test is designed to measure the interdisciplinary understandings of the
science subjects, such as biology, physics, chemistry, and earth science), then the level-specific
coefficient w would be overestimated.

Reliability with Missing Data
Missing Data and Missing Data Mechanisms

Missing data is the not observed values in the data set because of many reasons (Little &
Rubin, 2002; McKnight et al., 2007; Rubin, 1976). When the examinee answers the
questionnaire and these answers are recorded into the data set, the information provided by the
examinee becomes the observed data. However, when the examinee’s answers are not recorded
for some reason (e.g., the examinee refused to answer, skipped some questions, or failed to
answer all questions within the permitted time, or the answers were mistakenly omitted from the
data entry), then the data are missing.

The literature has defined the missing data mechanism as the process leading to the
missingness (Rubin, 1976), the reasons for the missing data (Little & Rubin, 2002), the
assumptions of probabilistic explanations about the missing data (Peugh & Enders, 2004), or the

probability of the missing data given the information about the entire data set (McKnight et al.,
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2007). In sum, the missing data mechanism is the statistical relationship among the observed and
the missing data in the entire data set.

Suppose there is a data set of X;; 4, consisting of the scores of the kth (k = 1,2, ..., K)
examinee within the gth (g = 1, 2, ..., G) group on the ith (i = 1, 2, ..., I) test item. Because the
data set has the missing values, the missing data indicator of the corresponding score X, is
specified as My : if X;i 4 is missing, M,y 4 is one, or if X;;, is observed, then, My, is zero.

Little and Rubin (2002) explained three missing data mechanisms. First, if the probability
of missing data is not dependent on any factors of the entire data set, it is missing completely at
random (MCAR). Under MCAR, ¢4, the probability of missingness on X4, is specified as

big = P(Mirg = 1 Xing, ®) = p(Mirg = 1 Xops Ximiss» @) = p(Mirg = 1|) (15)
where X, is a matrix of the observed values in the data set of the score Xy 4, Xpmss IS @ matrix
of the missing values in the data set of the score X;; 4, and ¢ is a set of parameters for the
missing data distribution.

Second, if the probability of missingness is dependent on the probability of the observed
values in the data set, it is missing at random (MAR). Under MAR, the probability of
missingness of X, is specified as

Dirg = P(Mirg = 1|Xikg, ) = P(Mixg = 1Xops, ¢) fOr V Xmiss, & (16)

Third, if the probability of missingness is dependent on the probability distribution of the
missing values in the data set, it is missing not at random (MNAR). Under MNAR, the
probability of missingness of X;; , is specified as

big = P(Mixg = 1|Xikg, ®) = P(Mixg = 1|Xpmiss, §) fOr ¥ Xops, & (17)
For example, suppose that a student is administered two math exams. However, the student’s

score on the second math exam is missing. If the reason the student’s second math exam score is
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missing is that they were absent on the exam day, this is a case of MCAR, since the missingness
occurred by accident. If instead the student does not need to take the second math exam because
the first math exam score satisfied the cutoff score, the missing data is a case of MAR, because
the reason for missingness is dependent on the score of the prior test (i.e., the pretest) score. In
yet another scenario, if the teacher decides not to record a score lower than the cut score on the
second math exam, and the student does not score above the cut score, that is a case of MNAR.
Because the reason for the missingness is dependent on the variable of interest (i.e., the student’s
performance on the second math exam), MNAR is not ignorable missing data (Rubin, 1976).
Missing Data Techniques: How to Deal with Missing Data

According to Roth (1994), missing data would be a potential problem when the
researcher conducts the data analysis because missingness causes the loss of information about
the targeted population. If the entire data set has the missingness, the statistical power of the
results would be decreased, and the parameter estimates would be biased. Thus, researchers have
to consider how to deal with missing data for diverse statistical analysis, such as non-normal data
analysis (Enders, 2001a), structural equation modeling (Cai et al., 2009; Lu et al., 2011), and
multilevel analysis (Black et al., 2011; Grund et al., 2018).

The literature has proposed diverse missing data technigues, which is a way to handle the
missing values in the data set, because the missing data have a significant impact on the results
of a statistical analysis (Allison, 1987; Enders, 2011; Little & Rubin, 2002). There are three
categories of missing data techniques: data deletion method, data imputation method, and data

augmentation method.
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First, researchers commonly use two data deletion methods: the listwise deletion method
(i.e., the complete case method) and the pairwise deletion method (i.e., the available case
method). Suppose there is a data set of five students on four exams as follows:

English Exam 1  English Exam 2 Math Exam 1 Math Exam 2

Student 1 54 92 70 94
Student 2 67 56 I 52
Student 3 81 77 B
Student 4 90 87 64 74
Student 5 76 53 82 91

where black boxes indicate the missing values of the test scores. Using the listwise deletion (LD)
method, the researcher uses the data set with three students (Students 1, 4, and 5) because the
scores for math exams 1 and 2 are missing for two students (Students 2 and 3). But using the
pairwise deletion method, the researcher analyzes the data set with two variables (English exams
1 and 2) because the scores of math exams 1 and 2 have the missing data.

However, as mentioned in the literature, the researchers should be careful in using either
of these data deletion methods regarding missing data mechanisms (Little & Rubin, 2002;
McKnight et al., 2007; Schafer & Graham, 2002). Under MCAR, because the existence of
missing data is completely random, the data set after deleting missing values is one random
sample of the original data set. Thus, the results of statistical analysis from the data set after
deleting missing values are unbiased. However, under MNAR, data deletion methods could
cause biased results of statistical analysis, reduce the statistical power, and invalidate the
conclusions of the study.

Second, the data imputation method is a way to replace missing data with imputed values.
The main goal of the data imputation method is to find the most plausible value for the
replacement of the missing data. There are two data imputation methods. The single imputation

method substitutes the missing data with a single value. For the replacement value, the researcher
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can consider using the arithmetic mean or the median of the observed values, or the number zero
or the value derived from the regression analysis based on the variables with fully observed
values. However, the single imputation method can cause biased results for the statistical
analysis as well. Using the zero-imputation method, the imputed data set could be zero-inflated,
which could be substantially different from the original data set. To use the regression
imputation method, if the original data set has many variables with complicated missing patterns
together, it is difficult to calculate the imputed values from the regression.

The multiple imputation method is a way to substitute the missing data with multiple
values obtained from the repeated imputation processes instead of from only a single process
(Sinharay et al., 2001; van Buuren, 2011, 2018). From Tanner and Wong (1987), the imputation

model is specified as

f(Xmisslxobs) = ff(Xmisslxobs' 9’ ¢)f(¢|Xobs' G)dd) (18)

where X, is a matrix of the observed values in the data set of the score X4, X5 IS @ matrix
of the missing values in the data set of the score X;;,4, 8 is a set of parameters for the observed
data distribution, and ¢ is a set of parameters for the missing data distribution. As we can see,
the imputation model consists of two components: f (X,niss|Xops, 0, @), Which explains how to
generate the values to replace X,,;iss, and f(¢|X,ps, 6), which shows how to generate the
parameter values of X ;s given X, ps.

Peugh and Enders (2004) mentioned that under MCAR or MAR, the multiple imputation
method yields unbiased and efficient parameter estimates. In addition, the multiple imputation
method is more flexible in applying the statistical algorithm to construct the model for the

imputation process under complex data conditions, such as a non-normal data set. However,
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McKnight et al. (2007) pointed out that the researcher could arbitrarily set the model used for the
multiple imputation method.

If the researcher uses either the data deletion method or the data imputation method, the
data set with missingness is converted into the complete data. Finkbeiner (1979) showed how to
find the parameter estimates of the factor analysis model with missing data as follows. Suppose
that K examinees are administered a test with [ test items. Then, the scores of all examinees on
the test as X = (x;;) follow multivariate normal distribution where i (= 1, ..., I) indicating each
item and k (= 1, ..., K) indicating each examinee. If the sample size is large enough, the sample
covariance S approximates the population covariance matrix X, which is Matrix 1 shown in the

previous section as

Xl X2 e XI_1 XI
X o2 o o o
1 Xl X1X2 b X1X[_1 X1X[
2
XZ O-X2X1 O—XZ O-XZXI—l O-XZXI
S-oX= : : . : :
2

Xi—1 | Oxyx, Oxpqx, - 0%, Oxp_,X,

2

X; Ox,x, Ox,x, - Ox,X_4 Ox,

where i = 1, 2, ..., I is the number of indicators, a)%i is the observed score variance of the
indicator i, and Oxx; is the covariance of the observed scores of the indicators i and j for i # j.
Then, if the model is congeneric (i.e., we relax both assumptions of the same factor loadings and
the same error variances; (a) A; # A, # - # A, # A, (b) 0,1 # 0,5, # -+ # 0;; # 6), the
predicted covariance matrix X4 is Matrix 2 (i.e., the sum of Matrix 3 and Matrix 4) which is

shown in the previous section as

XX X, . X X X, X, . Xiq X

X, [ 2 M . MA MA X, [6,, 0 .. 0 0
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where A is a matrix of factor loadings with the elements A;; W is a matrix of factor variance-
covariance, which is an identity matrix because the variance of a single factor is fixed as 1 for
simplicity; and @ is a matrix of error variances with the elements 6;; with i indicating the ith
item(@i=1,..,1).

The primary goal of the factor analysis model is to find the parameter estimates, which
minimizes the difference between S and 2. Thus, the goal of the factor analysis model is to test
a hypothesis that the sample covariance matrix equals the predicted covariance matrix based on
the model. In the matrix format, using the factor analysis, we test a null hypothesis as Hy: § = Xy
where 6 is a set of parameters, X is the population covariance matrix, S is the sample covariance
matrix, and X is the predicted covariance matrix.

To estimate the parameters of the factor analysis model, the maximum likelihood (ML)
method is commonly used (Brown, 2015; Marcoulides & Schumacker, 2013). For the kth

examinee, the density of the scores is
-1/2 -1/2 1 -1 7
f(xx|0) = 2m)~/%[Zg]™* exp —Exkze Xy (19)

where x;, = [xy4, ..., X;] indicates a row vector of scores of the kth examinee of the test with [
items, O is a set of parameters, and X4 is the predicted covariance matrix based on the model.

Then, the likelihood is

K K
1
L@l = | [FGxlo) = @m K125 K72 exp [—52 xkze‘lxk'] (20)
k=1 k=1

For simplicity of computation, instead of likelihood, we consider the log-likelihood, shown as

KI K I~ .
LLy, = InL(0]x) = == In(2m) — S In(1Z]) - Ez X Zo 2, @1)
k=1
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This is a log-likelihood based on X4. Similarly, the log-likelihood based on S is represented as
KI K 1
LLg =InL(0|x;) = —7ln(2n) — Eln(lSl) — EKI (22)

Regarding the hypothesis tested by the factor analysis model (i.e., Hy: § = X), ML estimation
aims to derive a set of the most probable values of the parameters that minimize the difference
between Zq and S. Then, the difference between two matrices could be represented by the

difference between LLs, and LLg, shown as
K -1
LLgy = LLs = == [In(|Zg]) — In(|S]) + trace[($)(Z")] — 1] (23)

where YK_; x, 29" x,' = K X trace[(S)(Z5")]. Because —g is a constant that does not
influence LLs,, — LLg, the difference between the observation and the model is represented by a
fit function shown as
Fyy = In|Zg| — In|S| + trace[($)(Zg1)] -1 (24)

where I indicates the total number of items in the test. This is a discrepancy function for ML
estimation of the factor analysis model (Brown, 2015).

The third category of missing data techniques is the data augmentation method, which is
a way to estimate the parameters of interest by augmenting the information from observed data
and an underlying probability model (McKnight et al., 2007). This method differs from the data
deletion method and the data imputation method in that it handles the incomplete data not by
deleting or replacing the missing data but by directly estimating the parameters of interest
through statistical inference.

One of the commonly used data augmentation methods is full information maximum
likelihood (FIML) estimation (Allison, 2003; Baraldi & Enders, 2010; Little & Rubin, 2002;

Schafer & Graham, 2002). Different from the data deletion method or the data imputation
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method, the data augmentation method derives the parameter estimates from the incomplete data
without deleting or replacing the missing data.

Suppose that K examinees are administered a test with I test items. We can define the
scores of all examinees on the test as X = [x4, ..., x| where x;, = [Xkq, ..., Xx;] 1S @ row vector
of scores of the kth examinee of the test with I items. The resulting matrix represents an
independent and identically distributed sample of K examinees from multivariate normal
distribution. For the kth examinee, the density of the observed scores is

f(xil6, @) = f(xR", 2], ) = £ (x2%|0)f (225", 6, b) (25)
where x;, = [xy4, ..., X;] indicates a row vector of scores of the kth examinee of the test with [
items, @ is a set of parameters for observed data x2S, and ¢ is a set of parameters for missing
data xS, Thus, a model of the entire data f (x; |6, ¢) is decomposed by f(x225|), which is a
probability distribution of the observed data given the parameter 8, and f (x"”ss|x°b5 0, d)),
which is a probability distribution of the missing data given the observed data and the parameter

¢. Then, the likelihood is

L©, ¢lxe) = ]_[ﬂka ®) = ﬂf(x"’”lé’) Hf(xm‘“ 2°,6,4) (26)

The likelihood has two parts. [T¥_, f(x2¢|6) represents the likelihood of the observed data
denoted as In L(6|x22%), and [T5_, f(x5|x%%, 6, ¢) indicates the likelihood of the missing

data. Then, the log-likelihood is

LL =InL(8, $|x;) = InL(6]x%"%) + In (Z £ (xHss|xobs, 0, qb)) (27)

Then, the discrepancy function under FIML is
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Frimy, = [ln|23bs| — In|$°P5| + trace [(S"bs) ((23"5)'1)] - I"bs]
(28)
+ [ln|2:g“'55| — lnlsmissl + trace [(Smiss) ((Zgniss)_l)] _ Imiss]

where 298 is the predicted covariance matrix, §°PS is the sample covariance matrix, and 1°%S is
the number of items for observed data, while for missing data, 5" is the predicted covariance
matrix, ™S is the sample covariance matrix, and 1™ is the number of items. However, we

cannot derive the components of the missing data because we cannot observe them directly.

Thus, the discrepancy function under FIML is simplified as
Fena, = [In|£8%] = In|S°%s| + trace [(527%) ((2¢%) )| - 1] (29)

which we estimate the parameters of the factor analysis model when using FIML method to
handle the missing values in the data set.
Effects of Missing Data on Reliability Estimation

The results of the empirical data analysis determined that missing values in the data set
are one of the most important factors for the reliability estimation. Raykov (2009a) analyzed the
small sample (219 elderly people’s data) with 26.48% missing values using a single-factor model
with four indicators. By comparing two missing data techniques (i.e., the listwise deletion [LD]
method and full information maximum likelihood [FIML] method), the highest value was the
estimate of the coefficient omega using the FIML method (.96), while the lowest value was the
estimate of the coefficient alpha using the LD method (.69). In addition, by analyzing 200
teacher candidates’ data set with up to 20% missing values, C okluk and Kayri (2011) examined
the performance of the coefficient alpha estimates under a single-factor model with 10 indicators.
The estimates of the coefficient alpha varied (from .78 to .91) depending on the five data

imputation methods (e.g., mean imputation, median imputation). Thus, through the results of
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these empirical data analyses, it is obvious that the missing values in the data set had significant
effects on the reliability estimation, and the conditions related to the missing values (e.qg.,
missing data proportions, or how many missing values were included in the data set; and missing
data techniques, or how to handle the missing values) were the meaningful factors for the
reliability estimation.

To specify how the missing data conditions affect the reliability estimation, researchers
have conducted data simulation studies as follows. For the coefficient alpha estimates, Downey
and King (1998) manipulated missing item proportions from 10% to 70% and the proportions of
missing person’s responses from 5% to 35%. Under these two missing data techniques (i.e., item
mean imputation and person mean imputation methods), the estimates of the coefficient alpha
showed .02 to .05 differences with the coefficient alpha based on the complete (0% missing) data
set.

McDonald et al. (2000) conducted a simulation study manipulating the sample sizes (100
and 200), the number of items (3 and 6 items), the population values of the coefficient alpha (.70
and .90), and the inter-item correlations (.28, .44, .60, and .75). To generate missing completely
at random (MCAR) missing data, they considered three conditions of missing data proportions
(0%, 20%, and 40%). They used five missing data techniques (LD, item mean imputation, person
mean imputation, random number imputation, and multiple linear regression imputation). The
results showed that because (a) the missing data proportions increased, (b) the number of sample
sizes and items decreased, and (c) the population value of the reliability was low, the coefficient
alpha estimates were more biased. The LD method showed the highest bias of the five missing

data techniques.
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From a series of simulation studies, Enders (2003, 2004) examined the impact of the
missing values on the reliability estimation by manipulating missing data proportions (15% and
30%), missing data mechanisms (MCAR, missing at random [MAR], and missing not at random
[MNARY]), the number of samples (100, 300, and 500 samples), the number of items (10 and 20),
the number of item response categories (3-, 5-, and 7-point scales), and inter-item correlations
(.30 and .56). By comparing the results of five missing data techniques (LD, pairwise deletion,
item mean imputation, person mean imputation, and the FIML method), (a) the estimates of the
coefficient alpha showed the largest bias when using the LD method, while (b) the bias of the
estimates of single-level coefficient alpha using the FIML method was the lowest under the
MCAR condition, and (c) both the FIML and person mean imputation methods showed similar
superiority in the reliability estimation under the MNAR condition.

By manipulating the conditions of the missing data proportions (5%, 10%, 20%, and
30%) and the sample sizes (200 and 3,000 samples) under MAR, Cuesta lzquierdo and Fonseca
Pedrero (2014) established that (a) as the missing data proportions were increased, the bias of the
coefficient alpha estimates increased, and (b) the usage of the LD method showed the highest
bias of the different data imputation methods, including multiple linear regression imputation,
imputation using expectation-maximization (EM) algorithm, and multiple imputation using fully
conditional specifications.

For the coefficient omega estimates, Raykov (2009b) generated the 300 samples with a
single-factor model with five items and estimated the coefficient omega estimates. After
removing the last (i.e., the fifth) item, they calculated coefficient omega estimates using the

FIML method. The difference between the results of the two cases was -.03, which indicates that
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the FIML method is robust to estimate reliability when the missing values are caused by item
removal (i.e., change in the number of items or change of the test length).

To sum up, the results of the empirical and simulation studies showed that the missing
data mechanisms (MCAR, MAR, MNAR), the missing data proportions (up to 40%), the missing
data techniques (LD method, FIML method, and data imputation methods such as person mean
imputation, item mean imputation, or multiple linear regression imputation), the population
values of the reliability estimates, the sample sizes (from 100 to 3,000 samples), and the number
of items in the test (3 to 20 items, i.e., the test length) were the significant factors for the
reliability estimation with missing values in the data set. These conditions are important for the
reliability estimation under the complete (0% missing) data set as well (Deng & Chan, 2017,
Duun et al., 2014; Edward et al., 2021; Zinbarg, et al., 2005).

However, the aforementioned studies had some limitations: (a) the single-level reliability
measures were examined, even though the multilevel data structure is prevalent in the field of
education (Bryk & Raudenbush, 1987; Muthén, 1994, 1997; Raudenbush & Bryk, 2002), and (b)
either the coefficient alpha or the coefficient omega was investigated, thus, the performance of
both coefficient indices were not compared.

Researchers of multilevel reliability treated the missing data using one of the missing data
techniques, such as the FIML method (Jak & Jorgensen, 2017; Jeon et al., 2009; Sideridis et al.,
2018) or the LD method, which was not recommended because of its poor performance in the
reliability estimation (Geldhof et al., 2014; Lai, 2021). Some of the multilevel reliability studies’
authors did not investigate the effects of the conditions related to the missing data (Bonito et al.,

2012).
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CHAPTER 3
EMPIRICAL DATA ANALYSIS

For empirical data analysis, we analyzed the data set of the 2018 Organisation for
Economic Co-operation and Development (OECD) Programme for International Student
Assessment (PISA 2018). The program was designed to measure the knowledge and skills of 15-
year-old-students in reading, mathematics, and science. The data included the responses of 4,838
students from 164 schools, identified as clusters, in the United States. The cluster sizes, which
indicate the number of students from each school, ranged from 1-39. The data were collected by
the computer-based test administrations.

The variables of interest in this study included asking for general information about the
students, their family, and their school. Also included were questions related to language
learning in school, their view on reading, their perspective on their life vs. school schedule, and
learning time. We chose a set of six items to measure how often the students thought about the
other students in the same school (ST038, “During the past 12 months, how often have you had
the following experiences in school?””). From the questionnaire about their familiarity with
information and communications technologies (ICT), we selected another set of six items about
the students’ experience with digital media and digital devices (IC013, “Thinking about your
experience with digital media and digital devices: to what extent do you disagree or agree with
the following statements?”). Table 1 shows the 12 items of two sets used for the empirical data

analysis in this study.



31

As shown in Table 2, the selected items included four response categories. For the six
items of ST038, response 1 indicated “never or almost never,” and response 4 indicated “once a
week or more.” For the six items of IC013, response 1 indicated “strongly disagree” and
response 4 indicated “strongly agree.” The missing values of 12 items included the cases of
system missing (i.e., the students’ answers were missing because of response time limit), not
applicable (i.e., the students’ answers were missing because of the survey design), and no
response (i.e., the students reached the item but did not answer). The missing data proportions of
the six items of ST038 ranged from 5.4%-5.8%, and the six items of 1C013 had missing values
ranging from 8.8%-9.6%.

Among the six items of ST038, the fourth item (“Other students took away or destroyed
things that belonged to me”’) showed the lowest response mean value (M=1.20 with S.D.=.60),
while the second item (“Other students made fun of me”) showed the highest response mean
value (M=1.70 with S.D.=.90). However, more than half of the students answered the response 1
category (“never or almost never”), which indicated that they rarely had negative experiences
with other students in the previous 12 months.

For IC013, the last item (“I like using digital devices”) had the highest response mean
(M=3.20 with S.D.=.70), whereas the first item (“I forget about time when I’m using digital
devices”) had the lowest response mean (M=2.60 with S.D.=.80). Because more than half of the
students answered ‘agree’ or ‘strongly agree’, the results represented that the students were
familiar with the digital media and digital device with positive thoughts of its usefulness.
Estimation

To determine the reliability indices (i.e., the single-level coefficient alpha a, the within-

group level coefficient alpha «a,,, the between-group level coefficient alpha ag, the single-level
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coefficient omega w, the within-group level coefficient omega w,,, and the between-group
coefficient omega wg), we hypothesized that the estimated results were either similar or different
depending on how many missing values were included in each item (i.e., missing data
proportions) and how to handle the missing values (i.e., missing data techniques).

We fitted the single-level confirmatory factor analysis (CFA) model to estimate the
single-level reliabilities (a, w), and the two-level CFA model to estimate the level-specific
reliability indices (a,,, ag, w,,, wg) by treating the schools as the between-group level and the
students as the within-group level in the data set. According to Geldhof et al. (2014), the CFA
model to estimate the single-level and the level-specific coefficient alpha measures were fully
saturated, which indicated that the model was simply identified with no degrees of freedom; thus,
the model-fit of these two models was perfect (i.e., comparative fit index [CFI]=1, Tucker—Lewis
index [TLI]=1, and root-mean-square error of approximation [RMSEA]=0). However, the CFA
models for the coefficient omega were under-identified (e.g., there were certain degrees of
freedom); thus, we set a criterion for the “good” model fit as per Geldhof et al. (2014): CFI >
.90, TLI > .90, and RMSEA < .08.

