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Cronbach’s alpha investigating test internal consistency is widely used as a measure of 

reliability. However, alpha itself is not always considered the best choice for estimating 

reliability in some situations. One significant limitation of Classical Test Theory that is the 

reliability estimation addresses only one source of error across an entire population. Therefore, 

Generalizability theory as its counterpart is presented to examine the reliability of the instrument 

Behavior Rating Inventory of Executive Function (BRIEF), accounting for multiple sources of 

error existing in the measurement at the same time. Cronbach’s alpha and Multivariate 

Generalizability Theory are illustrated and compared in this paper. These two different reliability 

methods share similar language and notations, yet each of them entails its own uniqueness and 

value. The high value of coefficient alpha indicates the questionnaire BRIEF has strong internal 

consistency, but also signals that the items are redundant to a certain degree. The generalizability 

coefficient from Multivariate generalizability theory yields moderate estimates, suggesting it is 

acceptable to generate scores to other conditions under the same construct. 
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CHAPTER 1 

INTRODUCTION 

Statement of the Problem 

Analyzing latent constructs such as job satisfaction, intelligence, attitude, or customer 

satisfaction requires instruments to accurately measure the constructs. Construct is defined as the 

hypothetical variable that is being measured (Hatcher, 1994). In psychometrics, the precise 

measurement of personality variables or attitudes is usually a necessary first step before any 

theories of personality or attitudes can be considered. In all social sciences, unreliable 

measurements will creates obstacles to successfully predicting behavior. 

Cronbach’s alpha (α) as a measure of internal consistency was widely used in test 

construction and test use. However, alpha itself is not always the best choice for estimating 

reliability. There is one significant limitation of Classical Test Theory (CTT) that the reliability 

estimation addresses only one source of error across an entire population. Therefore, 

Generalizability Theory (GT) is presented as its counterpart to examine the reliability of the 

instruments with multiple sources of error such as the Behavior Rating Inventory of Executive 

Function (BRIEF).  

The term executive functioning is defined as higher order psychological abilities involved 

in task oriented behavior under conscious control (Zelazo, 2003). The BRIEF has been useful in 

identifying differences in disorders such as Attention Deficit Hyperactivity Disorder (ADHD), 

Autism Spectrum Disorder (ASD), reading disabilities, and Traumatic Brain Injury (TBI), etc. 

Cronbach’s alpha analysis and Multivariate Generalizability Theory (MGT) model are presented 

and compared in this paper to check the consistency of the instrument. These two different 

reliability methods share similar language and notations, yet each of them entails its own 

uniqueness and value. 
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Classical Test Theory Model 

Reliability analysis is a common method used to construct reliable measurement scales. Its 

generated statistics enables researchers to build and evaluate scales under the realm of classical 

test theory model.  

What does precise measurement means? We can hypothesize that there is a theoretical 

construct called "working memory”, it measures people’s ability to hold information in their 

mind to complete tasks. All the items in the instrument measure the above concept to certain 

degree. Thus, a participant’s response to a particular item reflects two aspects: first, the 

participants working memory ability, which is called the true score in this case; and second, 

some other aspect of the respective question or of the participant, which we call the error score. 

Obviously the error score would, contributes to the participant’s overall ability to remember, 

which we called the observed total score. 

Generally every response to an item reflects partly the true score for the construct, as well 

as certain random error. In Classical Test Theory (Spearman, 1907), the observed value (X) is 

divided into two components, a true score (T) and measurement error (E), as in the equation:  

X = T + E,       (1-1) 

If a participant takes a test with N items, the participant’s true score would be obtained, 

which serves as our ultimate goal, by taking the mean score of all the observed score, 

considering the N were infinite. This approach assumes that there is no substantial change in the 

participant’s knowledge between time intervals. However, we can never obtain a true score for a 

participant in reality; the true score serves as a hypothetical idea in classical test theory (Kline, 

2005).  

Our ideal aim is to find the observed score closest to the true score, and to minimize the 

error score. Two sets of measurements on the same variable for the same individual will yield 
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different scores. Repeated measurements, by more chances would show some consistency. 

Reliability thus measures the internal consistency from one set of measurements to another.  

Reliability 

A measurement is considered reliable if it catches mostly true score variance against to the 

error score variance. Test developers and users would all expect the result of an assessment could 

be replicated in order to support the upcoming decision. Reliability by definition refers to the 

consistent replication of a measurement procedure across conditions. That is, reliability is the 

level of accuracy or consistency of data from an instrument over a period of time, and showing 

test stability where similar results are reported for similar data (Norusis, 1994; Tuckman, 1999). 

One thing to note is that, a test is not reliable or unreliable. Reliability is a property of the scores 

on a test for a particular population of examinees (Feldt & Brennan, 1989). Therefore, it is not a 

fixed parameter of the instrument itself.  

However, to some extent, all measurements are unreliable. It is unlikely that each student 

will earn the same score on the repeated occasions or maintain the same rank order within group. 

The underlying reason is that when a student responds to a set of test items, his/her score is 

subject to errors of measurement, since the score represents only a limited sample of items under 

the given domain obtained on one of many possible occasions.  

Our problem appears as we cannot directly compute the reliability index since we cannot 

obtain the value of the true score. However we can obtain an estimate of reliability coefficient of 

parallel tests by getting the squared correlation between the observed score (X) and the true score 

(T). It is mathematically equivalent to the standard coefficient of determination in the Analysis 

of Variance (ANOVA) framework.  

The standard error of measurement (SEM) is an average of the individual standard errors 

around the mean of the distribution of their true score. The smaller the standard error of 
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measurement, the closer the random errors would be around the true score. The reason that we 

prefer to use the variance rather than the standard deviation to compute reliability, is that 

reliability is independent of the unit measurement. The higher the reliability of a measure is, the 

higher the proportion of the observed score that is attributed to the true score. 

Due to the limitation of classical test theory that the reliability estimation addresses only 

one source of error across an entire population, the sensitivity to different sources of error brings 

about different reliability coefficients in terms of different designs, such as test-retest, alternative 

forms, inter-rater, internal consistency, etc. (Crocker & Algina, 1986).  

One single test is more likely to be administered in the educational settings. A special case 

of the Spearman-Brown correction was used firstly as a solution to estimate the reliability, it was 

based upon the correlation between two half tests rather than two full tests (Brown, 1910; 

Spearman, 1910). Coefficient alpha (Cronbach, 1951), among all the later solutions based upon 

the domain sampling model (Lord, 1955), like the six coefficients considered by Guttman 

(1945), was the easiest to compute and to understand. The beauty of alpha was that it was the 

average of all such random splits (Cronbach, 1951).  

Cronbach’s Alpha 

Considering reliability estimates are more suitable to test-retest measurements, Guttman 

(1945) attributed a series of lower bound estimates for one test reliability. As the well accepted 

one, Cronbach’s alpha estimates the reliability of a scale by determining the internal consistency 

of the test or the average correlation of items within the test (Cronbach 1951). It assumes the 

covariances between items represent true covariances, the variances of the items contain both 

true and unique variance. Therefore, the variance of a test can be viewed as the sum of the true 

covariances, true variances and errors. As we adding each item to the test, the total test variance 

will be increased by the sum of that item’s variance and its covariances with all the other items. 
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Thus, the increase of items will have more proportion of true score variance reflected in the sum 

scale.  

A high value of alpha indicates strong internal consistency among the test items, showing 

that all of them contribute to a reliable scale. Generally it implies that respondents who tend to 

yield high score for one item are also likely to perform well on other items under the same 

construct. Had alpha been low, this prediction ability would be low. Reliability coefficient ranges 

between zero and one. Nunnaly (1978) suggested 0.70 as an acceptable reliability coefficient, 

lower thresholds are seen as inadequate estimates. The most common "rule of thumb" would be 

that alpha should exceed 0.80. High reliabilities (0.95 or higher) are not necessarily desirable, as 

this indicates that the items may be redundant. In practice, scales with lower reliabilities are 

often used, this varies by discipline.  

Generalizability Model 

Classical test theory is traditionally used to investigate the reliability. However, one of the 

limitations of CTT is that it allows only one single residual term. Generalizability theory was 

later developed to overcome this limitation, accounting for multiple sources of errors that exist in 

the measurement.  

Study designs for estimating reliability coefficients using classical test theory can also be 

described using the language and notation of generalizability theory. (Brennan, 2006). In terms 

of the reasons that lead us favoring generalizability theory over CTT, a brief summary is 

provided as follow. (Shavelson, 1991). First, generalizability theory allows the researchers to 

estimate multiple independent sources of error variance in a measure simultaneously. Second, the 

estimated variance components can serve as a guidance for decision studies (D studies), to be 

precise, the degree of error variation can be achieved in accordance with our desired accuracy of 

measurement. Third, generalizability theory allows the estimation of test score reliability based 
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on whether the scores will be used to make relative (norm-referenced test) or absolute (criterion-

referenced test) decisions. In this sense, generalizability theory expands classical test theory in 

that reliability of scores depends on how we use these scores.  

Under generlizability theory, one can manipulate the number of conditions of any facet or 

combinations of facets, observing the effect of changes on error variances and the resulted 

coefficients (         ). The comparison between the D study designs enables the selection of 

an optimum precision design.  

Multivariate Generalizability Model 

Generalizability Theory with only one universe score associated with the object of 

measurement is called Univariate Generalizability Theory (UGT), while two or more universe 

scores associated with the object of measurement is called Multivariate Generalizability Theory 

(MGT). Take a personality test as an example for UGT where each participant can get only one 

total score, then tests like Scholastic Aptitude Test (SAT), Graduate Records Examination 

(GRE), etc. are examples for MGT, where verbal and math sections, as well as writing or other 

sections are included, two or more subset scores and one total score are obtained for each 

student. Under univariate generalizability theory, the universe score and error score estimates are 

based on variance components, while under multivariate generalizability theory, the estimates 

are built upon the covariance components in addition to variance components. Without doubt, 

univariate generalizability theory approach is much simpler. However, if a univariate approach 

was employed to analyze measurement with multiple content sections, as some studies did, 

information about the covariance among different content sections would be left out. It matters 

when it comes to test use. Therefore, the choice between using univariate generalizability theory 

and multivariate generalizability theory depends on the nature of the measurement and the 

considerations for the universe of generalization. 



 

15 

Multivariate generalizability theory further has its own distinctive functions. It is common 

to see that instruments have different number of items in each content section to measure the 

abilities. The unbalanced data problem will increase the difficulty of variance component 

estimation. On top of that, some measurements do not have a composite score, only profiles for 

subscores are provided. For the above cases, the performance of multivariate generalizability 

approach is perfectly competent over univariate generalizability approach.  

In sum, under certain circumstance, univariate generalizability approach and multivariate 

generalizability approach can produce similar results on the given data set. However, 

multivariate analysis provides more information that can be used by the test developers and users 

when there are covariances between subscores. 

Behavior Rating Inventory of Executive Function (BRIEF) 

Executive functioning has been defined as a set of complex cognitive abilities that 

associated with goal oriented behavior. One test that aims to evaluate children’s executive 

functioning behaviors is called the Behavior Rating Inventory of Executive Function (BRIEF). 

The BRIEF has been useful in identifying differences in disorders such as Attention Deficit 

Hyperactivity Disorder (ADHD), Autism Spectrum Disorder (ASD), Reading Disorder, and 

Traumatic Brain Injury (TBI), etc. The questionnaire Behavior Rating Inventory of Executive 

Function is attached at the Appendix. 

Unlike traditional cognitive measurements, which are administered under regulated 

laboratory conditions, the BRIEF is a parental and teacher rating scale of children’s executive 

functioning behaviors in everyday situations and home/school environments, measuring across 

eight domains/subscales. Three scales (Inhibit, Shift, and Emotional Control) that comprise the 

Behavioral Regulation Index (BRI); and the other five scales (Initiate, Working Memory, 

Plan/Organize, Organization of Materials, and Monitor) comprise the Metacognition Index (MI). 
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The eight clinical subscales in BRIEF were based on expert judgments, not on statistical 

considerations, since in practice test specifications are based on expert judgments.  

The first scale Inhibit measures prohibitory control and the ability to control one’s 

behavior. The second scale Shift assesses the ability to move freely from one task or situation to 

another. The third scale Emotional Control measures the ability to control emotional responses, 

whereas the forth scale Initiate assesses children’s ability to start a task and independently 

generate ideas, responses, or problem-solving strategies. The fifth scale Working Memory 

involves holding information in mind to complete a task, and the sixth scale Plan/Organize 

measures the ability to manage current and future task demands. The seventh scale Organization 

of Materials examines children’s efficiency of ordering work, storage, and play areas; and the 

last scale Monitor assesses participants’ work-checking habits as well as behavioral monitoring 

ability. The two indexes BRI and MI combined to form the Global Executive Composite (GEC) 

score.  

The goal of BRIEF is to determine whether the children display a distinctive pattern of 

strengths and weaknesses on the eight scales of the BRIEF. This is crucial for determining 

whether there are areas of weakness within the domain of executive functioning for the children. 

