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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 𝛼, within-group coefficient alpha 𝛼𝑤, 

between-group coefficient alpha 𝛼𝐵, single-level coefficient omega 𝜔, within-group coefficient 

omega 𝜔𝑤, and between-group coefficient omega 𝜔𝐵) 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). 
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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 (Jöreskog, 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 
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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. 
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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 (Ç 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, 2009b). 

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 Izquierdo & 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 
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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. 
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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 𝑋1 to 𝑋𝐼, the composite of the observed scores of all items in the test is 𝑋 =

∑ 𝑋𝑖
𝐼
𝑖=1  and it is decomposed as 

𝑋 = 𝑇 + 𝐸 (1) 

where 𝑇 = ∑ 𝑡𝑖
𝐼
𝑖=1  is the true score and 𝐸 = ∑ 𝑒𝑖

𝐼
𝑖=1  is the error, assuming that (a) the covariance 

between the true score and error is zero (𝜎𝑇𝐸 = 0), (b) the mean of the errors is equal to zero 

(𝜇𝐸 = 0), and (c) the covariances of the pairs of errors are zero (𝜎𝐸𝑖𝐸𝑗
= 0 for 𝑖 ≠ 𝑗 ∈ 1, … , 𝐼). 

Then, the observed score variance 𝜎𝑋
2 is decomposed by 

𝜎𝑋
2 = 𝜎𝑇

2 + 𝜎𝐸
2 (2) 

where 𝜎𝑇
2 is the true score variance, and 𝜎𝐸

2 is the error variance.  Then, reliability is defined as 

the ratio of the true score variances over the observed score variances (Crocker & Algina, 1986)  

𝜌𝑋𝑇 =
𝜎𝑇

2

𝜎𝑋
2 (3) 

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

because of 𝑋 = ∑ 𝑋𝑖
𝐼
𝑖=1 . 
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𝜎𝑋
2 = 𝑉𝑎𝑟(𝑋) = 𝑉𝑎𝑟 (∑ 𝑋𝑖

𝐼

𝑖=1
 ) = ∑ 𝑉𝑎𝑟(𝑋𝑖)

𝐼

𝑖=1
+ 2 ∑ 𝐶𝑜𝑣(𝑋𝑖𝑋𝑗)

𝑖‡𝑗

= ∑ 𝜎𝑋1

2
𝐼

𝑖=1
+ 2 ∑ 𝜎𝑋𝑖𝑋𝑗

𝑖‡𝑗
 

(4) 

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

Matrix 1) as follows, 

 𝑋1 𝑋2 … 𝑋𝐼−1 𝑋𝐼 

𝑋1 𝜎𝑋1

2  𝜎𝑋1𝑋2
 … 𝜎𝑋1𝑋𝐼−1

 𝜎𝑋1𝑋𝐼
 

𝑋2 𝜎𝑋2𝑋1
 𝜎𝑋2

2  … 𝜎𝑋2𝑋𝐼−1
 𝜎𝑋2𝑋𝐼

 

⋮ ⋮ ⋮ ⋱ ⋮ ⋮ 
𝑋𝐼−1 𝜎𝑋𝐼−1𝑋1

 𝜎𝑋𝐼−1𝑋2
 … 𝜎𝑋𝐼−1

2  𝜎𝑋𝐼−1𝑋𝐼
 

𝑋𝐼 𝜎𝑋𝐼𝑋1
 𝜎𝑋𝐼𝑋2

 … 𝜎𝑋𝐼𝑋𝐼−1
 𝜎𝑋𝐼

2  

 

where 𝑖 = 1, 2, … , 𝐼 is the number of items, 𝜎𝑋𝑖

2  is the observed score variance of the item 𝑖, and 

𝜎𝑋𝑖𝑋𝑗
 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 𝜎𝑇
2, 

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 = ∑ ∑ 𝜆𝑖𝑚𝜂𝑚

𝐼

𝑖=1

𝑀

𝑚=1

+ ∑ 𝜀𝑖

𝐼

𝑖=1

 (5) 

where 𝑋 is the observed score, 𝜆𝑖𝑚 is the factor loading of the 𝑚th factor on the 𝑖th item, 𝜂𝑚 is 

the factor score of the 𝑚th factor, and 𝜀𝑖 is the error of the 𝑖th test item (Brown, 2015; Mulaik, 
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2009). Here, we assume the factor scores are normally distributed satisfying the mean is equal to 

zero and the variance is equal to 1 (𝜂𝑚~𝑁(0, 1)) and the errors are normally distributed 

satisfying the mean is equal to zero and the variance 𝜃𝑖𝑖 for the 𝑖th test item (𝜀𝑖~𝑁(0, 𝜃𝑖𝑖)). In 

addition, the covariance between the factor and errors are zero (𝜎𝜂𝑚𝜀𝑖
= 0), and the covariance 

among the errors are zero (𝜎𝜀𝑖𝜀𝑗
= 0 for 𝑖 ≠ 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 = ∑ 𝜆𝑖𝜂

𝐼

𝑖=1

+ ∑ 𝜀𝑖

𝐼

𝑖=1

 (6) 

where the factor score is 𝜂𝑚~𝑁(0, 1). With this model, the observed score variance is 𝜎𝑋𝑖

2 =

𝑉𝑎𝑟(𝑋𝑖) = 𝑉𝑎𝑟(𝜆𝑖𝜂 + 𝜀𝑖) = 𝑉𝑎𝑟(𝜆𝑖𝜂) + 𝑉𝑎𝑟(𝜀𝑖) + 2𝐶𝑜𝑣(𝜆𝑖𝜂, 𝜀𝑖). Additionally, we assume 

that 𝐶𝑜𝑣(𝜆𝑖𝜂, 𝜀𝑖) = 0, then 𝜎𝑋𝑖

2 = 𝑉𝑎𝑟(𝜆𝑖𝜂) + 𝑉𝑎𝑟(𝜀𝑖) = 𝜆𝑖
2𝑉𝑎𝑟(𝜂) + 𝑉𝑎𝑟(𝜀𝑖). Also, we 

assume that 𝑉𝑎𝑟(𝜂) = 1 and 𝑉𝑎𝑟(𝜀𝑖) = 𝜃𝑖𝑖, thus, 𝜎𝑋𝑖

2 = 𝜆𝑖
2 + 𝜃𝑖𝑖. 

In addition to the observed score variance, the covariance of the observed scores is 

𝜎𝑋𝑖𝑋𝑗
= 𝐶𝑜𝑣(𝑋𝑖, 𝑋𝑗) = 𝐶𝑜𝑣(𝜆𝑖𝜂 + 𝜀𝑖, 𝜆𝑗𝜂 + 𝜀𝑗) = 𝜆𝑖𝜆𝑗𝐶𝑜𝑣(𝜂 + 𝜀𝑖, 𝜂 + 𝜀𝑗). Because 

𝐶𝑜𝑣(𝜂 + 𝜀𝑖, 𝜂 + 𝜀𝑗) = 𝑉𝑎𝑟(𝜂) + 𝐶𝑜𝑣(𝜂, 𝜀𝑖) + 𝐶𝑜𝑣(𝜂, 𝜀𝑗) + 𝐶𝑜𝑣(𝜀𝑖, 𝜀𝑗) and 𝐶𝑜𝑣(𝜂, 𝜀𝑖) =

𝐶𝑜𝑣(𝜂, 𝜀𝑗) = 𝐶𝑜𝑣(𝜀𝑖, 𝜀𝑗) = 0, then, 𝜎𝑋𝑖𝑋𝑗
= 𝜆𝑖𝜆𝑗𝑉𝑎𝑟(𝜂). And 𝑉𝑎𝑟(𝜂) = 1, thus, 𝜎𝑋𝑖𝑋𝑗

= 𝜆𝑖𝜆𝑗. 

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

 𝑋1 𝑋2 … 𝑋𝐼−1 𝑋𝐼 

𝑋1 𝜆1
2 + 𝜃11 𝜆1𝜆2 … 𝜆1𝜆𝐼−1 𝜆1𝜆𝐼 

𝑋2 𝜆2𝜆1 𝜆2
2+𝜃22 … 𝜆2𝜆𝐼−1 𝜆2𝜆𝐼 

⋮ ⋮ ⋮ ⋱ ⋮ ⋮ 
𝑋𝐼−1 𝜆𝐼−1𝜆1 𝜆𝐼−1𝜆2 … 𝜆𝐼−1

2 + 𝜃𝐼−1𝐼−1 𝜆𝐼−1𝜆𝐼 

𝑋𝐼 𝜆𝐼𝜆1 𝜆𝐼𝜆2 … 𝜆𝐼𝜆𝐼−1 𝜆𝐼
2 + 𝜃𝐼𝐼 
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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: 

 𝑋1 𝑋2 … 𝑋𝐼−1 𝑋𝐼   𝑋1 𝑋2 … 𝑋𝐼−1 𝑋𝐼 

𝑋1 𝜆1
2 𝜆1𝜆2 … 𝜆1𝜆𝐼−1 𝜆1𝜆𝐼  𝑋1 𝜃11 0 … 0 0 

𝑋2 𝜆2𝜆1 𝜆2
2 … 𝜆2𝜆𝐼−1 𝜆2𝜆𝐼  𝑋2 0 𝜃11 … 0 0 

⋮ ⋮ ⋮ ⋱ ⋮ ⋮ + ⋮ ⋮ ⋮ ⋱ ⋮ ⋮ 
𝑋𝐼−1 𝜆𝐼−1𝜆1 𝜆𝐼−1𝜆2 … 𝜆𝐼−1

2  𝜆𝐼−1𝜆𝐼  𝑋𝐼−1 0 0 … 𝜃𝐼−1𝐼−1 0 

𝑋𝐼 𝜆𝐼𝜆1 𝜆𝐼𝜆2 … 𝜆𝐼𝜆𝐼−1 𝜆𝐼
2  𝑋𝐼 0 0 … 0 𝜃𝐼𝐼 

 

Because the composite of the observed scores is 𝑋 = ∑ 𝑋𝑖
𝐼
𝑖=1 , the composite of the true scores is 

𝑇 = ∑ 𝑇𝑖
𝐼
𝑖=1 , and the composite of the errors is 𝐸 = ∑ 𝐸𝑖

𝐼
𝑖=1 , we rewrite Equation (2) to Equation 

(7) as the following: 

𝜎𝑋
2 = 𝜎𝑇

2 + 𝜎𝐸
2 = ∑ 𝜆𝑖

2

𝐼

𝑖=1

+ 2 ∑ 𝜆𝑖𝜆𝑗

𝑖≠𝑗

+ ∑ 𝜃𝑖𝑖

𝐼

𝑖=1

= (∑ 𝜆𝑖

𝐼

𝑖=1

)

2

+ ∑ 𝜃𝑖𝑖

𝐼

𝑖=1

 (7) 

There are three types of measurement models explain the relationship between the factor 

and the indicators (Jöreskog, 1971), parallel measurement, tau equivalent, and congeneric. 

Parallel measurements assume (a) the same factor loadings, 𝜆1 = 𝜆2 = ⋯ = 𝜆𝐼 = 𝜆, and (b) the 

same error variances of the indicators, 𝜃11 = 𝜃22 = ⋯ = 𝜃𝐼𝐼 = 𝜃. 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 … 𝑋𝐼−1 𝑋𝐼 

𝑋1 𝜆2 + 𝜃 𝜆2 … 𝜆2 𝜆2 

𝑋2 𝜆2 𝜆2 + 𝜃 … 𝜆2 𝜆2 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 
𝑋𝐼−1 𝜆2 𝜆2 … 𝜆2 + 𝜃 𝜆2 



10 

 

𝑋𝐼 𝜆2 𝜆2 … 𝜆2 𝜆2 + 𝜃 

 

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

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

 𝑋1 𝑋2 … 𝑋𝐼−1 𝑋𝐼 

𝑋1 𝜆2 + 𝜃11 𝜆2 … 𝜆2 𝜆2 

𝑋2 𝜆2 𝜆2+𝜃22 … 𝜆2 𝜆2 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 
𝑋𝐼−1 𝜆2 𝜆2 … 𝜆2 + 𝜃𝐼−1𝐼−1 𝜆2 

𝑋𝐼 𝜆2 𝜆2 … 𝜆2 𝜆2 + 𝜃𝐼𝐼 

 

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

Matrix 2 shown as follows: 

 𝑋1 𝑋2 … 𝑋𝐼−1 𝑋𝐼 

𝑋1 𝜆1
2 + 𝜃11 𝜆1𝜆2 … 𝜆1𝜆𝐼−1 𝜆1𝜆𝐼 

𝑋2 𝜆2𝜆1 𝜆2
2+𝜃22 … 𝜆2𝜆𝐼−1 𝜆2𝜆𝐼 

⋮ ⋮ ⋮ ⋱ ⋮ ⋮ 
𝑋𝐼−1 𝜆𝐼−1𝜆1 𝜆𝐼−1𝜆2 … 𝜆𝐼−1

2 + 𝜃𝐼−1𝐼−1 𝜆𝐼−1𝜆𝐼 

𝑋𝐼 𝜆𝐼𝜆1 𝜆𝐼𝜆2 … 𝜆𝐼𝜆𝐼−1 𝜆𝐼
2 + 𝜃𝐼𝐼 

 

The well-known reliability Cronbach’s alpha (coefficient alpha 𝛼; proposed by Cronbach, 

1951) is based on parallel or tau equivalent measurement. It is calculated by 

𝛼 =
𝐼2𝜎𝑖𝑗

∑ 𝜎𝑋
2  (8) 

where 𝐼 is the total number of items, 𝜎𝑖𝑗 (𝑖 ≠ 𝑗 with 𝑖, 𝑗 = 1, … , 𝐼) is the average of off-diagonal 

elements of the observed scores’ variance–covariance matrix (i.e., Matrix 6), and ∑ 𝜎𝑋
2 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 

𝜔 =
𝑉𝑎𝑟(∑ 𝜆𝑖𝜂𝐼

𝑖=1 )

𝑉𝑎𝑟(∑ 𝜆𝑖𝜂
𝐼
𝑖=1 + ∑ 𝜀𝑖

𝐼
𝑖=1 )

=
(∑ 𝜆𝑖

𝐼
𝑖=1 )2

(∑ 𝜆𝑖
𝐼
𝑖=1 )2 + ∑ 𝜃𝑖𝑖

𝐼
𝑖=1

 (9) 
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where 𝑖 = 1, … , 𝐼 indicates each of items in the test, 𝑉𝑎𝑟(∑ 𝜆𝑖𝜂
𝐼
𝑖=1 ) is the true score variance, 

𝑉𝑎𝑟(∑ 𝜆𝑖𝜂
𝐼
𝑖=1 + ∑ 𝜀𝑖

𝐼
𝑖=1 ) is the observed score variance, 𝜆𝑖 is the factor loading, and 𝜃𝑖𝑖 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, 𝜎𝐸𝑖𝐸𝑗
= 0 for 𝑖 ≠ 𝑗; under the factor analysis model, 

𝜎𝜀𝑖𝜀𝑗
= 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 𝑋𝑘𝑔 = ∑ 𝑋𝑖𝑘𝑔
𝐼
𝑖=1  and 

𝑋𝑖𝑘𝑔 = 𝑋𝐵𝑖𝑔 + 𝑋𝑤𝑖𝑘𝑔 = (𝜆𝐵𝑖𝜂𝐵𝑔 + 𝜀𝐵𝑖𝑔) + (𝜆𝑤𝑖𝜂𝑤𝑘𝑔 + 𝜀𝑤𝑖𝑘𝑔) (10) 

where 𝑋𝐵𝑖𝑔 is the component of 𝑋𝑖𝑘𝑔 at the between-group level, and 𝑋𝑤𝑖𝑘𝑔 is the component of 

𝑋𝑖𝑘𝑔 at the within-group level. At the between-group level, 𝑋𝐵𝑖𝑔 is the component of the 

observed score 𝑋 at the between-group level decomposed by the factor loading of the 𝑖th test 

item (𝜆𝐵𝑖), the factor score of the 𝑘th examinee in the 𝑔th group (𝜂𝐵𝑔), and the error of the 𝑖th 

test item for the 𝑘th examinee in the 𝑔th group (𝜀𝐵𝑖𝑔). At the within-group level, 𝑋𝑤𝑖𝑘𝑔 is the 

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

the 𝑖th test item (𝜆𝑤𝑖), the factor score of the 𝑘th examinee in the 𝑔th group (𝜂𝑤𝑘𝑔), and the error 

of the 𝑖th test item for the 𝑘th examinee in the 𝑔th group (𝜀𝑤𝑖𝑘𝑔).  

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., 𝜂𝐵𝑔~𝑀𝑉𝑁(0, 1) and 

𝜂𝑤𝑘𝑔~𝑀𝑉𝑁(0,1)), (b) the errors are normally distributed with the mean as zero and the variance 
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as 𝜃𝑤𝑖𝑖 for the within-group level and 𝜃𝐵𝑖𝑖 for the between-group level (i.e., 𝜀𝐵𝑖𝑔~𝑀𝑉𝑁(0, 𝜃𝐵𝑖𝑖) 

and 𝜀𝑤𝑖𝑘𝑔~𝑀𝑉𝑁(0, 𝜃𝑤𝑖𝑖)), (c) the covariances between the factor score and the errors are equal 

to zero (i.e., 𝜎𝜂𝐵𝑔𝜀𝐵𝑖𝑔
= 0 and 𝜎𝜂𝑤𝑘𝑔𝜀𝑤𝑖𝑘𝑔

= 0), and (d) the covariances among the errors are 

equal to zero (i.e., 𝜎𝜀𝐵𝑖𝑔𝜀𝐵𝑗𝑔
= 0 and 𝜎𝜀𝑤𝑖𝑘𝑔𝜀𝑤𝑗𝑘𝑔

= 0 for 𝑖 ≠ 𝑗). 