Results

As shown in Table 3, for ST038, the CFA models to estimate the single-level and level-
specific coefficient omega did not show good model-fit results, except for CFI of the single-level
CFA model for w using the LD method (CFI=.906) and FIML method (CFI=.908). However, for
IC013, the models showed good model-fit results to estimate the coefficient omega, except the
RMSEA of the CFA models using LD method (RMSEA=.091) and FIML method

(RMSEA=.089).
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From Table 3, for ST038, the estimates of the reliabilities were increased from using the
LD method (a=.859, a,,=.856, a5=.940, w=.847, w,,=.849, wz=.754) to using the FIML
method («=.860, a,,=.858, az=.944, w=.848, w,,=.850, wz=.833), while for IC013 the
reliability estimates were decreased from LD («=.825, «,,=.821, a5=.928, ©=.808, w,,=.805,
wp=.947) to FIML («=.823, «,,=.819, a5=.924, ©v=.806, w,,=.803, wp=.944). The larger
difference in the reliability estimates was observed in the estimates of wg of ST038 (difference
of w=.079) between the two missing data techniques.

By the definition mentioned by Raudenbush and Bryk (2002), the intra-class correlation
(ICC) represents the ratio of the variability at the between-group level over the total (both
within- and between-group level) variability, thus, the larger ICC indicates that the usage of the
multilevel model technique is relatively appropriate for the data analysis. In addition, as
mentioned by Little and Rubin (2002), when we use the LD method, the results of the statistical
analysis could be affected because it removes the missing data from the entire samples. Thus, the
combinations of the small ICC values and types of missing data techniques had an impact on the
reliability estimation. Because ICCs were very close to zero for ST038 (ICC=.003 using LD,
ICC=.005 using FIML), the usage of the two-level MCFA was not proper. Thus, the results
showed that there was an impact of the magnitudes of ICC values and the missing data
techniques on the reliability estimation.

However, except for wg of ST038, the results of other conditions were not substantially
different because the data conditions of ST038 and 1C013 were not in common. From the
relevant literature (Hox, 2010; Kim & Cao, 2015; Koch et al., 2014; Snijders & Bosker, 2012),
the ICC values ranging from .10—.20 have been commonly observed in most educational studies,

and .30 is the maximum ICC value in psychological studies. Even though the ICC of 1C013 was
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larger (ICC=.029 using LD and FIML) than the ICC of ST038 (ICC=.003 using LD, ICC=.005
using FIML), they were smaller than .10. In addition to ICCs, as reviewed by Li and Lomax
(2007), the missing data proportions, which ranged from 0%-30%, were commonly examined in
the latent variable analysis in the educational and psychological studies. However, as shown in
Table 3, the items of ST038 and 1C013 had below 10% missingness. Thus, the effects of ICCs’
missing data proportions and missing data techniques might be trivial in the reliability estimation

of both sets.
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CHAPTER 4
SIMULATION STUDIES
Data Generation
Data Sets Without Missing Values

Our study generated the data based on an MCFA model with one factor and six
indicators, as shown in Figure 2. According to Raykov (2012), the MCFA model in this study
showed the test has unidimensionality. Following the simulation conditions that Geldhof et al.
(2014) examined, the model did not have the covariates, the indicators were the continuous
variables, and the intercepts were fixed at zero for simplicity. Additionally, we assumed the
model was the congeneric model (i.e., the factor loadings and the error variances could differ) at
within- and between-group levels, respectively. The congeneric model is the most flexible case
regarding the assumptions for reliability estimation (Brown, 2015; Cho, 2016) and the most
general case for factor analysis techniques to estimate the latent structure of the measurement
tool (Joreskog, 1971; Raykov & Hancock, 2005).

The two panels in Figure 2 indicate the MCFA model was under a two-level data
structure: the lower panel was the within-group level model, and the upper panel was the
between-group level model. In the within-group level model, the factor was shown as the circle
in the lower plate with the factor score n,,~N(0,1) because it was an unobservable (i.e., latent)
variable. To scale the factor for model identification, we fixed the variance of the factor as 1
rather than fixing one of the factor loadings as 1 (Raykov & Hancock, 2005; Raykov &

Marcoulides, 2006). The relationship between the factor and the six indicators X; (i = 1, ...,6)
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was represented as the solid line with the factor loadings A,,; and the corresponding errors of
each indicator €,,;~N (0, 8,,;;). Each error was shown in the circle to represent each indicator’s
unique features (i.e., the part unexplained by the factor). The error variances were non-zero value
0;; because they were allowed to include the difference among the examinees and to deal with
the assumptions for the congeneric test under the factor analysis framework (Li et al., 1996).

We dealt with the presence of the missing values; thus, My, in the square indicated
whether the corresponding indicator X; was observed. We represented the probability density of
missing data P(Mxi) with the dashed line between X; and M; determined by the manipulated
conditions to generate the missing data.

At the between-group level, a single factor was represented as the circle of the factor
score ng~N(0,1) related to the six indicators with factor loadings Ap;. Different than the
indicators at the within-group level, the between-group level indicators X; were shown as the
latent variables because Xg; indicated the shared but unobservable features of the within-group
level units belonging to the same between-group level unit. Their corresponding errors were
egi~N (0, O5;;) as seen in the circles linked with the arrows in Figure 2.

Because the generated data had a two-level structure, we manipulated three ICC
conditions, as shown in Table 4. Raudenbush and Bryk (2002) defined ICC as the ratio of the
between-group variance over the total variance. From Muthén (1994), the ICC for an MCFA

with a two-level data structure is as follows:

Qi As)2 + X, gy

ICC =
Qi A2+ X 0 + Gl Aw)? + 20 Oy

(30)

where i = 1, 2, ..., I is each of the test items, Ag; and 4,,; are the factor loadings, and 8p;; and

6,,i; are the error variances at each of the between- and within-group level models. If the ICC is
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large, then this indicates the component of the between-group level is large enough to explain the
total variability. According to the literature, the ICC value ranges from .10 to .20 in the field of
education, and the maximum value is .30 in psychological studies in general (Hox, 2010; Kim &
Cao, 2015; Koch et al., 2014; Snijders & Bosker, 2012). Thus, we set three ICC conditions in
this study: .050 as low, .111 as medium, and .296 as large.

We manipulated these three ICCs by the population values of factor loadings and error
variances through the following steps. The previous studies treated the factor loadings from .60
to .90 as high, while from .20 to .50 as low (Green & Yang, 2009a); Hancock & An, 2020). First,
we chose one of the conditions that Geldhof et al. (2014) examined as the combination of factor
loadings and error variances at the within-group level as [(A,,1 = Ay =.599, A,y3 = As =
699, Az = Ay = .799), (Bu11 = Ouaz = 451, O,y33 = Opas = .501, Oyyss = B,y66 = .551)]
and at the between-group level as [(1g; = Agy = .137, Ag3 = Agy = .160, Ags = Agg = .183),
(Op11 = Ogyy = .019, Op33 = Ogay = .027, Opss = O = .034)]. The population value of this
condition’s ICC was .050. Second, we specified the combinations of factor loadings and error
variances by fixing the population values as the same at the between-group level but different at
the within-group level, depending on the three ICCs. Last, we set the rest of the population
values as the same at the within-group level and different at the between-group level, depending
on the ICCs. The population values of these factor loadings and error variances also determined
the population values of the reliability measures. For the purposes of this study, we used these
population reliability values (as shown in the Reliability column of Table 4) to evaluate the
accuracy of the estimation. From the previous studies, because the reliability is an analogue of

the correlation coefficient among the observed scores of the test items (Kelly, 1942), the values
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of the reliability from .20 to .40 considered as low, while from .70 to .90 considered as high
(Edward et al., 2021; Bonito et al., 2012; DeVellis, 1991).

In addition to ICCs, we manipulated the sample sizes for data generation. Because of the
two-level data structure, we considered the number of clusters and the cluster sizes. The number
of clusters indicated how many between-group level units were collected in the data set. The
cluster sizes represented how many within-group level units belonged to each cluster. For
example, when we collected data from 50 schools and each school had 100 students, the number
of clusters was 50, and the cluster size was 100. In our study, there were four conditions for
sample sizes regarding the combinations of the number of clusters and cluster sizes (formulated
as [(Number of Clusters, Cluster Sizes) = Total Sample Sizes]): [(50, 15) = 750], [(50, 30) =
1,500], [(200, 15) = 1,500], and [(100, 30) = 3,000]. Researchers commonly examined these
sample size conditions in educational studies for multilevel modeling analysis (Boomsma, 1987;
Duhachek & lacobucci, 2004; Hsu et al., 2017; Loehlin, 2004; Padilla & Divers, 2013, 2016;
Ryu & West, 2009).

We used the Mplus program, version 8 (Muthén & Muthén, 1998-2017), to generate the
complete data sets using the aforementioned ICC and sample size conditions.

Data Sets With Missing Values

Our study generated data sets with missing values according to two features: missing data
mechanisms and missing data proportions. These features were significant to the reliability
estimation (Cokluk & Kayri, 2011; Estabrook & Neale, 2013; Enders, 2004; Leite & Beretvas,
2010). Similar to Enders’s (2004) simulation design, we separated the six indicators into two

groups: Group 1 (i.e., X; to X3), which were the completely observed variables, and Group 2
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(i.e., X, to X¢), which were the variables with missing values. We used these groups to
manipulate the missing data mechanisms as follows.

We examined three types of missing data mechanisms: missing completely at random
(MCAR), missing at random (MAR), and missing not at random (MNAR). For MCAR, we used
Twala’s (2009) missing data generation process. First, we created three binary variables b, to bg
corresponding to the indicators X, to X, in Group 2 based on the Bernoulli distribution with the
probability p (i.e., the missing data proportion). The value of each binary variable was either one
or zero. If the value of the b variable was 1, then the value of the corresponding indicator was
deleted; if the value of the binary variable was 0, then we treated the value of the corresponding
indicator as the observed value.

To generate MAR and MNAR missing data, we used Garciarena and Santana’s (2017)
procedure. For MAR, we matched three pairs of the six indicators selected from Group 1 and
Group 2 as (X1, X,4), (X5, Xs), and (X3, X,). We then sorted the Group 1 indicator values into
ascending order. We omitted Group 2 indicator values when the corresponding indicator for
Group 1 was ranked as the smallest p percentage. For MNAR, we sorted the Group 2 indicator
values into ascending order. Next, we deleted Group 2 indicator values if the values were ranked
in the smallest p percentage.

In addition to missing data mechanisms, we manipulated three missing data proportion
conditions. The first condition was 0% as the complete data. The second and third conditions
were 15% and 30%, which we used as p (as noted earlier). Because our study set the three
indicators X; to X5 as the completely observed variables and the other three indicators were X, to

X, with missing values, the missing data proportions of the entire data set were 0%, 7.5%, and
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15%. As found in the most educational studies, the missing proportions were below 30% in
common (Cheema, 2014; Enders, 2003; Enders et al., 2006; Peugh & Enders, 2004).

Figures 3, 4, and 5 showed the procedures for generating the missing values under the
three missing data mechanisms with 30% missing data proportions. In each figure, the left side
shows the raw data of all six indicators X; to X, with 20 observations. The shaded area of each
figure’s right side shows the missing values of the indicators X, to X.

For MCAR in Figure 3, because we set the missing proportions at 30%, we created three
binary variables, b, to bg, set the six values as 1, and set the other 14 values as zero. Then, we
deleted the six values of the indicators X, to X, depending on whether the value of the
corresponding b variable was 1. Figures 4 and 5 showed the missing values of the indicator X,
were generated under the MAR and MNAR mechanisms. As shown in Figure 4, for MAR, after
sorting the values of X; into ascending order, we removed the six values of X, when the
corresponding values of X; were the smallest six values. Figure 5 shows MNAR, in which we
deleted the six values of X, when their values ranged in the smallest 30%.

Our study used the missMethods package, version 0.2.0 (Rockel, 2020; Santos et al.,
2019), in R, version 4.1.2 (R Core Team, 2021), to generate the missing data sets in terms of the
missing data mechanisms and missing data proportions.

As shown in Tables 5, 6, and 7, we examined 216 conditions for three missing data
mechanisms (MCAR, MAR, and MNAR), four sample sizes (750, 1,500 with 100 groups, 1,500
with 50 groups, and 3,000 samples), six ICCs (.050, .111, and .296 with the same between-group
level but different within-group level parameters and .050, .111, and .296 with the same within-
group level but different between-group level parameters), and three missing data proportions

(0%, 15%, and 30%). For each condition, we conducted 1,000 replications.



41

Data Analysis

To estimate the six reliability measures (i.e., single-level coefficient alpha «; level-
specific coefficient alpha, including within-group level coefficient alpha a,, and between-group
level coefficient alpha ag; single-level coefficient omega w; level-specific coefficient omega,
including within-group level coefficient omega w,, and between-group level coefficient omega
wg), We used two missing data techniques to handle the generated data sets with missing values.
Among three types of missing data techniques, the data deletion method has been a common
choice in both the education and social sciences fields (Baraldi & Enders, 2010; Dong & Peng,
2013; Peugh & Enders, 2004; Rousseau et al., 2012). However, the data deletion method
provides biased results under MAR conditions, because the data set cannot be sufficiently
representative of the whole population after deleting the missing values (Schafer & Graham,
2002). More recently, researchers have preferred the data augmentation method to handle MAR
missing values, which produces more accurate results in the statistical analysis, such as the latent
variable model (Allison, 2003; Cham et al., 2017; Enders & Bandalos, 2001; Li & Lomax,
2017), longitudinal data analysis (Ibrahim & Molenberghs, 2009; Lu et al., 2011), or multilevel
models (Goldstein, et al., 2014; Grund et al., 2019; Lidtke et al., 2017). Thus, we used two
missing data techniques—the listwise deletion (LD) method and the full information maximum
likelihood (FIML) method—to compare their performance when handling the missing values in
the reliability estimation.

In Mplus, we used the LD method by setting “LISTWISE=ON" under the DATA
command. We set the FIML method to “MISSING ARE ALL (999)” in the VARIABLES

command (see the Appendix for the Mplus codes used in our data analysis). These were the
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modified versions of the Mplus codes shown in Geldhof et al. (2014)—a one-factor MCFA
model with four indicators under two levels—extended for our model with six indicators.

To evaluate the reliability estimation regarding the simulated conditions, we used two
criteria. To evaluate the accuracy of the estimation, the first criterion was the percentage bias

calculated as follows:

1000

1 (ﬁXT — Pxr, )
Percent Bias (%) = [ Z o | x 100 (31)
1000 ]

Pxr,
where pxr_ was the estimated reliability measure in the rth replication, and pyr,_ was the
population value under each simulated condition. Per Kaplan (1988) and Muthén et al. (1987), a
magnitude of percentage bias below 15% could be considered an ignorable inaccuracy in the
statistical estimation. Thus, we marked the condition showing bias above 15%, which indicated
the condition would have a meaningful negative impact on the reliability estimation.
To evaluate the stability of the estimation, we calculated the second criterion, the

convergence rate, as follows:

(Number of Converged Models) o
1000

Convergence Rate (%) = 100 (32)

Following Geldhof et al. (2014), we defined the model as converged (a) when the model satisfied
the good model-fit values (i.e., comparative fit index [CFI] > .90, Tucker—Lewis index [TLI] >
.90, and root-mean-square error of approximation [RMSEA] < .08) and (b) when there were no
convergence error messages from the Mplus outputs. The larger value of the convergence rate
indicated more stable results of the reliability estimation. Because the convergence rates under
50% meant half the replicated simulations failed to be converged, we marked the condition

showing below 50% as convergence rates.
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Results

The convergence rates and the percentage biases of the six reliability indices (i.e., single-
level coefficient alpha a; level-specific coefficient alphas—that is, within-group level coefficient
alpha a,, and between-group level coefficient alpha ag; single-level coefficient omega w; and
level-specific coefficient omegas—that is, within-group level coefficient omega w,, and
between-group level coefficient omega wg) are shown in Tables 8-31. In each table, # represents
the ID number of the simulated conditions listed in Tables 5-7. And MDM indicates three
missing data mechanisms (i.e., MCAR, MAR, and MNAR), SS indicates four sample sizes (i.e.,
750 samples, 1,500 samples with 100 clusters, 1,500 samples with 50 clusters, and 3,000
samples), ICC indicates three ICC values of either the same between-group parameters or the
same within-group parameters, and MDP indicates three missing data proportions: 0%, 15%, and
30%. We reported the results of the convergence rates as the percentage % in the CR column and
the percentage bias as the percentage % in the PB column under each condition.

In addition to tables, Figures 6, 9, 12, 15, 18, and 21 show the convergence rates of the
model to estimate the single-level and the level-specific (i.e., the within-group and between-
group level) coefficient omega, w, w,,, and wgz. We did not report the convergence rates of the
coefficient alpha, a, «,,, and aj in the figures; the convergence rates were 100% under all
conditions. As pointed out by Geldhof et al. (2014), the single-level CFA model and the two-
level MCFA model to estimate the coefficient alpha were set as the fully saturated model, which
was just identified with no degrees of freedom (Kline, 2016). Thus, we displayed the
convergence rates of the models estimating the coefficient omega measures. To find the severe

nonconvergence issue, each figure has dashed lines indicating 50% convergence rates.



44

The rest of the figures (Figures 7, 8, 10, 11, 13, 14, 16, 17, 19, and 20) show the
percentage bias of the coefficient alpha and the coefficient omega. Each figure has solid lines
indicating 0% bias to discriminate either the overestimated or the underestimated values of the
reliability indices, and dashed lines indicating 15% bias to mark the severe lack of accuracy in
the reliability estimation.

Results of MCAR Missing Values: LD Method

Figures 6-8 and Tables 8-11 report the convergence rates and the percentage biases of
the coefficient alpha and the coefficient omega when analyzing the data with MCAR missing
values with the listwise deletion (LD) method. In terms of the stability of the reliability
estimation, all simulated conditions showed convergence rates above 50%. The lowest
convergence rate (52.9%) was reported in the condition of the 750 samples with 30% missing
values and the large ICC (.296) with the same between-group level parameters (i.e., Condition
#9). This low convergence rate indicated that the researcher should be careful about the
possibility of a nonconvergence issue if one of three conditions is present: (a) the sample is
small, such as 750 samples with 50 clusters and 15 cluster sizes; (b) the missing data proportion
is larger than 30%; or (c) the ICC is larger than .296 with the same (or similar) between-group
parameters, that is, the population values of the within-group and between-group level
reliabilities are different.

For the percentage bias, first, as the missing data proportions increased from 0% to 30%,
the absolute values of the percentage bias increased. For example, under the condition of 750
samples with the small (.050) ICC values fixing the same between-group level parameters (i.e.,

Conditions #1-#3), the magnitudes of percentage bias of az increased from 1.5% to 4.7%, and
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those values of wp increased from 3.5% to 3.6%. Thus, when increasing the missing data
proportions, the magnitudes of the inaccuracy of the reliability estimations increased.

Second, when the sample sizes increased from 750 to 3,000, the percentage bias of the
single-level and the within-group level reliability estimates was increased. However, the
percentage bias of the between-group level reliabilities, az and wp decreased. For example,
comparing the conditions of 750 samples (i.e., 50 clusters with 15 cluster sizes) and 1,500
samples (i.e., 50 clusters with 30 cluster sizes) with 30% missing values and the small ICC (.050)
fixing the same between-group level parameters, that is, Condition #3 versus #12, the percentage
bias decreased from 4.7% to 2.5% for aj, and the percentage bias of wg decreased from 3.6% to
3.1%. In addition, when comparing the conditions of 750 samples and another 1,500 samples
(i.e., 100 clusters with 15 cluster sizes) with 30% missing values, the small ICC (.050) fixing the
same between-group parameters, that is, Condition #3 versus Condition #21, the absolute values
of the percentage bias decreased from 4.7% to 2.5% for a. Thus, the results showed that as the
sample sizes increased, the percentage bias of the reliabilities decreased.

Third, depending on the magnitudes of ICCs, the percentage bias of the reliability
estimates showed the patterns as follow. When fixing the same between-group level parameters,
as the ICC values increased from .050 to .296, the absolute values of the percentage bias of the
single-level and the within-group level reliability estimates increased, but those absolute values
of the between-group level reliabilities decreased. For example, in the condition of 750 samples
with 30% missing values (i.e., among Conditions #3, #6, #9), the magnitudes of the percentage
bias increased from 1.4% to 2.9% for a, 1.4% to 5.7% for «,,, 0.1% to 0% for w, and 0% to
3.6% for w,,. However, the percentage bias decreased from 4.7% to 1.5% for az and 3.6% to

0.2% for wg. When fixing the same within-group level parameters, as the ICC values increased
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(.050 to .296), the magnitudes of the percentage bias increased for the single-level and the
within-group level reliabilities. For example, under the condition of 750 samples with 30%
missing values (i.e., among Conditions #39, #42, #45), the absolute values of the percentage bias
increased from 1.4% to 2.1% for a and 1.4% to 1.8% for «,,. The values of w and w,, did not
change significantly. Thus, when ICC was large, the between-group level reliabilities provided
more accurate results, and when ICC was small, the single-level and the within-group level
reliabilities showed smaller percentage bias.

Regarding the cutoff criterion for the percentage bias, there was only one result, that is,
the percentage bias of az showed more than 15%, which indicated the serious problem in the
accuracy of the reliability estimation under the condition of 750 samples with 30% missing
values and the medium ICC (.111) fixing the same within-group level parameters (i.e., Condition
#42). In addition, under the same condition, the percentage bias of wg (12.1%) was the lowest
value among all simulated conditions for MCAR using the LD method. The results represented
the factors that negatively affected the accuracy of the reliability estimation: the smaller the
number of samples (750), the larger (30%) the missing data proportions, and the smaller the
population values of the within-group reliabilities («,, = .372, w,, = .376 as shown in Table 4) to
fix the same within-group level parameters for setting the medium (.111) ICC value.

Under most of the simulated conditions, the absolute values of the percentage bias of the
coefficient alpha were larger than those of the percentage bias of the coefficient omega, and the
percentage bias of the coefficient alpha were positive values, whereas the percentage biases of
the coefficient omega were negative values. This result indicated that when the data had MCAR
missing values and we applied the LD method, the estimates of the single-level and the level-

specific coefficient alpha, a, a,,, and ap tended to be overestimated, whereas the estimates of
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the coefficient omega, w, w,,, and wp were underestimated by the single-level CFA model and
the two-level MCFA model.
Results of MCAR Missing Values: FIML Method

The results of the convergence rates and percentage biases of reliability estimates under
MCAR using the full information maximum likelihood (FIML) method are shown in Figures 9—
11 and Tables 12-15. All conditions showed the over 50% convergence rates when estimating
the single-level and level-specific coefficient omega. We observed the lowest convergence rate
(74.8%) in the condition of 750 samples with 30% missing values and the large ICC (.296) with
the same between-group level parameters to estimate the within- and between-group level
coefficient omega. Even though the same condition (Condition #9) showed the lowest
convergence rate when using the LD method, the FIML method showed larger convergence rates
than the LD method did. The results indicated that the use of the FIML method to handle the
missing values would produce more stable estimations, with fewer convergence issues, than
would use of the LD method.

As shown in Tables 12-15, the percentage biases of all six reliability estimates were not
above 15% under all conditions. Regarding the missing data proportions, from 0% to 30%, the
percentage biases of the coefficient alpha and the coefficient omega increased. For example,
under the condition of 750 samples with the small (.050) ICC values fixing the same between-
group level parameters (i.e., among Conditions #1-+#3), the magnitudes of the percentage biases
increased from 1.5% to 2.4% for ap and 3.5% to 3.9% for wg. The results indicated that the
missing data proportions had a negative impact on the accuracy of the reliability estimates.

In addition to the missing data proportions, as the sample sizes increased from 750 to

3,000, the percentage biases of the between-group level reliability estimates decreased, but the
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single-level and the within-group level reliability estimates did not change significantly. For
example, under the conditions of the small (.050) ICC with the same between-group level
parameters and 30% missing values, as the sample sizes increased from 750 (50 clusters and 15
cluster sizes) to 1,500 (100 clusters and 15 cluster sizes)—that is, Conditions #3 versus #12—the
absolute values of the percentage bias of ag decreased from 2.4% to 0%, and those of wg
decreased from 3.9% to 1.2%. Under the conditions of 750 samples to another 1,500 (50 clusters
and 30 cluster sizes)—that is, Conditions #3 versus #21—the magnitudes of the percentage
biases decreased from 2.4% to 0% for az and 3.9% to 1.0% for wg. Thus, the small sample sizes
reduced the accuracy of estimating the reliabilities, especially for ap and wg.