Therefore, follow-up instruction and remediation can be developed to target specific areas of 

weakness or build upon areas of strength. In this paper, two different reliability methods were 

used to analyze the instrument BRIEF. Alpha analysis was a common method used to yield the 

reliability of the test scores as in most published papers and reports. Here, multivariate 

generalizability model was used as a comparison model to explore the reliability of the 

instrument, at the meantime, presenting an introduction of the model along with its interpretation 

on the underlying construct. 
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CHAPTER 2 

LITERATURE REVIEW 

Reliability  

Reliability is the second most important issue in the Standards for Educational and 

Psychological Testing (American Educational Research Association, American Psychological 

Association, & National Council on Measurement in Education, 1999), which require the test 

developers and users to obtain and report evidence concerning reliability and errors of 

measurement as a standard practice. Reliability by definition is the consistency of the 

measurement within a context (Crocker & Algina, 1986). 

Reliability under classical testing theory has to follow several assumptions for the random 

errors. First, the random errors are assumed to have a mean of zero. Second, the random errors 

are uncorrelated with each other, which means there is no underlying connections between 

participant’s scores on different occasions. Third, the random errors are uncorrelated with the 

true score. 

With the above assumptions being met, the errors of measurement can be assigned into two 

categories. One of them is called systematic measurement error, which is not easy to detect and 

is always considered as bias in the measurement. For instance, some teachers’ rating on writing 

is much stricter than other teachers, which has nothing to do with the construct being measured, 

but it consistently affects the score of the students and ended with different mean scores for 

different teachers. The other measurement error is named random measurement errors. It does 

not have any consistent effect, and is sometimes considered as noise in the measurement. For 

example, student’s good mood can inflate his/her performance on a particular test. It contributes 

variability to the data but has less influence on the average performance of the repeated 

measurements.  
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Being sensitivity to different sources of error in different situations, multiple types 

of reliability estimates are developed. Four types of reliability are briefly discussed as follows: 

First, in the test-retest method, reliability is estimated as the pearson product-moment correlation 

coefficient between two administrations of the same measure; while in the parallel forms 

method, reliability is estimated as the consistency between two tests that are constructed from the 

same content domain. The third reliability that under the inter rater method assesses the degree to 

which different raters give consistent estimates of the same measurement. Lastly, the internal 

consistency method assesses the consistency of results across items within a test. (Crocker & 

Algina, 1986). Details on internal consistency method are discussed in later sections.  

 Reliability can be obtained by the ratio of the true score variance to the total score 

variance using the correlation of two parallel tests or some less restrictive forms. Parallel tests 

have equal means and equal variances, some less restrictive forms like Tau Equivalent forms 

have only equal means, but not variances. Essentially Tau Equivalent forms have no equalities, 

its true scores are off by a constant per form (Equation 2-1), thus their true score variances are 

equal and error variances are not. Congeneric forms have no observed equalities either, but its 

true scores are perfectly correlated in a linear sense. (Crocker & Algina, 1986) 

             (2-1) 

Given the correlation between two tests, but not the true scores or their variance (we would 

not bother with reliability if the true scores are attainable), we are faced with ten unknown 

estimates (four variances and six covariances). However, if the two tests happen to be parallel 

with uncorrelated errors, then the ten unknown estimates drop to three and the reliability of each 

test can be obtained. (Revelle, Zinbarg, 2009): 

      
  

        
 

        
 

    
 

        
 

    

    
      (2-2) 
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Where       
  stands for the reliability coefficient,          is the covariance between the 

true score and the total score,      is the variance of the true score, and      is the variance of the 

total score. 

Cronbach’s Alpha 

On most occasions, however, only one test is administered to measure students’ abilities. 

Thus the issue of how much information is available from a single testing session is very 

important. Kuder Richardson (KR) formula, Spilt-half reliability coefficient, and Cronbach’s 

alpha coefficient are common methods used to examine the internal consistency within a single 

test.   

Kuder Richardson method has its limitation as it is applicable to dichotomous data only. 

As to the split-half method, instead of measuring consistency from two measurements, it 

separates one test into two halves to explore its internal consistency. Spearman Brown prediction 

formula always come into play when the reliability of one of the subtests/halves is known,  

assuming that the halves are parallel, with their means and variances identical to each other:  

     
  

   

           
      (2-3) 

Where     is the Spearman Brown correction coefficient, k is the number of subtests 

combined, and       is the known reliability of the subtest. Psychometricians as well use this 

prediction formula to estimate the effect of shortening a test or doubling exam length. 

Comparing to the above two methods, Cronbach’s alpha is favored as it can handle both 

dichotomous data and large-scale data. More importantly, in addition to the single pair of half 

tests used in the Spilt-half method, Cronbach’s Alpha is the average of all possible split-half 

estimates that are computed using Rulon method (Crocker & Algina, 1986). It assumes 
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assentially tau equivalent, based on Norm Referenced Test (NRT) and random error only 

assumptions. 

Unlike the test-retest parallel measurement we mentioned before, Cronbach’s coefficient 

alpha is a lower bound (less than or equal) of the reliability coefficient for the raw variables and 

the standardized variables. In the raw scale test, items have different weights and their own 

variability contributions to the resulting scale, while the items in the standardized form all 

account for equal weights. People may favor the standardized alpha over raw alpha take it as if 

standardization normalizes skewed data. As a matter of fact, standardization is simply a linear 

transformation, it does not function better than raw alpha as to the aspect of normalizing data. 

Standardized alpha is normally used when scales are comparable and variances are 

heterogeneous, in the cases as where a mixture of dichotomous and polytomous items were 

included.  

 Cronbach (1951) mentioned alpha as a lower bound of reliability, and discussed the 

relationships between alpha and several other correlations, especially test-retest correlation and 

split-half correlation. Later alpha was popularly interpreted as a measure of the test internal 

consistency. By far the interpretation of alpha as a measure of internal consistency has gained 

more ground than the lower bound interpretation in practical test construction and test use 

(Sijtsma, 2008) 

However, both interpretations have their own issues. The interpretation of test internal 

structure defines as the items in the test “measure the same thing”, but indeed alpha does not 

imply such translation. When an instrument delivers a high degree of alpha, the trait validity of 

the instrument often is taken for granted, thus no further investigation about the dimensions of 

the instrument would be carried on. As to another interpretation of alpha, some researchers treat 
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alpha as reliability instead of a lower bound to the reliability. Actually in some cases it is a gross 

underestimate, a poor estimate of internal consistency and in other cases a gross overestimate. 

(Cortina, 1993; Cronbach, 1951; Green, Lissitz & Mulaik, 1977; Revelle, 1979; Schmitt, 1996; 

Zinbarg, Yovel, Revelle & McDonald, 2006). Despite years of critiques and warnings about the 

usage of coefficient alpha, it continues to be used. The reasons that all those appropriate 

estimates out there were unpopular among the researchers were that neither do they explain in a 

language that is easy to comprehend, nor do they have user-friendly programs like SPSS 

(Revelle, Zinbarg, 2008). Borsboom (2006) mentioned that availability of statistical methods in 

SPSS expose themselves to the empirical researchers to a great extent. Alpha is included in the 

statistical methods in SPSS, and so are the other five lower bounds proposed by Guttman (1945). 

In Revelle (2009), a comparison of thirteen estimates of reliability was presented:    -    

from the Guttman (1945) bounds,    and    from McDonald (1999),    -    from Ten Berge 

and Zegers (1978), and β from Revelle (1979). Among the above, alpha (  ) was much lower 

than some other reliability estimates (  ,     and glb). It tends to lead to an undercorrection 

when only the general factor in a multidimensional test accounts for the major explanation of the 

underlying causes, for which    produces a more accurate correction. In other cases, when more 

than one dimension account for the causes of the multidimensional test, alpha could lead to an 

overcorrection, while estimate    yields more precise correction. Revelle (2009) further proved 

the argument that alpha is a poor index of both multidimensionality and unidimensionality.  

People are likely to stop further investigating its test dimensionality when a high alpha 

value is obtained. The difference between test internal consistency and test dimensionality 

confuses people occasionally (Gardner, 1995; 1996). As a matter of fact, unidimensionality have 

been used as synonymous with homogeneity, while internal consistency are more often 
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interpreted as interrelatedness of items. To be more specific about interrelatedness, it may 

indicate that some test items are correlated to certain groups of items, or it can be that each item 

is correlated to every other item in the test. In other words, high alphas can be derived from 

either when each test item share variance with all other items, or when each item shares variance 

with part of the other items. To conclude the relationships between these similar definitions in 

one sentence, that is, uni-dimensional test entails high internal consistency, but not vice versa. 

 If no common variance are detected among all items, then they are neither internally 

consistent nor uni-dimensional, a low degree of alpha will be resulted from lack of item 

interrelatedness. On the other hand, if all of the items share common variance with each other, 

then they will yield a high degree of alpha as an indication of both internal consistency and uni-

dimensionality. In between the two situations, when one set of items share common variance 

with other sets of items but not all, Cronbach’s alpha can be high. Thus the instrument is 

considered as internally consistent. However, the uni-dimensionality is no longer fit since the 

presence of the subscales. In this case, like our instrument BRIEF, the interpretation of the data 

should be in terms of internal consistency together with multi-dimensionality.  

Cronbach’s Alpha of Composite Score 

The reliability of a composite can be obtained using Cronbach’s alpha when both the 

variance and covariance of the subscales are available. As mentioned, the more items included in 

a test, the more true score variance will be reflected in the total score variance. According to the 

definition of the variance of a composite score, the variance of the sum of two items is equal to 

the summation of the two item variances minus (two times) the covariance:  

      
      

      
             (2-4) 
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Where       
 is the variance of the sum of the two items,     

 is the variance of the item x, 

    
 is the variance of the item y, and      is the true score variance common to item x and y. 

The Cronbach’s alpha of composite score can be estimated by comparing the sum of item 

variances with the variance of the sum scale (Crocker & Algina, 1986): 

     
 

   
   

∑   
  

   

    
        (2-5) 

Where k is the number of items, ∑   
  

   is the sum of all variances of item i; and     
 is 

the variance for the sum of all items.  

In the case of the first situation that all items measure different things, the variance of the 

composite will be the same as the sum of variances of the individual items, since the common 

variance is zero. With    
∑   

  
   

    
   being zero, the Cronbach’s alpha will be equal to zero. On 

the other hand, if all items measure the same thing,    
∑   

  
   

    
   will become equal to

   

 
, and by 

multiplying this by 
 

   
  thus the coefficient alpha becomes 1. 

Cronbach’s Alpha If Item Deleted  

If some specific items account for most of the measurement errors, Cronbach’s alpha 

analysis enables us to have them deleted. Thus more proportion of the true score can be reflected 

in the total score variance. After deleting each item independently, Cronbach’s alpha for the rest 

items is given by: 

   (
   

   
)    

∑         

  ∑           
       (2-6) 

If the resulted alpha increases after an item is deleted from the scale, we can infer that 

substantial error variance has been discarded. On the contrary, if the alpha coefficient decreases, 
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then good common variance has been deleted, and for which item we strongly recommended to 

be retained. 

Correction for Attenuation 

Reliability always is considered along with validity. Both of them are very important 

concepts in quantitative research. Generally, reliability estimates the consistency of the 

measurement. Validity, though, assesses the accuracy of the measurement. As reliable as the 

measurement SAT, it will not be a valid test for admission to graduate school since it is not 

evaluating the specific concept that is attempted to be measured. 

Obtaining the less than perfect reliability through conducting Cronbach’s alpha analysis for 

the measurement scale is one of our primary interests for this study. But if we want to look into 

the validity of the measure and to use one of our scales (working memory) to predict some other 

criterion, such as participants IQ scores, correction for attenuation is recommended. Considering 

that our scale correlates with criterion IQ, the confidence in the scale validity will be increased. 

During test construction, the complex process of scale validation requires to link the scale to all 

relevant external criteria that purport to measure the construct. 

The validity of a scale always will be limited by its reliability. When the estimated 

reliability of a measure is 0.80, then only the 80% of the true score variance in the scale will be 

correlated with criterion variable, in other words, the actual correlation between the two scales 

will be attenuated. To estimate the actual correlation of true scores in both measures, we can 

correct the attenuated correlation by dividing the correlation to the square root of the product of 

the reliabilities of the two scales: 

              
   

√      
       (2-7) 
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Where               is the actual corrected correlation of true scores between the two 

measures x and y.    is the uncorrected correlation, and    and     are the reliability of the 

respective measure x and y. Through the procedure of correction for attenuation, it is clear that 

how well the scales are measured not only affects the correlation of the scales, but also the 

validity of the scale. 

Generalizability Theory Overview  

To improve the circumstances that the restrictive classical test theory addresses only one 

true score and one single error term, generalizbility theory was introduced by Cronbach, Gleser, 

Nanda, Rajaratnam, Nageswari and Spearman (1904, 1963, and 1972). The following 

Generalizability Theory: A Primer. (1991) by Shavelson and Webb made a clear description 

about the logic underlying the major concepts. Furthermore, Brennan made a significant 

contribution with his book—Generalizability Theory (2001a) by presenting an all-embracing 

solution and up-to-date support to the theory. In classical test theory, validity is less addressed 

within the studies of reliability. However, validity plays a more important role to reliability, 

since there is no reason to use the inaccurate test even if the test measures consistently. 