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 𝜆𝑤1 = 𝜆𝑤2 = ⋯ 𝜆𝑤𝑖 = ⋯ = 𝜆𝑤𝐼 = 𝜆𝑤, error variances 𝜃𝑤𝑖𝑖 are varied among 

the 𝑖th test item, and at the between-group level, factor loadings are 𝜆𝐵1 = 𝜆𝐵2 = ⋯ 𝜆𝐵𝑖 = ⋯ =

𝜆𝐵𝐼 = 𝜆𝐵, and error variances 𝜃𝐵𝑖𝑖 are varied for the 𝑖th test item, the test is tau equivalent. Then, 

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

coefficient alpha 𝛼𝐵 are calculated by 

𝛼𝑤 =
𝐼2𝜎𝑤𝑖𝑗

∑ 𝜎𝑋𝑤

2  (11) 

𝛼𝐵 =
𝐼2𝜎𝐵𝑖𝑗

∑ 𝜎𝑋𝐵

2  (12) 

where 𝐼 is the total number of items, 𝜎𝑤𝑖𝑗 (𝑖 ≠ 𝑗 with 𝑖, 𝑗 = 1, … , 𝐼) is the average of off-diagonal 

elements of the observed scores’ variance–covariance matrix at the within-group level, ∑ 𝜎𝑋𝑤

2  is a 

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

𝜎𝐵𝑖𝑗 (𝑖 ≠ 𝑗 with 𝑖, 𝑗 = 1, … , 𝐼) is the average of off-diagonal elements of the observed scores’ 

variance–covariance matrix at the between-group level, and ∑ 𝜎𝑋𝐵

2  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 𝜔𝑤 and the between-group level coefficient omega 𝜔𝐵, are 

calculated by 

𝜔𝑤 =
(∑ 𝜆𝑤𝑖

𝐼
𝑖=1 )2

(∑ 𝜆𝑤𝑖
𝐼
𝑖=1 )2 + ∑ 𝜃𝑤𝑖𝑖

𝐼
𝑖=1

 (13) 

𝜔𝐵 =
(∑ 𝜆𝐵𝑖

𝐼
𝑖=1 )2

(∑ 𝜆𝐵𝑖
𝐼
𝑖=1 )2 + ∑ 𝜃𝐵𝑖𝑖

𝐼
𝑖=1

 (14) 

where 𝑖 = 1, … , 𝐼 indicates each of the items in the test, 𝜆𝑤𝑖 is the factor loading at the within-

group level, 𝜃𝑤𝑖𝑖 is the error variance of the 𝑖th test item at the within-group level, 𝜆𝐵𝑖 is the 

factor loading at the between-group level, and 𝜃𝑖𝑖 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 

𝛼, 𝜔, 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 𝜔 outperformed the between-group level 𝛼. 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 𝜔 reported more biased results than the coefficient 𝛼. These results were the extended 

findings of the studies comparing the estimates of the coefficient 𝛼 and the coefficient 𝜔 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 𝜔 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 𝑋𝑖𝑘𝑔, 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 𝑋𝑖𝑘𝑔 is 

specified as 𝑀𝑖𝑘𝑔: if 𝑋𝑖𝑘𝑔 is missing, 𝑀𝑖𝑘𝑔 is one, or if 𝑋𝑖𝑘𝑔 is observed, then, 𝑀𝑖𝑘𝑔 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, 𝜙𝑖𝑘𝑔, the probability of missingness on 𝑋𝑖𝑘𝑔, is specified as  

𝜙𝑖𝑘𝑔 = 𝑝(𝑀𝑖𝑘𝑔 = 1|𝑋𝑖𝑘𝑔, 𝜙) = 𝑝(𝑀𝑖𝑘𝑔 = 1|𝑋𝑜𝑏𝑠, 𝑋𝑚𝑖𝑠𝑠, 𝜙) = 𝑝(𝑀𝑖𝑘𝑔 = 1|𝜙) (15) 

where 𝑋𝑜𝑏𝑠 is a matrix of the observed values in the data set of the score 𝑋𝑖𝑘𝑔, 𝑋𝑚𝑖𝑠𝑠 is a matrix 

of the missing values in the data set of the score 𝑋𝑖𝑘𝑔, and 𝜙 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 𝑋𝑖𝑘𝑔 is specified as 

𝜙𝑖𝑘𝑔 = 𝑝(𝑀𝑖𝑘𝑔 = 1|𝑋𝑖𝑘𝑔, 𝜙) = 𝑝(𝑀𝑖𝑘𝑔 = 1|𝑋𝑜𝑏𝑠, 𝜙) 𝑓𝑜𝑟 ∀ 𝑋𝑚𝑖𝑠𝑠, 𝜙 (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 𝑋𝑖𝑘𝑔 is specified as 

𝜙𝑖𝑘𝑔 = 𝑝(𝑀𝑖𝑘𝑔 = 1|𝑋𝑖𝑘𝑔, 𝜙) = 𝑝(𝑀𝑖𝑘𝑔 = 1|𝑋𝑚𝑖𝑠𝑠, 𝜙) 𝑓𝑜𝑟 ∀ 𝑋𝑜𝑏𝑠, 𝜙 (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 techniques, 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 98 52 

Student 3 81 77 71 87 

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(𝑋𝑚𝑖𝑠𝑠|𝑋𝑜𝑏𝑠) = ∫ 𝑓(𝑋𝑚𝑖𝑠𝑠|𝑋𝑜𝑏𝑠, 𝜃, 𝜙)𝑓(𝜙|𝑋𝑜𝑏𝑠, 𝜃)𝑑𝜙 (18) 

where 𝑋𝑜𝑏𝑠 is a matrix of the observed values in the data set of the score 𝑋𝑖𝑘𝑔, 𝑋𝑚𝑖𝑠𝑠 is a matrix 

of the missing values in the data set of the score 𝑋𝑖𝑘𝑔, 𝜃 is a set of parameters for the observed 

data distribution, and 𝜙 is a set of parameters for the missing data distribution. As we can see, 

the imputation model consists of two components: 𝑓(𝑋𝑚𝑖𝑠𝑠|𝑋𝑜𝑏𝑠, 𝜃, 𝜙), which explains how to 

generate the values to replace 𝑋𝑚𝑖𝑠𝑠, and 𝑓(𝜙|𝑋𝑜𝑏𝑠, 𝜃), which shows how to generate the 

parameter values of 𝑋𝑚𝑖𝑠𝑠 given 𝑋𝑜𝑏𝑠. 

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 𝐼 test items. Then, the scores of all examinees on 

the test as 𝑋 = (𝑥𝑖𝑘) 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 Σ, which is Matrix 1 shown in the 

previous section as 

  𝑋1 𝑋2 … 𝑋𝐼−1 𝑋𝐼 

 𝑋1 𝜎𝑋1

2  𝜎𝑋1𝑋2
 … 𝜎𝑋1𝑋𝐼−1

 𝜎𝑋1𝑋𝐼
 

 𝑋2 𝜎𝑋2𝑋1
 𝜎𝑋2

2  … 𝜎𝑋2𝑋𝐼−1
 𝜎𝑋2𝑋𝐼

 

𝑺 → Σ = ⋮ ⋮ ⋮ ⋱ ⋮ ⋮ 
 𝑋𝐼−1 𝜎𝑋𝐼−1𝑋1

 𝜎𝑋𝐼−1𝑋2
 … 𝜎𝑋𝐼−1

2  𝜎𝑋𝐼−1𝑋𝐼
 

 𝑋𝐼 𝜎𝑋𝐼𝑋1
 𝜎𝑋𝐼𝑋2

 … 𝜎𝑋𝐼𝑋𝐼−1
 𝜎𝑋𝐼

2  

 

where 𝑖 = 1, 2, … , 𝐼 is the number of indicators, 𝜎𝑋𝑖

2  is the observed score variance of the 

indicator 𝑖, and 𝜎𝑋𝑖𝑋𝑗
 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) 𝜆1 ≠ 𝜆2 ≠ ⋯ ≠ 𝜆𝐼 ≠ 𝜆, (b) 𝜃11 ≠ 𝜃22 ≠ ⋯ ≠ 𝜃𝐼𝐼 ≠ 𝜃), the 

predicted covariance matrix Σ𝜃 is Matrix 2 (i.e., the sum of Matrix 3 and Matrix 4) which is 

shown in the previous section as 

  𝑋1 𝑋2 … 𝑋𝐼−1 𝑋𝐼   𝑋1 𝑋2 … 𝑋𝐼−1 𝑋𝐼 

 𝑋1 𝜆1
2 𝜆1𝜆2 … 𝜆1𝜆𝐼−1 𝜆1𝜆𝐼  𝑋1 𝜃11 0 … 0 0 

 𝑋2 𝜆2𝜆1 𝜆2
2 … 𝜆2𝜆𝐼−1 𝜆2𝜆𝐼  𝑋2 0 𝜃11 … 0 0 

Σ𝜃 = ΛΨΛ′ + Θ = ⋮ ⋮ ⋮ ⋱ ⋮ ⋮ + ⋮ ⋮ ⋮ ⋱ ⋮ ⋮ 
 𝑋𝐼−1 𝜆𝐼−1𝜆1 𝜆𝐼−1𝜆2 … 𝜆𝐼−1

2  𝜆𝐼−1𝜆𝐼  𝑋𝐼−1 0 0 … 𝜃𝐼−1𝐼−1 0 

 𝑋𝐼 𝜆𝐼𝜆1 𝜆𝐼𝜆2 … 𝜆𝐼𝜆𝐼−1 𝜆𝐼
2  𝑋𝐼 0 0 … 0 𝜃𝐼𝐼 
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where Λ is a matrix of factor loadings with the elements 𝜆𝑖; Ψ 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 Θ is a matrix of error variances with the elements 𝜃𝑖𝑖 with 𝑖 indicating the 𝑖th 

item (𝑖 = 1, … , 𝐼).  

The primary goal of the factor analysis model is to find the parameter estimates, which 

minimizes the difference between 𝑺 and Σ𝜃. 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 𝐻0: 𝑺 = 𝛴𝜃 

where 𝜃 is a set of parameters, Σ is the population covariance matrix, 𝑺 is the sample covariance 

matrix, and Σ𝜃 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 

𝑓(𝒙𝑘|𝜃) = (2𝜋)−𝐼/2|Σ𝜃|−1/2 exp [−
1

2
𝒙𝑘Σ𝜃

−1𝒙𝑘′] (19) 

where 𝒙𝑘 = [𝑥𝑘1, … , 𝑥𝑘𝐼] indicates a row vector of scores of the 𝑘th examinee of the test with 𝐼 

items, 𝜃 is a set of parameters, and Σ𝜃 is the predicted covariance matrix based on the model. 

Then, the likelihood is 

𝐿(𝜃|𝒙𝑘) = ∏ 𝑓(𝒙𝑘|𝜃)

𝐾

𝑘=1

= (2𝜋)−𝐾𝐼/2|Σ𝜃|−𝐾/2 exp [−
1

2
∑ 𝒙𝑘Σ𝜃

−1𝒙𝑘′

𝐾

𝑘=1

] (20) 

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

𝐿𝐿Σ𝜃
= ln 𝐿(𝜃|𝒙𝑘) = −

𝐾𝐼

2
ln(2𝜋) −

𝐾

2
ln(|Σ𝜃|) −

1

2
∑ 𝒙𝑘Σ𝜃

−1𝒙𝑘′

𝐾

𝑘=1

 (21) 
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This is a log-likelihood based on Σ𝜃. Similarly, the log-likelihood based on 𝑺 is represented as 

𝐿𝐿𝑺 = ln 𝐿(𝜃|𝒙𝑘) = −
𝐾𝐼

2
ln(2𝜋) −

𝐾

2
ln(|𝑺|) −

1

2
𝐾𝐼 (22) 

Regarding the hypothesis tested by the factor analysis model (i.e., 𝐻0: 𝑺 = 𝛴𝜃), ML estimation 

aims to derive a set of the most probable values of the parameters that minimize the difference 

between Σ𝜃 and 𝑺. Then, the difference between two matrices could be represented by the 

difference between 𝐿𝐿Σ𝜃
 and 𝐿𝐿𝑺, shown as 

𝐿𝐿Σ𝜃
− 𝐿𝐿𝑺 = −

𝐾

2
[ln(|Σ𝜃|) − ln(|𝑺|) + 𝑡𝑟𝑎𝑐𝑒[(𝑺)(Σ𝜃

−1)] − 𝐼] (23) 

where ∑ 𝒙𝑘Σ𝜃
−1𝒙𝑘′𝐾

𝑘=1 = 𝐾 × 𝑡𝑟𝑎𝑐𝑒[(𝑺)(Σ𝜃
−1)]. Because −

𝐾

2
 is a constant that does not 

influence 𝐿𝐿Σ𝜃
− 𝐿𝐿𝑺, the difference between the observation and the model is represented by a 

fit function shown as 

𝐹𝑀𝐿 = ln|Σ𝜃| − ln|𝑺| + 𝑡𝑟𝑎𝑐𝑒[(𝑺)(Σ𝜃
−1)] − 𝐼 (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 = [𝒙1, … , 𝒙𝐾] where 𝒙𝑘 = [𝑥𝑘1, … , 𝑥𝑘𝐼] is a 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(𝒙𝑘|𝜃, 𝜙) = 𝑓(𝒙𝑘
𝑜𝑏𝑠, 𝒙𝑘

𝑚𝑖𝑠𝑠|𝜃, 𝜙) = 𝑓(𝒙𝑘
𝑜𝑏𝑠|𝜃)𝑓(𝒙𝑘

𝑚𝑖𝑠𝑠|𝒙𝑘
𝑜𝑏𝑠, 𝜃, 𝜙) (25) 

where 𝒙𝑘 = [𝑥𝑘1, … , 𝑥𝑘𝐼] indicates a row vector of scores of the 𝑘th examinee of the test with 𝐼 

items, 𝜃 is a set of parameters for observed data 𝒙𝑘
𝑜𝑏𝑠, and 𝜙 is a set of parameters for missing 

data 𝒙𝑘
𝑚𝑖𝑠𝑠. Thus, a model of the entire data 𝑓(𝒙𝑘|𝜃, 𝜙) is decomposed by 𝑓(𝒙𝑘

𝑜𝑏𝑠|𝜃), which is a 

probability distribution of the observed data given the parameter 𝜃, and 𝑓(𝒙𝑘
𝑚𝑖𝑠𝑠|𝒙𝑘

𝑜𝑏𝑠, 𝜃, 𝜙), 

which is a probability distribution of the missing data given the observed data and the parameter 

𝜙. Then, the likelihood is 

𝐿(𝜃, 𝜙|𝒙𝑘) = ∏ 𝑓(𝒙𝑘|𝜃, 𝜙)

𝐾

𝑘=1

= ∏ 𝑓(𝒙𝑘
𝑜𝑏𝑠|𝜃)

𝐾

𝑘=1

∏ 𝑓(𝒙𝑘
𝑚𝑖𝑠𝑠|𝒙𝑘

𝑜𝑏𝑠, 𝜃, 𝜙)

𝐾

𝑘=1

 (26) 

The likelihood has two parts. ∏ 𝑓(𝒙𝑘
𝑜𝑏𝑠|𝜃)𝐾

𝑘=1  represents the likelihood of the observed data 

denoted as ln 𝐿(𝜃|𝒙𝑘
𝑜𝑏𝑠), and ∏ 𝑓(𝒙𝑘

𝑚𝑖𝑠𝑠|𝒙𝑘
𝑜𝑏𝑠, 𝜃, 𝜙)𝐾

𝑘=1  indicates the likelihood of the missing 

data. Then, the log-likelihood is 

𝐿𝐿 = ln 𝐿(𝜃, 𝜙|𝒙𝑘) = ln 𝐿(𝜃|𝒙𝑘
𝑜𝑏𝑠) + ln (∑ 𝑓(𝒙𝑘

𝑚𝑖𝑠𝑠|𝒙𝑘
𝑜𝑏𝑠, 𝜃, 𝜙)

𝐾

𝑘=1

) (27) 

Then, the discrepancy function under FIML is  
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𝐹𝐹𝐼𝑀𝐿 = [ln|Σ𝜃
obs| − ln|𝑺𝑜𝑏𝑠| + 𝑡𝑟𝑎𝑐𝑒 [(𝑺𝑜𝑏𝑠) ((Σ𝜃

𝑜𝑏𝑠)
−1

)] − 𝐼𝑜𝑏𝑠]

+ [ln|Σ𝜃
𝑚𝑖𝑠𝑠| − ln|𝑺𝑚𝑖𝑠𝑠| + 𝑡𝑟𝑎𝑐𝑒 [(𝑺𝑚𝑖𝑠𝑠) ((Σ𝜃

𝑚𝑖𝑠𝑠)
−1

)] − 𝐼𝑚𝑖𝑠𝑠] 

(28) 

where Σ𝜃
obs is the predicted covariance matrix, 𝑺𝑜𝑏𝑠 is the sample covariance matrix, and 𝐼𝑜𝑏𝑠 is 

the number of items for observed data, while for missing data, Σ𝜃
𝑚𝑖𝑠𝑠 is the predicted covariance 

matrix, 𝑺𝑚𝑖𝑠𝑠 is the sample covariance matrix, and 𝐼𝑚𝑖𝑠𝑠 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 

𝐹𝐹𝐼𝑀𝐿 = [ln|Σ𝜃
obs| − ln|𝑺𝑜𝑏𝑠| + 𝑡𝑟𝑎𝑐𝑒 [(𝑺𝑜𝑏𝑠) ((Σ𝜃

𝑜𝑏𝑠)
−1

)] − 𝐼𝑜𝑏𝑠] (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, Ç 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.g., 

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. 