When the between-group parameters were fixed as the same to set the ICCs and the
population values of the reliabilities, as the ICCs increased the percentage biases of the single-
level @ and w and the within-group level reliability estimates «,, and w,, increased, whereas that
of the between-group level reliability estimates az and wg decreased. For example, under the
condition of 750 samples with 30% missing values, as ICC increased from .050 to .296 (i.e.,
Conditions #3, #6, #9), the absolute values of the percentage bias increased from 1.5% to 3.3%
for a, 1.5% to 5.0% for «,,, 0.1% to 0.3% for w, and 0% to 0.8% for w,,. However, the
magnitude of the percentage bias of az decreased from 2.4% to 1.3%, and the magnitude of the
percentage bias of wg also decreased from 3.9% to 0.4%. Thus, the increase of ICCs had a
positive impact on the accuracy of the between-group level reliabilities but a negative impact on
the single-level and the within-group level reliability estimates.

When the within-group parameters were fixed as the same, as ICC was increased from

.050 to .296 the percentage biases of the single-level and the within-group level reliabilities
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increased, whereas the percentage biases of the between-group level reliabilities decreased. The
patterns of the results were similar under the same between-group parameters.

Regarding the cutoff for the percentage bias (i.e., above 15% bias is a serious problem in
the estimation accuracy) under the condition of 750 samples with 30% missing values and the
same within-group level parameters with the medium (.111) ICC (i.e., Condition #42), the
percentage biases were the largest: 6.3% for az and 6.6% for wp. It is because Condition #42
combined the factors with the negative impact on the accuracy of the between-group level
reliabilities, which included the smaller (750) samples with the larger (30%) missing data
proportions and the different population values of the within- and between-group level
reliabilities indices (a,, = .372, az = .850 for the coefficient alpha, w,, = .376, and wg = .852 for
the coefficient omega) to set the medium (.111) ICC fixing the same within-group level
parameters.

Under most of the simulated conditions, the magnitudes of the percentage bias of the
coefficient alpha were larger than the coefficient omega showed. However, the percentage biases
of the coefficient alpha were positive values, which indicated that they tended to be
overestimated, whereas the percentage biases of the coefficient omega were negative values,
indicating underestimated values.

The results utilizing the FIML method showed similar patterns to those of the LD
method. However, the convergence rates were larger, whereas the magnitudes of percentage bias
were smaller when using the FIML method. For example, under Condition #42, the percentage
bias of a was 19.2% using the LD method but 6.3% using the FIML method. Under Condition
#9, the convergence rate of a two-level MCFA model to estimate the coefficient omega was

52.9% using the LD method but 74.8% using the FIML method. Hence, use of the FIML method
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provided more accurate results in the reliability estimation than the LD method. However, with
the exception of Condition #42, there were no serious problems in the convergence rates (i.e.,
below 50%) and the percentage bias (i.e., above 15%) under MCAR conditions. As Rubin (1976)
mentioned, we can treat the missing data generated by the MCAR mechanism as ignorable
missing data because the missing data are not generated systematically. Thus, the impacts of
MCAR missingness in the entire data set are small; thus, using either the LD or the FIML
method works well to handle the missing data in the reliability estimation.

Results of MAR Missing Values: LD Method

Figures 12-14 and Tables 16-19 show the convergence rates and the percentage biases of
the coefficient alpha, and the coefficient omega estimated from the analysis of the data with
MAR missingness using the LD method. In terms of the stability of the estimation, as we
mentioned in the previous section, because the coefficient alpha was estimated from the fully
saturated model, the convergence rates were 100% under all simulated conditions. For the
coefficient omega, most of the conditions showed the over 50% convergence rates. However,
under the condition of 750 samples with 30% missingness and the larger ICC (.296) fixing the
same between-group level parameters (i.e., Condition #81), the two-level MCFA model to
estimate the within- and between-group level coefficient omega, w,, and wz showed the lowest
and below 50% convergence rate (39.8%).

Also under the same condition, the model to estimate the single-level coefficient omega
showed the lowest convergence rate (70.0%). The lowest convergence rate was caused by the
effects of the smaller samples with large missing data proportions and the large ICC value with
fixing the same between-group parameters, which showed the lowest convergence rates under

the conditions of MCAR. Thus, the result indicated that regardless of the missing data
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mechanisms (i.e., the reasons causing missing data), either MCAR or MAR, the combinations of
the sample sizes, the missing data proportions, and ICC values have a negative impact on the
convergence issue in the reliability estimation. However, because the same conditions of MCAR
using the LD method showed a larger convergence rate (52.9%) than MAR using the LD method
(39.8%), MAR had more negative impact on the convergence rates in the reliability estimation.

Comparing the conditions of 750 samples and 1,500 samples with 100 clusters and 15
cluster sizes under the small (.050) ICC with fixing the same between-group level parameters
having 30% missing values (i.e., Conditions #75 versus #84), the absolute values of the
percentage bias decreased from 10.6% to 10.4% for a,, and from 20.7% to 20.3% for aj, and the
percentage bias of @ was 10.6% in each of the sample size conditions (750 and 1,500). However,
under the same conditions, the percentage bias increased from 13.0% to 13.1% for w, from 12.7
to 12.8% for w,,, and from 17.3% to 19.6% for wp.

Also, comparing Condition #75 with another condition of 1,500 samples with 50 clusters
and 30 cluster sizes (i.e., Condition #93), the absolute values of the percentage bias decreased for
the coefficient alpha, from 10.6% to 10.5% for «,,, and from 20.7% to 20.0% for az. However,
w,, (from 12.7% to 12.8%), and wg (from 17.3% to 18.8%) showed increases in the percentage
bias. The results indicated that the conditions with the larger sample sizes showed the lower
percentage bias in the coefficient alpha estimates, while the higher percentage bias was reported
the coefficient omega estimates.

Under the conditions of the same between-group level parameters, as ICC increased
from .050 to .296, the percentage biases of the single-level and the within-group level
reliabilities increased, while the percentage biases of the between-group level reliability

estimates decreased. Among the conditions of 750 samples with 30% missing values by
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increasing ICCs from .050 to .296 (i.e., Conditions #75, #78, #81), the percentage biases
increased from 10.6% to 20.1% for a, from 10.6% to 21.5% for «,,, from 13.0% to 22.5% for w,
and from 12.7% to 20.8% for w,,. However, the percentage biases of ag (20.7% to 12.2%) and
wpg (17.3% to 7.4%) decreased.

Under the conditions of the same within-group level parameters, the percentage bias of
the single-level reliability estimates showed the same pattern with the conditions of the same
within-group level parameters as the increase of ICCs. However, the percentage biases of the
within- and between-group level reliabilities were different. For example, under the conditions of
750 samples with 30% missing values (i.e., Conditions #111, #114, #117), when increasing ICCs
from .050 to .296, the percentage biases increased from 10.6% to 11.8% for «, from 20.7% to
46.7% for ag, from 13.0% to 13.3% for w, and from 17.3% to 44.0% for wz. However, among
three ICC conditions, the percentage biases of «,, (10.6% to 6.6%) and w,, (12.7% to 8.6%)
decreased as ICCs increased. Thus, the results indicated that the increase of the ICC had a
positive impact on the accuracy of the between-group level reliabilities under the conditions
fixing the same within- and between-group level parameters.

Regarding the cutoff criterion for the percentage bias (i.e., above 15%), under the
conditions of the same between-group level parameters, for the single-level and the within-group
level reliabilities, the coefficient alpha, @ and «,,,, showed the percentage bias over 15% when
the missing data proportions were 30% and ICC was .296. The coefficient omega, w and w,y,,
showed over 15% bias when the missing data proportions were larger than 15% and ICC was
larger than .111. Under the conditions of the same between-group level parameters, when the
missing data proportions were 30% and ICC was small (.050), the between-group level reliability

estimates showed over 15% bias. However, under the conditions of the same within-group level
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parameters, when the missing data proportions were over 15%, the reliabilities at the between-
group level, agz and wg, showed a percentage bias larger than 15%.

Comparing the types of the reliability measures, both coefficient alpha and omega
showed the negative percentage bias, which indicated the underestimated results under the
conditions of 15% or 30% missing data proportions. However, under the conditions of the
complete data (i.e., 0% missingness), the coefficient alpha showed the positive percentage bias,
which indicated the overestimated results. Because LD method deleted the missing values from
the data set, the reduction of the original data caused the underestimation for the single-level and
the level-specific (i.e., the within-group level and the between-group level) reliabilities.

As shown in Figures 6 and 10, the percentage bias of the coefficient alpha under MAR
was larger than under MCAR even though we used the same missing data technique, the LD
method. Also, for the percentage bias of the coefficient omega, MAR relayed more inaccurate
results than MCAR did. As pointed by Rubin (1976), even though MCAR and MAR are
ignorable missingness, MAR generates the missing data depending on the other variables, not the
variables of the interest. Thus, when utilizing LD method, the reduction in the data set is random
in the variables of the interest, but not random in the other variables. For this reason, the usage of
LD method reported larger percentage bias in the conditions of MAR than MCAR.

Results of MAR Missing Values: FIML Method

Figures 15-17 and Tables 20-23 show the convergence rates and the percentage bias of
the coefficient alpha, and the coefficient omega estimated from the analysis of MAR missing
values using the FIML method. In terms of the stability of the reliability estimation, all simulated
conditions showed convergence rates under 50%. The lowest convergence rate was 72.9% under

the condition of 750 samples with 30% missing values and the large (.296) ICC values fixing the
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same between-group parameters (Condition #81) when estimating w,, and wgz. Among the four
cases of the same conditions (i.e., 750 samples with 30% missing values and large (.296) ICC
with the same between-group level parameters), the convergence rate under MAR using the LD
method showed the lowest (39.8%). Thus, the results showed that (1) MAR missing values
caused more severe nonconvergence problems in the two-level MCFA model, and (2) the LD
method performed worse than the FIML method in dealing with the missing values.

As the missing data proportions increased from 0% to 30%, the percentage biases of all
six reliability measures (single-level coefficient alpha «, level-specific coefficient alpha
including within-group level coefficient alpha «,, and between-group level coefficient alpha az,
single-level coefficient omega w, level-specific coefficient omega including within-group level
coefficient omega w,, and between-group level coefficient omega wp) increased. For example,
under the condition of 750 samples and the small (.050) ICC fixing the same between-group
level parameters (i.e., Conditions #73-#75), the absolute values of the percentage bias increased
from 1.5% to 2.3% for az and from 3.5% to 3.7% for wg. Thus, the results indicated that the
larger the missing data proportions, the larger the inaccuracy in the reliability estimates.

Comparing the effects of the sample sizes on the reliability estimates, when the sample
sizes increased from 750 to 1,500 with 100 clusters and 15 cluster sizes (i.e., Conditions #75
versus #84), the percentage biases of the between reliabilities decreased from 2.3% to 0.2% for
ag, and from 3.7% to 1.4% for wg. And the percentage biases of « and «,, were 1.5%, while the
percentage biases of w and w,, were 0%. Also, comparing Condition #75 with Condition #93
(i.e., another 1,500 samples with 50 clusters and 30 cluster sizes), the percentage bias of ag

decreased from 2.3% to 0.6%, and the percentage bias of wy decreased from 3.7% to 1.0%.
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Thus, the increase of the sample sizes had a positive effect on the accuracy of the reliability
estimation, especially for the between-group level reliabilities, az and wg.

The percentage biases of the reliability estimates changed with the values of ICCs as
well. Under the conditions of the same between-group level parameters of 750 samples with 30%
missing values when increasing the ICCs from .050 to .296 (i.e., Conditions #75, #78, #81), the
percentage biases of the single-level and the within-group level reliability estimates increased («
from 1.5% to 2.2%, «a,, from 1.5% to 2.8%, w from 0.1% to 0.6%, w,, from 0% to 1.3%), while
the percentage bias of the between-group level reliability estimates deceased (az from 2.3% to
1.1%, wg from 3.7% to 0.3%). Also, under the conditions of the same within-group level
parameters of 750 samples with 30% missing values as ICC increased from .050 to .296 (i.e.,
Conditions #111, #114, #117), the percentage biases of a (1.5% to 2.2%), and «,, (1.5% to
2.0%) increased, while the percentage biases of ag (2.3% to 0.8%) and wg (2.3% to 2.0%)
decreased. Thus, the increase of the ICC values reduced the accuracy of the single-level and the
within-group level reliability estimates, while the increase of the ICC increased the accuracy of
the between-group level reliability indices.

Most of the simulated conditions showed percentage biases of the reliability measures
smaller than 15%. Comparing the results of MAR using the LD method, we found that the FIML
method outperformed the LD method in terms of the estimation accuracy because of the smaller
percentage biases of all reliability indices. However, the percentage biases of all six reliability
estimates under MAR were larger than the percentage biases under MCAR. Thus, MAR had a
more negative impact on the reliability estimations than MCAR did. By comparing the two types
of the reliability estimates, we note that the percentage biases of the single-level and the within-

group level coefficient alpha a and «,, were larger than the percentage biases of the single-level



56

and the within-group level coefficient omega w and w,, under the simulated conditions of MAR
when using the FIML method. However, the percentage bias of az was smaller than of wgz under
most of the simulated conditions of MAR when implementing the FIML method.

Results of MNAR Missing Values: LD Method

Figures 18-20 and Tables 24-27 show the convergence rates and the percentage biases of
the coefficient alpha, and the coefficient omega estimated from the analysis of MAR missing
values using the LD method. In terms of the stability of the reliability estimation, most of the
conditions showed over 50% convergence rates. However, under the condition of 750 samples
with 30% missing values and the large (.296) ICC with fixing the same between-group level
parameters (Condition #153), the two-level MCFA model to estimate the within- and the
between-group omega reported less than 50% convergence rates (35.5%). Comparing the
convergence rates of the same condition using the LD method among MCAR (Condition #9),
MAR (Condition #81) and MNAR (Condition #153) cases, we note that Condition #153 showed
the lowest value. Thus, the missing values caused by the MNAR mechanism caused a more
serious problem in reliability estimation in terms of the model convergency.

As the missing data proportions increased from 0% to 30%, the percentage biases of all
six reliability measures (single-level coefficient alpha «, level-specific coefficient alpha
including within-group level coefficient alpha «,, and between-group level coefficient alpha a5,
single-level coefficient omega w, level-specific coefficient omega including within-group level
coefficient omega w,, and between-group level coefficient omega wg) increased. For example,
under the condition of 750 samples with the small (.050) ICC fixing the same between-group
level parameters when increasing the missing data proportions from 0% to 30% (Conditions

#145 to #147), the percentage biases increased from 1.5% to 11% for « and «,,,, and from 0% to
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11% for w and w,,. By the increase of the missing data proportions, the between-group level
reliabilities increased to more than 15%: from 1.5% to 29.2% for az, and from 3.5% to 25.1%
for wg. Thus, the increase of the missing data proportions had a negative impact on the accuracy
of the reliability estimation, and the impact was more serious for the estimation accuracy of the
between-group level reliabilities.

Among the conditions of the sample sizes 750, 1,500, and 3,000, the percentage biases of
all reliability estimates increased. For example, comparing the results of 750 samples and 1,500
samples (100 clusters and 15 cluster sizes) under the same conditions of 30% missing values and
the small (.050) ICC fixing the same between-group level parameters (i.e., Condition #147
versus Condition #156), the percentage bias of ay increased from 29.2% to 35.0%, while the
percentage biases of a (11.5%) and «a,, (11.0%) were not different. And comparing Conditions
#147 and #156, the percentage bias increased from 11.9% to 12.0% for w and from 25.1% to
33.8% for wg, and the percentage bias of w,, (11.3%) was not different between the two
conditions. Also, comparing Condition #147 with Condition #165 (i.e., another 1,500 samples
with 50 clusters and 30 cluster sizes), the percentage biases increased from 11.5% to 11.6% for
a, from 29.2% to 36.0% for ap, from 11.9% to 12.0% for w, and from 25.1% to 36.6% for wp.
And the percentage biases of «,, (11.0%) and w,, (11.3%) were not different between the two
conditions.

Under the conditions fixing the between-group level parameters as the same, when
increasing ICCs, the percentage biases of the single-level and the within-group level reliabilities
increased, while the percentage biases of the between-group level reliabilities decreased. For
example, comparing the conditions of 750 samples with 30% missing values (i.e., Conditions

#147, #150, #153), the percentage biases of a increased from 11.5% to 24.5%, «,, increased
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from 11.1% to 21.8%, w increased from 11.9% to 25.0%, and w,, increased from 11.3% to
20.6%. However, under the same conditions, the percentage biases decreased from 29.2% to
14.3% for ag, and from 25.1% to 7.8% for wp.

Contrary to the results of the conditions of the same between-group level parameters,
under the conditions of the same within-group level parameters, the percentage biases of the
single-level and the between-group level reliability indices increased, while the percentage bias
of the within-group level reliability indices decreased. For example, among three conditions of
750 samples with 30% missing values (i.e., Conditions #183, #186, #189), the percentage biases
increased from 11.5% to 14.2% for a, from 29.2% to 48.9% for ag, from 11.9% to 14.8% for w,
and from 25.1% to 38.6% for wg. However, the percentage biases of «,, decreased from 11.0%
to 8.3% and of w,, from 11.3% to 10.3%. Thus, the increase of the ICCs reduced the accuracy of
the single-level reliability estimates @ and w, whereas the increase of the ICCs had a positive
impact on the between-group level reliability estimates az and wg.

Regarding the cutoff criterion for percentage bias, the single-level and the within-group
level reliability estimates showed more than 15% bias when the large (.296) ICC fixing the same
between-group level parameters with above 15% missing data proportions. And under the
conditions of 30% missing data proportions with the medium (.111) fixing the same within-
group level parameters, the percentage biases of all six reliability estimates were larger than
15%. And the between-group level reliability estimates showed over 15% bias, when the small
(.050) ICC with above 15% missing data proportions.

Comparing the two types of reliability estimates, the percentage bias of the coefficient
alpha was larger than the percentage bias of the coefficient omega under both the single-level

CFA model and the two-level MCFA model. And among three missing data mechanisms, the
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percentage bias under MNAR showed the largest values when using the LD method. The results
indicated that the LD method produced more biased results when the missing data were
generated by the MNAR mechanism.
Results of MNAR Missing Values: FIML Method

Figures 21-23 and Tables 28-31 show the convergence rates and the percentage biases of
the coefficient alpha, and the coefficient omega estimated from the analysis of MNAR missing
values utilizing the FIML method. In terms of the stability of the reliability estimation, all
simulated conditions showed convergence rates under 50%. The lowest convergence rate was
57.4% under the condition of 750 samples with 30% missing values and the large (.296) ICC
fixing the same within-group level parameters (Condition #153). Because the conditions of the
small samples (750 with 50 clusters and 15 cluster sizes) with the large (30%) missing data
proportions and the large (.296) ICC fixing the same within-group level parameters showed the
lowest convergence rates in each of the cases manipulating the missing data mechanism (either
MCAR, MAR, or MNAR) and the missing data techniques (either the LD or the FIML method),
the combinations of these factors had a negative impact on the convergence of the models in
estimating the single-level and the within- and the between-group level reliabilities. Also, the
convergence rate under the MAR using the LD method (39.8%) and the MNAR using LD
method (35.5%) showed less than 50% convergence rates. Thus, the use of the LD method to
deal with either MAR or MNAR missing data created the convergency issue in the two-level
MCFA model in estimating the within- and the between-group level omega, w,, and wg.

In terms of the accuracy of the reliability estimation, we first compared the percentage
biases regarding the missing data proportions. When we increased the missing data proportions

from 0% to 30%, the absolute values of the percentage biases of all six reliability estimates
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increased under all simulated conditions. For example, among Conditions #145-+#147 (i.e., the
conditions of 750 samples with the small (.050) ICC fixing the same between-group level
parameters), the percentage biases of a and «,,, increased from 1.5% to 4.6%, and the percentage
bias of ag increased from 1.5% to 8.2%. And under the same conditions, the percentage biases
of w and w,, increased from 0% to 3.5%, and the percentage bias of wg increased from 3.5% to
7.7%. The results indicated that the increase of the missing data proportions reduced the
accuracy of the reliability estimation, especially for the between-group level reliabilities.

When the sample sizes increased, the percentage biases of all six reliability estimates
decreased in most of the simulated conditions under MNAR using the FIML method. For
example, comparing the conditions of 750 samples to 1,500 samples with 100 clusters and 15
cluster sizes fixing the small ICC (.050) and the same between-group level parameters (i.e.,
Conditions #147 versus #156), the percentage bias decreased from 8.2% to 5.7% for az and from
7.7% to 5.7% for wg. And the percentage biases of a (4.6%), «,, (4.6%), w (3.6%), and w,,
(3.5%) did not change between the two conditions. In addition, comparing Condition #147 with
Condition #1605 (i.e., another condition of 1,500 samples with 50 clusters and 30 cluster sizes),
the percentage biases decreased from 4.6% to 4.5% for «,,, from 8.2% to 5.4% for a, and from
7.7% to 4.8% for wg.

As ICCs increased, the percentage biases of the single-level and the within-group level
reliability indices increased, while the percentage biases of the between-group level reliabilities
decreased. Under the conditions of 750 samples with 30% missing values fixing the same
between-group level parameters, when the 1CCs increased from .050 to .296 (i.e., Conditions
#147, #150, #153), the percentage biases increased from 4.6% to 17.4% for a, from 4.6% to

20.8% for «a,,,, from 3.6% to 18.0% for w, and from 3.5% to 21.3% for w,,. However, the
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percentage biases of ag (8.2% to 2.2%) and wg (7.7% to 0.2%) decreased by increasing the
ICCs. In addition, under the conditions of 750 samples with 30% missing values fixing the same
within-group level parameters, as ICCs increased the percentage biases of a (4.6% to 6.0%) and
w (3.6% to 6.5%) increased, while the percentage biases of ag (8.2% to 6.6%) and wg (7.6% to
5.1%) decreased. Thus, the increase of ICCs had a positive impact on the accurate estimation of
the between-group level reliabilities. However, the increase of ICCs reduced the accuracy of the
estimation of the single-level and the within-group level reliability indices.

Regarding the cutoff criterion for the percentage bias, most of the simulated conditions
showed the percentage biases of the reliability measures smaller than 15%. However, under the
conditions of the same between-group level parameters, when the ICC was large (.296) and the
missing data proportions were 30%, the percentage biases of the single-level and the within-
group level coefficient alpha and omega were larger than 15%, while the between-group level
coefficient alpha and omega were smaller than 15%. However, under the conditions of the same
within-group level parameters, all six reliability measures showed percentage biases less than
15% regardless of the magnitudes of ICCs, sample sizes, and missing data proportions.

A comparison of the two types of the reliability indices showed that the percentage bias
of the coefficient alpha was larger than the percentage bias of the coefficient omega when
dealing with MNAR in using the FIML method. Also, the percentage biases of all six reliability
estimates when using the FIML method were smaller than when utilizing the LD method. In
addition, the results of MNAR were larger than other two missing data mechanisms, MCAR and
MAR. Thus, the existence of MNAR missing values and the usage of the LD method had the
most negative impact on the estimation of the reliability indices, especially for the coefficient

alpha.
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CHAPTER 5
CONCLUSIONS AND DISCUSSIONS

In this study we investigated the reliability estimates regarding the conditions of the
missing values and the multilevel data structure. The empirical data analysis showed that because
the single-level coefficient alpha a, and the within-group and between-group level coefficient
alpha a,, and az were estimated from the fully saturated model, the results showed a perfect
model fit. However, the single-level coefficient omega w and the within-group and between-
group level coefficient omega w,, and wg showed convergence issues that did not satisfy good
model fit results (i.e., CFI > .90, TLI > .90, and RMSEA < .08).