Generalizability theory, on the other hand, adequately combines reliability and validity together, 

providing grounds for investigating and designing reliable and accurate measurement.   

Generalizability theory and reliability analysis under classical test theory share matching 

language and notations. The coefficient of reliability ρ is defined as the proportion of true score 

variance to the observed score variance: 

     
  

 

  
  

  
 

  
    

        (2-8) 

In addition to subject’s true score and random measurement error, when rating is taken into 

account in the assessment as well, the total score variance grows into three components:  
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      (2-9) 

where   
  is the variance of the observed score,   

 is the variance of the true score,   
 is the 

variance of the rater, and   
 is the variance of the random error. 

The new reliability remains unchanged when all subjects assessed by only one rater. Yet, if 

raters are randomly assigned to subjects, then the new reliability becomes:  

    
  

  
 

  
    

    
        (2-10) 

Apparently coefficient       produces higher value than coefficient    
 , thus if Cronbach’s 

alpha was used for this design, the estimates would be overestimated. 

Generalizability Model with One Facet p*R Random Design 

Cronbach et al. (1972) defined generalizability coefficient (    , similar to the reliability 

coefficient in classical test theory, as the ratio of the universe score variance to the expected 

value of the observed score variance that relative to the subjects. For the one facet p*R design,  

    
     

            
      (2-11) 

where     is the generalizability coefficient,        is the true score variance and        is the 

variance of the student by rater interaction. 

   coefficient can be interpreted and used alike as reliability coefficient and in fact is 

equal to the coefficient alpha reliability if      
 , and is the same as alpha adjusted for a change 

in test length using the Spearman-Brown formula if      
 . (Brennan, 2006) 

Additionally, generalizability theory offers a dependability index in the current design, 

which though has no analog in classical test theory. Being the absolute reliability coefficient, 

dependability index measures participants’ performance against established standards by 

dividing universe score variance to the expected value of the overall observed score variance: 
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      (2-12) 

The theory and application of reliability coefficients under classical test theory and 

coefficients           under generlizability theory all depend on an assumption of random 

sampling. Persons, the objects of measurement, are assumed to be a random sample from the 

population. The estimation of variance components also depends on the assumption that the 

levels of each facet are randomly sampled from among all possible conditions. The coefficients 

in different generalizability design will be described with illustrations in later sections. 

In addition to a mere simple combination of classical test theory and analysis of variance, 

generalizability theory excels in distinguish different errors, elaborating variance components, 

and making appropriate estimations under its unique conceptual framework, which are universe 

of admissible observations and Generalizability (G) studies, as well as a universe of 

generalization and Decision (D) studies. 

In sum, generalizability theory serves as a flexible and powerful tool to assess the 

measurement reliability. It not only allows us to investigate the instrument but also to design 

reliable observations, utilizing the decomposed sources of variation in the measurement and then 

minimizing the measurement error(s) to reach an optimal design. One of the challenges in 

generalizability theory is to make a distinction among different measurement designs, which 

involve many conceptual and statistical issues. In this paper, notations from Brennan’s book 

Generalizability Theory are used to illustrate the conceptual and statistical issues in the following 

sections. 

Variance Components   

Variance components represent different sources of variability among response to a 

measure. In other words, different observed scores for examinees can be caused by various 
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reasons. For example, an individual score on a particular item can be affected by person effect 

(p) (object of the measurement), a systematic variation due to participants’ attitude or ability; 

item effect (i), one source of variability that caused by good or poor written items, and a residual 

variance component that including the person-item interaction (pi) as well as other unspecified 

effect. Therefore, an observed score for one individual on one item can be stated as: 

      (    )                          (2-13) 

Where    is the observed score for any person in the population on any item in the 

universe,    is the grand mean score over all persons and items,    is the average score for 

person (p) over all items,    is the average score for item (i) over all persons.    -  ) represents 

person effect, (  -  ) is the item effect, and              is the residual effect that includes 

the person-item interaction and all other sources of error not specified in the design. Hence, the 

variance of the     scores can be presented as, 

      
    

    
       

                (2-14) 

Where       
 is the variance of the observed scores,   

  is the variance of person,   
  is the 

variance of item and      
 is the variance due to the residuals. In this manner, the variance of the 

observed scores was partitioned into three independent sources of variation according to 

differences among persons, items, and the residual term. Unlike the one general error term in the 

classical test theory, generalizability theory allocates specific variance components appropriately 

for the research design.  

Universe of Admissible Observations and Facets  

 In generalizability theory, reliability and validity are well associated, concepts from as 

broad as a universe, to its facets, to the conditions for admissible observations, and the last finer 

observations are all defined to measure the latent construct they purport to interpret.  
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A detailed illustration of the concepts of the above terms and their relationships will be 

presented in this part. Taking a math test as an example, its items are considered as randomly 

sampled from a universe of admissible observations. A universe of generalization may consist of 

homogeneous items, trained raters, similar ability level students, etc. that makes the universe a 

large pool for admissible substitution. The algebra, geometry and calculus sections can be seen 

as a section facet along with the rater facet and student facet, each factor represents one source of 

variation in the measurement. One or more facets can be selected, depend on the test 

construction and use. Each section, each rater and each student can be considered a condition of 

the facet. Each facet gets hold of one or more conditions/levels. An individual’s score on a single 

item is called an observation, which reflects potentially the variance components of all facts in 

the measurement design.  

Generalizability (G) Studies and Decision (D) Studies   

The G study and D study perform different functions in the generalizability theory, yet the 

two procedures remains connected to each other for measurement development. G study firstly 

classify and allocate different sources of variations from the observed scores, and the D study 

then based on the  obtained variance components to free the error by gathering new samples from 

the universe of generalization and then to design a measurement to meet the needs. D study 

usually focuses on the expected means rather than single observation as in the G study, thus the 

D study variance components become the variance components of the G study divided by the 

number of the corresponding facet levels. The larger the sample size the error facet levels, the 

less the error variance would be.  

Generally crossed designs are recommended for G studies for simple and classification of 

the effects, the D studies however may use all kinds of designs as needed (Shavelson &Webb, 
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1991). For the purpose of presenting various generalizability models, D studies are applied to all 

of the following designs. 

Generalizability Coefficient and Dependability Index   

As presented in the one facet p*R random design, a generalizabilty coefficient is the ratio 

of the universe score variance to the sum of the universe score variance and the relative error 

variance, mathematically equivalent to an intra-class correlation: 

    
  

 

  
    

        (2-15) 

where     is the generalizability coefficient,   
  is the universe score variance and   

  is 

the relative error variance.  

G coefficient ranges between zero and one. In the one facet p*R random design, the 

universe score variance is the variance component for the object of measurement, (  
 ). It does 

not create error variance and thus is not considered as a facet. Only the    
 in the rest variance 

components is related to the object of measurement (people), and thus are classified as relative 

error variance   
   When the G coefficient is high, the facets in the G studies are considered 

reliable to be generalized to other conditions.  

Dependability Index (phi coefficient) is similar to G coefficient as it is also the ratio of the 

universe score variance to the observed score variance, only the observed score variance here is 

the combination of the universe score variance and the absolute error variance: 

  
  

 

  
    

        (2-16) 

Where   is the dependability index,   
  is the universe score variance, and    

  is the 

absolute error variance. Absolute error variance includes all sources of error variance, but not the 

universe score variance. 
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G coefficient (   ) is associated with a relative decision, which concerns the relative 

ranking of individuals. A position that will be filled with top three ranking applicants is a 

decision relying on the relative interpretation of scores; usually the norm-referenced 

measurements are used for such decision. Dependability index ( ) is concerned with an absolute 

decision, which focuses on the absolute level of an individual's performance, independent of 

other participants' performance. It is always involved with fixed cutting scores, like the pass or 

fail of a BAR test for a lawyer student, criterion-referenced measurements are used for this kind 

decision.  

The correct calculation of generalizability coefficient and dependability index lay upon the 

accurate classification and assignment of the relative and absolute error in the measurement. 

Generally, the absolute error variance is larger than or equal to the relative error variance, and 

thus the corresponding dependability index is less than or equal to the generalizability 

coefficient. 

Generalizability Model with Two Facet p*I *R Random Design 

In a measurement design with the person, item and rater as three corresponding facets, a 

p*I*R two-facet balanced design is formed. Person is not considered as a facet as being the 

objective of measurement. The variance of scores (X) of the design is as follow: 

  (    )    
    

    
     

     
     

        
    (2-17) 

Where the universe score variance is   
 ;  

The relative error variance is the sum of the ones only related to person besides the 

universe score variance:    
     

      
 ;  

The absolute error variance is the sum of all the variance components, other than the 

universe score variance:   
    

     
     

     
      

 . 
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Therefore, the  generalizability coefficient     in the p*I*R two-facet balanced design is: 

    
  

 

  
     

     
      

       (2-18) 

And the dependability index phi     in the p*I*R two-facet balanced design is: 

  
  
 

  
    

    
     

     
     

      
     (2-19) 

Note that in a G study, facets are represented by lower case letters p*i*r, while in the D 

study, upper case letters p*I*R is represented. The variance components in G studies are for 

single p*i*r combination, while in D studies average score are considered, thus the components 

should be divided by the numbers of conditions of items and raters from the G studies.  

Random and Fixed Facets   

A facet is a random one when its conditions are randomly selected from the universe of 

admissible observations, and can be generalized to the other conditions of the same kind. A fixed 

facet is created when the decision maker selects certain conditions on purpose and is not 

interested in generalizing them to other conditions, or in other cases, it is unreasonable to 

generalize beyond the current conditions, or when the entire universe of conditions is small and 

all conditions are already included in the measurement design. (Shavelson &Webb, 1991)  

Generalizability theory analyzes random facet using variance components, as presented in 

the p*I*R design. However, due to the fixed facet variance is not considered as one source of 

error variance, but alike the variance of the object of the measurement (people), both of them are 

fitting in the universe score variance, not relative or absolute error variance. Generalizability 

theory deals with fixed facets with mean difference, by averaging over the number of conditions 

of the fixed facet (Cronbach et al., 1972).  Yet sometimes it does not make conceptual sense to 

average over the conditions of a fixed facet. Therefore, a separate G study conducted within each 
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condition of the fixed facet is recommended (Shavelson & Webb, 1991) or a full multivariate 

generalizability analysis could be performed (Brennan, 2001).  

Generalizability Model with Two Facet p*I *R Design with Rater Facet Fixed 

Taking the above p*I *R design, and for this design the rater is treated as a fixed facet, thus 

only the current fixed raters could be included in the measurement. The variance of scores (X) in 

a p*I*R design with rater facet fixed becomes: 

  (    )    
    

     
     

     
        

     (2-20) 

Where the term   
  is no longer listed in the equation, for it becomes a mean difference, 

and not considered as a source of error any more.   

The universe score variance becomes the variance component for the objective of 

measurement (people), plus an interaction between people and rater:   
     

 .  

The relative error variance is the sum of the rest variances that related to person, besides 

the universe score variance:    
      

    

The absolute error variance is the sum of all the variance other than the universe score 

variance:   
     

     
      

 . 

Therefore, the  generalizability coefficient     in the p*I*R two-facet with rater facet 

fixed balanced design is: 

    
  

     
 

  
     

     
      

       (2-21) 

And the dependability coefficient phi   in the p*I*R two-facet with rater facet fixed 

balanced design is: 

  
  

     
 

  
     

    
     

     
      

      (2-22) 
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Note that for any D study, the variance components should be divided by the numbers of 

conditions of items and raters from the G studies. 

Crossed and Nested Facets  

Crossed design of a measurement happens when all the conditions of a facet interacts with 

all the condition of other facets. If each participant takes both the pre-test and the post-test, we 

can say the facet of person is crossed with the facet of occasion, denoted as p×o, where p is the 

person and o is the occasions. A nested design is created when different set of conditions of a 

facet interacts with one and only one condition of another facet. Take GRE test for an example, 

different subtest (verbal or math) has corresponding verbal items and math items. For the verbal 

section, only the verbal items are included, and so does the math section, verbal items would not 

appear under the math section. In this way, we call the facet item is nested within the facet 

subtest, and denoted as i:s (vise versa), where i is the items and s represents the subtest.  

Both the crossed design and nested design can be included in one measurement. For 

example, each student has three assignments, and each assignment has its own tasks, the tasks 

under each assignment are different than the ones in other two assignments. Thus we say the 

persons are crossed with tasks, which are nested within assignments, it can be denoted as p×(t:a), 

where p represents person, t represents task and a represents assignment. 

Generalizability Model with Two Facet p*I : R Design with Rater Facet Fixed 

We have set the rater facet in the crossed design p*I*R to be fixed in the previous design, 

and in this design, we will further nest the item facet into the rater facet. The design now denoted 

as p*I:R. Hence, its variance of scores (X) becomes: 

  (     )    
 +    

     
       

      (2-23) 
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Where the term  
    

     
     

  are no longer listed in the equation, but a new term     
  

appeared, which equals the sum of   
 and     

  in the G studies.  