28 

 

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 

[MNAR]), 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 Izquierdo 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.  
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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 IC013 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 𝛼, the within-

group level coefficient alpha 𝛼𝑤, the between-group level coefficient alpha 𝛼𝐵, the single-level 
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coefficient omega 𝜔, the within-group level coefficient omega 𝜔𝑤, and the between-group 

coefficient omega 𝜔𝐵), 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 (𝛼, 𝜔), and the two-level CFA model to estimate the level-specific 

reliability indices (𝛼𝑤, 𝛼𝐵, 𝜔𝑤, 𝜔𝐵) 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 𝜔 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 (𝛼=.859, 𝛼𝑤=.856, 𝛼𝐵=.940, 𝜔=.847, 𝜔𝑤=.849, 𝜔𝐵=.754) to using the FIML 

method (𝛼=.860, 𝛼𝑤=.858, 𝛼𝐵=.944, 𝜔=.848, 𝜔𝑤=.850, 𝜔𝐵=.833), while for IC013 the 

reliability estimates were decreased from LD (𝛼=.825, 𝛼𝑤=.821, 𝛼𝐵=.928, 𝜔=.808, 𝜔𝑤=.805, 

𝜔𝐵=.947) to FIML (𝛼=.823, 𝛼𝑤=.819, 𝛼𝐵=.924, 𝜔=.806, 𝜔𝑤=.803, 𝜔𝐵=.944). The larger 

difference in the reliability estimates was observed in the estimates of 𝜔𝐵 of ST038 (difference 

of 𝜔𝐵=.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 𝜔𝐵 of ST038, the results of other conditions were not substantially 

different because the data conditions of ST038 and IC013 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 IC013 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 IC013 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 (Jöreskog, 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 𝜂𝑤~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 𝑋𝑖 (𝑖 = 1, … ,6) 
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was represented as the solid line with the factor loadings 𝜆𝑤𝑖 and the corresponding errors of 

each indicator 𝜀𝑤𝑖~𝑁(0, 𝜃𝑤𝑖𝑖). 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 

𝜃𝑖𝑖 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, 𝑀𝑋𝑖
 in the square indicated 

whether the corresponding indicator 𝑋𝑖 was observed. We represented the probability density of 

missing data 𝑝(𝑀𝑋𝑖
) with the dashed line between 𝑋𝑖 and 𝑀𝑖 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 𝜂𝐵~𝑁(0,1) related to the six indicators with factor loadings 𝜆𝐵𝑖. Different than the 

indicators at the within-group level, the between-group level indicators 𝑋𝐵𝑖 were shown as the 

latent variables because 𝑋𝐵𝑖 indicated the shared but unobservable features of the within-group 

level units belonging to the same between-group level unit. Their corresponding errors were 

𝜀𝐵𝑖~𝑁(0, 𝜃𝐵𝑖𝑖) 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: 

𝐼𝐶𝐶 =
(∑ 𝜆𝐵𝑖

𝐼
𝑖=1 )2 + ∑ 𝜃𝐵𝑖𝑖

𝐼
𝑖=1

(∑ 𝜆𝐵𝑖
𝐼
𝑖=1 )2 + ∑ 𝜃𝐵𝑖𝑖

𝐼
𝑖=1 + (∑ 𝜆𝑤𝑖

𝐼
𝑖=1 )2 + ∑ 𝜃𝑤𝑖𝑖

𝐼
𝑖=1

 (30) 

where 𝑖 = 1, 2, … , 𝐼 is each of the test items, 𝜆𝐵𝑖 and 𝜆𝑤𝑖 are the factor loadings, and 𝜃𝐵𝑖𝑖 and 

𝜃𝑤𝑖𝑖 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 [(𝜆𝑤1 = 𝜆𝑤2 = .599, 𝜆𝑤3 = 𝜆𝑤4 =

.699, 𝜆𝑤5 = 𝜆𝑤6 = .799), (𝜃𝑤11 = 𝜃𝑤22 = .451, 𝜃𝑤33 = 𝜃𝑤44 = .501, 𝜃𝑤55 = 𝜃𝑤66 = .551)] 

and at the between-group level as [(𝜆𝐵1 = 𝜆𝐵2 = .137, 𝜆𝐵3 = 𝜆𝐵4 = .160, 𝜆𝐵5 = 𝜆𝐵6 = .183), 

(𝜃𝐵11 = 𝜃𝐵22 = .019, 𝜃𝐵33 = 𝜃𝐵44 = .027, 𝜃𝐵55 = 𝜃𝐵66 = .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], [(100, 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 & Iacobucci, 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., 𝑋1 to 𝑋3), which were the completely observed variables, and Group 2 
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(i.e., 𝑋4 to 𝑋6), 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 𝑏4 to 𝑏6 

corresponding to the indicators 𝑋4 to 𝑋6 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, 𝑋4), (𝑋2, 𝑋5), and (𝑋3, 𝑋6). 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 𝑋1 to 𝑋3 as the completely observed variables and the other three indicators were 𝑋4 to 

𝑋6 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 𝑋1 to 𝑋6 with 20 observations. The shaded area of each 

figure’s right side shows the missing values of the indicators 𝑋4 to 𝑋6. 

For MCAR in Figure 3, because we set the missing proportions at 30%, we created three 

binary variables, 𝑏4 to 𝑏6, set the six values as 1, and set the other 14 values as zero. Then, we 

deleted the six values of the indicators 𝑋4 to 𝑋6 depending on whether the value of the 

corresponding 𝑏 variable was 1. Figures 4 and 5 showed the missing values of the indicator 𝑋4 

were generated under the MAR and MNAR mechanisms. As shown in Figure 4, for MAR, after 

sorting the values of 𝑋1 into ascending order, we removed the six values of 𝑋4 when the 

corresponding values of 𝑋1 were the smallest six values. Figure 5 shows MNAR, in which we 

deleted the six values of 𝑋4 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. 
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Data Analysis 

To estimate the six reliability measures (i.e., single-level coefficient alpha 𝛼; level-

specific coefficient alpha, including within-group level coefficient alpha 𝛼𝑤 and between-group 

level coefficient alpha 𝛼𝐵; single-level coefficient omega 𝜔; level-specific coefficient omega, 

including within-group level coefficient omega 𝜔𝑤 and between-group level coefficient omega 

𝜔𝐵), 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; Lüdtke 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: 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝐵𝑖𝑎𝑠 (%) = [
1

1000
∑

(𝜌̂𝑋𝑇𝑟
− 𝜌𝑋𝑇𝑟

)

𝜌𝑋𝑇𝑟

1000

𝑟=1

]  × 100 (31) 

where 𝜌̂𝑋𝑇𝑟
 was the estimated reliability measure in the 𝑟th replication, and 𝜌𝑋𝑇𝑟

 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: 

𝐶𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 𝑅𝑎𝑡𝑒 (%) =
(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑑 𝑀𝑜𝑑𝑒𝑙𝑠)

1000
× 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 𝛼; level-specific coefficient alphas—that is, within-group level coefficient 

alpha 𝛼𝑤 and between-group level coefficient alpha 𝛼𝐵; single-level coefficient omega 𝜔; and 

level-specific coefficient omegas—that is, within-group level coefficient omega 𝜔𝑤 and 

between-group level coefficient omega 𝜔𝐵) 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, 𝜔, 𝜔𝑤, and 𝜔𝐵. We did not report the convergence rates of the 

coefficient alpha, 𝛼, 𝛼𝑤, and 𝛼𝐵 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. 
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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 𝛼𝐵 increased from 1.5% to 4.7%, and 
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those values of 𝜔𝐵 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, 𝛼𝐵 and 𝜔𝐵, 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 𝛼𝐵, and the percentage bias of 𝜔𝐵 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 𝛼𝐵. 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 𝛼, 1.4% to 5.7% for 𝛼𝑤, 0.1% to 0% for 𝜔, and 0% to 

3.6% for 𝜔𝑤. However, the percentage bias decreased from 4.7% to 1.5% for 𝛼𝐵 and 3.6% to 

0.2% for 𝜔𝐵. 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 𝛼 and 1.4% to 1.8% for 𝛼𝑤. The values of 𝜔 and 𝜔𝑤 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 𝛼𝐵 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 𝜔𝐵 (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 (𝛼𝑤 = .372, 𝜔𝑤 = .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, 𝛼, 𝛼𝑤, and 𝛼𝐵, tended to be overestimated, whereas the estimates of 
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the coefficient omega, 𝜔, 𝜔𝑤, and 𝜔𝐵, 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 𝛼𝐵 and 3.5% to 3.9% for 𝜔𝐵. 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 



48 

 

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 𝛼𝐵 decreased from 2.4% to 0%, and those of 𝜔𝐵 

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 𝛼𝐵 and 3.9% to 1.0% for 𝜔𝐵. Thus, the small sample sizes 

reduced the accuracy of estimating the reliabilities, especially for 𝛼𝐵 and 𝜔𝐵.  

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 𝛼 and 𝜔 and the within-group level reliability estimates 𝛼𝑤 and 𝜔𝑤 increased, whereas that 

of the between-group level reliability estimates 𝛼𝐵 and 𝜔𝐵 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 𝛼, 1.5% to 5.0% for 𝛼𝑤, 0.1% to 0.3% for 𝜔, and 0% to 0.8% for 𝜔𝑤. However, the 

magnitude of the percentage bias of 𝛼𝐵 decreased from 2.4% to 1.3%, and the magnitude of the 

percentage bias of 𝜔𝐵 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 𝛼𝐵 and 6.6% for 𝜔𝐵. 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 (𝛼𝑤 = .372, 𝛼𝐵 = .850 for the coefficient alpha, 𝜔𝑤 = .376, and 𝜔𝐵 = .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 𝛼𝐵 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, 𝜔𝑤 and 𝜔𝐵 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 𝛼𝑤 and from 20.7% to 20.3% for 𝛼𝐵, and the 

percentage bias of 𝛼 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 𝜔, from 12.7 

to 12.8% for 𝜔𝑤, and from 17.3% to 19.6% for 𝜔𝐵.  

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 𝛼𝑤, and from 20.7% to 20.0% for 𝛼𝐵. However, 

𝜔𝑤 (from 12.7% to 12.8%), and 𝜔𝐵 (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 𝛼, from 10.6% to 21.5% for 𝛼𝑤, from 13.0% to 22.5% for 𝜔, 

and from 12.7% to 20.8% for 𝜔𝑤. However, the percentage biases of 𝛼𝐵 (20.7% to 12.2%) and 

𝜔𝐵 (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 𝛼, from 20.7% to 

46.7% for 𝛼𝐵, from 13.0% to 13.3% for 𝜔, and from 17.3% to 44.0% for 𝜔𝐵. However, among 

three ICC conditions, the percentage biases of 𝛼𝑤 (10.6% to 6.6%) and 𝜔𝑤 (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, 𝛼 and 𝛼𝑤, showed the percentage bias over 15% when 

the missing data proportions were 30% and ICC was .296. The coefficient omega, 𝜔 and 𝜔𝑤, 

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, 𝛼𝐵 and 𝜔𝐵, 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 𝜔𝑤 and 𝜔𝐵. 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 𝛼, level-specific coefficient alpha 

including within-group level coefficient alpha 𝛼𝑤 and between-group level coefficient alpha 𝛼𝐵, 

single-level coefficient omega 𝜔, level-specific coefficient omega including within-group level 

coefficient omega 𝜔𝑤 and between-group level coefficient omega 𝜔𝐵) 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 𝛼𝐵 and from 3.5% to 3.7% for 𝜔𝐵. 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 

𝛼𝐵, and from 3.7% to 1.4% for 𝜔𝐵. And the percentage biases of 𝛼 and 𝛼𝑤 were 1.5%, while the 

percentage biases of 𝜔 and 𝜔𝑤 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 𝛼𝐵 

decreased from 2.3% to 0.6%, and the percentage bias of 𝜔𝐵 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, 𝛼𝐵 and 𝜔𝐵. 

 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 (𝛼 

from 1.5% to 2.2%, 𝛼𝑤 from 1.5% to 2.8%, 𝜔 from 0.1% to 0.6%, 𝜔𝑤 from 0% to 1.3%), while 

the percentage bias of the between-group level reliability estimates deceased (𝛼𝐵 from 2.3% to 

1.1%, 𝜔𝐵 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 𝛼 (1.5% to 2.2%), and 𝛼𝑤 (1.5% to 

2.0%) increased, while the percentage biases of 𝛼𝐵 (2.3% to 0.8%) and 𝜔𝐵 (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 𝛼 and 𝛼𝑤 were larger than the percentage biases of the single-level 
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and the within-group level coefficient omega 𝜔 and 𝜔𝑤 under the simulated conditions of MAR 

when using the FIML method. However, the percentage bias of 𝛼𝐵 was smaller than of 𝜔𝐵 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 𝛼, level-specific coefficient alpha 

including within-group level coefficient alpha 𝛼𝑤 and between-group level coefficient alpha 𝛼𝐵, 

single-level coefficient omega 𝜔, level-specific coefficient omega including within-group level 

coefficient omega 𝜔𝑤 and between-group level coefficient omega 𝜔𝐵) 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 𝛼 and 𝛼𝑤, and from 0% to 
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11% for 𝜔 and 𝜔𝑤. 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 𝛼𝐵, and from 3.5% to 25.1% 

for 𝜔𝐵. 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 𝛼𝐵 increased from 29.2% to 35.0%, while the 

percentage biases of 𝛼 (11.5%) and 𝛼𝑤 (11.0%) were not different. And comparing Conditions 

#147 and #156, the percentage bias increased from 11.9% to 12.0% for 𝜔 and from 25.1% to 

33.8% for 𝜔𝐵, and the percentage bias of 𝜔𝑤 (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 

𝛼, from 29.2% to 36.0% for 𝛼𝐵, from 11.9% to 12.0% for 𝜔, and from 25.1% to 36.6% for 𝜔𝐵. 

And the percentage biases of 𝛼𝑤 (11.0%) and 𝜔𝑤 (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 𝛼 increased from 11.5% to 24.5%, 𝛼𝑤 increased 
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from 11.1% to 21.8%, 𝜔 increased from 11.9% to 25.0%, and 𝜔𝑤 increased from 11.3% to 

20.6%. However, under the same conditions, the percentage biases decreased from 29.2% to 

14.3% for 𝛼𝐵, and from 25.1% to 7.8% for 𝜔𝐵.  

  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 𝛼, from 29.2% to 48.9% for 𝛼𝐵, from 11.9% to 14.8% for 𝜔, 

and from 25.1% to 38.6% for 𝜔𝐵. However, the percentage biases of 𝛼𝑤 decreased from 11.0% 

to 8.3% and of 𝜔𝑤 from 11.3% to 10.3%. Thus, the increase of the ICCs reduced the accuracy of 

the single-level reliability estimates 𝛼 and 𝜔, whereas the increase of the ICCs had a positive 

impact on the between-group level reliability estimates 𝛼𝐵 and 𝜔𝐵.  

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, 𝜔𝑤 and 𝜔𝐵. 

 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 𝛼 and 𝛼𝑤 increased from 1.5% to 4.6%, and the percentage 

bias of 𝛼𝐵 increased from 1.5% to 8.2%. And under the same conditions, the percentage biases 

of 𝜔 and 𝜔𝑤 increased from 0% to 3.5%, and the percentage bias of 𝜔𝐵 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 𝛼𝐵 and from 

7.7% to 5.7% for 𝜔𝐵. And the percentage biases of 𝛼 (4.6%), 𝛼𝑤 (4.6%), 𝜔 (3.6%), and 𝜔𝑤 

(3.5%) did not change between the two conditions. In addition, comparing Condition #147 with 

Condition #165 (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 𝛼𝑤, from 8.2% to 5.4% for 𝛼𝐵, and from 

7.7% to 4.8% for 𝜔𝐵.  

 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 ICCs increased from .050 to .296 (i.e., Conditions 

#147, #150, #153), the percentage biases increased from 4.6% to 17.4% for 𝛼, from 4.6% to 

20.8% for 𝛼𝑤, from 3.6% to 18.0% for 𝜔, and from 3.5% to 21.3% for 𝜔𝑤. However, the 
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percentage biases of 𝛼𝐵 (8.2% to 2.2%) and 𝜔𝐵 (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 𝛼 (4.6% to 6.0%) and 

𝜔 (3.6% to 6.5%) increased, while the percentage biases of 𝛼𝐵 (8.2% to 6.6%) and 𝜔𝐵 (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 𝛼, and the within-group and between-group level coefficient 

alpha 𝛼𝑤 and 𝛼𝐵 were estimated from the fully saturated model, the results showed a perfect 

model fit. However, the single-level coefficient omega 𝜔 and the within-group and between-

group level coefficient omega 𝜔𝑤 and 𝜔𝐵 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 𝜔𝐵 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 𝜔𝐵 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 𝜔𝐵 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 [MNAR]), 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 𝜔𝑤 and 𝜔𝐵.  

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 

(𝜔𝑤=.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 (𝛼𝑤=.372, 𝜔𝑤=.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 

(𝛼𝐵=.372, 𝜔𝐵=.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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Jöreskog, 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 𝛼 (Deng & Chan, 2017, Duun et al., 

2014; Green & Yang, 2009a; Raykov & Marcoulides, 2015), and the level-specific coefficient 

alpha 𝛼𝑤, 𝛼𝐵 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 

et al., 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 

Table 1 

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 Other students left me out of things on purpose. 

ST038_2 Other students made fun of me. 

ST038_3 I was threatened by other students. 

ST038_4 Other students took away or destroyed things that belonged to me. 

ST038_5 I got hit or pushed around by other students. 

ST038_6 Other students spread nasty rumors about me. 

IC013 

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 I forget about time when I’m using digital devices. 

IC013_2 The Internet is a great resource for obtaining information I am interested in (e.g., 

news, sports, dictionary). 

IC013_3 It is very useful to have social networks on the Internet. 