To compare the reliability estimates, except for wg of ST038, the between-group level
reliability estimates were around .90, while the single-level and the within-group level reliability
estimates were around .80. For ST038, the largest difference between each reliability index of
the two missing data techniques (i.e., listwise deletion [LD] method and full information
maximum likelihood [FIML] method) was the change of wy estimates: .079. However, for
IC013, the difference between the reliability estimates of the LD and FIML methods was
minimal, from .002 to .004. This was because the intra-class correlation (ICC) value of ST038
was smaller (.003 using the LD method, .005 using the FIML method) than the ICC value of
IC013 (.029 using the LD and FIML methods). Geldhof et al. (2014) showed that when the ICC
is small, the between-group level reliability estimates show more bias. Even though we did not
know the population values of the reliability estimates, the large changes of wj indicated the

possibility of a large bias in the between-group level reliability estimation. In addition, the
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difference between the reliability estimates of the LD and FIML methods corresponded to the
findings of the previous studies (Cuesta Izquierdo & Fonseca Pedrero, 2014; Downey & King,
1998; Enders, 2003, 2004; McDonald et al., 2000; Raykov, 2009b), indicating that the usage of
the missing data techniques had a significant impact on the reliability estimation.

In the simulation study, we manipulated the conditions not only for the ICCs (.050 as
small, .111 as medium, and .296 as large) and missing data techniques (LD and FIML methods),
but also for the missing data mechanisms (missing completely at random [MCAR], missing at
random [MAR], and missing not at random [MNARY]), missing data proportions (0%, 15%, and
30%), and sample sizes (750 samples, 1,500 samples with 50 clusters, 1,500 samples with 100
clusters, and 3,000 samples).

In terms of convergence rates, because the single-level coefficient alpha and the within-
group and between-group level coefficient alpha were estimated from the fully saturated model,
the results showed a perfect model fit (i.e., 100% convergence rates) under all simulated
conditions. For the coefficient omega estimates, the convergence rates were below 50% (39.8%
under MAR, 35.5% under MNAR) when (a) we used the LD method, (b) the sample size was
small (750 samples), and (c) the ICC value was large (.296) by fixing the same between-group
level parameters, the two-level MCFA model to estimate the within-group and the between-
group coefficient omega w,, and wg.

Hancock and An (2020) showed that the coefficient omega estimates tended toward
nonconvergence under the conditions of smaller sample sizes and the low population values of
the reliability index. From Raykov (2004), the low reliability indicates that the results of the test
would be inconsistent depending on the features of the samples or the test administration

conditions. In our simulation study, the condition showing the lowest convergence rates was the
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combination of the negative factors for the convergence rates of the coefficient omega calculated
by Hancock and An (2020): (a) the sample size was 750, which was the smallest value in the
sample sizes conditions, (b) after deleting the missing values using the LD method, the sample
sizes were below 750 samples, (c) the large ICC conditions with the same between-group
parameters set the smallest population values of the within-group level coefficient omega
(w,,=.376). Thus, the results of the lowest convergence rates supported the previous findings of
Hancock and An (2020).

In terms of the percentage bias, the quantitative methodological findings from the
simulation study were as follows. The single-level and within-group level reliability estimates
reported the highest percentage bias under the conditions of (a) the small sample size (750
samples), (b) the large ICC value (.296), and (c) the low population values of the within-group
reliabilities («,,=.372, w,,=.376). Meanwhile the between-group level reliability estimates
provided the worst accuracy results under the conditions of (a) the small samples (750), (b) the
small ICC value (.050), and (c) the low population values of the between-group level reliabilities
(xp=.372, wz=.376). The significant effects of the ICCs and the population values of the
reliabilities corresponded to the findings of Geldhof et al. (2014). That is, when there is a
discrepancy of the reliabilities at the within-group level and the between-group level, then, the
estimates result of the multilevel-reliabilities would be biased.

And under most simulated conditions in this study, the percentage bias of the coefficient
alpha was higher than the percentage bias of the coefficient omega. In the data generation step of
the simulation study, we set the population values of the factor loadings and the error variances
varied, because it is a case of the congeneric measurement model (i.e., the assumptions of the

different factor loadings and the different error variances are varied among the indicators;
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Joreskog, 1971) which is more general in the practical testing situation (Cortina, 1993; Raykov,
1997a, 1997b; Sijtsma, 2009; Yang & Green, 2011; Zimmermanet al., 1993). However, the
conditions to set the different factor loadings and the error variances violate the assumptions of
tau-equivalent measurement model that the single-level, the within-group and the between-group
level coefficient alpha estimates are based on. Thus, the results of this study supported the
findings of the previous studies that the violation of the tau-equivalent assumptions caused the
overestimated values of the single-level coefficient alpha a (Deng & Chan, 2017, Duun et al.,
2014; Green & Yang, 2009a; Raykov & Marcoulides, 2015), and the level-specific coefficient
alpha a,,, ap estimates (Bonito et al., 2012; Geldhof et al., 2014).

In addition, regarding the conditions of the missing values, if (a) the missing data were
generated by MNAR, (b) the missing data were dealt with by the LD method, and (c) the
proportion of the missing values was 30%, the percentage bias of the reliability estimates was
high. Rubin (1976) showed that MNAR generates the non-ignorable missing values that cause
the systematic loss of the entire data set. In addition, the large (30%, about 1/3) proportions of
the missing values and the usage of the LD method (i.e., a complete case method; a way to
remove the cases that have at least one missing value) make the systematic loss of the data set
more severe. That is, the combinations of the large proportions of MNAR missing values with
the LD method causes the data set to be less representative of the population of interest. Thus,
the results would be biased in the statistical inference of the data analysis, such as multiple
regression model (Enders, 2001b), latent variable analysis (Cai & Song, 2010; Enders, 2011; Lu
etal., 2011; Muthén et al., 1987), item response theory model (Rose et al., 2010), or the

computerized adaptive testing model (Cetin-Berber et al., 2019).
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For the reliability estimation, Enders (2003) calculated that under the conditions of 30%
MNAR, missing data utilizing the LD method showed the highest root-mean-square error value
(RMSE) compared with the results under the conditions of 15% MCAR or MAR missing values
using the expectation-maximization (EM) algorithm method or multiple imputation method. The
results of the percentage bias of MNAR in this study extended the findings of Enders (2003); the
way to deal with MNAR missing data (above 30%) by using the LD method would not be a good
choice to estimate both the single-level reliability and the within-group and between-group
reliability indices.

For the practical researchers and applied methodologists, this study suggests the specific
guidelines to report the reliability of the measurement tool in actual testing situations regarding
the data features. Specifically, if above 30% of the data are missing, it would be better to use the
FIML method to estimate the reliability indices. In addition, when the sample sizes are around
750, researchers should check the ICC values to determine which reliability indices would be
used; if the ICC is high (about .30), the between-group level reliability index is a better choice,
and if the ICC is approximately .05, using the single-level or within-group level reliability
indices is preferable. Kim et al. (2016), showed that reporting the reliability of the items
analyzed by the multilevel models is not common because of the lack of relevant references;
therefore, the results of this study would be one of the references used.

The findings of this study suggest that future research could be conducted in the
following directions. First, more conditions of the missing data could be examined, such as
utilizing the other missing data techniques, especially for the data imputation methods. The
previous scholars investigating the performance of the single-level reliability compared the

results of the data deletion method with the data imputation methods (Enders, 2003; McDonald
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et al., 2000) or the performance among several data imputation methods (Downey & King,
1998), such as person mean imputation, item mean imputation, or multiple linear regression
imputation. Even though the multilevel data structure was not considered, Enders (2004) showed
that the method using the EM algorithm (i.e., one of the data augmentation methods, such as the
FIML method) performed better than the data deletion (LD and pairwise deletion) methods and
the item mean imputation method to estimate the single-level coefficient alpha. Thus, the
inclusion of the data imputation methods into the simulation study design would be a testable
condition for comparing the reliability estimates with missing values.

Second, regarding the conditions of the multilevel data structure, we could examine more
data conditions, such as the number of items (i.e., the test length), the number of answer
categories (i.e., the point-scale of the items), or the complexity of the model. For the multilevel
reliability indices, Bonito et al. (2012) showed that under the condition of five items in the test,
the reliability of ignoring the data hierarchy showed more inflated values than the individual-
level and group-level reliability estimates. Further, Lai (2021) showed that the within-group and
between-group level coefficient omega could be inflated under the more complicated models that
had multiple factors, or the factors are correlated to each other, rather than the single-factor
model we examined. And Zinbarg et al. (2005) examined the misspecification caused the bias in
the estimation of the coefficient omega. In addition, Kim et al. (2020) proposed the generalized
nonlinear SEM reliability coefficient based on the factor analytic framework, which showed a
promising performance to deal with the test items having an uneven (i.e., either two or five)
number of answer categories. Hence, in addition to the sample sizes and the ICCs examined in

this study, the effects of other data features, such as the number of items (i.e., the test length), the
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number of the answer categories (i.e., the point-scale of the items), the complexity of the model,

or the misspecification of the model could be considered in the future research.
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Tables

Test Items of PISA 2018 for Empirical Data Analysis

ST038

During the past 12 months, how often have you had the following experiences in school?

Item

Question

ST038_1
ST038 2
ST038 3
ST038 4
ST038 5
ST038_6

Other students left me out of things on purpose.

Other students made fun of me.

I was threatened by other students.

Other students took away or destroyed things that belonged to me.
I got hit or pushed around by other students.

Other students spread nasty rumors about me.

1C013

Thinking about your experience with digital media and digital devices: to what extent do you
disagree or agree with the following statements?

Item Question

IC013 1 | forget about time when 1I’m using digital devices.

IC013_2 The Internet is a great resource for obtaining information | am interested in (e.g.,
news, sports, dictionary).

IC013_3 Itis very useful to have social networks on the Internet.

IC013_4 | am really excited discovering new digital devices or applications.

IC013_5 I really feel bad if no Internet connection is possible.

IC013 6 | like using digital devices.
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Table 2

Descriptive Statistics of Six Items of ST038 and 1C013 for Empirical Data Analysis

STO38 N_Response N_Student N_Missing Mean
1°(%) 2°(%) 3 (%) 4" (%) (%) (%) (S.D)

ST038 1 2,844 1,151 407 176 4578 260 15
- (58.8) (23.8) (8.4) (3.6) (94.6) (5.4) (0.8)
ST038 2 2,651 1,125 465 315 4,556 282 1.7
- (54.8) (23.3) (9.6) (6.5) (94.2) (5.8) (0.9)
ST038 3 3,710 552 204 98 4,564 274 1.3
- (76.7) (11.4) 4.2) (2.0) (94.3) (5.7) (0.6)
ST038 4 3,871 483 162 57 4,573 265 1.2
- (80.0) (10.0) (3.3) (1.2) (94.5) (5.5) (0.6)
ST038 5 3,858 454 174 86 4,572 266 1.2
- (79.7) (9.4) (3.6) (1.8) (94.5) (5.5) (0.6)
ST038 6 3,315 172 313 171 4571 267 1.4
- (68.5) (16.0) (6.5) (3.5) (94.5) (5.5) (0.8)
1013 N_Response N_Student N_Missing Mean
1" (%) 27 (%) 37 (%) 47 (%) (%) (%) (8.D)

1C013 1 399 1,443 1,992 579 4,413 425 2.6
- (8.2) (29.8) (41.2) (12.0) (91.2) (8.8) (0.8)
1C013 2 132 390 2,373 1,505 4,400 438 3.2
- (2.7) (8.1) (49.0) (31.1) (90.9) 9.1) (0.7)
1C013 3 167 465 2,591 1,150 4,373 465 3.1
- (3.5) (9.6) (53.6) (23.8) (90.4) (9.6) (0.7)
1C013 4 202 962 2,321 897 4,382 456 2.9
- (4.2) (19.9) (48.0) (18.5) (90.6) (9.4) (0.8)
1C013 5 371 1,573 1,758 701 4,403 435 2.6
- (7.7) (32.5) (36.3) (14.5) (91.0) (9.0) (0.8)
1C013 6 126 295 2,432 1,548 4,401 437 3.2
- (2.6) (6.1) (50.3) (32.0) (91.0) (9.0) (0.7)

Note. ST038=During the past 12 months, how often have you had the following experiences in
school?; 1C013=Thinking about your experience with digital media and digital devices: to what
extent do you disagree or agree with the following statements?; N_Response=the number of
responses: for ST038, 1 =never or almost never, 2"=a few times a year, 3"=a few times a month,
4"=once a week or more, for 1C013, 1™"=strongly disagree, 2""=disagree, 3" "=agree, 4 “=strongly
agree; N_Student=the number of students excluding the missing values; N_Missing=the number
of missing values; Mean=the average of the responses with standard deviations (S.D.).
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ICC Values, Model-fit Indices, and Reliability Estimates of ST038 and 1C013

LD Method
ST038 (ICC=.003) IC013 (1CC=.029)
Est. CFlI TLI RMSEA  Est. CFlI TLI RMSEA
a .859 1.000 1.000 .000 .825 1.000 1.000 .000
a,, .856 1.000 1.000 .000 .821 1.000 1.000 .000
ag .940 - - - .928 - - -
w 847 .906 .843 159 .808 .962 .936 .091
Wy .849 .895 .824 .097 .805 .958 .930 .063
Wg 754 - - - 947 - - -
FIML Method
ST038 (ICC=.005) IC013 (ICC=.029)
Est. CFlI TLI RMSEA  Est. CFlI TLI RMSEA
a .860 1.000 1.000 .000 .823 1.000 1.000 .000
a,, .858 1.000 1.000 .000 .819 1.000 1.000 .000
ag 944 - - - 924 - - -
1) .848 .908 847 157 .806 962 937 .089
Wy .850 .895 .824 .098 .803 .958 .930 .061
wg .833 - - - .944 - - -

Note. ST038=During the past 12 months, how often have you had the following experiences in
school?; 1IC013=Thinking about your experience with digital media and digital devices: to what
extent do you disagree or agree with the following statements?; Est.= estimates of reliability
indices; CFl=comparative fit index, TLI=Tucker-Lewis index, RMSEA=root mean square error
of approximation; a=single-level alpha, a,,=within-group level alpha, az=between-group level
alpha, w=single-level omega, w,,=within-group level omega, wz=between-group level omega.
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Population Values for ICCs and Reliabilities by Factor Loadings and Error Variances
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(1) Same Between-group Level Parameters, but Different Within-group Level Parameters

ICC Reliability Parameters
.050 a=.852 a=a,(1—-ICC)+agx*ICC
w=.854 w=w,1-ICC)+wg=*ICC
@y =.852 Ay1 = Ayy =.599, Az = Ay = .699, Az = Ay = .799
ap =.850 0,11 = 0,9y = 451, 8,33 = Opas = .501, O,ycc = O,y = 551
W, = 854 Agy =gy =.137, Apz = Apy = .160, Ags = A = .183
wp = .852 Op11 = Opyy = 019, Opaz = Opaq = 027, Opes = Opee = .034
111 a=.687 a=a,(1—-ICC)+agx*ICC
w=.687 w=w,(1—-ICC)+ wg*ICC
@y =.667 A1 = Ay =388, Az = Ays =399, Az = A = 413
ap =.850 6,11 = Oyop = 468, 0,33 = Oyyus = 479, 0,55 = O,y66 = 493
wy, =.667 Ag; = Agy, =.137, Ap3 = Agy = .160, Ags = Ag¢ = .183
wp =.852 Op11 = Opyy = .019, Opaz = Opaq = 027, Opes = Opee = .034
.296 a=.514 a=a,(1—-ICC)+ag=*ICC
w=.517 w=w,(1—-ICC)+ wg*ICC
Ay =372 Ay = Ay = 121, Az = Ay = 164, Ays = Ay = .207
ap =.850 0,11 = Oyys =.253, O3z = Oypas = 268, Oyyss = Oy = .283
Wy =376 Agy = Agy =.137, Agz = Apy = .160, Ags = Aps = .183
wg =852 Opy1y = Opoy = .019, Opas = Opas = 027, Opec = Opee = .034
(2) Same Within-group Level Parameters, but Different Between-group Level Parameters
ICC Reliability Parameters
.050 a=0852 a=a,(1—-ICC)+ag=*ICC
w=.854 w=w,(1—-ICC)+ wg=*ICC
ay, =.852 Ay = Ay =.599, A3 = Ay = .699, A5 = Ay = .799
ag =.850 6,11 = 6Oy = 0.451, 0,33 = Oy44 = 0.501, 0,55 = O,66 = .551
wy =.854 Ap; = Agy, =.137, Ag3 = Agy = .160, Ags = Ag¢ = .183
wp = .852 Opy1 = Opyy = .019, Opaz = Opaq = 027, Opcc = Opee = .034
A11 a=.798 a=a,(1—-ICC)+ag*ICC
w=.801 w=w,(1—-ICC)+ wg=*ICC
ay, =.852 Ay = Ayy =.599, A3 = Ay = .699, A5 = Ay = .799
ag =.372 6,11 = Oy2p = 0451, 60,35 = Oy44 = 0.501, 0,55 = O,,66 = .551
Wy = 854 Agy = Agy =.121, gz = Apy = .164, Ags = Agg = .207
wp =.376 6011 = Opyy = .253, 033 = Opygs = .268, Ogsc = Ope = 283
.296 a=.797 a=a,(1—-ICC)+ ag*+ICC
w=.799 w=w,(1—-ICC)+ wg*ICC
Ay = 852 Ay = Ayy = 599, Az = Aypg = 699, s = dyyg = .799
ap =.667 0,11 = Oy2p = 451, 0,33 = O,y4s = .501, 0,55 = 0,66 = .551
wy =.854 Ap; = Agy, =.388, Ag3 = Agy =.399, Ags = Age = 413
wp = .667 6Op1; = Opyy = 468, 033 = Opgs = 479, Ogcc = Opee = 493

Note. a=single-level coefficient alpha, «,,=within-group level coefficient alpha, az=between-group level
coefficient alpha; w=single-level coefficient omega, w,,=within-group level coefficient omega,

wp=between-group level coefficient omega; ICC=intra-class correlation; A,,;=factor loadings at within-
group level, Az;=factor loadings at between-group level; 6,,;;=error variances at within-group level,

Bg;;=error variances at between-group level.
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Data Simulation Conditions under MCAR
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Cond# MDM SS ICC MDP Cond# MDM SS ICC  MDP
1 MCAR 750 .050®) 0% 37 MCAR 750 050 0%
2 15% 38 15%
3 30% 39 30%
4 111® 0% 40 111 0%
5 15% 41 15%
6 30% 42 30%
7 296® 0% 43 296 0%
8 15% 44 15%
9 30% 45 30%
10 1500(¢199)  050®) 0% 46 1500(¢100  o50W) 0%
11 15% 47 15%
12 30% 48 30%
13 111® 0% 49 111W) 0%
14 15% 50 15%
15 30% 51 30%
16 296® 0% 52 296W) 0%
17 15% 53 15%
18 30% 54 30%
19 15000¢%9)  050®) Qv 55 1500(¢%0 050 0%
20 15% 56 15%
21 30% 57 30%
22 1118 0% 58 111 0%
23 15% 59 15%
24 30% 60 30%
25 296® 0% 61 296 0%
26 15% 62 15%
27 30% 63 30%
28 3000 .050® 0% 64 3000 050 0%
29 15% 65 15%
30 30% 66 30%
31 1118 0% 67 111 0%
32 15% 68 15%
33 30% 69 30%
34 296® 0% 70 296 0%
35 15% 71 15%
36 0% 72 30%

Note. Cond#=condition ID; MDM=missing data mechanisms; ICC=intra class correlation,

(B)=same between-group level parameters but different within-group level parameters,
(W)=same within-group level parameters but different between-group level parameters;
SS=sample sizes, (G100)=100 clusters, (G50)=50 clusters; MDP=missing data proportions.
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Data Simulation Conditions under MAR
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Cond# MDM SS ICC MDP Cond# MDM SS ICC  MDP
73 MAR 750 0508 0% 109 MAR 750 050 0%
74 15% 110 15%
75 30% 111 30%
76 1118 0% 112 111 0%
77 15% 113 15%
78 30% 114 30%
79 296® 0% 115 296 0%
80 15% 116 15%
81 30% 117 30%
82 15006199 050® 0% 118 1500(¢100  o50W) 0%
83 15% 119 15%
84 30% 120 30%
85 111® 0% 121 111W) 0%
86 15% 122 15%
87 30% 123 30%
88 296® 0% 124 296W) 0%
89 15% 125 15%
90 30% 126 30%
91 1500¢%9  050®) 0% 127 1500(¢%0 050 0%
92 15% 128 15%
93 30% 129 30%
94 1118 0% 130 111 0%
95 15% 131 15%
96 30% 132 30%
97 296® 0% 133 296 0%
98 15% 134 15%
99 30% 135 30%
100 3000 050® 0% 136 3000 050 0%
101 15% 137 15%
102 30% 138 30%
103 1118 0% 139 111 0%
104 15% 140 15%
105 30% 141 30%
106 206® 0% 142 296 0%
107 15% 143 15%
108 30% 144 30%

Note. Cond#=condition ID; MDM=missing data mechanisms; ICC=intra class correlation,

(B)=same between-group level parameters but different within-group level parameters,
(W)=same within-group level parameters but different between-group level parameters;
SS=sample sizes, (G100)=100 clusters, (G50)=50 clusters; MDP=missing data proportions.
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Data Simulation Conditions under MNAR
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Cond# MDM SS ICC MDP Cond# MDM SS ICC  MDP
145 MNAR 750 0508 0% 181 MNAR 750 050 0%
146 15% 182 15%
147 30% 183 30%
148 1118 0% 184 2111 0%
149 15% 185 15%
150 30% 186 30%
151 296® 0% 187 296 0%
152 15% 188 15%
153 30% 189 30%
154 1500619 050®) 0% 190 1500(¢100  o50W) 0%
155 15% 191 15%
156 30% 192 30%
157 111® 0% 193 111 0%
158 15% 194 15%
159 30% 195 30%
160 296® 0% 196 296MW) 0%
161 15% 197 15%
162 30% 198 30%
163 1500(%%9  050®) 0% 199 1500(¢%0  050W) Q9%
164 15% 200 15%
165 30% 201 30%
166 111® 0% 202 111 0%
167 15% 203 15%
168 30% 204 30%
169 296®) 0% 205 296 0%
170 15% 206 15%
171 30% 207 30%
172 3000 0508 0% 208 3000 050 0%
173 15% 209 15%
174 30% 210 30%
175 A111® 0% 211 111 0%
176 15% 212 15%
177 30% 213 30%
178 2066 0% 214 296 0%
179 15% 215 15%
180 30% 216 30%

Note. Cond#=condition ID; MDM=missing data mechanisms; ICC=intra class correlation,

(B)=same between-group level parameters but different within-group level parameters,
(W)=same within-group level parameters but different between-group level parameters;

SS=sample sizes, (G100)=100 clusters, (G50)=50 clusters; MDP=missing data proportions.