The universe score variance in this design is the variance component for the objective of 

measurement (people), plus an interaction between people and rater, same as the fixed design 

above:   
     

 .   

The relative error variance becomes the sum of the rest ones related to person, besides the 

universe score variance,      
 .  

The absolute error variance becomes the sum of all the variance other than the universe 

score variance,     
       

 . 

Therefore, the generalizability coefficient     in the p*I:R two-facet design with rater 

facet fixed, and item facet nested in rater facet balanced design becomes: 

    
  

     
 

  
     

       
      (2-24) 

And the dependability index phi     in the p*I:R two-facet design with rater facet fixed, 

and item facet nested in rater facet balanced design becomes: 

  
  

     
 

  
     

      
       

      (2-25) 

Again note that for this D study, the variance components should be divided by the 

numbers of conditions of items and raters from the G studies. 

Different G and D study designs are tailored to meet specific requirement and needs. 

Setting an ideal combination of conditions in each facet in D study would concern practical and 

budget considerations as well as matter of generalization. In order to obtain certain degree of a G 

coefficient, usually a higher coefficient, we could use D studies to simulate more levels of facets 
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(items or raters) to minimize error and satisfy the objective. Different combinations of numbers 

of items and raters, and different designs are welcomed for trial in order to obtain the best result. 

Multivariate Generalizability Theory Overview 

For the last few decades, test developers and users have attempted to investigate the 

reliability of a measurement which contains multiple subtests. Such data have the following 

characteristics: first, each examinee (object of measurement) has two or more universe scores 

representing subtests or profiles; second, the conditions of subtests are fixed, that is, the selected 

conditions are the only interest and will not be generalized to other conditions; third, the number 

of items in each condition of the subtests (or profiles) might not be equal, which means the data 

are unbalanced; fourth, it decomposes both variances and covariances into components, as 

opposed to univariate analysis which only accounts for variance components. Furthermore, the 

researchers concern about not only each universe score but also the composite universe scores 

for the entire test. Multivariate generalizability theory, in contrast to univariate generalizability 

theory, was developed to meet this challenge (Rajaratnam, 1965; Shavelson & Webb, 1991; 

Brennan, 2001). 

The results of the separate univariate analyses and multivariate analyses will produce 

similar results under two conditions. The first condition happens when the scores are 

uncorrelated. Multivariate generalizability analysis of a specific dataset will then be interpreted 

as multiple univariate analyses. The second condition happens when the scores are highly 

correlated. The univariate analyses and multivariate analysis produce about identical 

generalizability coefficients, with the scores in the multivariate analysis have equal weights. For 

all other cases, when the correlations among scores have intermediate values, the multivariate 

analysis is preferable, for its results will depend on the patterns of both the variances and 

covariance components as well as the magnitudes of the disattenuated correlations.  
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Using the notational convention introduced in Brennan (2001), filled circles “•” (usually 

called “linked”) indicates that the facet is related to all levels of the fixed facet (subscales), while 

an empty circle “◦”indicates its facet are associated with one and only one level of the fixed facet 

(subscales). “×” indicates the facets are crossed with each other, and “:” indicates that one facet 

is nested within the other. 

Brennan (2001) recommended performing a full multivariate analysis when a fixed facet 

exists in the research design. Cronbach (2004) mentioned that generalizability theory was 

developed to be a random effects theory. The limitation of having fixed effects was overcome in 

the multivariate generalizability theory model, in which the levels of the fixed facet would be 

modeled as separate dependent variables in a multivariate design. Although ANOVA method for 

estimating variance components is straightforward when applied to balanced data, issues arise 

when comes to the unbalanced data set. Multivariate design avoids the problem of unbalanced 

data by analyzing corresponding parallel univariate designs. In the end, each univariate design 

has balanced data under all levels of the corresponding fixed facet. 

Purpose of the Study 

Designing a reliable instrument is to have items under the same construct related to each 

other, in the meanwhile have each of them contributing adequately unique information. 

Reliability measures whether items that propose to measure the same general construct produce 

consistent scores. The questionnaire BRIEF was designed to have items hypothesized to be 

sensitive to the developmental and acquired neurological conditions. Since important decisions 

are made based on the test score, score reliability plays a very importance role. It is crucial that 

scores are not easily biased by the particular sample of items or the particular teacher who rate 

on the examinee. 
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Reliability is commonly measured with Cronbach's alpha, a statistic calculated from the 

pairwise correlations between items. A detailed Cronbach's alpha analysis would be presented in 

the next section. However the lower bound reliability coefficient has been demonstrated many 

times to either being an overestimate or a poor estimate. The hierarchical coefficient omega may 

be a more appropriate index in terms of all of the items in a test measure the same latent variable 

(McDonald, 1999; Zinbarg, Revelle, Yovel & Li, 2005).  

An extensive model called multivariate generalizability theory was conducted as a 

comparison in the later section. The phi coefficient in the multivariate generalizability theory, 

which was used to make absolute decisions, comes to serve as the reliability coefficient of 

BRIEF. The results from a G study were then used to inform a decision. D studies are typically 

performed to gain insight into how the precision of test scores would be affected by manipulating 

the various facets of the assessment. By determining which sources contribute most to 

measurement error, steps can be taken in test design to reduce those sources of error, it is 

therefore possible to examine how the generalizability coefficients would change under different 

circumstances, and consequently determine the ideal conditions under which the questionnaire 

BRIEF would achieve the desired reliability. The multivariate generalizability analysis was also 

used to investigate the relationship of the different subscales. 

The purpose of this study is threefold: first, to further explore the effect of the two models 

on variance components, reliability and standard error of measurement; second, to investigate the 

differences and relationships between the eight subscales; and third, to illustrate the benefits of 

using a multivariate generalizability theory framework. 
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CHAPTER 3 

METHODOLOGY   

Research Questions 

In this chapter, two analysis of reliability methods, Cronbach’s alpha analysis and 

multivariate generaliazability theory, will be conducted to the questionnaire BRIEF. Four 

specific research questions have been developed before the comparison is initiated. First of all, a 

brief summary of the Cronbach’s alpha reliability will be investigated. Second, the relationship 

between the eight subscales in BRIEF will be studied. Third, the multivariate generalizability 

model D index and the SEMs for the eight subscales and the composite scale of BRIEF will be 

generated. Lastly, the difference between Cronbach’s alpha model and multivariate 

generalizability model will be discussed. With the four questions beard in mind, the next section 

of the paper proceeds with the analysis of Cronbach’s alpha model at the beginning, and the 

consistency of the questionnaire BRIEF was follow analyzed by the multivariate generalizability 

approach. 

Cronbach’s Alpha Reliability Analysis 

BRIEF Data  

Software: ALPHA: SPSS 

Seventy-three questions using Likert-type scales (1 = Never; 3 = Often) from questionnaire 

BRIEF were administered. Usable survey forms of totaling 1,089 of 1,318 forms (82.63%) were 

received and processed under Cronbach’s alpha reliability approach using the software SPSS 

(2009). Eight common factors were extracted during factor analysis and were interpreted to 

represent factors Inhibit, Shift, Emotional Control, Initiate, Working Memory, Plan/Organize, 

Organization of Materials, and Monitor. According to the questionnaire, items of Q9, Q38, Q42, 

Q43, Q45, Q47, Q57, Q58, Q59, and Q69 form the construct of Inhibit, Q4, Q5, Q6, Q13, Q14, 
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Q24, Q30, Q40, Q53, and Q62 form the construct of Shift, Q1, Q7, Q26, Q27, Q48, Q51, Q64, 

Q66, and Q72 form the construct of Emotional Control, Q3, Q10, Q19, Q34, Q50, Q63, and Q70 

form the construct of Initiate, Q2, Q8, Q18, Q21, Q25, Q28, Q31, Q32, Q39, and Q60 form the 

construct of Working Memory, Q12, Q17, Q23, Q29, Q35, Q37, Q41, Q49, Q52, and Q56 form 

the construct of Plan/Organize, Q11, Q16, Q20, Q67, Q68, Q71, and Q73 form the construct of 

Organization of Materials, Q15, Q22, Q33, Q36, Q44, Q46, Q54, Q55, Q61, and Q65 form the 

construct of Monitor. In theory, the items should be sampled from the domain defined by its 

concept. A sum of all the items under each subscale is computed as a composite score for the 

factor. 

Missing Data 

In surveys, respondents tend to skip questions that they don't want to answer. In addition, 

scanning device tends to omit slight pencil marks. In both cases, we will have missing data in our 

data set and Cronbach’s alpha procedure will be stopped. To prevent this issue from happening, 

the listwise deletion in SPSS ignores cases that have missing values. 

Cronbach’s Alpha Model 

Summated scales are always used in survey instruments to investigate underlying 

constructs researchers intended to measure. The scales are to be used later in the objective 

models. Experienced researchers would firstly run a Cronbach’s alpha test before using them in 

subsequent analyses (Reynaldo, 1999). The higher the resulted Cronbach’s alpha, the lower the 

error/unique components of items will be. The more items are included in the test, the greater the 

likelihood that errors will cancel each other out, suggesting that they are all measuring the same 

construct.  
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Assumptions 

Correlation and normality 

Table 3-1.  Inter-Item Correlation Matrix Under Scale Inhibit 

 Q9 Q38 Q42 Q43 Q45 Q47 Q57 Q58 Q59 Q69 

Q9 1.000 .739 .717 .752 .715 .714 .718 .754 .733 .754 

Q38 .739 1.000 .746 .761 .658 .726 .698 .748 .740 .809 

Q42 .717 .746 1.000 .824 .728 .714 .711 .742 .691 .719 

Q43 .752 .761 .824 1.000 .731 .774 .763 .796 .748 .776 

Q45 .715 .658 .728 .731 1.000 .717 .693 .713 .679 .701 

Q47 .714 .726 .714 .774 .717 1.000 .807 .806 .758 .761 

Q57 .718 .698 .711 .763 .693 .807 1.000 .842 .752 .749 

Q58 .754 .748 .742 .796 .713 .806 .842 1.000 .805 .798 

Q59 .733 .740 .691 .748 .679 .758 .752 .805 1.000 .784 

Q69 .754 .809 .719 .776 .701 .761 .749 .798 .784 1.000 

 

Since alpha depends on the correlation coefficient, it is essential to make sure that the 

correlations are valid measure of the strength of inter-item association. It is a very good idea to 

scatter-plot each pair of variables and, if necessary, to test for non-linearity. If the item 

statements are expressed in different direction (i.e. are they all positive or negative statements?), 

we should reverse the scales to statements in the same direction, in case when we sum the scores 

of all items, the rating of positive statement and that of negative statement cancel out each other. 

From table 3-1, we see pretty strong pair correlations between all items (.658-.842), 

indicating all of them go together measuring the same construct Inhibit. For small problems, we 

can often see patterns in the correlation matrix, and try to improve reliability by dropping certain 

items; for larger problems, factor analysis is a better approach. Table 3-1 presents the pair 

correlations under the scale Inhibit, the pair correlations under other seven scales are presented in 

the Appendix B. All the corresponding items under specific factor showed medium to high 

correlations, indicating items have high internal consistency for each factor. 
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Descriptive statistics  

Table 3-2.  Summary Item Statistics Under Subscale Inhibit 

 Mean Minimum Maximum Range Max/ Mini Variance N of Items 

Item Means 1.570 1.443 1.671 .228 1.158 .005 10 

Inter-Item Correlations .746 .658 .842 .184 1.280 .002 10 

 

In examining the descriptive statistics, we found the items are relatively all centered at the 

middle of the range 1.57 (1 stands for never, and 3 stands for often), the minimum has a mean of 

1.443, and the maximum has a mean of 1.67 for subscale Inhibit. For the other factors (see 

Appendix), similar patterns were found that item means for different factors ranged from 1.420-

1.627. Items that show extreme means (nearly 1 or 3) need further examination before been 

eliminated.  

Table 3-3 Item Statistics Under Subscale Inhibit 

 Mean Std. Deviation N 

Q9 1.67 .732 1857 

Q38 1.66 .753 1857 

Q42 1.58 .748 1857 

Q43 1.60 .759 1857 

Q45 1.59 .738 1857 

Q47 1.48 .715 1857 

Q57 1.44 .687 1857 

Q58 1.52 .724 1857 

Q59 1.56 .729 1857 

Q69 1.59 .739 1857 

 

The spread of the data distribution can have an effect on Cronbach’s alpha estimates. The 

larger the spread of variances of the items, the higher the resulted alpha would be. Note that the 

standard deviation (SD) of the subscale Inhibit ranges from 0.687 to 0.759, similar ranges are 

found in the other seven factors in the Appendix B. There are differences in the variability in 

items, but that all have enough variation to be useful, in other words, the variation are low, but 

not so low that the items should be thrown away. 
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Cronbach’s coefficient alpha 

Table 3-4.  Cronbach’s coefficient alpha 
Scales 

Alpha 

Inhibit Shift Emotional 

Control 

Initiate Working 

Memory 

Plan/ 

Organize 

Organization 

of Materials 

Monitor Overall 

Raw .967 .944 .954 .932 .946 .941 .936 .935 .991 

Standardized .967 .945 .955 .932 .947 .941 .937 .936 .991 

 

Taking the subscale Inhibit as an example, Inhibit is the sum of observed variables Q9, 

Q38, Q42, Q43, Q45, Q47, Q57, Q58, Q59, and Q69 measuring the same construct, and with 

1089 subjects respond to the items, we can estimate the variance for each item, as well as the 

variance for the sum scale Inhibit. The variance of the sum scale Inhibit will be smaller than the 

sum of the ten item variances, since the variance of the sum scale contains an additional 

component of covariance.  