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

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

IC013_6 I like using digital devices. 
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Table 2 

Descriptive Statistics of Six Items of ST038 and IC013 for Empirical Data Analysis  

ST038 
N_Response N_Student 

(%) 

N_Missing 

(%) 

Mean 

(S.D.) 1* (%) 2* (%) 3* (%) 4* (%) 

ST038_1 
2,844 

(58.8) 

1,151 

(23.8) 

407 

(8.4) 

176 

(3.6) 

4,578 

(94.6) 

260 

(5.4) 

1.5  

(0.8) 

ST038_2 
2,651 

(54.8) 

1,125 

(23.3) 

465 

(9.6) 

315 

(6.5) 

4,556 

(94.2) 

282 

(5.8) 

1.7  

(0.9) 

ST038_3 
3,710 

(76.7) 

552 

(11.4) 

204 

(4.2) 

98 

(2.0) 

4,564 

(94.3) 

274 

(5.7) 

1.3  

(0.6) 

ST038_4 
3,871 

(80.0) 

483 

(10.0) 

162 

(3.3) 

57 

(1.2) 

4,573 

(94.5) 

265 

(5.5) 

1.2  

(0.6) 

ST038_5 
3,858 

(79.7) 

454 

(9.4) 

174 

(3.6) 

86 

(1.8) 

4,572 

(94.5) 

266 

(5.5) 

1.2  

(0.6) 

ST038_6 
3,315 

(68.5) 

772 

(16.0) 

313 

(6.5) 

171 

(3.5) 

4,571 

(94.5) 

267 

(5.5) 

1.4  

(0.8) 

IC013 
N_Response N_Student 

(%) 

N_Missing 

(%) 

Mean 

(S.D.) 1** (%) 2** (%) 3** (%) 4** (%) 

IC013_1 
399 

(8.2) 

1,443 

(29.8) 

1,992 

(41.2) 

579 

(12.0) 

4,413  

(91.2) 

425  

(8.8) 

2.6  

(0.8) 

IC013_2 
132 

(2.7) 

390 

(8.1) 

2,373 

(49.0) 

1,505 

(31.1) 

4,400  

(90.9) 

438  

(9.1) 

3.2  

(0.7) 

IC013_3 
167 

(3.5) 

465 

(9.6) 

2,591 

(53.6) 

1,150 

(23.8) 

4,373  

(90.4) 

465  

(9.6) 

3.1  

(0.7) 

IC013_4 
202 

(4.2) 

962 

(19.9) 

2,321 

(48.0) 

897 

(18.5) 

4,382  

(90.6) 

456  

(9.4) 

2.9  

(0.8) 

IC013_5 
371 

(7.7) 

1,573 

(32.5) 

1,758 

(36.3) 

701 

(14.5) 

4,403  

(91.0) 

435  

(9.0) 

2.6  

(0.8) 

IC013_6 
126 

(2.6) 

295 

(6.1) 

2,432 

(50.3) 

1,548 

(32.0) 

4,401  

(91.0) 

437  

(9.0) 

3.2  

(0.7) 

Note. ST038=During the past 12 months, how often have you had the following experiences in 

school?; IC013=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 IC013, 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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Table 3 

ICC Values, Model-fit Indices, and Reliability Estimates of ST038 and IC013 

 LD Method 

 ST038 (ICC=.003) IC013 (ICC=.029) 

 Est. CFI TLI RMSEA Est. CFI TLI RMSEA 

𝛼  .859 1.000 1.000 .000 .825 1.000 1.000 .000 

𝛼𝑤 .856 1.000 1.000 .000 .821 1.000 1.000 .000 

𝛼𝐵 .940 - - - .928 - - - 

𝜔  .847 .906 .843 .159 .808 .962 .936 .091 

𝜔𝑤 .849 .895 .824 .097 .805 .958 .930 .063 

𝜔𝐵 .754 - - - .947 - - - 

 FIML Method 

 ST038 (ICC=.005) IC013 (ICC=.029) 

 Est. CFI TLI RMSEA Est. CFI TLI RMSEA 

𝛼  .860 1.000 1.000 .000 .823 1.000 1.000 .000 

𝛼𝑤 .858 1.000 1.000 .000 .819 1.000 1.000 .000 

𝛼𝐵 .944 - - - .924 - - - 

𝜔  .848 .908 .847 .157 .806 .962 .937 .089 

𝜔𝑤 .850 .895 .824 .098 .803 .958 .930 .061 

𝜔𝐵 .833 - - - .944 - - - 

Note. ST038=During the past 12 months, how often have you had the following experiences in 

school?; IC013=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; CFI=comparative fit index, TLI=Tucker-Lewis index, RMSEA=root mean square error 

of approximation; 𝛼=single-level alpha, 𝛼𝑤=within-group level alpha, 𝛼𝐵=between-group level 

alpha, 𝜔=single-level omega, 𝜔𝑤=within-group level omega, 𝜔𝐵=between-group level omega. 
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Table 4 

Population Values for ICCs and Reliabilities by Factor Loadings and Error Variances  

(1) Same Between-group Level Parameters, but Different Within-group Level Parameters 

ICC Reliability Parameters 

.050 𝛼 = .852 𝛼 = 𝛼𝑤(1 − 𝐼𝐶𝐶) + 𝛼𝐵 ∗ 𝐼𝐶𝐶 

 𝜔 = .854 𝜔 = 𝜔𝑤(1 − 𝐼𝐶𝐶) + 𝜔𝐵 ∗ 𝐼𝐶𝐶 

 𝛼𝑤 = .852 𝜆𝑤1 = 𝜆𝑤2 = .599, 𝜆𝑤3 = 𝜆𝑤4 = .699, 𝜆𝑤5 = 𝜆𝑤6 = .799 

 𝛼𝐵 = .850 𝜃𝑤11 = 𝜃𝑤22 = .451, 𝜃𝑤33 = 𝜃𝑤44 = .501, 𝜃𝑤55 = 𝜃𝑤66 = .551 

 𝜔𝑤 = .854 𝜆𝐵1 = 𝜆𝐵2 = .137,  𝜆𝐵3 = 𝜆𝐵4 = .160, 𝜆𝐵5 = 𝜆𝐵6 = .183 

 𝜔𝐵 = .852 𝜃𝐵11 = 𝜃𝐵22 = .019, 𝜃𝐵33 = 𝜃𝐵44 = .027, 𝜃𝐵55 = 𝜃𝐵66 = .034 

.111 𝛼 = .687 𝛼 = 𝛼𝑤(1 − 𝐼𝐶𝐶) + 𝛼𝐵 ∗ 𝐼𝐶𝐶 

 𝜔 = .687 𝜔 = 𝜔𝑤(1 − 𝐼𝐶𝐶) + 𝜔𝐵 ∗ 𝐼𝐶𝐶 

 𝛼𝑤 = .667 𝜆𝑤1 = 𝜆𝑤2 = .388, 𝜆𝑤3 = 𝜆𝑤4 = .399, 𝜆𝑤5 = 𝜆𝑤6 = .413 

 𝛼𝐵 = .850 𝜃𝑤11 = 𝜃𝑤22 = .468, 𝜃𝑤33 = 𝜃𝑤44 = .479, 𝜃𝑤55 = 𝜃𝑤66 = .493 

 𝜔𝑤 = .667 𝜆𝐵1 = 𝜆𝐵2 = .137,  𝜆𝐵3 = 𝜆𝐵4 = .160, 𝜆𝐵5 = 𝜆𝐵6 = .183 

 𝜔𝐵 = .852 𝜃𝐵11 = 𝜃𝐵22 = .019, 𝜃𝐵33 = 𝜃𝐵44 = .027, 𝜃𝐵55 = 𝜃𝐵66 = .034 

.296 𝛼 = .514 𝛼 = 𝛼𝑤(1 − 𝐼𝐶𝐶) + 𝛼𝐵 ∗ 𝐼𝐶𝐶 

 𝜔 = .517 𝜔 = 𝜔𝑤(1 − 𝐼𝐶𝐶) + 𝜔𝐵 ∗ 𝐼𝐶𝐶 

 𝛼𝑤 = .372 𝜆𝑤1 = 𝜆𝑤2 = .121, 𝜆𝑤3 = 𝜆𝑤4 = .164, 𝜆𝑤5 = 𝜆𝑤6 = .207 

 𝛼𝐵 = .850 𝜃𝑤11 = 𝜃𝑤22 = .253, 𝜃𝑤33 = 𝜃𝑤44 = .268, 𝜃𝑤55 = 𝜃𝑤66 = .283 

 𝜔𝑤 = .376 𝜆𝐵1 = 𝜆𝐵2 = .137,  𝜆𝐵3 = 𝜆𝐵4 = .160, 𝜆𝐵5 = 𝜆𝐵6 = .183 

 𝜔𝐵 = .852 𝜃𝐵11 = 𝜃𝐵22 = .019, 𝜃𝐵33 = 𝜃𝐵44 = .027, 𝜃𝐵55 = 𝜃𝐵66 = .034 

(2) Same Within-group Level Parameters, but Different Between-group Level Parameters 

ICC Reliability Parameters 

.050 𝛼 = 0.852 𝛼 = 𝛼𝑤(1 − 𝐼𝐶𝐶) + 𝛼𝐵 ∗ 𝐼𝐶𝐶 

 𝜔 = .854 𝜔 = 𝜔𝑤(1 − 𝐼𝐶𝐶) + 𝜔𝐵 ∗ 𝐼𝐶𝐶 

 𝛼𝑤 = .852 𝜆𝑤1 = 𝜆𝑤2 = .599, 𝜆𝑤3 = 𝜆𝑤4 = .699, 𝜆𝑤5 = 𝜆𝑤6 = .799 

 𝛼𝐵 = .850 𝜃𝑤11 = 𝜃𝑤22 = 0.451, 𝜃𝑤33 = 𝜃𝑤44 = 0.501, 𝜃𝑤55 = 𝜃𝑤66 = .551 

 𝜔𝑤 = .854 𝜆𝐵1 = 𝜆𝐵2 = .137,  𝜆𝐵3 = 𝜆𝐵4 = .160, 𝜆𝐵5 = 𝜆𝐵6 = .183 

 𝜔𝐵 = .852 𝜃𝐵11 = 𝜃𝐵22 = .019, 𝜃𝐵33 = 𝜃𝐵44 = .027, 𝜃𝐵55 = 𝜃𝐵66 = .034 

.111 𝛼 = .798 𝛼 = 𝛼𝑤(1 − 𝐼𝐶𝐶) + 𝛼𝐵 ∗ 𝐼𝐶𝐶 

 𝜔 = .801 𝜔 = 𝜔𝑤(1 − 𝐼𝐶𝐶) + 𝜔𝐵 ∗ 𝐼𝐶𝐶 

 𝛼𝑤 = .852 𝜆𝑤1 = 𝜆𝑤2 = .599, 𝜆𝑤3 = 𝜆𝑤4 = .699, 𝜆𝑤5 = 𝜆𝑤6 = .799 

 𝛼𝐵 = .372 𝜃𝑤11 = 𝜃𝑤22 = 0.451, 𝜃𝑤33 = 𝜃𝑤44 = 0.501, 𝜃𝑤55 = 𝜃𝑤66 = .551 

 𝜔𝑤 = .854 𝜆𝐵1 = 𝜆𝐵2 = .121,  𝜆𝐵3 = 𝜆𝐵4 = .164, 𝜆𝐵5 = 𝜆𝐵6 = .207 

 𝜔𝐵 = .376 𝜃𝐵11 = 𝜃𝐵22 = .253, 𝜃𝐵33 = 𝜃𝐵44 = .268, 𝜃𝐵55 = 𝜃𝐵66 = .283 

.296 𝛼 = .797 𝛼 = 𝛼𝑤(1 − 𝐼𝐶𝐶) + 𝛼𝐵 ∗ 𝐼𝐶𝐶 

 𝜔 = .799 𝜔 = 𝜔𝑤(1 − 𝐼𝐶𝐶) + 𝜔𝐵 ∗ 𝐼𝐶𝐶 

 𝛼𝑤 = .852 𝜆𝑤1 = 𝜆𝑤2 = .599, 𝜆𝑤3 = 𝜆𝑤4 = .699, 𝜆𝑤5 = 𝜆𝑤6 = .799 

 𝛼𝐵 = .667 𝜃𝑤11 = 𝜃𝑤22 = .451, 𝜃𝑤33 = 𝜃𝑤44 = .501, 𝜃𝑤55 = 𝜃𝑤66 = .551 

 𝜔𝑤 = .854 𝜆𝐵1 = 𝜆𝐵2 = .388,  𝜆𝐵3 = 𝜆𝐵4 = .399, 𝜆𝐵5 = 𝜆𝐵6 = .413 

 𝜔𝐵 = .667 𝜃𝐵11 = 𝜃𝐵22 = .468, 𝜃𝐵33 = 𝜃𝐵44 = .479, 𝜃𝐵55 = 𝜃𝐵66 = .493 

Note. 𝛼=single-level coefficient alpha, 𝛼𝑤=within-group level coefficient alpha, 𝛼𝐵=between-group level 

coefficient alpha; 𝜔=single-level coefficient omega, 𝜔𝑤=within-group level coefficient omega, 

𝜔𝐵=between-group level coefficient omega; 𝐼𝐶𝐶=intra-class correlation; 𝜆𝑤𝑖=factor loadings at within-

group level, 𝜆𝐵𝑖=factor loadings at between-group level; 𝜃𝑤𝑖𝑖=error variances at within-group level, 

𝜃𝐵𝑖𝑖=error variances at between-group level. 
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Table 5 

Data Simulation Conditions under MCAR 

Cond# MDM SS ICC MDP Cond# MDM SS ICC MDP 

1 MCAR 750 .050(B) 0% 37 MCAR 750 .050(W) 0% 

2    15% 38    15% 

3    30% 39    30% 

4   .111(B) 0% 40   .111(W) 0% 

5    15% 41    15% 

6    30% 42    30% 

7   .296(B) 0% 43   .296(W) 0% 

8    15% 44    15% 

9    30% 45    30% 

10  1500(G100) .050(B) 0% 46  1500(G100) .050(W) 0% 

11    15% 47    15% 

12    30% 48    30% 

13   .111(B) 0% 49   .111(W) 0% 

14    15% 50    15% 

15    30% 51    30% 

16   .296(B) 0% 52   .296(W) 0% 

17    15% 53    15% 

18    30% 54    30% 

19  1500(G50) .050(B) 0% 55  1500(G50) .050(W) 0% 

20    15% 56    15% 

21    30% 57    30% 

22   .111(B) 0% 58   .111(W) 0% 

23    15% 59    15% 

24    30% 60    30% 

25   .296(B) 0% 61   .296(W) 0% 

26    15% 62    15% 

27    30% 63    30% 

28  3000 .050(B) 0% 64  3000 .050(W) 0% 

29    15% 65    15% 

30    30% 66    30% 

31   .111(B) 0% 67   .111(W) 0% 

32    15% 68    15% 

33    30% 69    30% 

34   .296(B) 0% 70   .296(W) 0% 

35    15% 71    15% 

36    30% 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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Table 6 

Data Simulation Conditions under MAR 

Cond# MDM SS ICC MDP Cond# MDM SS ICC MDP 

73 MAR 750 .050(B) 0% 109 MAR 750 .050(W) 0% 

74    15% 110    15% 

75    30% 111    30% 

76   .111(B) 0% 112   .111(W) 0% 

77    15% 113    15% 

78    30% 114    30% 

79   .296(B) 0% 115   .296(W) 0% 

80    15% 116    15% 

81    30% 117    30% 

82  1500(G100) .050(B) 0% 118  1500(G100) .050(W) 0% 

83    15% 119    15% 

84    30% 120    30% 

85   .111(B) 0% 121   .111(W) 0% 

86    15% 122    15% 

87    30% 123    30% 

88   .296(B) 0% 124   .296(W) 0% 

89    15% 125    15% 

90    30% 126    30% 

91  1500(G50) .050(B) 0% 127  1500(G50) .050(W) 0% 

92    15% 128    15% 

93    30% 129    30% 

94   .111(B) 0% 130   .111(W) 0% 

95    15% 131    15% 

96    30% 132    30% 

97   .296(B) 0% 133   .296(W) 0% 

98    15% 134    15% 

99    30% 135    30% 

100  3000 .050(B) 0% 136  3000 .050(W) 0% 

101    15% 137    15% 

102    30% 138    30% 

103   .111(B) 0% 139   .111(W) 0% 

104    15% 140    15% 

105    30% 141    30% 

106   .296(B) 0% 142   .296(W) 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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Table 7 

Data Simulation Conditions under MNAR 

Cond# MDM SS ICC MDP Cond# MDM SS ICC MDP 

145 MNAR 750 .050(B) 0% 181 MNAR 750 .050(W) 0% 

146    15% 182    15% 

147    30% 183    30% 

148   .111(B) 0% 184   .111(W) 0% 

149    15% 185    15% 

150    30% 186    30% 

151   .296(B) 0% 187   .296(W) 0% 

152    15% 188    15% 

153    30% 189    30% 

154  1500(G100) .050(B) 0% 190  1500(G100) .050(W) 0% 

155    15% 191    15% 

156    30% 192    30% 

157   .111(B) 0% 193   .111(W) 0% 

158    15% 194    15% 

159    30% 195    30% 

160   .296(B) 0% 196   .296(W) 0% 

161    15% 197    15% 

162    30% 198    30% 

163  1500(G50) .050(B) 0% 199  1500(G50) .050(W) 0% 

164    15% 200    15% 

165    30% 201    30% 

166   .111(B) 0% 202   .111(W) 0% 

167    15% 203    15% 

168    30% 204    30% 

169   .296(B) 0% 205   .296(W) 0% 

170    15% 206    15% 

171    30% 207    30% 

172  3000 .050(B) 0% 208  3000 .050(W) 0% 

173    15% 209    15% 

174    30% 210    30% 

175   .111(B) 0% 211   .111(W) 0% 

176    15% 212    15% 

177    30% 213    30% 

178   .296(B) 0% 214   .296(W) 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. 
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Table 8 

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

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

1 MCAR 750 .050(B) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

2 
   

15 100.0 1.5 100.0 1.5 100.0 -3.1 

3 
   

30 100.0 1.4 100.0 1.4 100.0 -4.7 

4 
  

.111(B) 0 100.0 2.7 100.0 2.8 100.0 -0.2 

5 
   

15 100.0 2.5 100.0 2.7 100.0 -2.5 

6 
   

30 100.0 2.6 100.0 3.0 100.0 -7.1 

7 
  

.296(B) 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 5.7 100.0 -1.5 

10 
 

1500(G100) .050(B) 0 100.0 1.5 100.0 1.5 100.0 0.1 

11 
   

15 100.0 1.5 100.0 1.5 100.0 -1.0 

12 
   

30 100.0 1.5 100.0 1.4 100.0 -2.5 

13 
  

.111(B) 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 2.8 100.0 -2.5 

16 
  

.296(B) 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(G50) .050(B) 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 -1.0 

21 
   

30 100.0 1.5 100.0 1.5 100.0 -2.5 

22 
  

.111(B) 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 2.6 100.0 -1.4 

25 
  

.296(B) 0 100.0 3.6 100.0 5.2 100.0 1.5 

26 
   

15 100.0 3.5 100.0 4.9 100.0 1.5 

27 
   

30 100.0 3.3 100.0 4.9 100.0 0.8 

28 
 

3000 .050(B) 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 1.6 100.0 -1.1 

31 
  

.111(B) 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(B) 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 4.1 100.0 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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 9 

Results of 𝛼 under MCAR using LD for Same Within-Group Level Parameters Conditions 