93

Table 8

Results of « under MCAR using LD for Same Between-Group Level Parameters Conditions

a a,, Qg
# MDM SS ICC MDP CR PB CR PB CR PB
1 MCAR 750 .050®) 0 100.0 1.5 100.0 1.5 1000 -15
2 15  100.0 1.5 100.0 15 1000 -3.1
3 30  100.0 1.4 100.0 1.4 1000 -4.7
4 1114 0 100.0 2.7 100.0 28 1000 -0.2
5 15  100.0 2.5 100.0 2.7 1000 -25
6 30  100.0 2.6 100.0 3.0 1000 -7.1
7 .296®) 0 100.0 3.4 100.0 5.3 100.0 1.2
8 15  100.0 3.3 100.0 5.5 100.0 0.8
9 30  100.0 2.9 100.0 57 1000 -15
10 1500(¢100)  050®) 0 100.0 1.5 100.0 1.5 100.0 0.1
11 15  100.0 1.5 100.0 1.5 1000 -1.0
12 30  100.0 1.5 100.0 1.4 1000 -25
13 111® 0 100.0 2.7 100.0 2.7 100.0 1.4
14 15  100.0 2.6 100.0 2.6 100.0 0.2
15 30  100.0 2.6 100.0 28 1000 -25
16 296® 0 100.0 3.7 100.0 5.3 100.0 1.7
17 15  100.0 3.8 100.0 5.2 100.0 1.8
18 30  100.0 3.8 100.0 5.8 100.0 1.0
19 1500(¢59)  050(®) 0 100.0 1.5 100.0 1.5 100.0 0.1
20 15  100.0 1.5 100.0 1.5 1000 -1.0
21 30  100.0 1.5 100.0 1.5 1000 -25
22 1116 0 100.0 2.7 100.0 2.7 100.0 1.2
23 15  100.0 2.6 100.0 2.7 100.0 0.5
24 30  100.0 2.5 100.0 26 1000 -14
25 .296(®) 0 100.0 3.6 100.0 52 100.0 1.5
26 15  100.0 3.5 100.0 49 100.0 1.5
27 30  100.0 3.3 100.0 49 100.0 0.8
28 3000 .050® 0 100.0 1.6 100.0 1.5 100.0 1.2
29 15  100.0 1.5 100.0 1.5 100.0 0.8
30 30  100.0 1.6 100.0 1.6 1000 -1.1
31 111® 0 100.0 2.8 100.0 2.8 100.0 1.7
32 15  100.0 2.7 100.0 2.8 100.0 1.4
33 30  100.0 2.7 100.0 2.8 100.0 0.8
34 296® 0 100.0 4.0 100.0 5.6 100.0 1.8
35 15  100.0 4.0 100.0 5.7 100.0 1.8
36 30  100.0 41 100.0 5.7 100.0 1.8

Note. #=condition ID regarding Table 5; MDM=missing data mechanisms; SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.
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Results of a under MCAR using LD for Same Within-Group Level Parameters Conditions
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a a,, Qg
# MDM SS ICC  MDP CR PB CR PB CR PB
37 MCAR 750 .050W) 0 100.0 1.5 100.0 1.5 1000 -15
38 15  100.0 1.5 100.0 1.4 1000 -2.6
39 30  100.0 1.4 100.0 1.4 1000 -5.2
40 111W) 0 100.0 2.0 100.0 1.5 100.0 5.8
41 15  100.0 1.9 100.0 1.4 100.0 9.5
42 30  100.0 1.9 100.0 1.2 1000 19.2
43 .296MW) 0 100.0 2.3 100.0 20 1000 -05
44 15  100.0 2.2 100.0 20 1000 -11
45 30  100.0 2.1 100.0 1.8 100.0 -25
46 1500(¢100)  o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
47 15  100.0 1.5 100.0 1.5 1000 -1.6
48 30  100.0 1.4 100.0 1.4 1000 -4.3
49 111W) 0 100.0 1.9 100.0 1.5 100.0 0.7
50 15  100.0 1.9 100.0 1.5 100.0 2.2
51 30  100.0 1.8 100.0 1.3 100.0 6.5
52 .296W) 0 100.0 2.3 100.0 2.0 100.0 1.2
53 15  100.0 2.2 100.0 1.9 100.0 1.0
54 30  100.0 2.3 100.0 20 1000 -0.3
55 1500(¢59)  o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
56 15  100.0 1.5 100.0 1.5 1000 -1.0
57 30  100.0 1.5 100.0 15 1000 -2.6
58 111W) 0 100.0 2.0 100.0 1.5 100.0 3.1
59 15  100.0 2.0 100.0 1.5 100.0 5.6
60 30  100.0 2.0 100.0 1.5 100.0 7.1
61 .296W) 0 100.0 2.3 100.0 2.0 100.0 0.4
62 15  100.0 2.3 100.0 2.0 100.0 0.1
63 30  100.0 2.2 100.0 1.9 1000 -0.7
64 3000 .050W) 0 100.0 1.6 100.0 1.5 100.0 1.2
65 15  100.0 1.6 100.0 1.6 100.0 0.5
66 30  100.0 1.6 100.0 15 1000 -1.3
67 111W) 0 100.0 2.0 100.0 1.5 100.0 1.7
68 15  100.0 1.9 100.0 1.5 100.0 0.8
69 30  100.0 2.0 100.0 1.5 100.0 1.9
70 .296W) 0 100.0 2.4 100.0 2.1 100.0 1.7
71 15  100.0 2.3 100.0 2.0 100.0 1.5
72 30  100.0 2.3 100.0 2.0 100.0 1.2

Note. #=condition ID regarding Table 5; MDM=missing data mechanisms; SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.
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Table 10

Results of w under MCAR using LD for Same Between-Group Level Parameters Conditions

w W,y Wg
# MDM SS ICC MDP CR PB CR PB CR PB
1 MCAR 750 .050®) 0 1000 -0.1  99.0 00 990 -35
2 15 1000 -0.1 96.6 00 966 -44
3 30 99.1 -0.1 94.2 00 942 -36
4 1114 0 1000 -0.1  98.9 00 989 -04
5 15 998 -0.2 932 00 932 -1.9
6 30 97.2 01 775 08 775 -35
7 .296® 0 9.2 -06 826 06 826 0.3
8 15 910 -02 673 1.7 673 0.6
9 30 80.4 00 529 36 529 0.2
10 1500(¢100)  050®) 0 1000 -0.1 99.7 00 997 -1.3
11 15 1000 -0.1 99.7 00 997 -28
12 30 1000 -0.1 986 00 986 -31
13 111® 0 1000 -0.1 100.0 -0.1 100.0 0.0
14 15 1000 -0.2 996 -0.2 996 -0.3
15 30 1000 -0.1 949 01 949 -14
16 296® 0 99.7 -06 979 -01 979 0.1
17 15 984 -03 916 02 916 0.4
18 30 95.4 0.0 7438 15 748 0.5
19 1500(¢%0)  050(®) 0 1000 -0.1  99.9 00 999 -11
20 15 1000 -0.1 994 00 994 -22
21 30  100.0 00 988 00 988 -38
22 1116 0 1000 -0.1 999 -0.2 999 0.0
23 15 1000 -0.2 990 -02 99.0 -0.2
24 30 1000 -02 957 -01 957 -1.0
25 .296(®) 0 995 -06 941 -01 941 0.1
26 15 980 -05 875 01 875 0.4
27 30 935 -0.3 69.8 1.3 698 0.4
28 3000 .050® 0 1000 -0.1 100.0 0.0 1000 -0.3
29 15 1000 -0.1 99.7 00 997 -05
30 30  100.0 0.0 99.1 01 991 -30
31 111® 0 100.0 0.0 1000 -0.1 100.0 0.0
32 15  100.0 00 999 -01 999 -0.1
33 30  100.0 00 995 00 995 -0.1
34 296® 0 1000 -04 998 -0.1 99.8 0.0
35 15 1000 -0.3 988 0.2 988 0.1
36 30 989 -01 945 0.6 945 0.4

Note. #=condition ID regarding Table 5; MDM=missing data mechanisms; SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.
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Results of w under MCAR using LD for Same Within-Group Level Parameters Conditions
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w W,y Wg
# MDM SS ICC  MDP CR PB CR PB CR PB
37 MCAR 750 .050W) 0 1000 -0.1  99.0 00 990 -35
38 15 1000 -0.1 981 00 981 -37
39 30 995 -0.1 918 00 918 -38
40 111W) 0 97.0 0.0 100.0 0.0 100.0 5.8
41 15 95.0 00 981 00 981 6.6
42 30 89.2 00 959 -01 959 121
43 .296\W) 0 77.8 0.0 99.7 00 997 -1.8
44 15 76.3 0.0 993 00 993 -27
45 30 722 -01 979 -01 979 -42
46 1500(¢100)  o50W) 0 1000 -0.1 99.7 00 997 -1.3
47 15 1000 -0.1  99.6 00 996 -3.2
48 30 1000 -0.2 984 00 984 -49
49 111W) 0 100.0 -0.1 100.0 0.0 100.0 1.1
50 15 99.9 -01 989 0.0 989 1.8
51 30 998 -02 962 -01 96.2 5.8
52 .296W) 0 99.2 -0.1 100.0 0.0 1000 -0.6
53 15 982 -01 999 -01 999 -08
54 30 96.5 0.0 100.0 0.0 1000 -2.2
55 1500(¢%0)  o50W) 0 1000 -0.1  99.9 00 999 -1.1
56 15 1000 -0.1 99.1 00 991 -31
57 30 1000 -01 977 00 977 -37
58 111W) 0 98.4 0.0 99.9 0.0 99.9 6.3
59 15 97.8 00 998 00 998 5.8
60 30 96.0 0.1 984 0.0 984 7.1
61 .296W) 0 79.4 0.1 997 00 997 -09
62 15 79.1 0.2 9938 00 998 -1.2
63 30 75.1 00 998 -01 998 -20
64 3000 .050W) 0 1000 -0.1 100.0 0.0 1000 -0.3
65 15  100.0 0.0 100.0 0.0 1000 -0.7
66 30 100.0 0.0 99.7 00 997 -33
67 111W) 0 100.0 -0.1 100.0 0.0 100.0 2.5
68 15 99.9 -0.1 100.0 0.0 100.0 1.4
69 30  100.0 00 994 0.0 99.4 2.0
70 .296W) 0 99.4 0.0 998 00 998 -04
71 15 99.1 -0.1 100.0 0.0 1000 -0.5
72 30 98.3 0.0 99.9 00 999 -07

Note. #=condition ID regarding Table 5; MDM=missing data mechanisms; SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.
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Results of « under MCAR using FIML for Same Between-Group Level Parameters Conditions

a a,, Qg
# MDM SS ICC MDP CR PB CR PB CR PB
1 MCAR 750 .050®) 0 100.0 1.5 100.0 1.5 1000 -15
2 15  100.0 1.5 100.0 15 1000 -2.2
3 30  100.0 1.5 100.0 1.5 1000 -2.4
4 1114 0 100.0 2.7 100.0 28 1000 -0.2
5 15  100.0 2.6 100.0 2.7 1000 -05
6 30  100.0 2.7 100.0 29 1000 -0.6
7 .296®) 0 100.0 3.4 100.0 5.3 100.0 1.2
8 15  100.0 3.4 100.0 54 100.0 1.2
9 30  100.0 3.3 100.0 5.0 100.0 1.3
10 1500(¢100)  050®) 0 100.0 1.5 100.0 1.5 100.0 0.1
11 15  100.0 1.5 100.0 1.5 1000 -0.1
12 30  100.0 1.6 100.0 1.5 100.0 0.0
13 111® 0 100.0 2.7 100.0 2.7 100.0 1.4
14 15  100.0 2.7 100.0 2.7 100.0 1.3
15 30  100.0 2.7 100.0 2.7 100.0 1.3
16 296® 0 100.0 3.7 100.0 5.3 100.0 1.7
17 15  100.0 3.8 100.0 5.4 100.0 1.8
18 30  100.0 3.7 100.0 54 100.0 1.7
19 1500(¢59)  050(®) 0 100.0 1.5 100.0 1.5 100.0 0.1
20 15  100.0 1.5 100.0 1.5 100.0 0.1
21 30  100.0 1.5 100.0 1.5 100.0 0.0
22 1116 0 100.0 2.7 100.0 2.7 100.0 1.2
23 15  100.0 2.7 100.0 2.6 100.0 1.2
24 30  100.0 2.7 100.0 2.7 100.0 1.2
25 .296(®) 0 100.0 3.6 100.0 52 100.0 1.5
26 15  100.0 3.6 100.0 5.1 100.0 1.5
27 30  100.0 3.6 100.0 5.3 100.0 1.4
28 3000 .050® 0 100.0 1.6 100.0 1.5 100.0 1.2
29 15  100.0 1.6 100.0 1.5 100.0 1.2
30 30  100.0 1.6 100.0 1.5 100.0 1.3
31 111® 0 100.0 2.8 100.0 2.8 100.0 1.7
32 15  100.0 2.8 100.0 2.8 100.0 1.7
33 30  100.0 2.8 100.0 2.8 100.0 1.7
34 296® 0 100.0 4.0 100.0 5.6 100.0 1.8
35 15  100.0 4.0 100.0 5.6 100.0 1.8
36 30  100.0 41 100.0 5.8 100.0 1.8

Note. #=condition ID regarding Table 5; MDM=missing data mechanisms; SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.
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Table 13

Results of a under MCAR using FIML for Same Within-Group Level Parameters Conditions

a a,, Qg
# MDM SS ICC  MDP CR PB CR PB CR PB
37 MCAR 750 .050W) 0 100.0 1.5 100.0 1.5 1000 -15
38 15  100.0 1.5 100.0 1.5 1000 -1.9
39 30  100.0 1.5 100.0 1.5 1000 -2.4
40 111W) 0 100.0 2.0 100.0 1.5 100.0 5.8
41 15  100.0 2.0 100.0 1.5 100.0 5.3
42 30  100.0 1.9 100.0 1.5 100.0 6.3
43 .296MW) 0 100.0 2.3 100.0 20 1000 -05
44 15  100.0 2.3 100.0 20 1000 -0.6
45 30  100.0 2.3 100.0 20 1000 -0.6
46 1500(¢100)  o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
47 15  100.0 1.5 100.0 1.5 1000 -0.1
48 30  100.0 1.5 100.0 15 1000 -0.1
49 111W) 0 100.0 1.9 100.0 1.5 100.0 0.7
50 15  100.0 1.9 100.0 1.5 100.0 0.6
51 30  100.0 1.9 100.0 1.5 100.0 0.5
52 .296W) 0 100.0 2.3 100.0 2.0 100.0 1.2
53 15  100.0 2.3 100.0 2.0 100.0 1.2
54 30  100.0 2.3 100.0 2.0 100.0 1.2
55 1500(¢59)  o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
56 15  100.0 1.5 100.0 1.5 100.0 0.1
57 30  100.0 1.5 100.0 1.5 100.0 0.0
58 111W) 0 100.0 2.0 100.0 1.5 100.0 3.1
59 15  100.0 2.0 100.0 1.5 100.0 3.4
60 30  100.0 2.0 100.0 1.5 100.0 35
61 .296W) 0 100.0 2.3 100.0 2.0 100.0 0.4
62 15  100.0 2.3 100.0 2.0 100.0 0.4
63 30  100.0 2.3 100.0 2.0 100.0 0.4
64 3000 .050W) 0 100.0 1.6 100.0 1.5 100.0 1.2
65 15  100.0 1.6 100.0 1.5 100.0 1.2
66 30  100.0 1.6 100.0 1.5 100.0 1.2
67 111W) 0 100.0 2.0 100.0 1.5 100.0 1.7
68 15  100.0 2.0 100.0 1.6 100.0 1.7
69 30  100.0 2.0 100.0 1.5 100.0 1.6
70 .296W) 0 100.0 2.4 100.0 2.1 100.0 1.7
71 15  100.0 2.4 100.0 2.1 100.0 1.6
72 30  100.0 2.4 100.0 2.1 100.0 1.7

Note. #=condition ID regarding Table 5; MDM=missing data mechanisms; SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.
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Results of w under MCAR using FIML for Same Between-Group Level Parameters Conditions

w W,y Wg
# MDM SS ICC MDP CR PB CR PB CR PB
1 MCAR 750 .050®) 0 1000 -0.1  99.0 00 990 -35
2 15 1000 -0.1 99.3 0.0 993 -36
3 30 1000 -0.1 98.9 00 989 -39
4 1114 0 1000 -0.1  98.9 00 989 -04
5 15 1000 -0.1 985 00 985 -05
6 30  100.0 00 975 01 975 -0.6
7 .296® 0 9.2 -06 826 06 826 0.3
8 15 949 -04 771 12 771 0.4
9 30 916 -03 7458 0.8 748 0.4
10 1500(¢100)  050®) 0 1000 -0.1 99.7 00 997 -1.3
11 15 1000 -0.1 100.0 0.0 1000 -1.6
12 30 1000 -0.1 994 00 994 -1.2
13 111® 0 1000 -0.1 100.0 -0.1 100.0 0.0
14 15 1000 -0.1 998 -0.1 9938 0.1
15 30  100.0 00 998 -01 99.8 0.1
16 296® 0 99.7 -06 979 -01 979 0.1
17 15 99.7 -04 96.1 01 96.1 0.2
18 30 989 -04 955 01 955 0.2
19 1500(¢%0)  050(®) 0 1000 -0.1  99.9 00 999 -11
20 15  100.0 -0.1 100.0 0.0 1000 -1.2
21 30 1000 -0.1 995 00 995 -1.0
22 1116 0 1000 -0.1 999 -0.2 999 0.0
23 15 1000 -0.1 1000 -0.2 100.0 0.1
24 30 1000 -0.1 99.9 -02 999 0.2
25 .296(®) 0 995 -06 941 -01 941 0.1
26 15 995 -06 921 -01 921 0.2
27 30 986 -05 89.7 04 897 0.2
28 3000 .050® 0 1000 -0.1 100.0 0.0 1000 -0.3
29 15 1000 -0.1 100.0 0.0 1000 -0.3
30 30 1000 -0.1 99.9 00 999 -0.2
31 111® 0 100.0 0.0 1000 -0.1 100.0 0.0
32 15  100.0 0.0 1000 -0.1 100.0 0.0
33 30  100.0 00 1000 -0.1 100.0 0.1
34 296® 0 1000 -04 998 -0.1 99.8 0.0
35 15 1000 -04 999 00 999 0.0
36 30 1000 -0.3 997 01 997 0.1

Note. #=condition ID regarding Table 5; MDM=missing data mechanisms; SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.
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Results of w under MCAR using FIML for Same Within-Group Level Parameters Conditions
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w Wy, Wg
# MDM SS ICC  MDP CR PB CR PB CR PB
37 MCAR 750 .050W) 0 1000 -0.1  99.0 00 990 -35
38 15 1000 -0.1  99.0 00 990 -37
39 30 1000 -0.1  99.0 00 990 -34
40 111W) 0 100.0 0.0 100.0 0.0 100.0 5.8
41 15 99.1 00 998 00 998 5.6
42 30 97.0 00 995 0.0 995 6.6
43 .296MW) 0 93.5 00 997 00 997 -18
44 15 87.3 00 99.6 00 996 -1.8
45 30 77.8 00 997 0.0 997 -20
46 1500(¢100)  o50W) 0 1000 -0.1  99.7 00 997 -1.3
47 15 1000 -0.1  99.6 00 996 -16
48 30 1000 -0.1  99.7 00 997 -13
49 111W) 0 100.0 -0.1 100.0 0.0 100.0 1.1
50 15 1000 -0.1 9938 0.0 998 1.2
51 30 1000 -0.1  99.9 00 999 15
52 .296W) 0 99.9 -0.1 100.0 0.0 1000 -0.6
53 15 995 -0.1 9938 00 998 -0.6
54 30 99.2 0.0 99.9 00 999 -07
55 1500(¢59)  o50W) 0 1000 -0.1  99.9 00 999 -1.1
56 15 1000 -0.1  99.6 00 996 -1.2
57 30 1000 -0.1  99.9 00 999 -1.2
58 111W) 0 99.9 0.0 99.9 0.0 99.9 6.3
59 15 99.6 00 999 00 999 6.4
60 30 98.4 00 998 0.0 998 6.1
61 .296MW) 0 94.3 0.1 100.0 0.0 1000 -0.9
62 15 88.5 0.1 999 00 999 -09
63 30 79.4 00 997 00 997 -09
64 3000 .050W) 0 1000 -0.1 100.0 0.0 1000 -0.3
65 15 1000 -0.1 100.0 0.0 1000 -0.3
66 30 1000 -0.1 100.0 0.0 1000 -0.3
67 111W) 0 100.0 -0.1 100.0 0.0 100.0 2.5
68 15 1000 -0.1 100.0 0.0 100.0 2.4
69 30 1000 -0.1  99.9 00 999 25
70 .296W) 0 99.9 0.0 100.0 0.0 1000 -04
71 15 99.7 0.0 100.0 0.0 1000 -0.4
72 30 99.4 00 9938 00 998 -0.3

Note. #=condition ID regarding Table 5; MDM=missing data mechanisms; SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.
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Results of a under MAR using LD for Same Between-Group Level Parameters Conditions
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a a,, Qg

# MDM SS ICC MDP CR PB CR PB CR PB

73 MAR 750 .050®) 0 100.0 1.5 100.0 1.5 1000 -15
74 15 1000 -63 1000 -6.2 100.0 -14.7
75 30 1000 -10.6 100.0 -10.6 100.0 -20.7
76 1114 0 100.0 2.7 100.0 28 1000 -0.2
77 15 1000 -9.2 1000 -86 100.0 -13.3
78 30 1000 -152 100.0 -14.6 1000 -22.7
79 .296®) 0 100.0 3.4 100.0 5.3 100.0 1.2
80 15 1000 -12.6 1000 -13.5 1000 -5.2
81 30 100.0 -20.1 100.0 -21.5 100.0 -12.2
82 1500(¢100)  050®) 0 100.0 1.5 100.0 1.5 100.0 0.1
83 15 1000 -6.3 1000 -6.2 100.0 -14.8
84 30 100.0 -10.6 100.0 -10.4 100.0 -20.3
85 111® 0 100.0 2.7 100.0 2.7 100.0 1.4
86 15 1000 -9.2 1000 -8.7 100.0 -10.8
87 30 100.0 -149 100.0 -14.2 100.0 -20.0
88 296® 0 100.0 3.7 100.0 5.3 100.0 1.7
89 15 1000 -12.4 1000 -140 1000 -3.7
90 30 1000 -195 100.0 -21.4 1000 -9.1
91 1500(¢59)  050(®) 0 100.0 1.5 100.0 1.5 100.0 0.1
92 15 1000 -63 1000 -6.2 100.0 -15.4
93 30 1000 -10.6 100.0 -10.5 100.0 -20.0
94 1116 0 100.0 2.7 100.0 2.7 100.0 1.2
95 15 1000 -9.3 1000 -89 100.0 -10.3
96 30 1000 -150 100.0 -145 1000 -18.6
97 .296(®) 0 100.0 3.6 100.0 52 100.0 1.5
98 15 1000 -125 1000 -144 1000 -3.7
99 30 100.0 -19.7 100.0 -224 1000 -84
100 3000 .050® 0 100.0 1.6 100.0 1.5 100.0 1.2
101 15 1000 -62 1000 -6.1 100.0 -14.2
102 30 1000 -105 100.0 -10.3 100.0 -20.2
103 111® 0 100.0 2.8 100.0 2.8 100.0 1.7
104 15 1000 -9.0 1000 -8.7 1000 -8.2
105 30 1000 -146 1000 -14.2 100.0 -15.3
106 296® 0 100.0 4.0 100.0 5.6 100.0 1.8
107 15 1000 -11.8 1000 -13.8 1000 -3.1
108 30 100.0 -18.7 100.0 -21.6 1000 -6.9

Note. #=condition ID regarding Table 6; MDM=missing data mechanisms; SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.



Table 17

Results of & under MAR using LD for Same Within-Group Level Parameters Conditions
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a a,, Qg

# MDM SS ICC  MDP CR PB CR PB CR PB
109 MAR 750 .050W) 0 100.0 1.5 100.0 1.5 1000 -15
110 15 1000 -63 1000 -6.2 1000 -14.7
111 30 1000 -10.6 100.0 -10.6 100.0 -20.7
112 111W) 0 100.0 2.0 100.0 1.5 100.0 5.8
113 15 1000 -7.9 1000 -57 100.0 -28.8
114 30 1000 -13.0 100.0 -10.1 100.0 -25.8
115 .296W) 0 100.0 2.3 100.0 20 1000 -05
116 15 1000 -7.0 1000 -3.3 1000 -37.8
117 30 1000 -11.8 100.0 -6.6 100.0 -46.7
118 1500(¢100)  o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
119 15 1000 -6.3 1000 -6.2 100.0 -14.8
120 30 100.0 -10.6 100.0 -10.4 100.0 -20.3
121 111W) 0 100.0 1.9 100.0 1.5 100.0 0.7
122 15 1000 -8.0 1000 -5.6 100.0 -43.3
123 30 1000 -13.1 100.0 -9.8 1000 -41.1
124 .296W) 0 100.0 2.3 100.0 2.0 100.0 1.2
125 15 1000 -7.0 1000 -3.3 100.0 -38.2
126 30 1000 -11.6 100.0 -6.4 100.0 -50.1
127 150030 o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
128 15 1000 -63 1000 -6.2 100.0 -15.4
129 30 1000 -10.6 100.0 -10.5 100.0 -20.0
130 111W) 0 100.0 2.0 100.0 1.5 100.0 3.1
131 15 1000 -7.9 1000 -56 100.0 -37.2
132 30 1000 -129 1000 -9.7 1000 -37.5
133 .296W) 0 100.0 2.3 100.0 2.0 100.0 0.4
134 15 1000 -69 1000 -3.3 100.0 -37.0
135 30 1000 -11.5 100.0 -6.4 1000 -49.1
136 3000 .050W) 0 100.0 1.6 100.0 1.5 100.0 1.2
137 15 1000 -62 1000 -6.1 100.0 -14.2
138 30 1000 -105 100.0 -10.3 100.0 -20.2
139 111W) 0 100.0 2.0 100.0 1.5 100.0 1.7
140 15 1000 -79 1000 -55 100.0 -51.3
141 30 1000 -12.9 1000 -9.5 100.0 -50.5
142 .296W) 0 100.0 2.4 100.0 2.1 100.0 1.7
143 15 1000 -6.8 1000 -3.2 100.0 -36.6
144 30 1000 -11.4 100.0 -6.3 1000 -51.6

Note. #=condition 1D regarding Table 6; MDM=missing data mechanisms;

SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.