As it is in our case, the BRIEF output has an overall raw alpha of .991, which is very high 

considering that .70 is the cutoff value for being acceptable. Actually high reliabilities (0.95 or 

higher) could be problematic, which may imply that the items are entirely redundant. The raw 

alphas for the eight scales are .967 for Inhibit, .944 for Shift, .954 for Emotional Control, .932 

for Initiate, .946 for Working Memory, .941 for Plan/Organize, .936 for Organization of 

Materials, and .935 for Monitor. All the alphas indicate strong internal consistency among the 

items under respective construct. It is a good sign that our instrument is considered internally 

consistent. Yet we need to bear in mind that Cronbach’s alpha tends to provide overestimated 

estimates in multidimensional measurement.  

Subscales inter-correlation 

One thing worth note is that a negative correlation is not a problem in this part of analysis. 

For example, if the instrument has a subscale measuring "positive attitude" and another subscale 

assessing "depression," it makes perfectly sense that they should yield opposite estimates to each 



 

44 

other. On the other hand, a positive relationship could be a problem because the concepts 

measured by the subscales are not distinct if the correlations are very high. 

Table 3-5 Inter-correlation among the eight subscales 

 
p_ 

inhibit 

p_ 

shift 

p_emo 

_cntrl 

p_ 

initiate 

p_wk_ 

mem p_plan 

p_ 

organi 

p_ 

monitor 

p_inhibit 1.000 .711 .814 .745 .731 .731 .685 .896 

p_shift .711 1.000 .851 .733 .760 .756 .671 .769 

p_emo_cntrl .814 .851 1.000 .667 .656 .666 .623 .784 

p_initiate .745 .733 .667 1.000 .899 .917 .742 .869 

p_wk_mem .731 .760 .656 .899 1.000 .906 .778 .850 

p_plan .731 .756 .666 .917 .906 1.000 .808 .879 

p_org .685 .671 .623 .742 .778 .808 1.000 .788 

p_monitor .896 .769 .784 .869 .850 .879 .788 1.000 

 

In the table 3-5, we can see that the correlation among the eight subscales are all relatively 

strong, rang from .623 to .917, indicating that all subscales are dependent on each other. There 

are possibly overlapped portion of concepts been measured in our instruments, although each of 

them sustain a very high Cronbach’s coefficient Alpha. 

Item-total statistics for subscale 

No items should be dropped simply by looking at its own mean or correlation, a good 

analysis of test items should take the whole test into consideration.  

Table 3-6 Item-Total Statistics for Subscale Inhibit 

 Scale Mean if 

 Item Deleted 

Scale Variance 

 if Item  

Deleted 

Corrected  

Item-Total  

Correlation 

Squared  

Multiple  

Correlation 

Alpha if Item  

Deleted 

Q9 14.03 33.765 .832 .698 .964 

Q38 14.04 33.521 .836 .734 .964 

Q42 14.12 33.601 .832 .738 .964 

Q43 14.10 33.131 .878 .790 .962 

Q45 14.11 33.987 .795 .652 .965 

Q47 14.23 33.751 .856 .753 .963 

Q57 14.26 34.085 .850 .767 .963 

Q58 14.18 33.418 .888 .815 .962 

Q59 14.14 33.694 .844 .731 .963 

Q69 14.11 33.418 .867 .774 .963 
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The results from table 3-6 are helpful for identifying individual items that might be 

troublesome. First, we look for the least strong correlation between an item and a scale 

composed of all of the other items. Q45 appears to have the least associations with the remaining 

items, although the correlation is strong and as high as 0.795. It is suggested that a correlation 

coefficient less than .30 is a weak correlation, and that item should be removed and not used to 

form a composite score for the construct. Thus, we are inclined to keep the Q45 in the 

measurement. 

Second, we look for the inflation of the reliability alpha when certain item was deleted. If 

Q45 in Inhibit were to be deleted for the fact that it has the least item-total correlation value, then 

the value of raw alpha will decrease from the current .967 to .965. This indicates that Q45 is 

measuring the same construct as the rest of the items in the scale, although it contributes the least 

to the score variance. Thus, we conclude once more that it is an item we should retain. If we 

remove Q45 from the scale, it will make the construct less reliable, since the alpha drops from 

0.967 to 0.965. Therefore, all of the items were preferred to be retained in order to form a 

reliable measurement. In sum, we would lose more power by shortening our test than we would 

gain from a higher average correlation. 

According to the output of Cronbach’s alpha analysis, BRIEF presented an excellent 

outcome, or to say, exceeded our expectation. However, we have to remember that alpha is a 

poor index of multidimensionality. There are other scaling models out there, many analysts, 

however, apply alpha to all scaling problems. 

Multivariate Generalizability Analysis 

Generally, a reliability coefficient can be attained by replicating the design process for 

multiple times or occations. However, a true replication of the measurement would involve 

randomly equivalent, but also with different teachers, and items, etc. Obtaining the reliability 



 

46 

coefficient by simply correlating students’ scores from the eight subscales is not sufficient for 

“replications”. To overcome this complexity, we incorporate the multivariate generalizability 

theory to estimate the test internal consistency. Its generalizability study results will be used in 

the D study to estimate how reliability coefficients were impacted by varying the number of 

teachers and items, with the purpose of determining the optimal number needed for an efficient 

decision. (Kreiter, 2004) 

BRIEF Data 

We use the same BRIEF data as above, there are 85 teachers and each teacher evaluated 

around 13 students. Usable survey forms of totaling 1,089 of 1,318 forms (82.63%) were 

received. The teacher survey was specified to have 73 polytomously-scored items split into eight 

content categories (Inhibit, Shift, Emotional Control, Initiate, Working Memory, Plan/Organize, 

Organization of Materials, and Monitor). Eight scores are produced for each corresponding 

subscale. The first three scales comprise the sub-total scale of Behavioral Regulation Index 

(BRI); and the other five scales comprise the second sub-total scale of Metacognition Index 

(MI). The BRI and MI sub-total scales are combined to form the total score of Global Executive 

Composite (GEC).  

Multivariate Generalizability Model 

G-study design 

In the framework of multivariate generalizability theory, the BRIEF data follows a specific 

design. The data for this analysis consist of polytomous responses (1 = Never; 2 = Sometimes; 3 

= Often) of 85 teachers’ evaluation on 1,089 students to a 73-item survey. Thus the 1,089 

students were nested within the 85 teachers, and were crossed with the items. Furthermore, each 

survey was consisted of eight content categories, in other words, the items were nested within the 
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eight subscales. As we mentioned before, the item number for each subscale are 10, 10, 9, 7, 10, 

10, 7, and 10.  

If the conditions within each facet people (p) / student, teacher (t), and item (i), but not 

facet subscale (s), are treated as being random samples from all possible conditions, thus, these 

three facets are random facets which can be generalized to similar situations, while facet 

subscale is a fixed facet, as is required under multivariate generalizability theory, then we denote 

p as person / students, t as teachers, i as items, and s as subscales. 

The questionnaire BRIEF data follows a (p• :  t•) × i° design as in the multivariate 

generalizability model,  which is equivalent to the (p : t) × (i : s) design in the univariate 

generalizability model,  with the following observed sample sizes: 

   = 1089,    = 85,    = 10, 10, 9, 7, 10, 10, 7, 10,    = 8. 

For the fixed subscale facet, there is a univariate (p : t)  × i design associated with each of 

the eight subscales. Because teachers (object of measurement) are “linked”, a covariance 

component and a disattenuated correlation for teacher (t) between the eight subscales can be 

estimated.   

Univariate Generalizability theory: 

Linear Model:                                                            (3-1) 

Variance Components:   
      

      
     

         
         

              
       (3-2) 

Multivariate Generalizability theory: 

Linear Model:                                     (3-3) 

Variance Components:   
      

    
     

          
          (3-4) 

Covariance Components:   
      

             (3-5) 
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Software: MGT: mGENOVA      

Software mGENOVA (Brennan, 2001) was used to conduct the multivariate 

generalizability analysis. In order to meet the requirement of the software mGENOVA, which 

only accepts .txt file, the data was reorganized before saving into the .txt file from .csv file. First, 

all the data were set to same length as one digit for all the response, and 6 digit for the subscale 

values as 000.00, then all the data were sorted according to the teacher names in order to put the 

students evaluated by the same teacher together, and then the items were arranged according to 

the subscales, in this way, the items would list in the order of subscales, not according to the item 

numbers. Finally, the student ID and teacher names were moved to the right column of the file 

and the first row of the file which containing the names of variables were deleted. Thus, the data 

were ready to be read into mGENOVA. Statistics including means of the variables, mean squares 

and mean products would be printed, the mean squares were used to estimate variance 

components, and the mean products were used to estimate covariance components, others results 

were presented as follows: 

Table 3-7.  Estimated G Study Variance and Covariance Components 

Effect       inhibit         shift      emocntrl      initiate       workmem          plan      organize       monitor 

t            0.07363       0.82852       0.91854       0.95049       0.92010       0.91520       0.89280       0.95403 

             0.06271       0.07780       0.91974       0.85705       0.94719       0.86801       0.86059       0.88985 

             0.05970       0.06145       0.05738       0.86750       0.90345       0.83855       0.89014       0.90046 

             0.07362       0.06824       0.05932       0.08148       0.95995       0.99093       0.91242       0.97974 

             0.07054       0.07465       0.06115       0.07742       0.07983       0.96674       0.95152       0.96870 

             0.07351       0.07167       0.05946       0.08373       0.08086       0.08763       0.93388       0.97380 

             0.06541       0.06481       0.05757       0.07032       0.07259       0.07464       0.07290       0.93360 

             0.06838       0.06557       0.05698       0.07388       0.07230       0.07615       0.06659       0.06978 

p:t          0.32267 

             0.17785       0.17291 

             0.24117       0.19149       0.25606 

             0.21312       0.16330       0.17005       0.25138 

             0.20612       0.16006       0.16230       0.23831       0.24438 

             0.19651       0.15027       0.15585       0.23000       0.22160       0.21975 

             0.18946       0.13330       0.14707       0.17992       0.19065       0.18687       0.24381 

             0.26049       0.16694       0.20286       0.22420       0.21455       0.21194       0.18950       0.23687 
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Table 3-7.  Estimated G Study Variance and Covariance Components 

Effect  inhibit   shift         emocntrl     initiate       workmem          plan        organize         monitor 

i            0.00561 

                       0.00561 

                                           0.01054 

                                                               0.00058 

                                                                                   0.01827 

                                                                                                        0.00069 

                                                                                                                          0.00620         

                                                                                                                                               0.01334                                                                                                                                                          

ti           0.01129 

                                 0.01232 

                                                  0.00964 

                                                                     0.01570 

                                                                                            0.01724 

                                                                                                              0.01431 

                                                                                                                                  0.00942 

                                                                                                                                                       0.01927 

pi:t         0.12420 

                                 0.13320 

                                                  0.12563 

                                                                   0.16326 

                                                                                          0.14440 

                                                                                                               0.17395 

                                                                                                                                 0.13817 

                                                                                                                                                      0.18960 

 

Variance and covariance matrix 

Estimated variance components and covariance component for each subscale are reported 

in Table 3-7. The estimated variance components are the bolded elements at the diagonal of the 

matrix, the lower diagonal elements are the unbiased estimates of universe score covariances, 

and the upper diagonal elements should have been the same covariance, but rather, the 

disattenuated correlations are printed instead.  

Variance components of the eight subscales were compared to determine how different the 

effects variability was. As seen from the table 3-7, the teacher (t) effect was quite small 

accounting for less than 8% of the variance for all subscales, with the smallest 0.057 for subscale 

Emotional Control, and the largest 0.088 for subscale Plan, indicating that there were greater 
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differences in teachers’ evaluation on the subscale Plan than subscale Emotional Control, though 

the difference was not very obvious. The effect item (i) and effect teacher by item interaction (ti) 

are all below 2% of the variance for all subscales, ranked as the smallest among all the other 

effects. This indicates that item difficulty and teacher by item interaction does not contribute 

substantially to the variability of students’ scores. Looking into the item (i) effect, subscale 

Working Memory (0.02) has relatively larger variability than the subscale Initiate (0.0006), this 

has well clued us that we could place more items in the subscale Working Memory in our future 

D study to improve the test score reliability, although the item (i) effect accounted for few error 

variance. With the low variance components for both teacher (t) and item (i), it is understandable 

that variability attributable to teacher by item (ti) is relatively small, which indicate that the 

teachers’ evaluations on all items are consistent for all eight subscales. The effect of students 

nested in teacher (p:t) was the largest source of variability. Variance of the people/student nested 

in teacher (p:t) are the summation of the people (p)/student variance and people (p)/student by 

teacher interaction (pt), with the known low variance component for teacher (t) effect, and we 

can include that there are substantial differences in students universe scores, and thus could be 

considered as one prior facet that should be manipulated in the D study. The residual (pi:t) has 

medium variance component, which is expected because both item (i) and teacher (t) have 

relatively small variance, we have assumed that person/student (p) has relatively large variance 

and also there is not much error assumed which  is not being explained by the model. 