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

37 MCAR 750 .050(W) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

38    15 100.0 1.5 100.0 1.4 100.0 -2.6 

39     30 100.0 1.4 100.0 1.4 100.0 -5.2 

40   .111(W) 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 1.2 100.0 19.2 

43   .296(W) 0 100.0 2.3 100.0 2.0 100.0 -0.5 

44    15 100.0 2.2 100.0 2.0 100.0 -1.1 

45       30 100.0 2.1 100.0 1.8 100.0 -2.5 

46   1500(G100) .050(W) 0 100.0 1.5 100.0 1.5 100.0 0.1 

47    15 100.0 1.5 100.0 1.5 100.0 -1.6 

48     30 100.0 1.4 100.0 1.4 100.0 -4.3 

49   .111(W) 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   .296(W) 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 2.0 100.0 -0.3 

55   1500(G50) .050(W) 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 -1.0 

57     30 100.0 1.5 100.0 1.5 100.0 -2.6 

58   .111(W) 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   .296(W) 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 1.9 100.0 -0.7 

64   3000 .050(W) 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 1.5 100.0 -1.3 

67   .111(W) 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   .296(W) 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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 10 

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

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

1 MCAR 750 .050(B) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

2 
   

15 100.0 -0.1 96.6 0.0 96.6 -4.4 

3 
   

30 99.1 -0.1 94.2 0.0 94.2 -3.6 

4 
  

.111(B) 0 100.0 -0.1 98.9 0.0 98.9 -0.4 

5 
   

15 99.8 -0.2 93.2 0.0 93.2 -1.9 

6 
   

30 97.2 0.1 77.5 0.8 77.5 -3.5 

7 
  

.296(B) 0 96.2 -0.6 82.6 0.6 82.6 0.3 

8 
   

15 91.0 -0.2 67.3 1.7 67.3 0.6 

9 
   

30 80.4 0.0 52.9 3.6 52.9 0.2 

10 
 

1500(G100) .050(B) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

11 
   

15 100.0 -0.1 99.7 0.0 99.7 -2.8 

12 
   

30 100.0 -0.1 98.6 0.0 98.6 -3.1 

13 
  

.111(B) 0 100.0 -0.1 100.0 -0.1 100.0 0.0 

14 
   

15 100.0 -0.2 99.6 -0.2 99.6 -0.3 

15 
   

30 100.0 -0.1 94.9 0.1 94.9 -1.4 

16 
  

.296(B) 0 99.7 -0.6 97.9 -0.1 97.9 0.1 

17 
   

15 98.4 -0.3 91.6 0.2 91.6 0.4 

18 
   

30 95.4 0.0 74.8 1.5 74.8 0.5 

19 
 

1500(G50) .050(B) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

20 
   

15 100.0 -0.1 99.4 0.0 99.4 -2.2 

21 
   

30 100.0 0.0 98.8 0.0 98.8 -3.8 

22 
  

.111(B) 0 100.0 -0.1 99.9 -0.2 99.9 0.0 

23 
   

15 100.0 -0.2 99.0 -0.2 99.0 -0.2 

24 
   

30 100.0 -0.2 95.7 -0.1 95.7 -1.0 

25 
  

.296(B) 0 99.5 -0.6 94.1 -0.1 94.1 0.1 

26 
   

15 98.0 -0.5 87.5 0.1 87.5 0.4 

27 
   

30 93.5 -0.3 69.8 1.3 69.8 0.4 

28 
 

3000 .050(B) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

29 
   

15 100.0 -0.1 99.7 0.0 99.7 -0.5 

30 
   

30 100.0 0.0 99.1 0.1 99.1 -3.0 

31 
  

.111(B) 0 100.0 0.0 100.0 -0.1 100.0 0.0 

32 
   

15 100.0 0.0 99.9 -0.1 99.9 -0.1 

33 
   

30 100.0 0.0 99.5 0.0 99.5 -0.1 

34 
  

.296(B) 0 100.0 -0.4 99.8 -0.1 99.8 0.0 

35 
   

15 100.0 -0.3 98.8 0.2 98.8 0.1 

36 
   

30 98.9 -0.1 94.5 0.6 94.5 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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 11 

Results of 𝜔 under MCAR using LD for Same Within-Group Level Parameters Conditions 

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

37 MCAR 750 .050(W) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

38    15 100.0 -0.1 98.1 0.0 98.1 -3.7 

39     30 99.5 -0.1 91.8 0.0 91.8 -3.8 

40   .111(W) 0 97.0 0.0 100.0 0.0 100.0 5.8 

41    15 95.0 0.0 98.1 0.0 98.1 6.6 

42     30 89.2 0.0 95.9 -0.1 95.9 12.1 

43   .296(W) 0 77.8 0.0 99.7 0.0 99.7 -1.8 

44    15 76.3 0.0 99.3 0.0 99.3 -2.7 

45       30 72.2 -0.1 97.9 -0.1 97.9 -4.2 

46   1500(G100) .050(W) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

47    15 100.0 -0.1 99.6 0.0 99.6 -3.2 

48     30 100.0 -0.2 98.4 0.0 98.4 -4.9 

49   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 1.1 

50    15 99.9 -0.1 98.9 0.0 98.9 1.8 

51     30 99.8 -0.2 96.2 -0.1 96.2 5.8 

52   .296(W) 0 99.2 -0.1 100.0 0.0 100.0 -0.6 

53    15 98.2 -0.1 99.9 -0.1 99.9 -0.8 

54       30 96.5 0.0 100.0 0.0 100.0 -2.2 

55   1500(G50) .050(W) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

56    15 100.0 -0.1 99.1 0.0 99.1 -3.1 

57     30 100.0 -0.1 97.7 0.0 97.7 -3.7 

58   .111(W) 0 98.4 0.0 99.9 0.0 99.9 6.3 

59    15 97.8 0.0 99.8 0.0 99.8 5.8 

60     30 96.0 0.1 98.4 0.0 98.4 7.1 

61   .296(W) 0 79.4 0.1 99.7 0.0 99.7 -0.9 

62    15 79.1 0.2 99.8 0.0 99.8 -1.2 

63       30 75.1 0.0 99.8 -0.1 99.8 -2.0 

64   3000 .050(W) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

65    15 100.0 0.0 100.0 0.0 100.0 -0.7 

66     30 100.0 0.0 99.7 0.0 99.7 -3.3 

67   .111(W) 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 0.0 99.4 0.0 99.4 2.0 

70   .296(W) 0 99.4 0.0 99.8 0.0 99.8 -0.4 

71    15 99.1 -0.1 100.0 0.0 100.0 -0.5 

72       30 98.3 0.0 99.9 0.0 99.9 -0.7 

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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 12 

Results of 𝛼 under MCAR using FIML for Same Between-Group Level Parameters Conditions 

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

1 MCAR 750 .050(B) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

2 
   

15 100.0 1.5 100.0 1.5 100.0 -2.2 

3 
   

30 100.0 1.5 100.0 1.5 100.0 -2.4 

4 
  

.111(B) 0 100.0 2.7 100.0 2.8 100.0 -0.2 

5 
   

15 100.0 2.6 100.0 2.7 100.0 -0.5 

6 
   

30 100.0 2.7 100.0 2.9 100.0 -0.6 

7 
  

.296(B) 0 100.0 3.4 100.0 5.3 100.0 1.2 

8 
   

15 100.0 3.4 100.0 5.4 100.0 1.2 

9 
   

30 100.0 3.3 100.0 5.0 100.0 1.3 

10 
 

1500(G100) .050(B) 0 100.0 1.5 100.0 1.5 100.0 0.1 

11 
   

15 100.0 1.5 100.0 1.5 100.0 -0.1 

12 
   

30 100.0 1.6 100.0 1.5 100.0 0.0 

13 
  

.111(B) 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(B) 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 5.4 100.0 1.7 

19 
 

1500(G50) .050(B) 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 
  

.111(B) 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(B) 0 100.0 3.6 100.0 5.2 100.0 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(B) 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(B) 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(B) 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 4.1 100.0 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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 13 

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

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

37 MCAR 750 .050(W) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

38    15 100.0 1.5 100.0 1.5 100.0 -1.9 

39     30 100.0 1.5 100.0 1.5 100.0 -2.4 

40   .111(W) 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   .296(W) 0 100.0 2.3 100.0 2.0 100.0 -0.5 

44    15 100.0 2.3 100.0 2.0 100.0 -0.6 

45       30 100.0 2.3 100.0 2.0 100.0 -0.6 

46   1500(G100) .050(W) 0 100.0 1.5 100.0 1.5 100.0 0.1 

47    15 100.0 1.5 100.0 1.5 100.0 -0.1 

48     30 100.0 1.5 100.0 1.5 100.0 -0.1 

49   .111(W) 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   .296(W) 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(G50) .050(W) 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   .111(W) 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 3.5 

61   .296(W) 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 .050(W) 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   .111(W) 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   .296(W) 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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 14 

Results of 𝜔 under MCAR using FIML for Same Between-Group Level Parameters Conditions 

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

1 MCAR 750 .050(B) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

2 
   

15 100.0 -0.1 99.3 0.0 99.3 -3.6 

3 
   

30 100.0 -0.1 98.9 0.0 98.9 -3.9 

4 
  

.111(B) 0 100.0 -0.1 98.9 0.0 98.9 -0.4 

5 
   

15 100.0 -0.1 98.5 0.0 98.5 -0.5 

6 
   

30 100.0 0.0 97.5 0.1 97.5 -0.6 

7 
  

.296(B) 0 96.2 -0.6 82.6 0.6 82.6 0.3 

8 
   

15 94.9 -0.4 77.1 1.2 77.1 0.4 

9 
   

30 91.6 -0.3 74.8 0.8 74.8 0.4 

10 
 

1500(G100) .050(B) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

11 
   

15 100.0 -0.1 100.0 0.0 100.0 -1.6 

12 
   

30 100.0 -0.1 99.4 0.0 99.4 -1.2 

13 
  

.111(B) 0 100.0 -0.1 100.0 -0.1 100.0 0.0 

14 
   

15 100.0 -0.1 99.8 -0.1 99.8 0.1 

15 
   

30 100.0 0.0 99.8 -0.1 99.8 0.1 

16 
  

.296(B) 0 99.7 -0.6 97.9 -0.1 97.9 0.1 

17 
   

15 99.7 -0.4 96.1 0.1 96.1 0.2 

18 
   

30 98.9 -0.4 95.5 0.1 95.5 0.2 

19 
 

1500(G50) .050(B) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

20 
   

15 100.0 -0.1 100.0 0.0 100.0 -1.2 

21 
   

30 100.0 -0.1 99.5 0.0 99.5 -1.0 

22 
  

.111(B) 0 100.0 -0.1 99.9 -0.2 99.9 0.0 

23 
   

15 100.0 -0.1 100.0 -0.2 100.0 0.1 

24 
   

30 100.0 -0.1 99.9 -0.2 99.9 0.2 

25 
  

.296(B) 0 99.5 -0.6 94.1 -0.1 94.1 0.1 

26 
   

15 99.5 -0.6 92.1 -0.1 92.1 0.2 

27 
   

30 98.6 -0.5 89.7 0.4 89.7 0.2 

28 
 

3000 .050(B) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

29 
   

15 100.0 -0.1 100.0 0.0 100.0 -0.3 

30 
   

30 100.0 -0.1 99.9 0.0 99.9 -0.2 

31 
  

.111(B) 0 100.0 0.0 100.0 -0.1 100.0 0.0 

32 
   

15 100.0 0.0 100.0 -0.1 100.0 0.0 

33 
   

30 100.0 0.0 100.0 -0.1 100.0 0.1 

34 
  

.296(B) 0 100.0 -0.4 99.8 -0.1 99.8 0.0 

35 
   

15 100.0 -0.4 99.9 0.0 99.9 0.0 

36 
   

30 100.0 -0.3 99.7 0.1 99.7 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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 15 

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

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

37 MCAR 750 .050(W) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

38    15 100.0 -0.1 99.0 0.0 99.0 -3.7 

39     30 100.0 -0.1 99.0 0.0 99.0 -3.4 

40   .111(W) 0 100.0 0.0 100.0 0.0 100.0 5.8 

41    15 99.1 0.0 99.8 0.0 99.8 5.6 

42     30 97.0 0.0 99.5 0.0 99.5 6.6 

43   .296(W) 0 93.5 0.0 99.7 0.0 99.7 -1.8 

44    15 87.3 0.0 99.6 0.0 99.6 -1.8 

45       30 77.8 0.0 99.7 0.0 99.7 -2.0 

46   1500(G100) .050(W) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

47    15 100.0 -0.1 99.6 0.0 99.6 -1.6 

48     30 100.0 -0.1 99.7 0.0 99.7 -1.3 

49   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 1.1 

50    15 100.0 -0.1 99.8 0.0 99.8 1.2 

51     30 100.0 -0.1 99.9 0.0 99.9 1.5 

52   .296(W) 0 99.9 -0.1 100.0 0.0 100.0 -0.6 

53    15 99.5 -0.1 99.8 0.0 99.8 -0.6 

54       30 99.2 0.0 99.9 0.0 99.9 -0.7 

55   1500(G50) .050(W) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

56    15 100.0 -0.1 99.6 0.0 99.6 -1.2 

57     30 100.0 -0.1 99.9 0.0 99.9 -1.2 

58   .111(W) 0 99.9 0.0 99.9 0.0 99.9 6.3 

59    15 99.6 0.0 99.9 0.0 99.9 6.4 

60     30 98.4 0.0 99.8 0.0 99.8 6.1 

61   .296(W) 0 94.3 0.1 100.0 0.0 100.0 -0.9 

62    15 88.5 0.1 99.9 0.0 99.9 -0.9 

63       30 79.4 0.0 99.7 0.0 99.7 -0.9 

64   3000 .050(W) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

65    15 100.0 -0.1 100.0 0.0 100.0 -0.3 

66     30 100.0 -0.1 100.0 0.0 100.0 -0.3 

67   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 2.5 

68    15 100.0 -0.1 100.0 0.0 100.0 2.4 

69     30 100.0 -0.1 99.9 0.0 99.9 2.5 

70   .296(W) 0 99.9 0.0 100.0 0.0 100.0 -0.4 

71    15 99.7 0.0 100.0 0.0 100.0 -0.4 

72       30 99.4 0.0 99.8 0.0 99.8 -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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 16 

Results of 𝛼 under MAR using LD for Same Between-Group Level Parameters Conditions 

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

73 MAR 750 .050(B) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

74 
   

15 100.0 -6.3 100.0 -6.2 100.0 -14.7 

75 
   

30 100.0 -10.6 100.0 -10.6 100.0 -20.7 

76 
  

.111(B) 0 100.0 2.7 100.0 2.8 100.0 -0.2 

77 
   

15 100.0 -9.2 100.0 -8.6 100.0 -13.3 

78 
   

30 100.0 -15.2 100.0 -14.6 100.0 -22.7 

79 
  

.296(B) 0 100.0 3.4 100.0 5.3 100.0 1.2 

80 
   

15 100.0 -12.6 100.0 -13.5 100.0 -5.2 

81 
   

30 100.0 -20.1 100.0 -21.5 100.0 -12.2 

82 
 

1500(G100) .050(B) 0 100.0 1.5 100.0 1.5 100.0 0.1 

83 
   

15 100.0 -6.3 100.0 -6.2 100.0 -14.8 

84 
   

30 100.0 -10.6 100.0 -10.4 100.0 -20.3 

85 
  

.111(B) 0 100.0 2.7 100.0 2.7 100.0 1.4 

86 
   

15 100.0 -9.2 100.0 -8.7 100.0 -10.8 

87 
   

30 100.0 -14.9 100.0 -14.2 100.0 -20.0 

88 
  

.296(B) 0 100.0 3.7 100.0 5.3 100.0 1.7 

89 
   

15 100.0 -12.4 100.0 -14.0 100.0 -3.7 

90 
   

30 100.0 -19.5 100.0 -21.4 100.0 -9.1 

91 
 

1500(G50) .050(B) 0 100.0 1.5 100.0 1.5 100.0 0.1 

92 
   

15 100.0 -6.3 100.0 -6.2 100.0 -15.4 

93 
   

30 100.0 -10.6 100.0 -10.5 100.0 -20.0 

94 
  

.111(B) 0 100.0 2.7 100.0 2.7 100.0 1.2 

95 
   

15 100.0 -9.3 100.0 -8.9 100.0 -10.3 

96 
   

30 100.0 -15.0 100.0 -14.5 100.0 -18.6 

97 
  

.296(B) 0 100.0 3.6 100.0 5.2 100.0 1.5 

98 
   

15 100.0 -12.5 100.0 -14.4 100.0 -3.7 

99 
   

30 100.0 -19.7 100.0 -22.4 100.0 -8.4 

100 
 

3000 .050(B) 0 100.0 1.6 100.0 1.5 100.0 1.2 

101 
   

15 100.0 -6.2 100.0 -6.1 100.0 -14.2 

102 
   

30 100.0 -10.5 100.0 -10.3 100.0 -20.2 

103 
  

.111(B) 0 100.0 2.8 100.0 2.8 100.0 1.7 

104 
   

15 100.0 -9.0 100.0 -8.7 100.0 -8.2 

105 
   

30 100.0 -14.6 100.0 -14.2 100.0 -15.3 

106 
  

.296(B) 0 100.0 4.0 100.0 5.6 100.0 1.8 

107 
   

15 100.0 -11.8 100.0 -13.8 100.0 -3.1 

108 
   

30 100.0 -18.7 100.0 -21.6 100.0 -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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 17 

Results of 𝛼 under MAR using LD for Same Within-Group Level Parameters Conditions 