Table 18

Results of w under MAR using LD for Same Between-Group Level Parameters Conditions
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w W,y Wg
# MDM SS ICC  MDP CR PB CR PB CR PB
73  MAR 750 .050®) 0 1000 -0.1  99.0 00 990 -35
74 15 1000 -85 978 -83 978 ~-15.1
75 30 1000 -13.0 929 -12.7 929 -17.3
76 1114 0 1000 -0.1  98.9 00 989 -04
77 15 983 -122 834 -114 834 -11.7
78 30 905 -17.7 639 -165 639 -16.7
79 296(®) 0 9.2 -06 826 06 826 0.3
80 15 809 -160 558 -162 558 -39
81 30 70.0 -225 398 -208 398 -74
82 1500(¢100)  050®) 0 1000 -0.1 99.7 00 997 -1.3
83 15 1000 -85 990 -83 99.0 -154
84 30 1000 -131 971 -128 971 -19.6
85 1110 0 1000 -0.1 1000 -0.1 100.0 0.0
86 15 1000 -124 978 -11.9 978 -10.2
87 30 984 -179 865 -170 86.5 -17.6
88 296® 0 99.7 -06 979 -01 979 0.1
89 15 928 -164 791 -174 791 -39
90 30 799 -227 563 -239 563 -7.0
91 1500(¢%0)  050(®) 0 1000 -0.1  99.9 00 999 -11
92 15 1000 -85 992 -83 99.2 -152
93 30 1000 -13.0 983 -128 983 -188
94 1116 0 1000 -0.1 999 -0.2 999 0.0
95 15 99.9 -124 971 -121 971 97
96 30 97.7 -179 838 -17.3 838 -14.2
97 .296(®) 0 995 -06 941 -01 941 0.1
08 15 902 -163 746 -176 746 -36
99 30 80.8 -23.0 504 -247 504 -56

100 3000 .050®) 0 100.0 -0.1 100.0 0.0 1000 -0.3

101 15 1000 -85 996 -82 99.6 -13.0

102 30 1000 -13.0 995 -12.7 995 -18.1

103 1110 0 100.0 00 1000 -0.1 100.0 0.0

104 15  100.0 -12.2 1000 -12.0 1000 -89

105 30 99.9 -178 979 -174 979 -137

106 .296(®) 0 1000 -04 998 -0.1 9938 0.0

107 15 986 -163 948 -180 948 -39

108 30 930 -228 781 -256 781 -65

Note. #=condition ID regarding Table 6; MDM=missing data mechanisms; SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.



Table 19

Results of w under MAR using LD for Same Within-Group Level Parameters Conditions
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w W,y Wg

# MDM SS ICC MDP CR PB CR PB CR PB
109 MAR 750 .050W) 0 1000 -0.1  99.0 00 990 -35
110 15 1000 -85 978 -83 978 -151
111 30 1000 -13.0 928 -12.7 928 -17.3
112 111W) 0 97.0 0.0 100.0 0.0 100.0 5.8
113 15 964 -105 983 -78 983 -20.7
114 30 876 -156 950 -123 950 -17.0
115 .296\W) 0 77.8 0.0 99.7 00 99.7 -18
116 15 770 92 998 54 998 -365
117 30 634 -133 978 -86 97.8 -44.0
118 1500(¢100)  o50W) 0 1000 -0.1 99.7 00 997 -1.3
119 15 1000 -85 990 -83 99.0 -15.4
120 30 1000 -131 971 -128 97.1 -19.6
121 111W) 0 100.0 -0.1 100.0 0.0 100.0 1.1
122 15 1000 -10.7 99.2 -7.8 992 -29.2
123 30 98.2 -159 978 -123 97.8 -258
124 .296W) 0 99.2 -0.1 100.0 0.0 1000 -0.6
125 15 981 -95 997 -54 99.7 -37.3
126 30 904 -138 994 -85 994 -457
127 150050 o50W) 0 100.0 -0.1  99.9 00 999 -1.1
128 15 1000 -85 99.2 -83 992 -152
129 30 1000 -130 983 -128 983 -188
130 111W) 0 98.4 0.0 99.9 0.0 99.9 6.3
131 15 97.7 -105 996 -7.8 996 -26.3
132 30 93.3 -157 991 -12.1 99.1 -235
133 .296W) 0 79.4 0.1 997 00 997 -09
134 15 787 91 997 55 99.7 -346
135 30 66.3 -13.3 999 -86 999 -435
136 3000 .050W) 0 1000 -0.1 100.0 0.0 1000 -0.3
137 15 1000 -85 996 -82 996 -13.0
138 30 1000 -13.0 995 -12.7 995 -18.1
139 111W) 0 100.0 -0.1 100.0 0.0 100.0 2.5
140 15  100.0 -10.6 100.0 -7.7 1000 -34.1
141 30 1000 -158 99.7 -120 99.7 -34.2
142 .296W) 0 99.4 0.0 998 00 998 -04
143 15 993 -93 999 54 999 -357
144 30 948 -138 999 -85 99.9 -453

Note. #=condition 1D regarding Table 6; MDM=missing data mechanisms;

SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.



Table 20

Results of a under MAR using FIML for Same Between-Group Level Parameters Conditions
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a a,, Qg

# MDM SS ICC MDP CR PB CR PB CR PB

73 MAR 750 .050®) 0 100.0 1.5 100.0 1.5 1000 -15
74 15  100.0 1.5 100.0 1.5 1000 -1.9
75 30  100.0 1.5 100.0 1.5 1000 -2.3
76 1114 0 100.0 2.7 100.0 28 1000 -0.2
77 15  100.0 2.7 100.0 28 1000 -04
78 30  100.0 2.6 100.0 28 1000 -0.9
79 .296®) 0 100.0 3.4 100.0 5.3 100.0 1.2
80 15  100.0 2.4 100.0 3.0 100.0 1.2
81 30  100.0 2.2 100.0 2.8 100.0 1.1
82 1500(¢100)  050®) 0 100.0 1.5 100.0 1.5 100.0 0.1
83 15  100.0 1.5 100.0 15 1000 -0.1
84 30  100.0 1.5 100.0 15 1000 -0.2
85 111® 0 100.0 2.7 100.0 2.7 100.0 1.4
86 15  100.0 2.7 100.0 2.8 100.0 1.3
87 30  100.0 2.7 100.0 2.7 100.0 1.2
88 296® 0 100.0 3.7 100.0 5.3 100.0 1.7
89 15  100.0 2.7 100.0 3.0 100.0 1.7
90 30  100.0 2.6 100.0 2.8 100.0 1.7
91 1500(¢59)  050(®) 0 100.0 1.5 100.0 1.5 100.0 0.1
92 15  100.0 1.5 100.0 1.5 100.0 0.0
93 30  100.0 1.5 100.0 1.5 100.0 0.1
94 1116 0 100.0 2.7 100.0 2.7 100.0 1.2
95 15  100.0 2.7 100.0 2.7 100.0 1.1
96 30  100.0 2.7 100.0 2.7 100.0 1.2
97 .296(®) 0 100.0 3.6 100.0 52 100.0 1.5
98 15  100.0 2.5 100.0 2.8 100.0 1.4
99 30  100.0 2.6 100.0 2.9 100.0 15
100 3000 .050® 0 100.0 1.6 100.0 1.5 100.0 1.2
101 15  100.0 1.6 100.0 1.5 100.0 1.1
102 30  100.0 1.6 100.0 1.5 100.0 1.1
103 111® 0 100.0 2.8 100.0 2.8 100.0 1.7
104 15  100.0 2.8 100.0 2.8 100.0 1.7
105 30  100.0 2.8 100.0 2.8 100.0 1.7
106 296® 0 100.0 4.0 100.0 5.6 100.0 1.8
107 15  100.0 3.0 100.0 3.2 100.0 1.8
108 30  100.0 3.0 100.0 3.2 100.0 1.8

Note. #=condition ID regarding Table 6; MDM=missing data mechanisms; SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.



Table 21

Results of a under MAR using FIML for Same Within-Group Level Parameters Conditions
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a a,, Qg

# MDM SS ICC  MDP CR PB CR PB CR PB
109 MAR 750 .050W) 0 100.0 1.5 100.0 1.5 1000 -15
110 15  100.0 1.5 100.0 1.5 1000 -1.9
111 30  100.0 1.5 100.0 1.5 1000 -2.3
112 111W) 0 100.0 2.0 100.0 1.5 100.0 5.8
113 15  100.0 1.9 100.0 1.5 100.0 4.9
114 30  100.0 1.9 100.0 1.5 100.0 5.3
115 .296W) 0 100.0 2.3 100.0 20 1000 -05
116 15  100.0 2.2 100.0 20 1000 -0.6
117 30  100.0 2.2 100.0 20 1000 -0.8
118 1500(¢100)  o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
119 15  100.0 1.5 100.0 1.5 1000 -0.1
120 30  100.0 1.5 100.0 15 1000 -0.2
121 111W) 0 100.0 1.9 100.0 1.5 100.0 0.7
122 15  100.0 1.9 100.0 1.5 100.0 0.7
123 30  100.0 1.9 100.0 1.5 100.0 0.5
124 .296W) 0 100.0 2.3 100.0 2.0 100.0 1.2
125 15  100.0 2.3 100.0 2.0 100.0 1.1
126 30  100.0 2.3 100.0 2.0 100.0 1.0
127 150030 o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
128 15  100.0 1.5 100.0 1.5 100.0 0.0
129 30  100.0 1.5 100.0 1.5 100.0 0.1
130 111W) 0 100.0 2.0 100.0 1.5 100.0 3.1
131 15  100.0 2.0 100.0 1.5 100.0 35
132 30  100.0 2.0 100.0 1.5 100.0 3.8
133 .296W) 0 100.0 2.3 100.0 2.0 100.0 0.4
134 15  100.0 2.3 100.0 2.0 100.0 0.3
135 30  100.0 2.3 100.0 2.0 100.0 0.3
136 3000 .050W) 0 100.0 1.6 100.0 1.5 100.0 1.2
137 15  100.0 1.6 100.0 1.5 100.0 1.1
138 30  100.0 1.6 100.0 1.5 100.0 1.1
139 111W) 0 100.0 2.0 100.0 1.5 100.0 1.7
140 15  100.0 1.9 100.0 1.5 100.0 1.0
141 30  100.0 2.0 100.0 1.6 100.0 1.6
142 .296W) 0 100.0 2.4 100.0 2.1 100.0 1.7
143 15  100.0 2.3 100.0 2.1 100.0 1.7
144 30  100.0 2.3 100.0 2.1 100.0 1.6

Note. #=condition ID regarding Table 6; MDM=missing data mechanisms; SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.



Table 22

107

Results of w under MAR using FIML for Same Between-Group Level Parameters Conditions

w W,y Wg
# MDM SS ICC  MDP CR PB CR PB CR PB
73  MAR 750 .050®) 0 1000 -0.1  99.0 00 990 -35
74 15 1000 -0.1 99.1 00 991 -39
75 30 1000 -0.1 98.0 00 980 -37
76 1114 0 1000 -0.1  98.9 00 989 -04
77 15  100.0 00 973 01 973 -05
78 30 99.9 00 96.2 02 9.2 -08
79 296(®) 0 9.2 -06 826 06 826 0.3
80 15 925 -0.7 763 1.1 76.3 0.3
81 30 903 -06 729 1.3 729 0.3
82 1500(¢100)  050®) 0 1000 -0.1 99.7 00 997 -1.3
83 15 1000 -0.1 99.6 00 996 -17
84 30 1000 -0.1 9938 00 998 -1.4
85 1110 0 1000 -0.1 1000 -0.1 100.0 0.0
86 15 1000 -0.1 998 -0.1 9938 0.1
87 30 1000 -0.1 999 -0.1 99.9 0.1
88 296® 0 99.7 -06 979 -01 979 0.1
89 15 99.1 -09 96.3 0.1 96.3 0.1
90 30 99.2 -1.0 943 0.2 943 0.1
91 1500(¢%0)  050(®) 0 1000 -0.1  99.9 00 999 -11
92 15 1000 -0.1 999 00 999 -11
93 30 1000 -0.1 998 00 998 -1.0
94 1116 0 1000 -0.1 999 -0.2 999 0.0
95 15 1000 -0.1 1000 -0.2 100.0 0.0
96 30  100.0 00 996 -01 99.6 0.1
97 .296(®) 0 995 -06 941 -01 941 0.1
08 15 990 -1.1 916 0.1 916 0.1
99 30 988 -0.8 90.2 04 902 0.3

100 3000 .050®) 0 100.0 -0.1 100.0 0.0 1000 -0.3

101 15 1000 -0.1 100.0 0.0 1000 -0.3

102 30  100.0 0.0 100.0 0.0 1000 -0.3

103 1110 0 100.0 00 1000 -0.1 100.0 0.0

104 15  100.0 0.0 1000 -0.1 100.0 0.0

105 30  100.0 0.0 100.0 0.0 100.0 0.1

106 .296(®) 0 1000 -04 998 -0.1 9938 0.0

107 15 1000 -0.8 99.6 00 996 0.0

108 30 1000 -0.7 99.2 0.1 992 0.1

Note. #=condition ID regarding Table 6; MDM=missing data mechanisms; SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.



Table 23

Results of w under MAR using FIML for Same Within-Group Level Parameters Conditions

108

w W,y Wg

# MDM SS ICC MDP CR PB CR PB CR PB
109 MAR 750 .050W) 0 1000 -0.1  99.0 00 990 -35
110 15 1000 -0.1 99.1 00 991 -39
111 30 1000 -0.1 100.0 1.5 1000 -2.3
112 111W) 0 97.0 0.0 100.0 0.0 100.0 5.8
113 15 99.2 00 999 00 999 6.4
114 30 99.7 0.0 99.6 0.0 99.6 6.1
115 .296\W) 0 77.8 0.0 99.7 00 99.7 -18
116 15 86.8 0.0 100.0 0.0 1000 -21
117 30 91.0 0.1 9938 00 998 -2.0
118 1500(¢100)  o50W) 0 1000 -0.1 99.7 00 997 -1.3
119 15 1000 -0.1 99.6 00 996 -17
120 30 1000 -0.1 9938 00 998 -14
121 111W) 0 100.0 -0.1 100.0 0.0 100.0 1.1
122 15 1000 -0.1  99.7 0.0 997 1.4
123 30 1000 -0.1 99.9 00 999 15
124 .296W) 0 99.2 -0.1 100.0 0.0 1000 -0.6
125 15 99.7 -0.1 100.0 0.0 1000 -0.7
126 30 99.7 0.0 100.0 0.0 1000 -0.7
127 150050 o50W) 0 100.0 -0.1  99.9 00 999 -1.1
128 15 1000 -0.1  99.9 00 999 -11
129 30 1000 -0.1 998 00 998 -1.0
130 111W) 0 98.4 0.0 99.9 0.0 99.9 6.3
131 15 99.7 00 999 00 999 5.9
132 30 99.9 0.0 995 0.0 995 6.5
133 .296W) 0 79.4 0.1 997 00 997 -09
134 15 88.5 0.1 100.0 0.0 1000 -0.8
135 30 92.0 00 9938 00 998 -0.8
136 3000 .050W) 0 1000 -0.1 100.0 0.0 1000 -0.3
137 15 1000 -0.1 100.0 0.0 1000 -0.3
138 30 100.0 0.0 100.0 0.0 1000 -0.3
139 111W) 0 100.0 -0.1 100.0 0.0 100.0 2.5
140 15 1000 -0.1  99.9 0.0 99.9 25
141 30 100.0 0.0 100.0 0.0 100.0 2.3
142 .296W) 0 99.4 0.0 998 00 998 -04
143 15 99.7 0.0 100.0 0.0 1000 -0.3
144 30 99.8 0.0 100.0 0.0 1000 -0.3

Note. #=condition ID regarding Table 6; MDM=missing data mechanisms; SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.



Table 24

Results of a under MNAR using LD for Same Between-Group Level Parameters Conditions

109

a ay,, ap

# MDM SS ICC  MDP CR PB CR PB CR PB
145 MNAR 750 .050®) 0 100.0 1.5 100.0 1.5 1000 -15
146 15 1000 -69 1000 -6.6 100.0 -23.8
147 30 1000 -11.5 100.0 -11.0 100.0 -29.2
148 1114 0 100.0 2.7 100.0 28 1000 -0.2
149 15  100.0 -11.1 100.0 -10.2 100.0 -17.0
150 30 1000 -18.0 1000 -17.0 100.0 -26.6
151 .296®) 0 100.0 3.4 100.0 5.3 100.0 1.2
152 15  100.0 -15.3 100.0 -13.1 1000 -5.7
153 30 1000 -245 1000 -21.8 1000 -14.3
154 1500(¢100)  o50(8) 0 100.0 1.5 100.0 1.5 100.0 0.1
155 15 1000 -69 1000 -65 1000 -26.8
156 30 1000 -11.5 1000 -11.0 100.0 -35.0
157 111® 0 100.0 2.7 100.0 2.7 100.0 1.4
158 15  100.0 -11.1 100.0 -10.2 1000 -144
159 30 1000 -17.9 1000 -16.9 100.0 -25.6
160 296® 0 100.0 3.7 100.0 5.3 100.0 1.7
161 15  100.0 -15.0 100.0 -13.2 1000 -4.3
162 30 1000 -24.1 1000 -22.1 100.0 -10.5
163 1500(¢50)  o50(®) 0 100.0 1.5 100.0 1.5 100.0 0.1
164 15 1000 -69 1000 -65 100.0 -27.7
165 30 1000 -11.6 100.0 -11.0 100.0 -36.0
166 1116 0 100.0 2.7 100.0 2.7 100.0 1.2
167 15  100.0 -11.1 100.0 -10.3 100.0 -13.2
168 30 1000 -18.0 1000 -169 100.0 -23.6
169 296(®) 0 100.0 3.6 100.0 5.2 100.0 1.5
170 15  100.0 -15.2 100.0 -13.4 1000 -4.1
171 30 1000 -24.7 1000 -225 1000 -10.3
172 3000 .050® 0 100.0 1.6 100.0 1.5 100.0 1.2
173 15 1000 -68 1000 -64 1000 -28.2
174 30 1000 -11.4 1000 -10.8 100.0 -39.9
175 111® 0 100.0 2.8 100.0 2.8 100.0 1.7
176 15  100.0 -109 100.0 -10.1 100.0 -11.3
177 30 100.0 -17.6 100.0 -16.6 100.0 -20.9
178 296® 0 100.0 4.0 100.0 5.6 100.0 1.8
179 15 1000 -14.6 100.0 -13.0 1000 -35
180 30 1000 -234 1000 -21.7 1000 -8.3

Note. #=condition ID regarding Table 7; MDM=missing data mechanisms; SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.



Table 25

Results of « under MNAR using LD for Same Within-Group Level Parameters Conditions

110

a a,, Qg

# MDM SS ICC  MDP CR PB CR PB CR PB
181 MNAR 750 .050W) 0 100.0 1.5 100.0 1.5 1000 -15
182 15 1000 -69 1000 -6.6 100.0 -23.8
183 30 1000 -11.5 100.0 -11.0 100.0 -29.2
184 111W) 0 100.0 2.0 100.0 1.5 100.0 5.8
185 15 1000 -8.2 1000 -56 100.0 -39.9
186 30 1000 -134 100.0 -10.2 100.0 -38.3
187 .296W) 0 100.0 2.3 100.0 20 1000 -05
188 15  100.0 -84 1000 -44 100.0 -38.4
189 30 1000 -14.2 1000 -8.3 1000 -48.9
190 1500(¢100)  o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
191 15 1000 -69 1000 -65 100.0 -26.8
192 30 1000 -11.5 100.0 -11.0 1000 -35.0
193 111W) 0 100.0 1.9 100.0 1.5 100.0 0.7
194 15 1000 -82 1000 -5.7 100.0 -58.7
195 30 1000 -13.4 100.0 -10.1 100.0 -58.0
196 .296W) 0 100.0 2.3 100.0 2.0 100.0 1.2
197 15 1000 -84 1000 -43 100.0 -39.0
198 30 1000 -14.2 100.0 -8.2 1000 -53.2
199 1500(¢59)  o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
200 15 1000 -69 1000 -6.5 100.0 -27.7
201 30 1000 -11.6 100.0 -11.0 100.0 -36.0
202 111W) 0 100.0 2.0 100.0 1.5 100.0 3.1
203 15 1000 -8.2 1000 -56 100.0 -57.4
204 30 1000 -134 100.0 -10.0 1000 -61.0
205 .296W) 0 100.0 2.3 100.0 2.0 100.0 0.4
206 15 100.0 -85 1000 -43 100.0 -39.0
207 30 1000 -142 1000 -81 1000 -52.8
208 3000 .050W) 0 100.0 1.6 100.0 1.5 100.0 1.2
209 15 1000 -6.8 1000 -6.4 100.0 -28.2
210 30 1000 -11.4 100.0 -10.8 100.0 -39.9
211 111W) 0 100.0 2.0 100.0 1.5 100.0 1.7
212 15 1000 -81 1000 -5.5 100.0 -69.1
213 30 1000 -13.3 1000 -9.6 1000 -68.3
214 .296W) 0 100.0 2.4 100.0 2.1 100.0 1.7
215 15 1000 -83 1000 -42 100.0 -38.2
216 30 1000 -140 1000 -8.0 1000 -555

Note. #=condition 1D regarding Table 7; MDM=missing data mechanisms;

SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.
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Results of w under MNAR using LD for Same Between-Group Level Parameters Conditions

w W,y Wg

# MDM SS ICC MDP CR PB CR PB CR PB
145 MNAR 750 .050®) 0 1000 -0.1  99.0 00 990 -35
146 15 1000 -79 984 -74 984 -253
147 30 99.8 -11.9 936 -11.3 936 -25.1
148 1114 0 1000 -0.1  98.9 00 989 -04
149 15 98.1 -129 813 -116 813 -135
150 30 888 -184 637 -16.7 63.7 -19.6
151 .296® 0 9.2 -06 826 06 826 0.3
152 15 80.7 -17.0 545 -147 545 -4.4
153 30 682 -250 355 -206 355 -7.8
154 1500(¢100)  050®) 0 1000 -0.1 99.7 00 997 -1.3
155 15 1000 -79 993 -73 993 -294
156 30 1000 -120 980 -11.3 980 -33.8
157 111® 0 1000 -0.1 100.0 -0.1 100.0 0.0
158 15 1000 -13.0 972 -121 972 -13.1
159 30 986 -189 84.0 -176 840 -20.8
160 296® 0 99.7 -06 979 -01 979 0.1
161 15 93.2 -177 805 -165 80.5 -4.3
162 30 80.1 -253 541 -232 541 -7.2
163 1500(¢%0)  050(®) 0 1000 -0.1  99.9 00 999 -11
164 15 1000 -79 989 -7.3 989 -29.2
165 30 1000 -12.0 978 -11.3 978 -36.6
166 1116 0 1000 -0.1 999 -0.2 999 0.0
167 15 1000 -13.0 980 -12.1 980 -12.4
168 30 980 -19.0 806 -17.6 80.6 -19.6
169 296® 0 995 -06 941 -01 941 0.1
170 15 93.1 -17.7 740 -164 740 -39
171 30 779 -253 502 -226 502 -7.8
172 3000 .050® 0 1000 -0.1 100.0 0.0 1000 -0.3
173 15 1000 -7.8 992 -7.3 992 -288
174 30 1000 -119 99.2 -112 99.2 -40.9
175 111® 0 100.0 0.0 1000 -0.1 100.0 0.0
176 15 1000 -12.8 1000 -12.1 100.0 -11.6
177 30 1000 -188 979 -17.7 979 -186
178 296® 0 1000 -04 998 -0.1 99.8 0.0
179 15 99.0 -176 952 -170 952  -4.2
180 30 91.1 -250 780 -240 780 -7.1