The covariances and correlation matrix provided more information on the performance of 

the different subscales. The covariances for the eight subscales under the teacher (t) effect are all 

around 0.06-0.08, suggesting that the teachers evaluation on the students were consistent within 

each subscales, and also the students’ score in each subscale ranks similar to each other. Given 
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that the variances for effect people/student nested in teacher (p:t) were larger than the effect 

teacher (t), its covariances are higher as well (0.13-0.26). The higher covariance in effect 

people/student nested in teacher (p:t) showed that they may accounts for greater weights in 

students’ score.  

Disattenuated correlation 

The observed disattenuated correlation is provided only for the first effect (t), since the 

first effect is treated as the objects of measurement facet. The correlation of the universe scores 

for each subscale was examined to determine whether or not the items within the different 

subscales represented different skills. All these universe score correlation were as high as 

between 0.82-0.99, suggesting that the eight subscales in this study could be considered as well 

replications. We have similar conclusions from Cronbach’s Alpha analysis. 

D-study design 

D coefficients and SEMs for subscale variables 

D studies demonstrate the impact of different measurement conditions related to teacher, 

student and item facets on the absolute and relative coefficients and standard error of 

measurement. For our design with a (p•: t•) × i° variance components design, the sample size for 

each facet,   
  and harmonic means of the     

 , which were also called the divisors, were 

calculated to compute for the variance and covariance components. Therefore, the variance and 

covariance in the D study were the results of G study variance and covariance divided by the 

corresponding divisors. 

The D study variance-covariance matrix for the first effect- teacher effect (t) is the 

variance-covariance matrix for universe scores. All effects, except the teacher effect (t), that 

interact with the universe scores effect (t) contribute to relative error (    
     

           
 ); and all 
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effects, except the universe scores effect (t), contribute to absolute error (    
    

  

   
           

 ). Every effect would contribute to the error for the mean. 

Therefore, the generalizability coefficient     in the (p•: t•)×i° three-facet design with 

subscale facet fixed becomes: 

    
  

 

  
      

     
       

      (3-6) 

And the dependability index phi     in the (p•: t•)×i° three-facet design with subscale facet 

fixed becomes: 

  
  

 

  
      

    
     

       
       (3-7) 

Table 3-8.   D Study Results for Individual Variables 
                                  Inhibit         Shift          Emocntrl         Initiate      Workmem     Plan         Organize      Monitor 

Univ Score Var       0.07363       0.07780       0.05738       0.08148       0.07983       0.08763       0.07290       0.06978 

  Rel Error Var        0.03427       0.01965       0.02778       0.02941       0.02732       0.02489       0.02741       0.02723 

  Abs Error Var       0.03483       0.02021       0.02895       0.02950       0.02915       0.02495       0.02830       0.02856 

Er Var for Mean     0.00183       0.00171       0.00217       0.00139       0.00309       0.00139       0.00207       0.00247 

 

  Univ Score SD     0.27134       0.27893       0.23955       0.28545       0.28255       0.29602       0.27000       0.26416 

   Rel Error SD       0.18513       0.14018       0.16667       0.17150       0.16530       0.15775       0.16557       0.16502 

   Abs Error SD      0.18664       0.14217       0.17014       0.17174       0.17073       0.15797       0.16822       0.16901 

Err SD for Mean    0.04278       0.04132       0.04661       0.03725       0.05557       0.03732       0.04545       0.04975 

 

Gen Coefficient     0.68237       0.79836       0.67382       0.73476       0.74502       0.77882       0.72673       0.71930 

            Phi             0.67884       0.79379       0.66468       0.73421       0.73253       0.77834       0.72037       0.70955 

 

From table 3-8, we see that for each of the fixed multivariate variables (subscales), 

universe score variance, relative and absolute error variances, standard error of measurement, 

generalizability and phi coefficients are presented. 

The largest universe score variance was the subscale Plan (0.088), and the smallest 

universe score variance was the subscale Emotional Control (0.057), however, because of the 

standard error of measurement, the highest generalizabilty coefficient becomes subscale Shift 

(0.80), while the lowest generalizabilty coefficient remains the subscale Emotional Control 

(0.67);  Similarly, the highest phi coefficient is for the subscale Shift (0.79), and the lowest phi 



 

53 

coefficient was for the subscale Emotional Control (0.66). All the reliability coefficients are 

higher than 0.66, suggesting measurement precision for all the eight subscales were medium-

high, especially for subscale Shift and subscale Plan, while the measurement precision for 

subscale Inhibit (0.68) and Emotional Control (0.67) still need improvement. 

D coefficients and SEMs for composite variables 

Table 3-9 D Study Results for Composite Variables 

         Composite Universe Score Variance             0.06956 

          Composite Relative Error Variance              0.02009 

          Composite Absolute Error Variance             0.02020 

          Composite Error Variance for Mean             0.00116 

  

Composite Universe Score Standard Deviation     0.26374 

Composite Relative Error Standard Deviation       0.14174 

Composite Absolute Error Standard Deviation      0.14212 

Composite Error Standard Deviation for Mean      0.03410 

  

     Composite Generalizability Coefficient            0.77589 

                              Composite Phi                           0.77496 

  

                          Composite S/N-Rel                       3.46215 

                          Composite S/N-Abs                      3.44358 
 

The composite universe score is based on applying the default w weights (a priori weights) 

to the universe scores for each of the eight subscales. Among all the Configurations in 

mGENOVA, the default w weight were used (0.14, 0.14, 0.12, 0.10, 0.14, 0.14, 0.10, 0.14), 

which are proportional to the item sample sizes (10, 10, 9, 7, 10, 10, 7, 10). The eight subscales 

contributed to the composite universe score variance under the w weights are 13.48%, 13.51%, 

10.49%, 10.13%, 14.52%, 14.95%, 9.37%, 13.54%.  

Since BRIEF test represents a criterion-referenced test, the phi coefficient is the more 

appropriate measure of reliability in this case. As seen from the table 3-9, the composite Phi 

coefficient was medium high as 0.775, the composite absolute error standard error of 
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measurement was 0.142, suggesting that the composite measurement reliability is acceptable, but 

still have room for improvement. 

Eight configurations 

In the Configuration A, same G study sample size was used (defalt), and we get an 

acceptable composite Phi coefficient of 0.775, it serves as the base for the later design 

comparison.  The result of Configuration A is presented in the Appendix C. Started from the 

Configuration B, the sample size of certain facets was varied with the purpose to observe their 

effect on the G and Phi coefficients, along with the associated SEMs. Table 3-10 provides the 

absolute SEMs and Phi coefficients according to the eight D studies Configurations. 

Table 3-10 D Study Composite G Coefficient Change on the Variation of Facet Sample Size 

Configuration Subscales P:t 

Divisor 

Weight Absolute 

SEMs 

Composite 

G Estimates 

G Study 10 10 9 7 10 10 7 10 10.111    

D Study A 10 10 9 7 10 10 7 10 10.111 w 0.14212 0.77496 

D Study B 1 1 1 1 1 1 1 1 10.111 w 0.08666 0.90246 

D Study C 5 5 5 5 5 5 5 5 10.111 w 0.06253 0.94672 

D Study D 10 10 10 10 10 10 10 10 10.111 w 0.05882 0.95256 

D Study E 20 20 20 20 20 20 20 20 10.111 w 0.05688 0.95551 

D Study F 8 8 11 7 12 7 8 12 10.111 w 0.06068 0.94915 

D Study G 10 10 9 7 10 10 7 10 15 w 0.04994 0.96539 

D Study H 10 10 9 7 10 10 7 10 20 w 0.04410 0.97281 

 

In the Configuration B, the sample size for teacher (t), student nested in teacher (p:t) 

remained the same, while the sample size for item (i) were set to 1 for each of the eight 

subscales. The composite phi coefficient were increased from 0.775 to 0.902, and the SEMs were 

dropped from 0.142 to 0.087, apparently changed the number of items (i) in each subscale from 

unbalanced to balanced would resulted in better score reliability, even though the number of 

sample size were decreased from average ten items to only one item per subscale. It reinforced 

the fact that the effect item (i) accounted for small variance to the students’ performance on 

BRIEF. We could infer from this run of data that the sample size of the teacher (t) and student 
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nested in teacher (p:t) were so large, that even one item per subscale would give a satisfied 

composite generalizability coefficient. The output of Configuration B result is presented in the 

Appendix. 

In the Configuration C, the sample size for teacher (t), student nested in teacher (p:t) 

remained the same, while the sample size for item (i) were increased to five for each of the eight 

subscales. The composite phi coefficient was increased 0.172 from 0.775 to 0.947 comparing to 

the Configuration A, and the SEMs were dropped to 0.063. While comparing with the 

Configuration B, the composite phi coefficient increased by 0.045 (from 0.902 to 0.947). 

Therefore, we could infer from these three runs of data that balanced multivariate design yield 

quite high composite phi coefficient, and the increase of the number of items (i) from one to five 

for each subscale have nice boost on the phi coefficient, but not as remarkable as from the last 

Configuration. The detailed result of Configuration C is presented in the Appendix. 

In the Configuration D, the sample size for teacher (t), student nested in teacher (p:t) again 

remained the same, and the sample size for item (i) were increased to ten for each of the eight 

subscales. The composite phi coefficient merely increased by 0.006 (from 0.947 to 0.953) 

comparing to the Configuration C, and the SEMs dropped only 0.004, from 0.063 to 0.059. 

Apparently the increase of the number of items (i) from five to ten for each subscale has little 

effect on the phi coefficient, yet the test length is doubled. The detailed result of Configuration E 

is presented in the Appendix. 

The same situation applied to the Configuration E, the sample size for teacher (t), student 

nested in teacher (p:t) remained the same, while the sample size for item (i) were increased to 

twenty for each of the eight subscales. The composite phi coefficient only increased by 0.003 

(from 0.953 to 0.956) comparing with the Configuration D, and the SEMs were dropped to 
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0.057. Although the composite phi coefficient achieved the satisfied level comparing to the first 

couple Configurations, the contribution was not sufficient enough, especially considering the fact 

that included such a large amount of items (160 items in total). Considering the practical issue of 

the test length and time, we would not recommend this data configuration for the test 

construction. The detailed result of Configuration F is presented in the Appendix. 

In Configuration F, the sample size for teacher (t), student nested in teacher (p:t) remained 

the same, however, the sample size for item (i) were altered according to the magnitude of the 

variance components of the eight subscales within the item (i) effect, while remaining the current 

test length by relocating the items (8 8 11 7 12 7 8 12) for each subscale. The number of items in 

subscale Working Memory were increased from 10 to 12, as its variance accounted for the most 

among the eight subscales, the number of items in subscales Initiate and Plan were both 

decreased to 7, where little variability among the items were detected. Though the composite Phi 

coefficient in this Configuration decreased by 0.006 (from 0.956 to 0.950) when comparing with 

the Configuration E, and also the SEMs increased 0.004 from 0.057 to 0.061, the test length was 

shrunk from 160 items back to 73 items. Compare to the Configuration D and Configuration E, 

the Configuration F composite phi coefficient was right located in between. In this case, we 

would leave the choice for the BRIEF experts to weigh between the test length and score 

reliability, as well as the content specifications. 

In the Configuration G, the sample size for teacher (t), item (i) remained the same as the G 

study, while the sample size for students nested in teacher (p:t) were increased to fifteen from 

average 10.111 for each teacher. The composite phi coefficient were increased from 0.775 to 

0.965 comparing to the default D study, and the SEMs were dropped from 0.142 to 0.050, 

apparently increased the number of students nested in teacher (p:t) would also result in 
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increasing of the composite phi coefficient, which actually had a more substantial effect than 

changing the unbalanced item numbers to balanced (0.902), even a little bit higher than 

increasing the balanced item number from one to twenty (0.956) for each subscale. It is 

apparently practical to reduce the error by modifying the facets that are responsible for the 

majority of the error variance in the design. The Configuration G output is presented in the 

Appendix. 

In the Configuration H, the sample size for teacher (t), item (i) remained the same, while 

the sample size for students nested in teacher (p:t) were increased to twenty for every teacher. 

The composite phi coefficient were increased to 0.973, and the SEMs were dropped to 0.044, 

thus we could infer that by increasing the number of students nested in teacher (p:t) would 

resulted in increasing of the composite phi coefficient, however by increasing fifteen students to 

twenty for each teacher the phi coefficient only increased by 0.007. The result of Configuration 

H is presented in the Appendix. 