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

109 MAR 750 .050(W) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

110    15 100.0 -6.3 100.0 -6.2 100.0 -14.7 

111     30 100.0 -10.6 100.0 -10.6 100.0 -20.7 

112   .111(W) 0 100.0 2.0 100.0 1.5 100.0 5.8 

113    15 100.0 -7.9 100.0 -5.7 100.0 -28.8 

114     30 100.0 -13.0 100.0 -10.1 100.0 -25.8 

115   .296(W) 0 100.0 2.3 100.0 2.0 100.0 -0.5 

116    15 100.0 -7.0 100.0 -3.3 100.0 -37.8 

117       30 100.0 -11.8 100.0 -6.6 100.0 -46.7 

118   1500(G100) .050(W) 0 100.0 1.5 100.0 1.5 100.0 0.1 

119    15 100.0 -6.3 100.0 -6.2 100.0 -14.8 

120     30 100.0 -10.6 100.0 -10.4 100.0 -20.3 

121   .111(W) 0 100.0 1.9 100.0 1.5 100.0 0.7 

122    15 100.0 -8.0 100.0 -5.6 100.0 -43.3 

123     30 100.0 -13.1 100.0 -9.8 100.0 -41.1 

124   .296(W) 0 100.0 2.3 100.0 2.0 100.0 1.2 

125    15 100.0 -7.0 100.0 -3.3 100.0 -38.2 

126       30 100.0 -11.6 100.0 -6.4 100.0 -50.1 

127   1500(G50) .050(W) 0 100.0 1.5 100.0 1.5 100.0 0.1 

128    15 100.0 -6.3 100.0 -6.2 100.0 -15.4 

129     30 100.0 -10.6 100.0 -10.5 100.0 -20.0 

130   .111(W) 0 100.0 2.0 100.0 1.5 100.0 3.1 

131    15 100.0 -7.9 100.0 -5.6 100.0 -37.2 

132     30 100.0 -12.9 100.0 -9.7 100.0 -37.5 

133   .296(W) 0 100.0 2.3 100.0 2.0 100.0 0.4 

134    15 100.0 -6.9 100.0 -3.3 100.0 -37.0 

135       30 100.0 -11.5 100.0 -6.4 100.0 -49.1 

136   3000 .050(W) 0 100.0 1.6 100.0 1.5 100.0 1.2 

137    15 100.0 -6.2 100.0 -6.1 100.0 -14.2 

138     30 100.0 -10.5 100.0 -10.3 100.0 -20.2 

139   .111(W) 0 100.0 2.0 100.0 1.5 100.0 1.7 

140    15 100.0 -7.9 100.0 -5.5 100.0 -51.3 

141     30 100.0 -12.9 100.0 -9.5 100.0 -50.5 

142   .296(W) 0 100.0 2.4 100.0 2.1 100.0 1.7 

143    15 100.0 -6.8 100.0 -3.2 100.0 -36.6 

144       30 100.0 -11.4 100.0 -6.3 100.0 -51.6 

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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 18 

Results of 𝜔 under MAR using LD for Same Between-Group Level Parameters Conditions 

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

73 MAR 750 .050(B) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

74 
   

15 100.0 -8.5 97.8 -8.3 97.8 -15.1 

75 
   

30 100.0 -13.0 92.9 -12.7 92.9 -17.3 

76 
  

.111(B) 0 100.0 -0.1 98.9 0.0 98.9 -0.4 

77 
   

15 98.3 -12.2 83.4 -11.4 83.4 -11.7 

78 
   

30 90.5 -17.7 63.9 -16.5 63.9 -16.7 

79 
  

.296(B) 0 96.2 -0.6 82.6 0.6 82.6 0.3 

80 
   

15 80.9 -16.0 55.8 -16.2 55.8 -3.9 

81 
   

30 70.0 -22.5 39.8 -20.8 39.8 -7.4 

82 
 

1500(G100) .050(B) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

83 
   

15 100.0 -8.5 99.0 -8.3 99.0 -15.4 

84 
   

30 100.0 -13.1 97.1 -12.8 97.1 -19.6 

85 
  

.111(B) 0 100.0 -0.1 100.0 -0.1 100.0 0.0 

86 
   

15 100.0 -12.4 97.8 -11.9 97.8 -10.2 

87 
   

30 98.4 -17.9 86.5 -17.0 86.5 -17.6 

88 
  

.296(B) 0 99.7 -0.6 97.9 -0.1 97.9 0.1 

89 
   

15 92.8 -16.4 79.1 -17.4 79.1 -3.9 

90 
   

30 79.9 -22.7 56.3 -23.9 56.3 -7.0 

91 
 

1500(G50) .050(B) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

92 
   

15 100.0 -8.5 99.2 -8.3 99.2 -15.2 

93 
   

30 100.0 -13.0 98.3 -12.8 98.3 -18.8 

94 
  

.111(B) 0 100.0 -0.1 99.9 -0.2 99.9 0.0 

95 
   

15 99.9 -12.4 97.1 -12.1 97.1 -9.7 

96 
   

30 97.7 -17.9 83.8 -17.3 83.8 -14.2 

97 
  

.296(B) 0 99.5 -0.6 94.1 -0.1 94.1 0.1 

98 
   

15 90.2 -16.3 74.6 -17.6 74.6 -3.6 

99 
   

30 80.8 -23.0 50.4 -24.7 50.4 -5.6 

100 
 

3000 .050(B) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

101 
   

15 100.0 -8.5 99.6 -8.2 99.6 -13.0 

102 
   

30 100.0 -13.0 99.5 -12.7 99.5 -18.1 

103 
  

.111(B) 0 100.0 0.0 100.0 -0.1 100.0 0.0 

104 
   

15 100.0 -12.2 100.0 -12.0 100.0 -8.9 

105 
   

30 99.9 -17.8 97.9 -17.4 97.9 -13.7 

106 
  

.296(B) 0 100.0 -0.4 99.8 -0.1 99.8 0.0 

107 
   

15 98.6 -16.3 94.8 -18.0 94.8 -3.9 

108 
   

30 93.0 -22.8 78.1 -25.6 78.1 -6.5 

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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 19 

Results of 𝜔 under MAR using LD for Same Within-Group Level Parameters Conditions 

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

109 MAR 750 .050(W) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

110    15 100.0 -8.5 97.8 -8.3 97.8 -15.1 

111     30 100.0 -13.0 92.8 -12.7 92.8 -17.3 

112   .111(W) 0 97.0 0.0 100.0 0.0 100.0 5.8 

113    15 96.4 -10.5 98.3 -7.8 98.3 -20.7 

114     30 87.6 -15.6 95.0 -12.3 95.0 -17.0 

115   .296(W) 0 77.8 0.0 99.7 0.0 99.7 -1.8 

116    15 77.0 -9.2 99.8 -5.4 99.8 -36.5 

117       30 63.4 -13.3 97.8 -8.6 97.8 -44.0 

118   1500(G100) .050(W) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

119    15 100.0 -8.5 99.0 -8.3 99.0 -15.4 

120     30 100.0 -13.1 97.1 -12.8 97.1 -19.6 

121   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 1.1 

122    15 100.0 -10.7 99.2 -7.8 99.2 -29.2 

123     30 98.2 -15.9 97.8 -12.3 97.8 -25.8 

124   .296(W) 0 99.2 -0.1 100.0 0.0 100.0 -0.6 

125    15 98.1 -9.5 99.7 -5.4 99.7 -37.3 

126       30 90.4 -13.8 99.4 -8.5 99.4 -45.7 

127   1500(G50) .050(W) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

128    15 100.0 -8.5 99.2 -8.3 99.2 -15.2 

129     30 100.0 -13.0 98.3 -12.8 98.3 -18.8 

130   .111(W) 0 98.4 0.0 99.9 0.0 99.9 6.3 

131    15 97.7 -10.5 99.6 -7.8 99.6 -26.3 

132     30 93.3 -15.7 99.1 -12.1 99.1 -23.5 

133   .296(W) 0 79.4 0.1 99.7 0.0 99.7 -0.9 

134    15 78.7 -9.1 99.7 -5.5 99.7 -34.6 

135       30 66.3 -13.3 99.9 -8.6 99.9 -43.5 

136   3000 .050(W) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

137    15 100.0 -8.5 99.6 -8.2 99.6 -13.0 

138     30 100.0 -13.0 99.5 -12.7 99.5 -18.1 

139   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 2.5 

140    15 100.0 -10.6 100.0 -7.7 100.0 -34.1 

141     30 100.0 -15.8 99.7 -12.0 99.7 -34.2 

142   .296(W) 0 99.4 0.0 99.8 0.0 99.8 -0.4 

143    15 99.3 -9.3 99.9 -5.4 99.9 -35.7 

144       30 94.8 -13.8 99.9 -8.5 99.9 -45.3 

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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 20 

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

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

73 MAR 750 .050(B) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

74 
   

15 100.0 1.5 100.0 1.5 100.0 -1.9 

75 
   

30 100.0 1.5 100.0 1.5 100.0 -2.3 

76 
  

.111(B) 0 100.0 2.7 100.0 2.8 100.0 -0.2 

77 
   

15 100.0 2.7 100.0 2.8 100.0 -0.4 

78 
   

30 100.0 2.6 100.0 2.8 100.0 -0.9 

79 
  

.296(B) 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(G100) .050(B) 0 100.0 1.5 100.0 1.5 100.0 0.1 

83 
   

15 100.0 1.5 100.0 1.5 100.0 -0.1 

84 
   

30 100.0 1.5 100.0 1.5 100.0 -0.2 

85 
  

.111(B) 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(B) 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(G50) .050(B) 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 
  

.111(B) 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(B) 0 100.0 3.6 100.0 5.2 100.0 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 1.5 

100 
 

3000 .050(B) 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(B) 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(B) 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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 21 

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

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

109 MAR 750 .050(W) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

110    15 100.0 1.5 100.0 1.5 100.0 -1.9 

111     30 100.0 1.5 100.0 1.5 100.0 -2.3 

112   .111(W) 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   .296(W) 0 100.0 2.3 100.0 2.0 100.0 -0.5 

116    15 100.0 2.2 100.0 2.0 100.0 -0.6 

117       30 100.0 2.2 100.0 2.0 100.0 -0.8 

118   1500(G100) .050(W) 0 100.0 1.5 100.0 1.5 100.0 0.1 

119    15 100.0 1.5 100.0 1.5 100.0 -0.1 

120     30 100.0 1.5 100.0 1.5 100.0 -0.2 

121   .111(W) 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   .296(W) 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   1500(G50) .050(W) 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   .111(W) 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 3.5 

132     30 100.0 2.0 100.0 1.5 100.0 3.8 

133   .296(W) 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 .050(W) 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   .111(W) 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   .296(W) 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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 22 

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

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

73 MAR 750 .050(B) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

74 
   

15 100.0 -0.1 99.1 0.0 99.1 -3.9 

75 
   

30 100.0 -0.1 98.0 0.0 98.0 -3.7 

76 
  

.111(B) 0 100.0 -0.1 98.9 0.0 98.9 -0.4 

77 
   

15 100.0 0.0 97.3 0.1 97.3 -0.5 

78 
   

30 99.9 0.0 96.2 0.2 96.2 -0.8 

79 
  

.296(B) 0 96.2 -0.6 82.6 0.6 82.6 0.3 

80 
   

15 92.5 -0.7 76.3 1.1 76.3 0.3 

81 
   

30 90.3 -0.6 72.9 1.3 72.9 0.3 

82 
 

1500(G100) .050(B) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

83 
   

15 100.0 -0.1 99.6 0.0 99.6 -1.7 

84 
   

30 100.0 -0.1 99.8 0.0 99.8 -1.4 

85 
  

.111(B) 0 100.0 -0.1 100.0 -0.1 100.0 0.0 

86 
   

15 100.0 -0.1 99.8 -0.1 99.8 0.1 

87 
   

30 100.0 -0.1 99.9 -0.1 99.9 0.1 

88 
  

.296(B) 0 99.7 -0.6 97.9 -0.1 97.9 0.1 

89 
   

15 99.1 -0.9 96.3 0.1 96.3 0.1 

90 
   

30 99.2 -1.0 94.3 0.2 94.3 0.1 

91 
 

1500(G50) .050(B) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

92 
   

15 100.0 -0.1 99.9 0.0 99.9 -1.1 

93 
   

30 100.0 -0.1 99.8 0.0 99.8 -1.0 

94 
  

.111(B) 0 100.0 -0.1 99.9 -0.2 99.9 0.0 

95 
   

15 100.0 -0.1 100.0 -0.2 100.0 0.0 

96 
   

30 100.0 0.0 99.6 -0.1 99.6 0.1 

97 
  

.296(B) 0 99.5 -0.6 94.1 -0.1 94.1 0.1 

98 
   

15 99.0 -1.1 91.6 0.1 91.6 0.1 

99 
   

30 98.8 -0.8 90.2 0.4 90.2 0.3 

100 
 

3000 .050(B) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

101 
   

15 100.0 -0.1 100.0 0.0 100.0 -0.3 

102 
   

30 100.0 0.0 100.0 0.0 100.0 -0.3 

103 
  

.111(B) 0 100.0 0.0 100.0 -0.1 100.0 0.0 

104 
   

15 100.0 0.0 100.0 -0.1 100.0 0.0 

105 
   

30 100.0 0.0 100.0 0.0 100.0 0.1 

106 
  

.296(B) 0 100.0 -0.4 99.8 -0.1 99.8 0.0 

107 
   

15 100.0 -0.8 99.6 0.0 99.6 0.0 

108 
   

30 100.0 -0.7 99.2 0.1 99.2 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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 23 

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

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

109 MAR 750 .050(W) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

110    15 100.0 -0.1 99.1 0.0 99.1 -3.9 

111     30 100.0 -0.1 100.0 1.5 100.0 -2.3 

112   .111(W) 0 97.0 0.0 100.0 0.0 100.0 5.8 

113    15 99.2 0.0 99.9 0.0 99.9 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 0.0 99.7 -1.8 

116    15 86.8 0.0 100.0 0.0 100.0 -2.1 

117       30 91.0 0.1 99.8 0.0 99.8 -2.0 

118   1500(G100) .050(W) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

119    15 100.0 -0.1 99.6 0.0 99.6 -1.7 

120     30 100.0 -0.1 99.8 0.0 99.8 -1.4 

121   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 1.1 

122    15 100.0 -0.1 99.7 0.0 99.7 1.4 

123     30 100.0 -0.1 99.9 0.0 99.9 1.5 

124   .296(W) 0 99.2 -0.1 100.0 0.0 100.0 -0.6 

125    15 99.7 -0.1 100.0 0.0 100.0 -0.7 

126       30 99.7 0.0 100.0 0.0 100.0 -0.7 

127   1500(G50) .050(W) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

128    15 100.0 -0.1 99.9 0.0 99.9 -1.1 

129     30 100.0 -0.1 99.8 0.0 99.8 -1.0 

130   .111(W) 0 98.4 0.0 99.9 0.0 99.9 6.3 

131    15 99.7 0.0 99.9 0.0 99.9 5.9 

132     30 99.9 0.0 99.5 0.0 99.5 6.5 

133   .296(W) 0 79.4 0.1 99.7 0.0 99.7 -0.9 

134    15 88.5 0.1 100.0 0.0 100.0 -0.8 

135       30 92.0 0.0 99.8 0.0 99.8 -0.8 

136   3000 .050(W) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

137    15 100.0 -0.1 100.0 0.0 100.0 -0.3 

138     30 100.0 0.0 100.0 0.0 100.0 -0.3 

139   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 2.5 

140    15 100.0 -0.1 99.9 0.0 99.9 2.5 

141     30 100.0 0.0 100.0 0.0 100.0 2.3 

142   .296(W) 0 99.4 0.0 99.8 0.0 99.8 -0.4 

143    15 99.7 0.0 100.0 0.0 100.0 -0.3 

144       30 99.8 0.0 100.0 0.0 100.0 -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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 24 

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

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

145 MNAR 750 .050(B) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

146 
   

15 100.0 -6.9 100.0 -6.6 100.0 -23.8 

147 
   

30 100.0 -11.5 100.0 -11.0 100.0 -29.2 

148 
  

.111(B) 0 100.0 2.7 100.0 2.8 100.0 -0.2 

149 
   

15 100.0 -11.1 100.0 -10.2 100.0 -17.0 

150 
   

30 100.0 -18.0 100.0 -17.0 100.0 -26.6 

151 
  

.296(B) 0 100.0 3.4 100.0 5.3 100.0 1.2 

152 
   

15 100.0 -15.3 100.0 -13.1 100.0 -5.7 

153 
   

30 100.0 -24.5 100.0 -21.8 100.0 -14.3 

154 
 

1500(G100) .050(B) 0 100.0 1.5 100.0 1.5 100.0 0.1 

155 
   

15 100.0 -6.9 100.0 -6.5 100.0 -26.8 

156 
   

30 100.0 -11.5 100.0 -11.0 100.0 -35.0 

157 
  

.111(B) 0 100.0 2.7 100.0 2.7 100.0 1.4 

158 
   

15 100.0 -11.1 100.0 -10.2 100.0 -14.4 

159 
   

30 100.0 -17.9 100.0 -16.9 100.0 -25.6 

160 
  

.296(B) 0 100.0 3.7 100.0 5.3 100.0 1.7 

161 
   

15 100.0 -15.0 100.0 -13.2 100.0 -4.3 

162 
   

30 100.0 -24.1 100.0 -22.1 100.0 -10.5 

163 
 

1500(G50) .050(B) 0 100.0 1.5 100.0 1.5 100.0 0.1 

164 
   

15 100.0 -6.9 100.0 -6.5 100.0 -27.7 

165 
   

30 100.0 -11.6 100.0 -11.0 100.0 -36.0 

166 
  

.111(B) 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 
   

30 100.0 -18.0 100.0 -16.9 100.0 -23.6 

169 
  

.296(B) 0 100.0 3.6 100.0 5.2 100.0 1.5 

170 
   

15 100.0 -15.2 100.0 -13.4 100.0 -4.1 

171 
   

30 100.0 -24.7 100.0 -22.5 100.0 -10.3 

172 
 

3000 .050(B) 0 100.0 1.6 100.0 1.5 100.0 1.2 

173 
   

15 100.0 -6.8 100.0 -6.4 100.0 -28.2 

174 
   

30 100.0 -11.4 100.0 -10.8 100.0 -39.9 

175 
  

.111(B) 0 100.0 2.8 100.0 2.8 100.0 1.7 

176 
   

15 100.0 -10.9 100.0 -10.1 100.0 -11.3 

177 
   

30 100.0 -17.6 100.0 -16.6 100.0 -20.9 

178 
  

.296(B) 0 100.0 4.0 100.0 5.6 100.0 1.8 

179 
   

15 100.0 -14.6 100.0 -13.0 100.0 -3.5 

180 
   

30 100.0 -23.4 100.0 -21.7 100.0 -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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 25 