Note. #=condition ID regarding Table 7; MDM=missing data mechanisms; SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.
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Results of w under MNAR using LD for Same Within-Group Level Parameters Conditions
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w W,y Wg

# MDM SS ICC  MDP CR PB CR PB CR PB
181 MNAR 750 .050W) 0 1000 -0.1  99.0 00 990 -35
182 15 1000 -79 984 -74 984 -253
183 30 99.8 -11.9 935 -113 935 -25.1
184 111W) 0 97.0 0.0 100.0 0.0 100.0 5.8
185 15 959 91 991 -67 99.1 -324
186 30 884 -133 941 -105 941 -26.3
187 .296W) 0 77.8 0.0 99.7 00 99.7 -18
188 15 743 -100 995 -64 995 -32.1
189 30 62.7 -148 970 -103 97.0 -386
190 1500(¢100)  o50W) 0 1000 -0.1 99.7 00 997 -1.3
191 15 1000 -79 993 -73 993 -294
192 30 1000 -120 980 -11.3 980 -33.8
193 111W) 0 100.0 -0.1 100.0 0.0 100.0 1.1
194 15 1000 -93 997 -6.7 99.7 -43.1
195 30 99.3 -137 972 -105 972 -351
196 .296W) 0 99.2 -0.1 100.0 0.0 1000 -0.6
197 15 984 -105 998 -64 998 -334
198 30 89.8 -157 986 -10.2 98.6 -41.9
199 1500(¢%0)  050W) 0 1000 -0.1  99.9 00 999 -11
200 15 1000 -79 989 -7.3 989 -29.2
201 30 1000 -12.0 978 -11.3 978 -36.6
202 111W) 0 98.4 0.0 99.9 0.0 99.9 6.3
203 15 986 -92 999 66 999 -42.1
204 30 93.7 -137 990 -103 99.0 -385
205 .296MW) 0 79.4 0.1 997 00 997 -09
206 15 775 -102 999 -64 99.9 -323
207 30 61.8 -152 995 -102 995 -42.0
208 3000 .050W) 0 1000 -0.1 100.0 0.0 1000 -0.3
209 15 1000 -7.8 992 -7.3 992 -288
210 30 1000 -119 99.2 -112 992 -40.9
211 111W) 0 100.0 -0.1 100.0 0.0 100.0 2.5
212 15 1000 -9.2 1000 -6.5 100.0 -49.1
213 30 99.8 -136 99.8 -10.1 998 -46.5
214 .296W) 0 99.4 0.0 998 00 998 -04
215 15 99.1 -105 1000 -64 1000 -33.1
216 30 93.7 -156 99.8 -100 99.8 -4338

Note. #=condition ID regarding Table 7; MDM=missing data mechanisms; SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.
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Results of « under MNAR using FIML for Same Between-Group Level Parameters Conditions

a a,, Qg

# MDM SS ICC MDP CR PB CR PB CR PB
145 MNAR 750 .050®) 0 100.0 1.5 100.0 1.5 1000 -15
146 15 1000 -2.1 1000 -2.1 1000 -4.9
147 30 1000 -46 1000 -46 1000 -8.2
148 1114 0 100.0 2.7 100.0 28 1000 -0.2
149 15 1000 -53 1000 -55 1000 -1.8
150 30 1000 -10.1 100.0 -10.4 1000 -4.6
151 .296®) 0 100.0 3.4 100.0 5.3 100.0 1.2
152 15  100.0 -10.0 100.0 -11.9 100.0 0.1
153 30 100.0 -17.4 1000 -20.8 100.0 -2.2
154 1500(¢100)  050®) 0 100.0 1.5 100.0 1.5 100.0 0.1
155 15 1000 -2.1 1000 -2.0 1000 -2.8
156 30 1000 -46 1000 -46 1000 -5.7
157 111® 0 100.0 2.7 100.0 2.7 100.0 1.4
158 15 1000 -53 1000 -5.6 100.0 0.2
159 30 1000 -10.0 100.0 -105 100.0 -2.2
160 296® 0 100.0 3.7 100.0 5.3 100.0 1.7
161 15  100.0 -9.9 1000 -12.0 100.0 0.7
162 30 1000 -17.1 100.0 -21.0 1000 -1.4
163 1500(¢59)  050(®) 0 100.0 1.5 100.0 1.5 100.0 0.1
164 15 1000 -2.1 1000 -20 1000 -2.6
165 30 1000 -46 1000 -45 1000 -54
166 1116 0 100.0 2.7 100.0 2.7 100.0 1.2
167 15 1000 -5.3 1000 -55 100.0 0.1
168 30 1000 -10.1 100.0 -105 1000 -2.1
169 296(®) 0 100.0 3.6 100.0 5.2 100.0 15
170 15  100.0 -10.0 100.0 -11.5 100.0 0.4
171 30 1000 -17.5 1000 -20.7 100.0 -1.7
172 3000 .050® 0 100.0 1.6 100.0 1.5 100.0 1.2
173 15 1000 -2.0 1000 -20 1000 -1.2
174 30 1000 -46 1000 -45 1000 -3.6
175 111® 0 100.0 2.8 100.0 2.8 100.0 1.7
176 15 1000 -51 1000 -54 100.0 0.7
177 30 1000 -9.9 100.0 -10.3 1000 -1.0
178 296® 0 100.0 4.0 100.0 5.6 100.0 1.8
179 15 1000 -9.5 1000 -11.1 100.0 0.8
180 30 1000 -169 100.0 -20.1 1000 -1.2

Note. #=condition ID regarding Table 7; MDM=missing data mechanisms; SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.
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Results of a under MNAR using FIML for Same Within-Group Level Parameters Conditions

a a,, Qg

# MDM SS ICC  MDP CR PB CR PB CR PB
181 MNAR 750 .050W) 0 100.0 1.5 100.0 1.5 1000 -15
182 15 1000 -2.1 1000 -2.1 1000 -4.9
183 30 1000 -46 1000 -46 1000 -8.2
184 111W) 0 100.0 2.0 100.0 1.5 100.0 5.8
185 15 1000 -2.8 1000 -1.6 100.0 2.2
186 30 1000 -6.0 1000 -41 1000 -4.0
187 .296W) 0 100.0 2.3 100.0 20 1000 -05
188 15 1000 -25 1000 -05 100.0 -3.0
189 30 1000 -6.0 1000 -2.7 1000 -6.6
190 1500(¢100)  o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
191 15 1000 -2.1 1000 -2.0 1000 -2.8
192 30 1000 -46 1000 -46 1000 -5.7
193 111W) 0 100.0 1.9 100.0 1.5 100.0 0.7
194 15 1000 -29 1000 -1.6 1000 -6.1
195 30 1000 -61 1000 -40 1000 -12.5
196 .296W) 0 100.0 2.3 100.0 2.0 100.0 1.2
197 15 1000 -2.6 1000 -0.5 1000 -1.3
198 30 1000 -6.0 100.0 -2.6 1000 -4.9
199 1500(¢59)  o50W) 0 100.0 1.5 100.0 1.5 100.0 0.1
200 15 1000 -2.1 1000 -2.0 1000 -2.6
201 30 1000 -46 1000 -45 1000 -5.4
202 111W) 0 100.0 2.0 100.0 1.5 100.0 3.1
203 15 1000 -2.8 1000 -14 1000 -1.8
204 30 1000 -6.0 1000 -3.7 1000 -7.4
205 .296W) 0 100.0 2.3 100.0 2.0 100.0 0.4
206 15 1000 -25 1000 -0.3 1000 -2.0
207 30 1000 -6.0 1000 -2.2 1000 -5.3
208 3000 .050W) 0 100.0 1.6 100.0 1.5 100.0 1.2
209 15 1000 -2.0 1000 -20 1000 -1.2
210 30 1000 -46 1000 -45 1000 -3.6
211 111W) 0 100.0 2.0 100.0 1.5 100.0 1.7
212 15 1000 -29 1000 -14 1000 -5.1
213 30 1000 -6.0 1000 -3.6 1000 -11.5
214 .296W) 0 100.0 2.4 100.0 2.1 100.0 1.7
215 15 1000 -25 1000 -0.2 100.0 -0.6
216 30 1000 -6.0 100.0 -2.2 1000 -3.7

Note. #=condition 1D regarding Table 7; MDM=missing data mechanisms;

SS=sample sizes;
ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); a=single-level coefficient alpha; a,,=within-group level coefficient
alpha; az=between-group level coefficient alpha.
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Results of w under MNAR using FIML for Same Between-Group Level Parameters Conditions

w W,y Wg

# MDM SS ICC MDP CR PB CR PB CR PB
145 MNAR 750 .050®) 0 1000 -0.1  99.0 00 990 -35
146 15 1000 -23 985 -22 985 58
147 30 1000 -36 988 -35 988 -7.7
148 1114 0 1000 -0.1  98.9 00 989 -04
149 15 999 66 942 69 942 -04
150 30 994 -100 901 -104 90.1 -1.0
151 .296® 0 9.2 -06 826 06 826 0.3
152 15 89.1 -122 693 -141 693 0.4
153 30 840 -180 574 -21.3 574 -0.2
154 1500(¢100)  050®) 0 1000 -0.1 99.7 00 997 -1.3
155 15 1000 -23 994 -22 994  -38
156 30 1000 -36 995 -35 995 57
157 111® 0 1000 -0.1 100.0 -0.1 100.0 0.0
158 15 1000 -67 997 -70 99.7 -0.1
159 30 1000 -10.1 99.1 -106 991 -0.8
160 296® 0 99.7 -06 979 -01 979 0.1
161 15 98.7 -127 926 -155 926 0.0
162 30 954 -184 848 -229 848 -0.6
163 1500(¢%0)  050(®) 0 1000 -0.1  99.9 00 999 -11
164 15 1000 -23 994 -22 994  -31
165 30 1000 -36 99.7 -35 997 -48
166 1116 0 1000 -0.1 999 -0.2 999 0.0
167 15 1000 -67 998 -69 998 -0.1
168 30 1000 -10.1 99.3 -106 993 -0.7
169 296® 0 995 -06 941 -01 941 0.1
170 15 97.7 -126 853 -148 853 0.0
171 30 933 -186 764 -224 764  -0.6
172 3000 .050® 0 1000 -0.1 100.0 0.0 1000 -0.3
173 15 1000 -2.3 1000 -2.2 1000 -2.2
174 30 1000 -36 998 -35 998 -3.8
175 111® 0 100.0 0.0 1000 -0.1 100.0 0.0
176 15 1000 -6.6 1000 -6.9 1000 -0.1
177 30 1000 -10.0 100.0 -105 100.0 -0.7
178 296® 0 1000 -04 998 -0.1 99.8 0.0
179 15 1000 -125 994 -151 994  -0.2
180 30 99.9 -185 978 -227 978 -0.9

Note. #=condition ID regarding Table 7; MDM=missing data mechanisms; SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.
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Results of w under MNAR using FIML for Same Within-Group Level Parameters Conditions
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w W,y Wg

# MDM SS ICC MDP CR PB CR PB CR PB
181 MNAR 750 .050W) 0 1000 -0.1  99.0 00 990 -35
182 15 1000 -23 985 -22 985 58
183 30 1000 -36 987 -35 987 -7.6
184 111W) 0 97.0 0.0 100.0 0.0 100.0 5.8
185 15 996 -32 998 -20 998 3.3
186 30 995 -49 998 -34 998 -0.2
187 .296W) 0 77.8 0.0 99.7 00 997 -18
188 15 909 -41 998 -23 998 -3
189 30 922 -65 995 -41 995 51
190 1500(¢100)  o50W) 0 1000 -0.1 99.7 00 997 -1.3
191 15 1000 -23 994 -22 994  -38
192 30 1000 -36 995 -35 995 57
193 111W) 0 100.0 -0.1 100.0 0.0 100.0 1.1
194 15 1000 -33 999 20 999 -35
195 30 1000 -50 996 -34 996 -7.6
196 .296W) 0 99.2 -0.1 100.0 0.0 1000 -0.6
197 15 999 43 999 23 999 -20
198 30 1000 -68 999 41 999 -4.1
199 15000 050W) 0 1000 -0.1  99.9 00 999 -11
200 15 1000 -23 994 -22 994  -31
201 30 1000 -36 99.7 -35 997 -48
202 111W) 0 98.4 0.0 99.9 0.0 99.9 6.3
203 15 99.8 -32 1000 -1.9 100.0 2.3
204 30 1000 50 997 -31 997 -3.0
205 .296W) 0 79.4 0.1 997 00 997 -09
206 15 941 -42 1000 -2.2 1000 -2.1
207 30 947 -66 1000 -3.8 1000 -3.9
208 3000 .050W) 0 1000 -0.1 100.0 0.0 1000 -0.3
209 15 1000 -2.3 1000 -2.2 1000 -2.2
210 30 1000 -36 998 -35 998 -3.8
211 111W) 0 100.0 -0.1 100.0 0.0 100.0 2.5
212 15 1000 -3.3 1000 -19 1000 -2.4
213 30 1000 -50 996 -31 996 -7.3
214 .296W) 0 99.4 0.0 998 00 998 -04
215 15 1000 -43 1000 -2.2 1000 -15
216 30 1000 -6.8 100.0 -3.7 1000 -3.3

Note. #=condition 1D regarding Table 7; MDM=missing data mechanisms;

SS=sample sizes;

ICC=intra-class correlations; MDP=missing data proportions (%); CR=convergence rate (%);
PB=percentage bias (%); w=single-level coefficient omega; w,,=within-group level coefficient
omega; wg=between-group level coefficient omega.
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Figures

Figure 1
MCFA Model with Single Factor and I Indicators (Revised from Figure 1 in Muthén (1994))

Between — Group Level

Within — Group Level

Note. Lower plate=Within-group level model where X,, ;. is the within-group level component
of X4, decomposed by the factor loading 4,,; of the ith indicator, the factor score 7,4, of the
kth examinee in the gth group, and the error ¢, of the ith indicator for the kth examinee in
the gth group. Upper plate=Between-group level model where X, , is the between-group level
component of the observed score X;;,, decomposed by the factor loading Ag;, of the ith
indicator, the factor score 7, of the kth examinee in the gth group, and the error g;, of the ith
test item for the kth examinee in the gth group.
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Figure 2

Model for Data Generation

Between — Group Level

Within — Group Level

Note. Lower plate=Within-group level model with a single factor represented with the factor
score n,, in the circle linked to the six indicators X; (i = 1, ...,6) in the squares with the factor
loadings 4,,; as the solid lines and their corresponding errors &,,; in the circles with the error
variances 6,,;;. My, in the squares indicated whether the corresponding indicator X; was observed
with their probabilities represented as the dashed lines. Upper plate=Between-group level model
with a single factor represented as the circle of the factor score ng linked with the six latent
variables Xg; (i = 1, ...,6) in the circles with factor loadings Az; as the solid lines and their
corresponding errors g; in the circles with the error variances 6y;;.



Figure 3

Missing Data Generation Process under MCAR for X, to X, with 30% Missingness
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X1 X2 X3 x4 X5 X6 X1 X2 X3 b4 x4 b5 X5 b6 X6
1.006 0.606 0.542 0.377 -0.208 -0.389 1.006 0.606 0.542 ] 0.377 1] -0.208 0 -0.389
-0.612 1.236 0.205 -1.021 1.065 -0.424 -0.612 1.236 0.205 1 NA 1] 1.065 1 MNA
-0.463 -0.935 -0.637 -0.940 -1.560 0.327 -0.463 -0.935 -0.637 o -0.940 1 NA ] 0.327
-0.453 -0.573 1.267 0.032 -1.283 0.072 -0.453 -0.573 1.267 o 0.032 1 NA ] 0.072
1.445 1.324 1.149 0.486 0.381 1.328 1.445 1.324 1.149 1 NA v} 0.381 1 NA
2.785 0.720 1.013 2.008 0.779 1.965 2,785 0.720 1.013 o 2.008 0 0.779 ] 1.965
-0.168 1.230 -0.165 -0.119 -0.946 0.501 -0.168 1.230 -0.1659 0 -0.119 1 NA ] 0.901
-0.715 0.987 0.578 0.018 1.074 0.968 -0.715 0.987 0.578 o 0.018 1 NA 1 MNA
0.789 -0.851 -0.285 0.831 -1.076 0.806 0.789 -0.851 -0.285 1 NA 0 -1.076 ] 0.806
0.838 1.963 1.447 1.360 0.250 0.544 0.838 1.963 1.447 o 1.360 1] 0.250 1 NA
0.112 -0.788 0.588 0.179 -1.491 0.315 0.112 -0.788 0.588 o 0.179 1 NA ] 0.315
-0.742 0.673 0.377 0.721 -0.474 0.459 -0.742 0.673 0.377 ] 0.721 1] -0.474 0 0.459
-0.713 -0.185 -0.568 -0.595 -0.270 -1.342 -0.713 -0.185 -0.568 o -0.595 0 -0.270 ] -1.342
-0.393 -0.317 0.625 -0.222 -0.268 -0.699 -0.393 -0.317 0.625 1 NA 0 -0.268 1 NA
-0.180 1.042 -0.518 -0.615 -0.496 -0.118 -0.180 1.042 -0.518 1 NA 0 -0.496 ] -0.118
1.320 -0.123 0.512 1.124 -0.025 0.410 1.320 -0.123 0.512 o 1.124 0 -0.025 1 NA
1.068 0.319 0.297 -0.607 -0.568 -0.340 1.068 0.319 0.297 o -0.607 0 -0.568 ] -0.340
-0.407 0.520 0.747 -1.045 -0.102 0.193 -0.407 0.520 0.747 0 -1.045 1] -0.102 ] 0.153
-0.090 -0.753 1.001 -0.945 -0.729 -0.521 -0.090 -0.753 1.001 o -0.945 1 NA ] -0.521
-0.522 1.842 -0.690 -0.141 0.986 -0.412 -0.522 1.842 -0.690 1 NA 0 0.986 0 -0.412

<Raw Data> <Data with Missing Values>



Figure 4

Missing Data Generation Process under MAR for X, with 30% Missingness
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X1 X2 X3 X4 X5 X6 X1 X2 X3 X4 X5 X6 X1 X2 X3 X4 X5 X6
1006 | 0606 | 0542 | 0377 | -0.208 | -0.389 -0.742 | 0673 | 0377 | 0721 | -0474 | 0.459 -0742 | 0673 | 0377 NA -0.474 | 0.459
-0.612 1.236 0.205 -1.021 1.065 -0.424 -0.715 0.987 0.578 0.018 1.074 0.968 -0.715 0.987 0.578 NA 1.074 0.968
-0.463 | -0.935 | -0.637 | -0.940 | -1560 | 0.327 -0.712 | -0.185 | -0.568 | -0.595 | -0.270 | -1.342 -0.713 | -0.185 | -0.568 NA -0.270 | -1.342
0453 | 0573 | 1.267 | 0032 | -1.283 | 0.072 -0.612 | 1.236 | 0.205 | -1.021 | 1065 | -0.424 -0.612 | 1236 | 0.205 NA 1.065 | -0.424
1445 | 1324 | 1149 | o486 | 0381 | 1328 0522 | 1842 | -0.690 | -0.141 | 0986 | -0.412 0522 | 1.842 | -0.690 NA 0986 | -0.412
2.785 0.720 1.013 2.008 0.779 1.965 -0.463 -0.935 -0.637 -0.940 -1.560 0.327 -0.463 -0.935 -0.637 NA -1.560 0.327
-0.168 1.230 -0.169 -0.119 -0.946 0.901 -0.453 -0.573 1.267 0.032 -1.283 0.072 -0.453 -0.573 1.267 0.032 -1.283 0.072
0715 | 0987 | 0578 | o018 | 1074 | 0968 -0.407 | 0520 | 0.747 | -1.045 | -0.102 | 0.192 0407 | 0520 | 0747 | -L045 | -0.102 | 0.193
0789 | -0.851 | -0.285 | 0.831 | -1.076 | 0.806 -0.393 | -0317 | 0.625 | -0.222 | -0.268 | -0.699 -0.393 | -0.317 | 0625 | -0.222 | -0.268 | -0.699
0.838 1.963 1.447 1.360 0.250 0.544 -0.180 1.042 -0.518 -0.615 -0.496 -0.118 -0.180 1.042 -0.518 -0.615 -0.496 -0.118
0.112 -0.788 0.588 0.179 -1.491 0.315 -0.168 1.230 -0.169 -0.119 -0.946 0.901 -0.168 1.230 -0.169 -0.119 -0.946 0.901
0742 | 0673 | 0377 | 0721 | -0474 | 0459 -0.0%0 | -0.753 | 1001 | -0.945 | -0.729 | -0.521 -0.090 | -0.753 | 1001 | -0.945 | -0.729 | -0.521
0713 | 0185 | -0.568 | -0.595 | -0.270 | -1.342 0112 | -0.788 | 0588 | 0.179 | -1491 | 0315 0.112 | -0.788 | 0588 | 0179 | -1491 | 0315
0393 | 0317 | 0.625 | -0.222 | -0.268 | -0.699 0.789 | -0.851 | -0.285 | 0.831 | -1.076 | 0.806 0789 | -0.851 | -0.285 | 0.831 | -1.076 | 0.806
-0.180 1.042 -0.518 -0.615 -0.496 -0.118 0.838 1.963 1.447 1.360 0.250 0.544 0.838 1.963 1.447 1.360 0.250 0.544
1.320 -0.123 0.512 1.124 -0.025 0.410 1.006 0.606 0.542 0.377 -0.208 -0.389 1.006 0.606 0.542 0.377 -0.208 -0.389
1068 | 0319 | 0297 | -0.607 | -0.568 | -0.340 1068 | 0319 | 0297 | -0.607 | -0.568 | -0.340 1068 | 0319 | 0297 | -0.607 | -0.568 | -0.340
-0.407 | 0520 | 0747 | -1.045 | -0.102 | 0.193 1320 | -0123 | 0512 | 1124 | -0.025 | 0.410 1320 | -0123 | 0512 | 1124 | -0.025 | 0.410
-0.090 -0.753 1.001 -0.945 -0.729 -0.521 1.445 1.324 1.149 0.486 0.381 1.328 1.445 1.324 1.149 0.486 0.381 1.328
-0.522 1.842 -0.650 -0.141 0.986 -0.412 2.785 0.720 1.013 2.008 0.779 1.965 2.785 0.720 1.013 2.008 0.779 1.965
<Raw Data» <Sorting X1> <30% Missing Values of X4>