According to the change of the composite phi coefficients and SEMs after the variation of 

the sample size in different facets, we could conclude that when we increased the sample size of 

the D study on either the item (i) facet, or the students nested in teacher (p:t) facet, or both of 

them, the composite phi coefficient would increased from the acceptable level to a satisfied level, 

however the degree of increase was slowing down as we further increasing the sample size on 

either of the above facet. 
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CHAPTER 4 

RESULTS AND CONCLUSIONS 

1) Brief Summary of the Cronbach’s Alpha Reliability. According to table 3-3, our 

output has an overall raw alpha of .991, which is very high considering that .70 is the cutoff 

value for being acceptable. Actually high reliabilities (0.95 or higher) could be a problem, as this 

may indicate the items were entirely redundant. Looking back to the survey, we found Q38 

(Does not think before doing), Q43 (Is impulsive) and Q 69 (Does not think of consequences 

before acting) are asking similar questions, we suggest that certain items should be revised. The 

raw alphas for the eight scales are .967 for scale Inhibit, .944 for scale Shift, .954 for scale 

Emotional Control, .932 for scale Initiate, .946 for scale Working Memory, .941 for scale 

Plan/Organize, .936 for scale Organization of Materials, and .935 for scale Monitor. All the 

alphas indicate strong internal consistency among the items under respective construct. It is a 

good sign that our instrument is considered as reliable, however, we need to remember that alpha 

could be overestimated when come to multidimensional cases.  

2) The Relationship Between the Eight Subscales in BRIEF. From the Cronbach’s alpha 

analysis, the correlation among the eight subscales are all relatively strong in table 3-4, rang 

from .623 to .917, same in the multivariate generalizability analysis in table 3-6, all the universe 

score correlations were as high as between 0.82-0.99. However, a very high positive relation is 

not what we wanted in a study because it could imply that the concepts measured by the 

subscales are not distinct. Therefore, the eight subscales in our instrument are all dependent on 

each other, meaning there are overlapped portion of concepts been measured, which agrees with 

the above cutoff criterion that a very high Cronbach’s coefficient alpha represents replicated 

items. 
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3) Multivariate Generalizability and Dependability coefficients for each subscale and 

composite scales in BRIEF as well as the Standard Error of Measurement. For the 

multivariate generalizability model with a (p•: t•) × i° design, the highest generalizabilty 

coefficient is subscale Shift (0.80), and the lowest generalizabilty coefficient is the subscale 

Emotional Control (0.67), in between the generalizabilty coefficient for scale Inhibit is 0.68, for 

scale Initiate is 0.73, for scale Working Memory is 0.75, for scale Plan is 0.78, for scale 

Organize is 0.73, for scale Monitor is 0.72; the highest phi coefficient is the same for the 

subscale Shift (0.79), and the lowest phi coefficient is the same for the subscale Emotional 

Control (0.66), in between the phi coefficient for scale Inhibit is 0.68, for scale Initiate is 0.73, 

for scale Working Memory is 0.73, for scale Plan is 0.78, for scale Organize is 0.72, for scale 

Monitor is 0.71. All the reliability coefficients are higher than 0.66, suggesting measurement 

precision for all the eight subscales were medium-high. The composite generalizability 

coefficient for all eight subscales was medium high as 0.776, and the composite Phi coefficient 

for all eight subscales was medium high as 0.775, both are above the acceptable level. 

Table 3-10 provides the phi coefficients and the respective absolute SEM for the various 

Configurations. Reliability coefficients serve as the primary interest in our study, the standard 

error of measurement, however could be a more useful metric. A higher generalizability 

coefficient does not guarantee a smaller error component. While the differences in SEM were not 

dramatic in our case, small differences were observed from Configuration A (0.14) to 

Configuration I (0.04).  

4) Difference between Cronbach’s Alpha and Multivariate Generalizability. Refer 

back to question 1) and 3), we can see that the Cronbach’s alpha for the eight subscales are all as 

high as 0.932 and above, and has an overall Cronbach’s alpha of 0.991, while the Phi coefficients 
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for the eight subscales are medium high around 0.66 to 0.79, and its composite Phi coefficient is 

0.77. The reason underlying that the two models have different result could be that the 

Cronbach’s alpha model throws all the errors into one single error score, while Multivariate 

Generalizability model not only separates and accounts for multiple sources of errors, but also 

allows more than one universe score associated with the object of measurement. Here 

Cronbach’s alpha reliability is highly over-estimated in our case, and as mentioned earlier 

before, the usage of Cronbach’s alpha reliability should be cautious. However, the major causes 

for the different result is that the objective of measurement was changed from students to 

teacher, thus different error variance were included for the estimation of the coefficients. 

As to the internal structure of the test, multivariate generalizability theory furthermore 

contributed valuable information. It provided that the disattenuated correlations between the 

universe scores of the eight subscales were between 0.82 and 0.99, indicating a high degree of 

commonality between the scores on the eight subscales.  

Even with such case that the subscales are highly correlated, variance-covariance matrix 

brought additional input. The variance components of the eight subscales were compared to 

determine how different the variability of teachers/raters and items were within each of the 

subscales. Table 3-7 revealed that students’ score varied on subscales as well as on effects, 

although the variability pattern was not very consistent. The students’ score on certain subscales 

were more variable than on other subscales within an effect, and that the different subscales 

further had various degrees of scores variability in different effects. For instance, the effect of 

students nested in teacher (p:t) ranked the highest among all effects on the variability of the 

students performance, and within the effect (p:t) the subscale Inhibit (0.32) accounted more 

variance than the subscale Shift (0.17). With the information provided, we could manipulate the 



 

61 

number of the students evaluated by the teacher in the D studies to see the impact on reliability 

by reducing the largest error variance. Furthermore, as to the item (i) effect, despite the fact that 

it accounts for little score variance, the subscale Working Memory (0.02) accounted for larger 

error variance than the subscale Initiate (0.0006), notifying us to increase the items in the 

subscale Initiate to improve the content accuracy of BRIEF. The multivariate generalizability 

theory further avoids the complexity of unbalanced design, and allows us to investigate and 

decrease the measurement error at each subscale and composite level. 

In addition to trying to more accurately assess the reliability of the scores, the benefits of 

using the multivariate approach rather than the Cronbach’s alpha model are obvious from a test 

development perspective, as was shown in the D studies, which allows for varying the conditions 

of any facet or combinations of facets to get the optimum precision design. 

With the eight D study Configurations in the software mGENOVA, we found that the 

default w weight, which are proportional to the item sample sizes, were preferred to the a 

weights, with which each subscale gets same weight. Generalizability and phi coefficients were 

not able to converge under the a weights, but not under the w weight.  

The D study allows us to use the information provided by the G study to visualize the 

effects of modifications on reliability using simulated data. We found that the composite phi 

coefficient were increased significantly when we changed the number of items (i) in each 

subscale from unbalanced (0.78) to balanced (0.90), even though the number of sample size were 

decreased from average ten items to only one item per subscale, with one condition that the 

sample size of the teacher (t) and student nested in teacher (p:t) should remain as large as ten. 

If the sample size for teacher (t) and item (i) were fixed, while the sample size for students 

nested in teacher (p:t) were increased to twenty from average ten for each teacher, the composite 
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phi coefficient would increased from the acceptable level (0.78) to a satisfied level (0.98), even 

larger than changing the unbalanced item numbers to balanced (0.90), also a little bit higher than 

increasing the balanced item number from one to twenty (0.96). Therefore, if budget allowed, it 

is preferred to increase the number of students nested in teachers (p:t) rather than increase the 

number of items, considering the effect students nested in teachers (p:t) accounting the largest 

variance in the design. However, further increasing the sample size on either of the above facet 

would result in higher composite phi coefficient, but the degree increased would not be obvious.  
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CHAPTER 5 

DISCUSSION AND FUTURE RESEARCH 

Cronbach’s Alpha Model  

Reliability tests are preliminary analysis especially important when derivative variables are 

intended to be used for subsequent analyses. If the result shows poor reliability, some items 

should be re-examined and modified or completely changed as needed. Before we proceed to 

coefficient alpha, it requires that the correlations should be verified that meet the assumptions. 

Reliability test also assumes uni-dimensionality. Both are strong assumptions, we need to pay 

attentions before and after calculating alpha. 

Exploratory factor analysis is also one good method to detect poor items for the purpose of 

keeping efficient items. The Cronbach’s alpha analysis could mark out them and then to be 

deleted in order to generate an improved reliability coefficient.  

Consider the questionnaire BRIEF has the teacher effect as the measurement of the object, 

the inter-rater reliability could be examined as well in addition to the Cronbach’s alpha 

reliability. Much as these two methods contribute to the reliability of the test score, the 

multivariate generalizability model outshined in a greater extend as in multi-dimensional cases. 

Multivariate Generalizability Model 

Be aware of that the multivariate generalizability analysis presented as a powerful tool for 

assessing the reliability of a questionnaire of multiple dependent subscales, some points yet need 

to be addressed.  

First, unbalanced data always creates complexity when we want to decompose the variance 

components. There are many approaches of decompositions of the total sums of squares, while in 

the generalizability model, it allows its average term-mean squares to be able to adjust in various 

ways for other effects. 
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 Second, mixed models yield biased estimation as it contains both fixed effects and random 

effects. Generalizability theory solves the problem by averaging over the fixed facets in the 

mixed model and estimates only the variances of the random effects. Yet it does not make 

conceptual sense as averaging the levels in the fixed effect. Brennan recommended applying the 

multivariate generalizability theory to handle the fixed effect of the mixed models.  

 On top of the two potential difficulties in our case, another issue is the complex 

computations for deriving the expected values of mean squares. Searle (1987) reviewed several 

alternative methods of estimating variance components that do not have the limitations of 

ANOVA methods: Maximum likelihood (ML) and Restricted Maximum Likelihood (REML), 

MINQUE (minimum norm quadratic unbiased estimation) and MIVQUE (minimum variance 

quadratic unbiased estimation), Bootstrap and Jackknife Brennan (2001). The comparison of the 

six methods will be considered as future studies. 

 Research topics like negative variance component estimate arises because of sampling 

errors or because of model misspecification (Shavelson & Webb, 1981), or issues concerning the 

sampling variability of estimated variance and covariance components in unbalanced designs 

(Calkins, Erlich, Marston, & Malitz, 1978; Leone & Nelson, 1966; cf. Lindquist, 1953; 

Shavelson & Webb, in press; Smith, 1978; Woodward and Joe 1973; Joe and Woodward 1976; 

Noreen M. Webb, Richard Shavelson, 1981) are also interested.  

Item Response Theory  

Under the framework of classical test theory, the standard error of measurement is 

considered invariable for all students. Longer tests are favored with higher reliability with a 

smaller standard error than the shorter tests. 

However, it was widely known that measurement precision is not uniform across the entire 

range of test scores. It is possible to obtain the standard error of measurement for each 
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individual, given students’ ability under Item Response Theory (IRT). Standard errors depend on 

the relationship between item properties (discrimination and difficulty) and the trait level of each 

respondent. For non-adaptive tests, longer tests are more reliable than shorter tests, but the 

standard errors are larger for extreme scores. Item response theory extends the concept of 

reliability from a single index to a function called the Information Function. The IRT 

information function is the inverse of the conditional observed score standard error at any given 

test score (ability estimate). This provides useful information for approaching and direction for 

exploring BRIEF under the framework of item response theory.  

Questionnaire Brief Suggestions 

The multivariate generalizability design for analysis provided additional eight 

configurations on test construction with the purpose to maximize score reliability. Before we 

look into this issue, we need to note that restructuring the test would change the interpretation of 

the total score, as the percent of items within each subscale would change.  

Adding more items to a measure would increase the score reliability, yet it is not always 

feasible to do that. The items are expensive to develop, deliver, and score as well, plus there are 

possible limitations on the number of items and length of testing time in the assessment. These 

practical concerns might restrict us from lengthening the test for a desired reliability. Other than 

examining the change on score reliability through increasing the total number of items, we could 

also investigate the effect of changing the distribution of items between the subscales while 

retaining the original test length. By reallocating the cases based on the magnitude of the 

variance component, the score reliability can be increased without increasing testing time. Before 

the actual test construction, the D studies of the multivariate generealizability theory allowed us 

to play with the conditions in different effects, and thus enabled us to select the finest for the 

design while avoiding possible cause of waste in the resource allocations.  
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No matter which configuration is chosen for the test construction, it is necessary to make 

sure that the test was not restructured in a way that raises concerns about the content balance, in 

other words, the content representation in each subscale should be consistent with the intended 

score interpretations. 
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APPENDIX A 

BRIEF QUESTIONNAIRE  

Brief 

Home 

  

Pre 

Post 

Follow-up Year 1 

Follow-up Year 2 

Follow-up Year 3 

Follow-up Year 4 

    

User ID:   

    

Teacher ID:   (only for follow-up data) 

Child ID:   

 Enter values 1 = Never; 2 = Sometimes; 3 = Often; 8 = Missing; 9 = Double Entry; 

1. Overreacts to small problems   

2. When given three things to do, remembers only the first or last   

3. Is not a self-starter   

4. Cannot get a disappointment, scolding, or insult off his/her mind   

5. Resists or has trouble accepting a different way to solve a problem with schoolwork, friends, 

chores, etc.   