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

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

181 MNAR 750 .050(W) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

182    15 100.0 -6.9 100.0 -6.6 100.0 -23.8 

183     30 100.0 -11.5 100.0 -11.0 100.0 -29.2 

184   .111(W) 0 100.0 2.0 100.0 1.5 100.0 5.8 

185    15 100.0 -8.2 100.0 -5.6 100.0 -39.9 

186     30 100.0 -13.4 100.0 -10.2 100.0 -38.3 

187   .296(W) 0 100.0 2.3 100.0 2.0 100.0 -0.5 

188    15 100.0 -8.4 100.0 -4.4 100.0 -38.4 

189       30 100.0 -14.2 100.0 -8.3 100.0 -48.9 

190   1500(G100) .050(W) 0 100.0 1.5 100.0 1.5 100.0 0.1 

191    15 100.0 -6.9 100.0 -6.5 100.0 -26.8 

192     30 100.0 -11.5 100.0 -11.0 100.0 -35.0 

193   .111(W) 0 100.0 1.9 100.0 1.5 100.0 0.7 

194    15 100.0 -8.2 100.0 -5.7 100.0 -58.7 

195     30 100.0 -13.4 100.0 -10.1 100.0 -58.0 

196   .296(W) 0 100.0 2.3 100.0 2.0 100.0 1.2 

197    15 100.0 -8.4 100.0 -4.3 100.0 -39.0 

198       30 100.0 -14.2 100.0 -8.2 100.0 -53.2 

199   1500(G50) .050(W) 0 100.0 1.5 100.0 1.5 100.0 0.1 

200    15 100.0 -6.9 100.0 -6.5 100.0 -27.7 

201     30 100.0 -11.6 100.0 -11.0 100.0 -36.0 

202   .111(W) 0 100.0 2.0 100.0 1.5 100.0 3.1 

203    15 100.0 -8.2 100.0 -5.6 100.0 -57.4 

204     30 100.0 -13.4 100.0 -10.0 100.0 -61.0 

205   .296(W) 0 100.0 2.3 100.0 2.0 100.0 0.4 

206    15 100.0 -8.5 100.0 -4.3 100.0 -39.0 

207       30 100.0 -14.2 100.0 -8.1 100.0 -52.8 

208   3000 .050(W) 0 100.0 1.6 100.0 1.5 100.0 1.2 

209    15 100.0 -6.8 100.0 -6.4 100.0 -28.2 

210     30 100.0 -11.4 100.0 -10.8 100.0 -39.9 

211   .111(W) 0 100.0 2.0 100.0 1.5 100.0 1.7 

212    15 100.0 -8.1 100.0 -5.5 100.0 -69.1 

213     30 100.0 -13.3 100.0 -9.6 100.0 -68.3 

214   .296(W) 0 100.0 2.4 100.0 2.1 100.0 1.7 

215    15 100.0 -8.3 100.0 -4.2 100.0 -38.2 

216       30 100.0 -14.0 100.0 -8.0 100.0 -55.5 

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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 26 

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

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

145 MNAR 750 .050(B) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

146 
   

15 100.0 -7.9 98.4 -7.4 98.4 -25.3 

147 
   

30 99.8 -11.9 93.6 -11.3 93.6 -25.1 

148 
  

.111(B) 0 100.0 -0.1 98.9 0.0 98.9 -0.4 

149 
   

15 98.1 -12.9 81.3 -11.6 81.3 -13.5 

150 
   

30 88.8 -18.4 63.7 -16.7 63.7 -19.6 

151 
  

.296(B) 0 96.2 -0.6 82.6 0.6 82.6 0.3 

152 
   

15 80.7 -17.0 54.5 -14.7 54.5 -4.4 

153 
   

30 68.2 -25.0 35.5 -20.6 35.5 -7.8 

154 
 

1500(G100) .050(B) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

155 
   

15 100.0 -7.9 99.3 -7.3 99.3 -29.4 

156 
   

30 100.0 -12.0 98.0 -11.3 98.0 -33.8 

157 
  

.111(B) 0 100.0 -0.1 100.0 -0.1 100.0 0.0 

158 
   

15 100.0 -13.0 97.2 -12.1 97.2 -13.1 

159 
   

30 98.6 -18.9 84.0 -17.6 84.0 -20.8 

160 
  

.296(B) 0 99.7 -0.6 97.9 -0.1 97.9 0.1 

161 
   

15 93.2 -17.7 80.5 -16.5 80.5 -4.3 

162 
   

30 80.1 -25.3 54.1 -23.2 54.1 -7.2 

163 
 

1500(G50) .050(B) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

164 
   

15 100.0 -7.9 98.9 -7.3 98.9 -29.2 

165 
   

30 100.0 -12.0 97.8 -11.3 97.8 -36.6 

166 
  

.111(B) 0 100.0 -0.1 99.9 -0.2 99.9 0.0 

167 
   

15 100.0 -13.0 98.0 -12.1 98.0 -12.4 

168 
   

30 98.0 -19.0 80.6 -17.6 80.6 -19.6 

169 
  

.296(B) 0 99.5 -0.6 94.1 -0.1 94.1 0.1 

170 
   

15 93.1 -17.7 74.0 -16.4 74.0 -3.9 

171 
   

30 77.9 -25.3 50.2 -22.6 50.2 -7.8 

172 
 

3000 .050(B) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

173 
   

15 100.0 -7.8 99.2 -7.3 99.2 -28.8 

174 
   

30 100.0 -11.9 99.2 -11.2 99.2 -40.9 

175 
  

.111(B) 0 100.0 0.0 100.0 -0.1 100.0 0.0 

176 
   

15 100.0 -12.8 100.0 -12.1 100.0 -11.6 

177 
   

30 100.0 -18.8 97.9 -17.7 97.9 -18.6 

178 
  

.296(B) 0 100.0 -0.4 99.8 -0.1 99.8 0.0 

179 
   

15 99.0 -17.6 95.2 -17.0 95.2 -4.2 

180 
   

30 91.1 -25.0 78.0 -24.0 78.0 -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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 27 

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

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

181 MNAR 750 .050(W) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

182    15 100.0 -7.9 98.4 -7.4 98.4 -25.3 

183     30 99.8 -11.9 93.5 -11.3 93.5 -25.1 

184   .111(W) 0 97.0 0.0 100.0 0.0 100.0 5.8 

185    15 95.9 -9.1 99.1 -6.7 99.1 -32.4 

186     30 88.4 -13.3 94.1 -10.5 94.1 -26.3 

187   .296(W) 0 77.8 0.0 99.7 0.0 99.7 -1.8 

188    15 74.3 -10.0 99.5 -6.4 99.5 -32.1 

189       30 62.7 -14.8 97.0 -10.3 97.0 -38.6 

190   1500(G100) .050(W) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

191    15 100.0 -7.9 99.3 -7.3 99.3 -29.4 

192     30 100.0 -12.0 98.0 -11.3 98.0 -33.8 

193   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 1.1 

194    15 100.0 -9.3 99.7 -6.7 99.7 -43.1 

195     30 99.3 -13.7 97.2 -10.5 97.2 -35.1 

196   .296(W) 0 99.2 -0.1 100.0 0.0 100.0 -0.6 

197    15 98.4 -10.5 99.8 -6.4 99.8 -33.4 

198       30 89.8 -15.7 98.6 -10.2 98.6 -41.9 

199   1500(G50) .050(W) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

200    15 100.0 -7.9 98.9 -7.3 98.9 -29.2 

201     30 100.0 -12.0 97.8 -11.3 97.8 -36.6 

202   .111(W) 0 98.4 0.0 99.9 0.0 99.9 6.3 

203    15 98.6 -9.2 99.9 -6.6 99.9 -42.1 

204     30 93.7 -13.7 99.0 -10.3 99.0 -38.5 

205   .296(W) 0 79.4 0.1 99.7 0.0 99.7 -0.9 

206    15 77.5 -10.2 99.9 -6.4 99.9 -32.3 

207       30 61.8 -15.2 99.5 -10.2 99.5 -42.0 

208   3000 .050(W) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

209    15 100.0 -7.8 99.2 -7.3 99.2 -28.8 

210     30 100.0 -11.9 99.2 -11.2 99.2 -40.9 

211   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 2.5 

212    15 100.0 -9.2 100.0 -6.5 100.0 -49.1 

213     30 99.8 -13.6 99.8 -10.1 99.8 -46.5 

214   .296(W) 0 99.4 0.0 99.8 0.0 99.8 -0.4 

215    15 99.1 -10.5 100.0 -6.4 100.0 -33.1 

216       30 93.7 -15.6 99.8 -10.0 99.8 -43.8 

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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 28 

Results of 𝛼 under MNAR using FIML for Same Between-Group Level Parameters Conditions 

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

145 MNAR 750 .050(B) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

146 
   

15 100.0 -2.1 100.0 -2.1 100.0 -4.9 

147 
   

30 100.0 -4.6 100.0 -4.6 100.0 -8.2 

148 
  

.111(B) 0 100.0 2.7 100.0 2.8 100.0 -0.2 

149 
   

15 100.0 -5.3 100.0 -5.5 100.0 -1.8 

150 
   

30 100.0 -10.1 100.0 -10.4 100.0 -4.6 

151 
  

.296(B) 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 -17.4 100.0 -20.8 100.0 -2.2 

154 
 

1500(G100) .050(B) 0 100.0 1.5 100.0 1.5 100.0 0.1 

155 
   

15 100.0 -2.1 100.0 -2.0 100.0 -2.8 

156 
   

30 100.0 -4.6 100.0 -4.6 100.0 -5.7 

157 
  

.111(B) 0 100.0 2.7 100.0 2.7 100.0 1.4 

158 
   

15 100.0 -5.3 100.0 -5.6 100.0 0.2 

159 
   

30 100.0 -10.0 100.0 -10.5 100.0 -2.2 

160 
  

.296(B) 0 100.0 3.7 100.0 5.3 100.0 1.7 

161 
   

15 100.0 -9.9 100.0 -12.0 100.0 0.7 

162 
   

30 100.0 -17.1 100.0 -21.0 100.0 -1.4 

163 
 

1500(G50) .050(B) 0 100.0 1.5 100.0 1.5 100.0 0.1 

164 
   

15 100.0 -2.1 100.0 -2.0 100.0 -2.6 

165 
   

30 100.0 -4.6 100.0 -4.5 100.0 -5.4 

166 
  

.111(B) 0 100.0 2.7 100.0 2.7 100.0 1.2 

167 
   

15 100.0 -5.3 100.0 -5.5 100.0 0.1 

168 
   

30 100.0 -10.1 100.0 -10.5 100.0 -2.1 

169 
  

.296(B) 0 100.0 3.6 100.0 5.2 100.0 1.5 

170 
   

15 100.0 -10.0 100.0 -11.5 100.0 0.4 

171 
   

30 100.0 -17.5 100.0 -20.7 100.0 -1.7 

172 
 

3000 .050(B) 0 100.0 1.6 100.0 1.5 100.0 1.2 

173 
   

15 100.0 -2.0 100.0 -2.0 100.0 -1.2 

174 
   

30 100.0 -4.6 100.0 -4.5 100.0 -3.6 

175 
  

.111(B) 0 100.0 2.8 100.0 2.8 100.0 1.7 

176 
   

15 100.0 -5.1 100.0 -5.4 100.0 0.7 

177 
   

30 100.0 -9.9 100.0 -10.3 100.0 -1.0 

178 
  

.296(B) 0 100.0 4.0 100.0 5.6 100.0 1.8 

179 
   

15 100.0 -9.5 100.0 -11.1 100.0 0.8 

180 
   

30 100.0 -16.9 100.0 -20.1 100.0 -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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 29 

Results of 𝛼 under MNAR using FIML for Same Within-Group Level Parameters Conditions 

     𝛼 𝛼𝑤 𝛼𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

181 MNAR 750 .050(W) 0 100.0 1.5 100.0 1.5 100.0 -1.5 

182    15 100.0 -2.1 100.0 -2.1 100.0 -4.9 

183     30 100.0 -4.6 100.0 -4.6 100.0 -8.2 

184   .111(W) 0 100.0 2.0 100.0 1.5 100.0 5.8 

185    15 100.0 -2.8 100.0 -1.6 100.0 2.2 

186     30 100.0 -6.0 100.0 -4.1 100.0 -4.0 

187   .296(W) 0 100.0 2.3 100.0 2.0 100.0 -0.5 

188    15 100.0 -2.5 100.0 -0.5 100.0 -3.0 

189       30 100.0 -6.0 100.0 -2.7 100.0 -6.6 

190   1500(G100) .050(W) 0 100.0 1.5 100.0 1.5 100.0 0.1 

191    15 100.0 -2.1 100.0 -2.0 100.0 -2.8 

192     30 100.0 -4.6 100.0 -4.6 100.0 -5.7 

193   .111(W) 0 100.0 1.9 100.0 1.5 100.0 0.7 

194    15 100.0 -2.9 100.0 -1.6 100.0 -6.1 

195     30 100.0 -6.1 100.0 -4.0 100.0 -12.5 

196   .296(W) 0 100.0 2.3 100.0 2.0 100.0 1.2 

197    15 100.0 -2.6 100.0 -0.5 100.0 -1.3 

198       30 100.0 -6.0 100.0 -2.6 100.0 -4.9 

199   1500(G50) .050(W) 0 100.0 1.5 100.0 1.5 100.0 0.1 

200    15 100.0 -2.1 100.0 -2.0 100.0 -2.6 

201     30 100.0 -4.6 100.0 -4.5 100.0 -5.4 

202   .111(W) 0 100.0 2.0 100.0 1.5 100.0 3.1 

203    15 100.0 -2.8 100.0 -1.4 100.0 -1.8 

204     30 100.0 -6.0 100.0 -3.7 100.0 -7.4 

205   .296(W) 0 100.0 2.3 100.0 2.0 100.0 0.4 

206    15 100.0 -2.5 100.0 -0.3 100.0 -2.0 

207       30 100.0 -6.0 100.0 -2.2 100.0 -5.3 

208   3000 .050(W) 0 100.0 1.6 100.0 1.5 100.0 1.2 

209    15 100.0 -2.0 100.0 -2.0 100.0 -1.2 

210     30 100.0 -4.6 100.0 -4.5 100.0 -3.6 

211   .111(W) 0 100.0 2.0 100.0 1.5 100.0 1.7 

212    15 100.0 -2.9 100.0 -1.4 100.0 -5.1 

213     30 100.0 -6.0 100.0 -3.6 100.0 -11.5 

214   .296(W) 0 100.0 2.4 100.0 2.1 100.0 1.7 

215    15 100.0 -2.5 100.0 -0.2 100.0 -0.6 

216       30 100.0 -6.0 100.0 -2.2 100.0 -3.7 

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 (%); 𝛼=single-level coefficient alpha; 𝛼𝑤=within-group level coefficient 

alpha; 𝛼𝐵=between-group level coefficient alpha. 
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Table 30 

Results of 𝜔 under MNAR using FIML for Same Between-Group Level Parameters Conditions 

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

145 MNAR 750 .050(B) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

146 
   

15 100.0 -2.3 98.5 -2.2 98.5 -5.8 

147 
   

30 100.0 -3.6 98.8 -3.5 98.8 -7.7 

148 
  

.111(B) 0 100.0 -0.1 98.9 0.0 98.9 -0.4 

149 
   

15 99.9 -6.6 94.2 -6.9 94.2 -0.4 

150 
   

30 99.4 -10.0 90.1 -10.4 90.1 -1.0 

151 
  

.296(B) 0 96.2 -0.6 82.6 0.6 82.6 0.3 

152 
   

15 89.1 -12.2 69.3 -14.1 69.3 0.4 

153 
   

30 84.0 -18.0 57.4 -21.3 57.4 -0.2 

154 
 

1500(G100) .050(B) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

155 
   

15 100.0 -2.3 99.4 -2.2 99.4 -3.8 

156 
   

30 100.0 -3.6 99.5 -3.5 99.5 -5.7 

157 
  

.111(B) 0 100.0 -0.1 100.0 -0.1 100.0 0.0 

158 
   

15 100.0 -6.7 99.7 -7.0 99.7 -0.1 

159 
   

30 100.0 -10.1 99.1 -10.6 99.1 -0.8 

160 
  

.296(B) 0 99.7 -0.6 97.9 -0.1 97.9 0.1 

161 
   

15 98.7 -12.7 92.6 -15.5 92.6 0.0 

162 
   

30 95.4 -18.4 84.8 -22.9 84.8 -0.6 

163 
 

1500(G50) .050(B) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

164 
   

15 100.0 -2.3 99.4 -2.2 99.4 -3.1 

165 
   

30 100.0 -3.6 99.7 -3.5 99.7 -4.8 

166 
  

.111(B) 0 100.0 -0.1 99.9 -0.2 99.9 0.0 

167 
   

15 100.0 -6.7 99.8 -6.9 99.8 -0.1 

168 
   

30 100.0 -10.1 99.3 -10.6 99.3 -0.7 

169 
  

.296(B) 0 99.5 -0.6 94.1 -0.1 94.1 0.1 

170 
   

15 97.7 -12.6 85.3 -14.8 85.3 0.0 

171 
   

30 93.3 -18.6 76.4 -22.4 76.4 -0.6 

172 
 

3000 .050(B) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

173 
   

15 100.0 -2.3 100.0 -2.2 100.0 -2.2 

174 
   

30 100.0 -3.6 99.8 -3.5 99.8 -3.8 

175 
  

.111(B) 0 100.0 0.0 100.0 -0.1 100.0 0.0 

176 
   

15 100.0 -6.6 100.0 -6.9 100.0 -0.1 

177 
   

30 100.0 -10.0 100.0 -10.5 100.0 -0.7 

178 
  

.296(B) 0 100.0 -0.4 99.8 -0.1 99.8 0.0 

179 
   

15 100.0 -12.5 99.4 -15.1 99.4 -0.2 

180 
   

30 99.9 -18.5 97.8 -22.7 97.8 -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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=between-group level coefficient omega. 
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Table 31 

Results of 𝜔 under MNAR using FIML for Same Within-Group Level Parameters Conditions 