Figure 5

Missing Data Generation Process under MNAR for X, with 30% Missingness
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X1 X2 X3 X4 X5 X6 X1 X2 X3 X4 X5 X6 X1 X2 X3 X4 X5 X6
1.006 0.606 0.542 0.377 -0.208 -0.389 -0.407 0.520 0.747 -1.045 -0.102 0.193 -0.407 0.520 0.747 NA -0.102 0.193
-0.612 1.236 0.205 -1.021 1.065 -0.424 -0.612 1.236 0.205 -1.021 1.065 -0.424 -0.612 1.236 0.205 NA 1.065 -0.424
-0.463 -0.935 -0.637 -0.940 -1.560 0.327 -0.090 -0.753 1.001 -0.945 -0.729 -0.521 -0.090 -0.753 1.001 NA -0.729 -0.521
-0.453 -0.573 1.267 0.032 -1.283 0.072 -0.463 -0.935 -0.637 -0.940 -1.560 0.327 -0.463 -0.935 -0.637 NA -1.560 0.327
1.445 1.324 1.149 0.486 0.381 1.328 -0.180 1.042 -0.518 -0.615 -0.436 -0.118 -0.180 1.042 -0.518 NA -0.436 -0.118
2.785 0.720 1.013 2.008 0.779 1.965 1.068 0.319 0.297 -0.607 -0.568 -0.340 1.068 0.319 0.297 NA -0.568 -0.340
-0.168 1.230 -0.169 -0.119 -0.946 0.901 -0.713 -0.185 -0.568 -0.595 -0.270 -1.342 -0.713 -0.185 -0.568 -0.595 -0.270 -1.342
-0.715 0.987 0.578 0.018 1.074 0.968 -0.393 -0.317 0.625 -0.222 -0.268 -0.699 -0.393 -0.317 0.625 -0.222 -0.268 -0.699
0.789 -0.851 -0.285 0.831 -1.076 0.806 -0.522 1.842 -0.690 -0.141 0.986 -0.412 -0.522 1.842 -0.690 -0.141 0.986 -0.412
0.838 1.963 1.447 1.360 0.250 0.544 -0.168 1.230 -0.169 -0.119 -0.946 0.901 -0.168 1.230 -0.169 -0.119 -0.946 0.501
0.112 -0.788 0.588 0.179 -1.491 0.315 -0.715 0.987 0.578 0.018 1.074 0.968 -0.715 0.987 0.578 0.018 1.074 0.968
-0.742 0.673 0.377 0.721 -0.474 0.459 -0.453 -0.573 1.267 0.032 -1.283 0.072 -0.453 -0.573 1.267 0.032 -1.283 0.072
-0.713 -0.185 -0.568 -0.595 -0.270 -1.342 0.112 -0.788 0.588 0.179 -1.491 0.315 0.112 -0.788 0.588 0.179 -1.491 0.315
-0.393 -0.317 0.625 -0.222 -0.268 -0.699 1.006 0.606 0.542 0.377 -0.208 -0.389 1.006 0.606 0.542 0.377 -0.208 -0.389
-0.180 1.042 -0.518 -0.615 -0.496 -0.118 1.445 1.324 1.149 0.486 0.381 1328 1445 1.324 1.149 0.486 0.381 1.328
1.320 -0.123 0.512 1.124 -0.025 0.410 -0.742 0.673 0.377 0.721 -0.474 0.459 -0.742 0.673 0.377 0.721 -0.474 0.459
1.068 0.319 0.297 -0.607 -0.568 -0.340 0.789 -0.851 -0.285 0.831 -1.076 0.806 0.789 -0.851 -0.285 0.831 -1.076 0.806
-0.407 0.520 0.747 -1.045 -0.102 0.193 1.320 -0.123 0.512 1124 -0.025 0.410 1.320 -0.123 0.512 1124 -0.025 0.410
-0.090 -0.753 1.001 -0.945 -0.729 -0.521 0.238 1.963 1.447 1.360 0.250 0.544 0.838 1.963 1.447 1.360 0.250 0.544
-0.522 1.842 -0.650 -0.141 0.986 -0.412 2.785 0.720 1.013 2.008 0.779 1.965 2.785 0.720 1.013 2.008 0.779 1.965
<Raw Data> <Sorting X4> <30% Missing Values of X4>
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Figure 6
Convergence Rates of Coefficient Omega under MCAR using LD Method

MCAR, LD Method, Coefficient Omega MCAR, LD Method, Coefficient Omega
Same Between-Group Level Parameters Same Within-Group Level Parameters
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Figure 7
Percentage bias of Coefficient Alpha under MCAR using LD Method

MCAR, LD Method, Coefficient Alpha MCAR, LD Method, Coefficient Alpha
Same Between-Group Level Parameters Same Within-Group Level Parameters
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Figure 8
Percentage bias of Coefficient Omega under MCAR using LD Method

MCAR, LD Method, Coefficient Omega MCAR, LD Method, Coefficient Omega
Same Between-Group Level Parameters Same Within-Group Level Parameters
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Figure 9
Convergence Rates of Coefficient Omega under MCAR using FIML Method

MCAR, FIML Method, Coefficient Omega MCAR, FIML Method, Coefficient Omega
Same Between-Group Level Parameters Same Within-Group Level Parameters
Sample: 750 Sample: 1500(G100)  Sample: 1500(G50) Sample: 3000 Sample: 750 Sample: 1500(G100)  Sample: 1500(G50) Sample: 3000
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Figure 10
Percentage bias of Coefficient Alpha under MCAR using FIML Method

MCAR, FIML Method, Coefficient Alpha MCAR, FIML Method, Coefficient Alpha
Same Between-Group Level Parameters Same Within-Group Level Parameters
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Figure 11
Percentage bias of Coefficient Omega under MCAR using FIML Method

MCAR, FIML Method, Coefficient Omega MCAR, FIML Method, Coefficient Omega
Same Between-Group Level Parameters Same Within-Group Level Parameters
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Figure 12

Convergence Rates of Coefficient Omega under MAR using LD Method
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Figure 13
Percentage bias of Coefficient Alpha under MAR using LD Method

MAR, LD Method, Coefficient Alpha MAR, LD Method, Coefficient Alpha
Same Between-Group Level Parameters Same Within-Group Level Parameters
Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000 Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000
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Figure 14
Percentage bias of Coefficient Omega under MAR using LD Method

MAR, LD Method, Coefficient Omega MAR, LD Method, Coefficient Omega
Same Between-Group Level Parameters Same Within-Group Level Parameters
Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000 Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000
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Figure 15
Convergence Rates of Coefficient Omega under MAR using FIML Method

MAR, FIML Method, Coefficient Omega MAR, FIML Method, Coefficient Omega
Same Between-Group Level Parameters Same Within-Group Level Parameters
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Figure 16
Percentage bias of Coefficient Alpha under MAR using FIML Method

MAR, FIML Method, Coefficient Alpha MAR, FIML Method, Coefficient Alpha
Same Between-Group Level Parameters Same Within-Group Level Parameters
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Figure 17
Percentage bias of Coefficient Omega under MAR using FIML Method

MAR, FIML Method, Coefficient Omega MAR, FIML Method, Coefficient Omega
Same Between-Group Level Parameters Same Within-Group Level Parameters
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20 20
10 — 10 —
o (o]
Q L9
0 i - o o 0 . - - o
b5 5]
o (=]
-10 -10
20 -20
T F 20
@ w
© 10 _ ®10 _
3 8§ S, LI W 8
[T o 5o L em wm | L = = m
o] = [® =
C — = —
g -10 g-ﬂu
s e = e
0 . 0 3
20 20
10 = 10 =
o (o]
Q L9
0 o 0 o
B b
(=] (=]
-10 -10
20 -20
0% 15% 30% 0% 15% 30% 0% 15% 30% 0% 15% 30% 0% 15% 30% 0% 15% 30% 0% 15% 30% 0% 15% 30%
Missing Data Proportions (%) Missing Data Propartions (%)

Index omega omega_w . amega_b



Figure 18

Convergence Rates of Coefficient Omega under MNAR using LD Method

Percentage Bias (%)
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Figure 19
Percentage bias of Coefficient Alpha under MNAR using LD Method

MNAR, LD Method, Coefficient Alpha MNAR, LD Method, Coefficient Alpha
Same Between-Group Level Parameters Same Within-Group Level Parameters
Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000 Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000
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Figure 20
Percentage bias of Coefficient Omega under MNAR using LD Method

MNAR, LD Method, Coefficient Omega MNAR, LD Method, Coefficient Omega
Same Between-Group Level Parameters Same Within-Group Level Parameters
Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000 Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000
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Figure 21
Convergence Rates of Coefficient Omega under MNAR using FIML Method

MNAR, FIML Method, Coefficient Omega MNAR, FIML Method, Coefficient Omega
Same Between-Group Level Parameters Same Within-Group Level Parameters
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Figure 22
Percentage bias of Coefficient Alpha under MNAR using FIML Method

MNAR, FIML Method, Coefficient Alpha MNAR, FIML Method, Coefficient Alpha
Same Between-Group Level Parameters Same Within-Group Level Parameters
Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000 Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000
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Figure 23
Percentage bias of Coefficient Omega under MNAR using FIML Method

MNAR, FIML Method, Coefficient Omega MNAR, FIML Method, Coefficient Omega
Same Between-Group Level Parameters Same Within-Group Level Parameters
Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000 Sample: 750 Sample: 1500(G100) Sample: 1500{G50) Sample: 3000
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Appendices
Appendix 1. Mplus code for single-level alpha a using LD method

TITLE: single-level alpha;
DATA: FILE =trial_1.dat;

LISTWISE=ON;
VARIABLE: NAMES = X1-X6 CLASS;

USEVARIABLES = X1-X6;

MISSING = ALL(999);
MODEL.:

X1 WITH X2 (cl);

X1 WITH X3 (c2);

X1 WITH X4 (c3);

X1 WITH X5 (c4);

X1 WITH X6 (c5);

X2 WITH X3 (c6);

X2 WITH X4 (c7);

X2 WITH X5 (c8);

X2 WITH X6 (c9);

X3 WITH X4 (c10);

X3 WITH X5 (c11);

X3 WITH X6 (c12);

X4 WITH X5 (c13);

X4 WITH X6 (c14);

X5 WITH X6 (c15);

X1 (v1);

X2 (v2);

X3 (v3);

X4 (v4);

X5 (v5);

X6 (v6);
OUTPUT: SAMPSTAT;
MODEL CONSTRAINT: NEW(COMP_V ALPHA);
COMP_V =
V1+v2+v3+v4+v5+v6+2*(cl+c2+c3+c4+c5+c6+c7+c8+c9+c10+cll+c12+¢c13+c13+cl4+cl5);
ALPHA =
(((c1+c2+c3+ca+c5+c6+c7+c8+c9+c10+cl1+c12+c13+c13+c14+¢15)/15)*36)/COMP_V;
SAVEDATA:
RESULTS =res_trial_1_single_level alpha.dat;
SAMPLE =sam_trial_1 single level alpha.dat;
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Appendix 2. Mplus code for single-level omega w using LD method

TITLE: single-level omega;
DATA: FILE = trial_1.dat;
LISTWISE=0ON;
VARIABLE: NAMES = X1-X6 CLASS;
USEVARIABLES = X1-X6;
MISSING = ALL(999);
MODEL.:
f BY X1* (11);
fBY X2 (12);
fBY X3 (I3);
fBY X4 (14);
fBY X5 (I5);
fBY X6 (16);
fo1l;
X1 (r1);
X2 (r2);
X3 (r3);
X4 (rd);
X5 (r5);
X6 (r6);
OUTPUT: SAMPSTAT;
MODEL CONSTRAINT: NEW(NUM DENOM OMEGA);
NUM = (11+12+I3+14+I15+16)**2;
DENOM = ((I11+12+13+14+15+16)**2)+(r1+r2+r3+r4+r5+r6);
OMEGA = NUM/DENOM,;
SAVEDATA:
RESULTS =res_trial_1 single_level omega.dat;
SAMPLE =sam_trial_1 single_level _omega.dat;



Appendix 3. Mplus code for level-specific alpha a,, and ag using LD method

TITLE: level-specific alpha;
DATA: FILE =trial_1.dat;

LISTWISE=0ON;

VARIABLE: NAMES = X1-X6 CLASS;

USEVARIABLES = X1-X6;

CLUSTER = CLASS;

MISSING = ALL(999);

ANALYSIS: TYPE=TWOLEVEL,;
MODEL.:
%WITHIN%

X1 WITH X2 (wcl); X1 WITH X3 (wc2); X1 WITH X4 (wc3);

X1 WITH X5 (wc4); X1 WITH X6 (wcb);

X2 WITH X3 (wc6); X2 WITH X4 (wc7); X2 WITH X5 (wc8);

X2 WITH X6 (wc9);

X3 WITH X4 (wcl0); X3 WITH X5 (wcll); X3 WITH X6 (wcl2);

X4 WITH X5 (wcl3); X4 WITH X6 (wcld); X5WITH X6 (wclb);

X1 (wvl); X2 (wv2); X3 (wv3); X4 (wv4d); X5 (wvb); X6 (wvb);
%BETWEEN%

X1 WITH X2 (bcl); X1 WITH X3 (bc2); X1 WITH X4 (bc3);

X1 WITH X5 (bcd); X1 WITH X6 (bcb);

X2 WITH X3 (bc6); X2 WITH X4 (bc7); X2 WITH X5 (bc8);

X2 WITH X6 (bc9);

X3 WITH X4 (bc10); X3 WITH X5 (bcll); X3 WITH X6 (bcl2);

X4 WITH X5 (bcl3); X4 WITH X6 (bcl4); X5 WITH X6 (bcl5);

X1 (bvl); X2 (bv2); X3 (bv3); X4 (bv4); X5 (bvb); X6 (bv6);
OUTPUT: SAMPSTAT;

MODEL CONSTRAINT: NEW(COMP_V_W ALPHAW COMP_V_B ALPHAB);

COMP_V W=
WV1+Wv2+wWv3+wv4+wvs+wv6+2* (wel+wce2+we3+wed+wes+web+we7+we8+we9+wel0

+wcll+wcel2+wel3+wcel3+wceld+wcelb);

ALPHAW = (((wcl+wc2+wce3+wced+wes+web+we7+we8+wc9+wcel0
+wcll+wel2+wcel3+wel3+wel4+wcel5)/15)*36)/COMP_V_W;

COMP_V_B=
bv1l+bv2+bv3+bv4+bv5+bve+2*(bcl+bc2+bc3+bcd+bc5+bc6+bc7+bc8+bc9+bcl0

+bcll+bcl2+bcl3+bcl3+bcl4+bclb);

ALPHAB = (((bc1+bc2+bc3+bc4+bc5+bc6+bc7+bc8+bc9+bcl0
+bcll+bcl2+bc13+bcl3+bcl4+bcl5)/15)*36)/COMP_V_B;
SAVEDATA: RESULTS =res_trial_1_two_level_alpha.dat;

sample = sam_trial_1_two_level alpha.dat;
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Appendix 4. Mplus code for level-specific omega w,, and wg using LD method

TITLE: level-specific omega;
DATA: FILE =trial_1.dat;
LISTWISE=0ON;
VARIABLE: NAMES = X1-X6 CLASS;
USEVARIABLES = X1-X6;
CLUSTER = CLASS;
MISSING = ALL(999);
ANALYSIS: TYPE=TWOLEVEL,;
MODEL.:
%WITHINY%
fw BY X1* (wll);
fw BY X2 (wl2);
fw BY X3 (wl3);
fw BY X4 (wl4);
fw BY X5 (wl5);
fw BY X6 (wl6);
fw@l; X1 (wrl); X2 (wr2); X3 (wr3); X4 (wrd); X5 (wr5); X6 (wr6);
%BETWEEN%
fb BY X1* (bl1);
fbo BY X2 (bl2);
fb BY X3 (bl3);
fbo BY X4 (bl4);
fb BY X5 (bl5);
fb BY X6 (bl6);
fo@1; X1 (brl); X2 (br2); X3 (br3); X4 (brd); X5 (br5); X6 (br6);
OUTPUT: SAMPSTAT,
MODEL CONSTRAINT: NEW(NUMW DENOMW OMEGAW NUMB DENOMB
OMEGAB);
NUMW = (wl1+wl2+wl3+wl4+wlI5+wl6)**2;
DENOMW = ((Wl1+wl2+wlI3+wl4+wlI5+wl6)**2)+(wrl+wr2+wr3+wrd+wr5+wr6);
OMEGAW = NUMW/DENOMW,;
NUMB = (bl1+bl2+bI3+bl4+bl5+bl6)**2;
DENOMB = ((bl1+bl2+bl3+bl4+bI5+bl6)**2)+(brl+br2+br3+brd+br5+br6);
OMEGAB = NUMB/DENOMB;
wrl>0; br1>0; wr2>0; br2>0; wr3>0; br3>0;
wrd>0; br4>0; wr5>0; br5>0; wr6>0; br6>0;
SAVEDATA: RESULTS =res_trial 1 two_level omega.dat;
SAMPLE =sam_trial_1 two_level_omega.dat;
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Appendix 5. Mplus code for single-level alpha a using FIML method

TITLE: single-level alpha;
DATA: FILE =trial_1.dat;
VARIABLE: NAMES = X1-X6 CLASS;

USEVARIABLES = X1-X6;

MISSING = ALL(999);
MODEL.:

X1 WITH X2 (cl);

X1 WITH X3 (c2);

X1 WITH X4 (c3);

X1 WITH X5 (c4);

X1 WITH X6 (c5);

X2 WITH X3 (c6);

X2 WITH X4 (c7);

X2 WITH X5 (c8);

X2 WITH X6 (c9);

X3 WITH X4 (c10);

X3 WITH X5 (c11);

X3 WITH X6 (c12);

X4 WITH X5 (c13);

X4 WITH X6 (c14);

X5 WITH X6 (c15);

X1 (v1);

X2 (v2);

X3 (v3);

X4 (v4);

X5 (v5);

X6 (v6);
OUTPUT: SAMPSTAT;
MODEL CONSTRAINT: NEW(COMP_V ALPHA);
COMP_V =
V1+v2+v3+va+v5+v6+2*(cl+c2+c3+c4+c5+c6+c7+c8+c9+c10+cll+cl12+c13+c13+cl4+cl5);
ALPHA =
(((c1+c2+c3+ca+c5+c6+c7+c8+c9+c10+cll+c12+c13+c13+c14+¢15)/15)*36)/COMP_V;
SAVEDATA:
RESULTS =res_trial 1 single_level alpha.dat;
SAMPLE =sam_trial_1 single_level alpha.dat;



Appendix 6. Mplus code for single-level omega w using FIML method

TITLE: single-level omega;
DATA: FILE = trial_1.dat;
VARIABLE: NAMES = X1-X6 CLASS;
USEVARIABLES = X1-XG6;
MISSING = ALL(999);
MODEL.:
fBY X1* (11);
fBY X2 (12);
fBY X3 (13);
fBY X4 (14);
fBY X5 (I5);
fBY X6 (16);
fa@l;
X1 (rl);
X2 (r2);
X3 (r3);
X4 (rd);
X5 (r5);
X6 (r6);
OUTPUT: SAMPSTAT,
MODEL CONSTRAINT: NEW(NUM DENOM OMEGA);
NUM = (I11+12+13+14+15+16)**2;
DENOM = ((I1+12+13+14+15+16)**2)+(r1+r2+r3+rd+r5+r6);
OMEGA = NUM/DENOM;
SAVEDATA:
RESULTS =res_trial_1 single_level omega.dat;
SAMPLE = sam_trial_1 single_level omega.dat;
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Appendix 7. Mplus code for level-specific alpha a,, and ag using FIML method

TITLE: level-specific alpha;
DATA: FILE =trial_1.dat;
VARIABLE: NAMES = X1-X6 CLASS;
USEVARIABLES = X1-X6;
MISSING = ALL(999);
CLUSTER = CLASS;
ANALYSIS: TYPEETWOLEVEL;
MODEL.:
%WITHIN%
X1 WITH X2 (wel); X1 WITH X3 (wc2); X1 WITH X4 (wc3);
X1 WITH X5 (wc4); X1 WITH X6 (wcb);
X2 WITH X3 (wc6); X2 WITH X4 (wc7); X2 WITH X5 (wc8);
X2 WITH X6 (wc9);
X3 WITH X4 (wcl0); X3 WITH X5 (wcll); X3 WITH X6 (wcl2);
X4 WITH X5 (wcl3); X4 WITH X6 (wcld); X5 WITH X6 (wclb);
X1 (wvl); X2 (wv2); X3 (wv3); X4 (wv4); X5 (wv5); X6 (wvb6);
%BETWEEN%
X1 WITH X2 (bcl); X1 WITH X3 (bc2); X1 WITH X4 (bc3);
X1 WITH X5 (bc4); X1 WITH X6 (bcb);
X2 WITH X3 (bc6); X2 WITH X4 (bc7); X2 WITH X5 (bc8);
X2 WITH X6 (bc9);
X3 WITH X4 (bc10); X3 WITH X5 (bc1l); X3 WITH X6 (bc12);
X4 WITH X5 (bcl3); X4 WITH X6 (bc14); X5 WITH X6 (bcl5);
X1 (bvl); X2 (bv2); X3 (bv3); X4 (bvd); X5 (bv5); X6 (bv6);
OUTPUT: SAMPSTAT,
MODEL CONSTRAINT: NEW(COMP_V_W ALPHAW COMP_V_B ALPHAB);
COMP_V_W =

Wv1+wv2+wv3+wv4+wvS+wye+2* (wel+we2+we3+wed+wes+wceb+we7+we8+we9+wel0

+wcll+wcel2+wel3+wcel3+weld+wcelb);
ALPHAW = (((wcl+wc2+wce3+wced+weS+web+we7+we8+wce9+wel0
+wcll+wcl2+wcel3+wel3+wceld+wcel5)/15)*36)/COMP_V_ W,
COMP_V B=
bv1+bv2+bv3+bv4+bv5+bve+2*(bcl+bc2+bc3+bcd+bc5+bc6+bc7+bc8+bc9+bcl0
+bcll+bcl2+bcl3+bcl13+bcl4+bclb);
ALPHAB = (((bc1+bc2+bc3+bc4+bc5+bc6+be7+bc8+bc9+bcl0
+bcll+bcl2+bcl13+bcl3+bcl14+bc15)/15)*36)/COMP_V_B;
SAVEDATA: RESULTS =res_trial_1 two_level alpha.dat;
sample = sam_trial_1 two_level_alpha.dat;
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Appendix 8. Mplus code for level-specific omega w,, and wg using FIML method

TITLE: level-specific omega;
DATA: FILE =trial_1.dat;
VARIABLE: NAMES = X1-X6 CLASS;
USEVARIABLES = X1-X6;
MISSING = ALL(999);
CLUSTER = CLASS;
ANALYSIS: TYPE=TWOLEVEL,;
MODEL.:
%WITHIN%
fw BY X1* (wll);
fw BY X2 (wl2);
fw BY X3 (wl3);
fw BY X4 (wl4);
fw BY X5 (wl5);
fw BY X6 (wl6);
fw@1; X1 (wrl); X2 (wr2); X3 (wr3); X4 (wrd); X5 (wr5); X6 (wr6);
%BETWEEN%
fbo BY X1* (bl1);
fb BY X2 (bl2);
fbo BY X3 (bl3);
fb BY X4 (bl4);
fbo BY X5 (bl5);
fb BY X6 (bl6);
fo@1; X1 (brl); X2 (br2); X3 (br3); X4 (brd); X5 (br5); X6 (br6);
OUTPUT: SAMPSTAT,
MODEL CONSTRAINT: NEW(NUMW DENOMW OMEGAW NUMB DENOMB
OMEGAB);
NUMW = (wl1+wl2+wlI3+wl4+wi5+wl6)**2;
DENOMW = ((wl1+wl2+wiI3+wl4+wlI5+wl6)**2)+(wrl+wr2+wr3+wrd+wr5+wr6);
OMEGAW = NUMW/DENOMW;
NUMB = (bl1+bl2+bI3+bl4+bl5+bl6)**2;
DENOMB = ((bl1+bl2+blI3+bl4+bI5+bl6)**2)+(brl+br2+br3+br4d+br5+br6);
OMEGAB = NUMB/DENOMB;
wrl>0; br1>0; wr2>0; br2>0; wr3>0; br3>0;
wrd>0; brd>0; wr5>0; br5>0; wr6>0; br6>0;
SAVEDATA: RESULTS =res_trial_1 two_level omega.dat;
SAMPLE =sam_trial_1 two_level omega.dat;
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