     𝜔 𝜔𝑤 𝜔𝐵 

# MDM SS ICC MDP CR PB CR PB CR PB 

181 MNAR 750 .050(W) 0 100.0 -0.1 99.0 0.0 99.0 -3.5 

182    15 100.0 -2.3 98.5 -2.2 98.5 -5.8 

183     30 100.0 -3.6 98.7 -3.5 98.7 -7.6 

184   .111(W) 0 97.0 0.0 100.0 0.0 100.0 5.8 

185    15 99.6 -3.2 99.8 -2.0 99.8 3.3 

186     30 99.5 -4.9 99.8 -3.4 99.8 -0.2 

187   .296(W) 0 77.8 0.0 99.7 0.0 99.7 -1.8 

188    15 90.9 -4.1 99.8 -2.3 99.8 -3.2 

189       30 92.2 -6.5 99.5 -4.1 99.5 -5.1 

190   1500(G100) .050(W) 0 100.0 -0.1 99.7 0.0 99.7 -1.3 

191    15 100.0 -2.3 99.4 -2.2 99.4 -3.8 

192     30 100.0 -3.6 99.5 -3.5 99.5 -5.7 

193   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 1.1 

194    15 100.0 -3.3 99.9 -2.0 99.9 -3.5 

195     30 100.0 -5.0 99.6 -3.4 99.6 -7.6 

196   .296(W) 0 99.2 -0.1 100.0 0.0 100.0 -0.6 

197    15 99.9 -4.3 99.9 -2.3 99.9 -2.0 

198       30 100.0 -6.8 99.9 -4.1 99.9 -4.1 

199   1500(G50) .050(W) 0 100.0 -0.1 99.9 0.0 99.9 -1.1 

200    15 100.0 -2.3 99.4 -2.2 99.4 -3.1 

201     30 100.0 -3.6 99.7 -3.5 99.7 -4.8 

202   .111(W) 0 98.4 0.0 99.9 0.0 99.9 6.3 

203    15 99.8 -3.2 100.0 -1.9 100.0 2.3 

204     30 100.0 -5.0 99.7 -3.1 99.7 -3.0 

205   .296(W) 0 79.4 0.1 99.7 0.0 99.7 -0.9 

206    15 94.1 -4.2 100.0 -2.2 100.0 -2.1 

207       30 94.7 -6.6 100.0 -3.8 100.0 -3.9 

208   3000 .050(W) 0 100.0 -0.1 100.0 0.0 100.0 -0.3 

209    15 100.0 -2.3 100.0 -2.2 100.0 -2.2 

210     30 100.0 -3.6 99.8 -3.5 99.8 -3.8 

211   .111(W) 0 100.0 -0.1 100.0 0.0 100.0 2.5 

212    15 100.0 -3.3 100.0 -1.9 100.0 -2.4 

213     30 100.0 -5.0 99.6 -3.1 99.6 -7.3 

214   .296(W) 0 99.4 0.0 99.8 0.0 99.8 -0.4 

215    15 100.0 -4.3 100.0 -2.2 100.0 -1.5 

216       30 100.0 -6.8 100.0 -3.7 100.0 -3.3 

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 (%); 𝜔=single-level coefficient omega; 𝜔𝑤=within-group level coefficient 

omega; 𝜔𝐵=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)) 

 

Note. Lower plate=Within-group level model where 𝑋𝑤𝑖𝑘𝑔 is the within-group level component 

of 𝑋𝑖𝑘𝑔 decomposed by the factor loading 𝜆𝑤𝑖 of the 𝑖th indicator, the factor score 𝜂𝑤𝑘𝑔 of the 

𝑘th examinee in the 𝑔th group, and the error 𝜀𝑤𝑖𝑘𝑔 of the 𝑖th indicator for the 𝑘th examinee in 

the 𝑔th group. Upper plate=Between-group level model where 𝑋𝐵𝑖𝑔 is the between-group level 

component of the observed score 𝑋𝑖𝑘𝑔 decomposed by the factor loading 𝜆𝐵𝑖𝑔 of the 𝑖th 

indicator, the factor score 𝜂𝐵𝑔 of the 𝑘th examinee in the 𝑔th group, and the error 𝜀𝐵𝑖𝑔 of the 𝑖th 

test item for the 𝑘th examinee in the 𝑔th group.   
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Figure 2 

Model for Data Generation 

 

Note. Lower plate=Within-group level model with a single factor represented with the factor 

score 𝜂𝑤 in the circle linked to the six indicators 𝑋𝑖 (𝑖 = 1, … ,6) in the squares with the factor 

loadings 𝜆𝑤𝑖 as the solid lines and their corresponding errors 𝜀𝑤𝑖 in the circles with the error 

variances 𝜃𝑤𝑖𝑖. 𝑀𝑋𝑖
 in the squares indicated whether the corresponding indicator 𝑋𝑖 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 𝜂𝐵 linked with the six latent 

variables 𝑋𝐵𝑖 (𝑖 = 1, … ,6) in the circles with factor loadings 𝜆𝐵𝑖 as the solid lines and their 

corresponding errors 𝜀𝐵𝑖 in the circles with the error variances 𝜃𝐵𝑖𝑖.  

 

 

 

  



119 

 

Figure 3 

Missing Data Generation Process under MCAR for 𝑋4 to 𝑋6 with 30% Missingness  
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Figure 4 

Missing Data Generation Process under MAR for 𝑋4 with 30% Missingness  
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Figure 5 

Missing Data Generation Process under MNAR for 𝑋4 with 30% Missingness  
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Figure 6 

Convergence Rates of Coefficient Omega under MCAR using LD Method 
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Figure 7 

Percentage bias of Coefficient Alpha under MCAR using LD Method 
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Figure 8 

Percentage bias of Coefficient Omega under MCAR using LD Method  
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Figure 9 

Convergence Rates of Coefficient Omega under MCAR using FIML Method 
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Figure 10 

Percentage bias of Coefficient Alpha under MCAR using FIML Method 
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Figure 11 

Percentage bias of Coefficient Omega under MCAR using FIML Method  

 

 

  



128 

 

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 
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Figure 14 

Percentage bias of Coefficient Omega under MAR using LD Method 
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Figure 15 

Convergence Rates of Coefficient Omega under MAR using FIML Method 
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Figure 16 

Percentage bias of Coefficient Alpha under MAR using FIML Method  
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Figure 17 

Percentage bias of Coefficient Omega under MAR using FIML Method  
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Figure 18 

Convergence Rates of Coefficient Omega under MNAR using LD Method 
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Figure 19 

Percentage bias of Coefficient Alpha under MNAR using LD Method  
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Figure 20 

Percentage bias of Coefficient Omega under MNAR using LD Method  
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Figure 21 

Convergence Rates of Coefficient Omega under MNAR using FIML Method 
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Figure 22 

Percentage bias of Coefficient Alpha under MNAR using FIML Method  
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Figure 23 

Percentage bias of Coefficient Omega under MNAR using FIML Method  
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Appendices 

Appendix 1. Mplus code for single-level alpha 𝛂 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 (c1);  

    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*(c1+c2+c3+c4+c5+c6+c7+c8+c9+c10+c11+c12+c13+c13+c14+c15); 

ALPHA = 

(((c1+c2+c3+c4+c5+c6+c7+c8+c9+c10+c11+c12+c13+c13+c14+c15)/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 𝛚 using LD method 

TITLE: single-level omega; 

DATA: FILE = trial_1.dat; 

    LISTWISE=ON; 

VARIABLE: NAMES = X1-X6 CLASS;  

    USEVARIABLES = X1-X6;  

    MISSING = ALL(999); 

MODEL: 

    f BY X1* (l1);    

    f BY X2 (l2);     

   f BY X3 (l3);     

   f BY X4 (l4);     

   f BY X5 (l5);    

   f BY X6 (l6); 

   f@1;     

   X1 (r1);     

   X2 (r2);     

   X3 (r3);     

   X4 (r4);     

   X5 (r5);     

   X6 (r6); 

OUTPUT: SAMPSTAT; 

MODEL CONSTRAINT: NEW(NUM DENOM OMEGA);  

   NUM = (l1+l2+l3+l4+l5+l6)**2; 

   DENOM = ((l1+l2+l3+l4+l5+l6)**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; 
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Appendix 3. Mplus code for level-specific alpha 𝛂𝐰 and 𝛂𝐁 using LD method 

TITLE: level-specific alpha; 

DATA: FILE = trial_1.dat; 

    LISTWISE=ON; 

VARIABLE: NAMES = X1-X6 CLASS;  

    USEVARIABLES = X1-X6;  

    CLUSTER = CLASS; 

    MISSING = ALL(999); 

ANALYSIS: TYPE=TWOLEVEL; 

MODEL: 

%WITHIN% 

    X1 WITH X2 (wc1);  X1 WITH X3 (wc2); X1 WITH X4 (wc3);   

    X1 WITH X5 (wc4);  X1 WITH X6 (wc5); 

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

    X2 WITH X6 (wc9); 

    X3 WITH X4 (wc10);    X3 WITH X5 (wc11);    X3 WITH X6 (wc12); 

    X4 WITH X5 (wc13);    X4 WITH X6 (wc14);    X5 WITH X6 (wc15); 

    X1 (wv1);    X2 (wv2);   X3 (wv3);    X4 (wv4);    X5 (wv5);   X6 (wv6); 

%BETWEEN% 

    X1 WITH X2 (bc1);  X1 WITH X3 (bc2);  X1 WITH X4 (bc3);   

    X1 WITH X5 (bc4);  X1 WITH X6 (bc5); 

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

    X2 WITH X6 (bc9); 

    X3 WITH X4 (bc10);   X3 WITH X5 (bc11);    X3 WITH X6 (bc12); 

    X4 WITH X5 (bc13);   X4 WITH X6 (bc14);    X5 WITH X6 (bc15); 

    X1 (bv1);   X2 (bv2);   X3 (bv3);    X4 (bv4);    X5 (bv5);    X6 (bv6); 

OUTPUT: SAMPSTAT; 

MODEL CONSTRAINT: NEW(COMP_V_W ALPHAW COMP_V_B ALPHAB); 

    COMP_V_W = 

wv1+wv2+wv3+wv4+wv5+wv6+2*(wc1+wc2+wc3+wc4+wc5+wc6+wc7+wc8+wc9+wc10 

  +wc11+wc12+wc13+wc13+wc14+wc15); 

    ALPHAW = (((wc1+wc2+wc3+wc4+wc5+wc6+wc7+wc8+wc9+wc10 

+wc11+wc12+wc13+wc13+wc14+wc15)/15)*36)/COMP_V_W; 

    COMP_V_B = 

bv1+bv2+bv3+bv4+bv5+bv6+2*(bc1+bc2+bc3+bc4+bc5+bc6+bc7+bc8+bc9+bc10 

   +bc11+bc12+bc13+bc13+bc14+bc15); 

    ALPHAB = (((bc1+bc2+bc3+bc4+bc5+bc6+bc7+bc8+bc9+bc10 

+bc11+bc12+bc13+bc13+bc14+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 4. Mplus code for level-specific omega 𝛚𝐰 and 𝛚𝐁 using LD method 

TITLE: level-specific omega; 

DATA: FILE = trial_1.dat; 

    LISTWISE=ON; 

VARIABLE: NAMES = X1-X6 CLASS;  

    USEVARIABLES = X1-X6;  

    CLUSTER = CLASS; 

    MISSING = ALL(999); 

ANALYSIS: TYPE=TWOLEVEL; 

MODEL: 

 %WITHIN% 

    fw BY X1* (wl1);     

    fw BY X2 (wl2);     

    fw BY X3 (wl3); 

    fw BY X4 (wl4);     

    fw BY X5 (wl5);     

    fw BY X6 (wl6); 

    fw@1;    X1 (wr1);    X2 (wr2);    X3 (wr3);    X4 (wr4);    X5 (wr5);    X6 (wr6); 

    %BETWEEN% 

    fb BY X1* (bl1);     

    fb BY X2 (bl2);     

    fb BY X3 (bl3); 

    fb BY X4 (bl4);     

    fb BY X5 (bl5);     

    fb BY X6 (bl6); 

    fb@1;    X1 (br1);    X2 (br2);    X3 (br3);    X4 (br4);    X5 (br5);    X6 (br6); 

OUTPUT:    SAMPSTAT; 

MODEL CONSTRAINT: NEW(NUMW DENOMW OMEGAW NUMB DENOMB 

OMEGAB); 

    NUMW = (wl1+wl2+wl3+wl4+wl5+wl6)**2; 

    DENOMW = ((wl1+wl2+wl3+wl4+wl5+wl6)**2)+(wr1+wr2+wr3+wr4+wr5+wr6); 

    OMEGAW = NUMW/DENOMW; 

    NUMB = (bl1+bl2+bl3+bl4+bl5+bl6)**2; 

    DENOMB = ((bl1+bl2+bl3+bl4+bl5+bl6)**2)+(br1+br2+br3+br4+br5+br6); 

    OMEGAB = NUMB/DENOMB; 

    wr1>0; br1>0;    wr2>0; br2>0;    wr3>0; br3>0;     

    wr4>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 𝛂 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 (c1);  

    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*(c1+c2+c3+c4+c5+c6+c7+c8+c9+c10+c11+c12+c13+c13+c14+c15); 

ALPHA = 

(((c1+c2+c3+c4+c5+c6+c7+c8+c9+c10+c11+c12+c13+c13+c14+c15)/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 6. Mplus code for single-level omega 𝛚 using FIML method 

TITLE: single-level omega; 

DATA: FILE = trial_1.dat; 

VARIABLE: NAMES = X1-X6 CLASS;  

    USEVARIABLES = X1-X6;  

    MISSING = ALL(999); 

MODEL: 

    f BY X1* (l1);    

    f BY X2 (l2);     

   f BY X3 (l3);     

   f BY X4 (l4);     

   f BY X5 (l5);    

   f BY X6 (l6); 

   f@1;     

   X1 (r1);     

   X2 (r2);     

   X3 (r3);     

   X4 (r4);     

   X5 (r5);     

   X6 (r6); 

OUTPUT: SAMPSTAT; 

MODEL CONSTRAINT: NEW(NUM DENOM OMEGA);  

   NUM = (l1+l2+l3+l4+l5+l6)**2; 

   DENOM = ((l1+l2+l3+l4+l5+l6)**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; 
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Appendix 7. Mplus code for level-specific alpha 𝛂𝐰 and 𝛂𝐁 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: TYPE=TWOLEVEL; 

MODEL: 

%WITHIN% 

    X1 WITH X2 (wc1);  X1 WITH X3 (wc2); X1 WITH X4 (wc3);   

    X1 WITH X5 (wc4);  X1 WITH X6 (wc5); 

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

    X2 WITH X6 (wc9); 

    X3 WITH X4 (wc10);    X3 WITH X5 (wc11);    X3 WITH X6 (wc12); 

    X4 WITH X5 (wc13);    X4 WITH X6 (wc14);    X5 WITH X6 (wc15); 

    X1 (wv1);    X2 (wv2);   X3 (wv3);    X4 (wv4);    X5 (wv5);   X6 (wv6); 

%BETWEEN% 

    X1 WITH X2 (bc1);  X1 WITH X3 (bc2);  X1 WITH X4 (bc3);   

    X1 WITH X5 (bc4);  X1 WITH X6 (bc5); 

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

    X2 WITH X6 (bc9); 

    X3 WITH X4 (bc10);   X3 WITH X5 (bc11);    X3 WITH X6 (bc12); 

    X4 WITH X5 (bc13);   X4 WITH X6 (bc14);    X5 WITH X6 (bc15); 

    X1 (bv1);   X2 (bv2);   X3 (bv3);    X4 (bv4);    X5 (bv5);    X6 (bv6); 

OUTPUT: SAMPSTAT; 

MODEL CONSTRAINT: NEW(COMP_V_W ALPHAW COMP_V_B ALPHAB); 

    COMP_V_W = 

wv1+wv2+wv3+wv4+wv5+wv6+2*(wc1+wc2+wc3+wc4+wc5+wc6+wc7+wc8+wc9+wc10 

  +wc11+wc12+wc13+wc13+wc14+wc15); 

    ALPHAW = (((wc1+wc2+wc3+wc4+wc5+wc6+wc7+wc8+wc9+wc10 

+wc11+wc12+wc13+wc13+wc14+wc15)/15)*36)/COMP_V_W; 

    COMP_V_B = 

bv1+bv2+bv3+bv4+bv5+bv6+2*(bc1+bc2+bc3+bc4+bc5+bc6+bc7+bc8+bc9+bc10 

   +bc11+bc12+bc13+bc13+bc14+bc15); 

    ALPHAB = (((bc1+bc2+bc3+bc4+bc5+bc6+bc7+bc8+bc9+bc10 

+bc11+bc12+bc13+bc13+bc14+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 𝛚𝐰 and 𝛚𝐁 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* (wl1);     

    fw BY X2 (wl2);     

    fw BY X3 (wl3); 

    fw BY X4 (wl4);     

    fw BY X5 (wl5);     

    fw BY X6 (wl6); 

    fw@1;    X1 (wr1);    X2 (wr2);    X3 (wr3);    X4 (wr4);    X5 (wr5);    X6 (wr6); 

    %BETWEEN% 

    fb BY X1* (bl1);     

    fb BY X2 (bl2);     

    fb BY X3 (bl3); 

    fb BY X4 (bl4);     

    fb BY X5 (bl5);     

    fb BY X6 (bl6); 

    fb@1;    X1 (br1);    X2 (br2);    X3 (br3);    X4 (br4);    X5 (br5);    X6 (br6); 

OUTPUT:    SAMPSTAT; 

MODEL CONSTRAINT: NEW(NUMW DENOMW OMEGAW NUMB DENOMB 

OMEGAB); 

    NUMW = (wl1+wl2+wl3+wl4+wl5+wl6)**2; 

    DENOMW = ((wl1+wl2+wl3+wl4+wl5+wl6)**2)+(wr1+wr2+wr3+wr4+wr5+wr6); 

    OMEGAW = NUMW/DENOMW; 

    NUMB = (bl1+bl2+bl3+bl4+bl5+bl6)**2; 

    DENOMB = ((bl1+bl2+bl3+bl4+bl5+bl6)**2)+(br1+br2+br3+br4+br5+br6); 

    OMEGAB = NUMB/DENOMB; 

    wr1>0; br1>0;    wr2>0; br2>0;    wr3>0; br3>0;     

    wr4>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; 