6. Becomes upset with new situations   

7. Has explosive, angry outbursts   

8. Has a short attention span   

9. Needs to be told "no" or "stop that"   

10. Needs to be told to begin a task even when willing   

11. Loses lunch box, lunch money, permission slips, homework, etc.   

12. Does not bring home homework assignment sheets, materials, etc.   

13. Acts upset by a change in plans   

14. Is disturbed by change of teacher or class   

15. Does not check work for mistakes   

16. Cannot find clothes, glasses, shoes, toys, books, pencils, etc.   

17. Has good ideas but cannot get them on paper   

18. Has trouble concentrating on chores, schoolwork, etc.   

19. Does not show creativity in solving a problem   

20. Backpack is disorganized   

21. Is easily distracted by noises, activity, sights, etc.   

22. Makes careless errors   

23. Forgets to hand in homework, even when complete   

24. Resists change of routine, foods, places, etc.   

25. Has trouble with chores or tasks that have more than one step   

26. Has outbursts for little reason   

27. Mood changes frequently   

28. Needs help from adult to stay on task   
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29. Gets caught up in details and misses the big picture   

30. Has trouble getting used to new situations (classes, groups, friends)   

31. Forgets what he/she was doing   

32. When sent to get something, forgets what he/she is supposed to get   

33. Is unaware of how his/her behavior affects or bothers others   

34. Has problems coming up with different ways of solving a problem   

35. Has good ideas but does not get job done (lacks follow-through)   

36. Leaves work incomplete   

37. Becomes overwhelmed by large assignments   

38. Does not think before doing   

39. Has trouble finishing tasks (chores, homework)   

40. Thinks too much about the same topic   

41. Underestimates time needed to finish tasks   

42. Interrupts others   

43. Is impulsive   

44. Does not notice when his/her behavior causes negative reactions   

45. Gets out of seat at the wrong times   

46. Is unaware of own behavior when in a group   

47. Gets out control more than friends   

48. Reacts more strongly to situations than other children   

49. Starts assignments or chores at the last minute   

50. Has trouble getting started on homework or chores   

51. Mood is easily influenced by the situation   

52. Does not plan ahead for school assignments   

53. Gets stuck on one topic or activity   

54. Has poor understanding of own strengths and weaknesses   

55. Talks or plays too loudly   

56. Written works is poorly organized   

57. Acts too wild or "out of control"   

58. Has trouble putting the brakes on his/her actions   

59. Gets in trouble if not supervised by an adult   

60. Has trouble remembering things, even for a few minutes   

61. Work is sloppy   

62. After having a problem, will stay disappointed for a long time   

63. Does not take initiative   

64. Angry or tearful outbursts are intense but end suddenly   

65. Does not realize that certain actions bother others   

66. Small events trigger big reactions   

67. Cannot find things in room or school desk   

68. Leaves a trail of belongs wherever he/she goes   

69. Does not think of consequences before acting   

70. Has trouble thinking of a different way to solve a problem when stuck   

71. Leaves messes that others have to clean up   

72. Becomes upset too easily   

73. Has a messy desk   

74. Has trouble waiting for turn   
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75. Does not connect doing tonight's homework with grades   

76. Tests poorly even when knows correct answers   

77. Does not finish long-term projects   

78. Has poor handwriting   

79. Has to be closely supervised   

80. Has trouble moving from one activity to another   

81. Is fidgety   

82. Cannot stay on the same topic when talking   

83. Blurts things out   

84. Says the same things over and over   

85. Talks at the wrong time   

86. Does not come prepared for classes 
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APPENDIX B 

CRONBACH’S ALPHA ANALYSIS RESULTS 

 

Scale: Shift 

Inter-Item Correlation Matrix 

 Q4 Q5 Q6 Q13 Q14 Q24 Q30 Q40 Q53 Q62 

Q4 1.000 .680 .658 .632 .563 .563 .585 .551 .536 .720 

Q5 .680 1.000 .730 .664 .592 .634 .667 .609 .618 .657 

Q6 .658 .730 1.000 .760 .720 .701 .724 .577 .557 .668 

Q13 .632 .664 .760 1.000 .799 .721 .729 .579 .554 .617 

Q14 .563 .592 .720 .799 1.000 .717 .702 .550 .493 .557 

Q24 .563 .634 .701 .721 .717 1.000 .734 .588 .583 .574 

Q30 .585 .667 .724 .729 .702 .734 1.000 .634 .622 .600 

Q40 .551 .609 .577 .579 .550 .588 .634 1.000 .660 .539 

Q53 .536 .618 .557 .554 .493 .583 .622 .660 1.000 .562 

Q62 .720 .657 .668 .617 .557 .574 .600 .539 .562 1.000 

 

Summary Item Statistics 

 
Mean Minimum Maximum Range 

Maximum / 

Minimum Variance N of Items 

Item Means 1.420 1.308 1.582 .274 1.210 .007 10 

Inter-Item 

Correlations 

.633 .493 .799 .307 1.622 .005 10 
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Item-Total Statistics 

 Scale Mean if 

Item Deleted 

Scale Variance 

if Item Deleted 

Corrected 

Item-Total 

Correlation 

Squared 

Multiple 

Correlation 

Cronbach's 

Alpha if Item 

Deleted 

Q4 12.62 20.700 .744 .618 .940 

Q5 12.72 20.636 .797 .658 .937 

Q6 12.80 20.717 .830 .722 .935 

Q13 12.84 21.130 .822 .743 .936 

Q14 12.86 21.423 .765 .701 .938 

Q24 12.89 21.511 .785 .659 .938 

Q30 12.84 21.042 .813 .690 .936 

Q40 12.79 21.396 .711 .551 .941 

Q53 12.73 21.287 .696 .551 .942 

Q62 12.72 20.815 .745 .611 .939 

 

Scale Statistics 

Mean Variance Std. Deviation N of Items 

14.20 25.846 5.084 10 

 

Scale: Emotional control 

Inter-Item Correlation Matrix 

 Q1 Q7 Q26 Q27 Q48 Q51 Q64 Q66 Q72 

Q1 1.000 .668 .675 .681 .698 .670 .587 .726 .705 

Q7 .668 1.000 .789 .726 .691 .664 .617 .723 .708 

Q26 .675 .789 1.000 .752 .685 .666 .660 .733 .707 

Q27 .681 .726 .752 1.000 .716 .747 .623 .747 .755 

Q48 .698 .691 .685 .716 1.000 .750 .608 .763 .739 

Q51 .670 .664 .666 .747 .750 1.000 .594 .749 .729 

Q64 .587 .617 .660 .623 .608 .594 1.000 .680 .673 

Q66 .726 .723 .733 .747 .763 .749 .680 1.000 .796 

Q72 .705 .708 .707 .755 .739 .729 .673 .796 1.000 
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Summary Item Statistics 

 
Mean Minimum Maximum Range 

Maximum / 

Minimum Variance N of Items 

Item Means 1.467 1.315 1.609 .294 1.223 .009 9 

Inter-Item 

Correlations 

.700 .587 .796 .209 1.356 .003 9 

 

Item-Total Statistics 

 Scale Mean if 

Item Deleted 

Scale Variance 

if Item Deleted 

Corrected 

Item-Total 

Correlation 

Squared 

Multiple 

Correlation 

Cronbach's 

Alpha if Item 

Deleted 

Q1 11.60 21.360 .785 .622 .951 

Q7 11.80 21.720 .812 .695 .949 

Q26 11.84 21.802 .824 .722 .949 

Q27 11.76 21.500 .840 .719 .948 

Q48 11.68 21.160 .825 .695 .948 

Q51 11.63 21.292 .812 .685 .949 

Q64 11.89 22.700 .725 .545 .953 

Q66 11.72 21.137 .868 .759 .946 

Q72 11.71 21.123 .850 .732 .947 

 

Scale Statistics 

Mean Variance Std. Deviation N of Items 

13.20 27.098 5.206 9 

 

Scale: Initiate 

Inter-Item Correlation Matrix 

 Q3 Q10 Q19 Q34 Q50 Q63 Q70 

Q3 1.000 .728 .628 .619 .712 .705 .596 

Q10 .728 1.000 .612 .634 .707 .649 .637 

Q19 .628 .612 1.000 .721 .608 .633 .686 

Q34 .619 .634 .721 1.000 .632 .624 .755 

Q50 .712 .707 .608 .632 1.000 .696 .655 

Q63 .705 .649 .633 .624 .696 1.000 .638 

Q70 .596 .637 .686 .755 .655 .638 1.000 
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Summary Item Statistics 

 
Mean Minimum Maximum Range 

Maximum / 

Minimum Variance N of Items 

Item Means 1.626 1.597 1.699 .102 1.064 .001 7 

Inter-Item 

Correlations 

.661 .596 .755 .159 1.266 .002 7 

 

Item-Total Statistics 

 Scale Mean if 

Item Deleted 

Scale Variance 

if Item Deleted 

Corrected 

Item-Total 

Correlation 

Squared 

Multiple 

Correlation 

Cronbach's 

Alpha if Item 

Deleted 

Q3 9.69 12.939 .787 .660 .920 

Q10 9.78 13.151 .782 .636 .921 

Q19 9.75 13.325 .762 .611 .923 

Q34 9.78 13.330 .783 .668 .921 

Q50 9.79 13.094 .791 .646 .920 

Q63 9.75 13.168 .777 .618 .921 

Q70 9.77 13.295 .779 .655 .921 

 

Scale Statistics 

Mean Variance Std. Deviation N of Items 

11.38 17.745 4.213 7 

 

Scale: Working memory 

Inter-Item Correlation Matrix 

 Q2 Q8 Q18 Q21 Q25 Q28 Q31 Q32 Q39 Q60 

Q2 1.000 .663 .592 .581 .676 .562 .630 .605 .554 .632 

Q8 .663 1.000 .749 .730 .676 .740 .616 .549 .669 .626 

Q18 .592 .749 1.000 .737 .664 .752 .629 .538 .721 .623 

Q21 .581 .730 .737 1.000 .638 .734 .615 .526 .664 .587 

Q25 .676 .676 .664 .638 1.000 .648 .659 .615 .638 .687 

Q28 .562 .740 .752 .734 .648 1.000 .610 .527 .723 .592 

Q31 .630 .616 .629 .615 .659 .610 1.000 .754 .621 .699 

Q32 .605 .549 .538 .526 .615 .527 .754 1.000 .534 .661 

Q39 .554 .669 .721 .664 .638 .723 .621 .534 1.000 .594 

Q60 .632 .626 .623 .587 .687 .592 .699 .661 .594 1.000 
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Summary Item Statistics 

 
Mean Minimum Maximum Range 

Maximum / 

Minimum Variance N of Items 

Item Means 1.551 1.325 1.725 .400 1.302 .019 10 

Inter-Item 

Correlations 

.641 .526 .754 .228 1.432 .004 10 

 

Item-Total Statistics 

 
Scale Mean if 

Item Deleted 

Scale Variance if 

Item Deleted 

Corrected Item-

Total Correlation 

Squared Multiple 

Correlation 

Cronbach's Alpha if 

Item Deleted 

Q2 13.97 26.657 .732 .581 .942 

Q8 13.86 25.524 .819 .703 .939 

Q18 13.85 25.636 .819 .709 .939 

Q21 13.79 25.554 .789 .661 .940 

Q25 14.00 26.209 .795 .647 .940 

Q28 13.85 25.597 .802 .697 .939 

Q31 14.10 26.920 .779 .688 .941 

Q32 14.19 27.773 .701 .618 .944 

Q39 13.90 25.835 .774 .630 .941 

Q60 14.11 26.958 .761 .622 .941 

 

Scale Statistics 

Mean Variance Std. Deviation N of Items 

15.51 32.235 5.678 10 

 

Scale: Plan 

Inter-Item Correlation Matrix 

 Q12 Q17 Q23 Q29 Q35 Q37 Q41 Q49 Q52 Q56 

Q12 1.000 .488 .679 .497 .564 .569 .589 .648 .681 .606 

Q17 .488 1.000 .517 .580 .670 .592 .602 .552 .583 .548 

Q23 .679 .517 1.000 .525 .576 .589 .619 .613 .639 .593 

Q29 .497 .580 .525 1.000 .649 .634 .596 .585 .594 .505 

Q35 .564 .670 .576 .649 1.000 .683 .665 .673 .694 .603 

Q37 .569 .592 .589 .634 .683 1.000 .716 .668 .670 .589 

Q41 .589 .602 .619 .596 .665 .716 1.000 .706 .701 .605 

Q49 .648 .552 .613 .585 .673 .668 .706 1.000 .785 .632 

Q52 .681 .583 .639 .594 .694 .670 .701 .785 1.000 .666 

Q56 .606 .548 .593 .505 .603 .589 .605 .632 .666 1.000 
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Summary Item Statistics 

 
Mean Minimum Maximum Range 

Maximum / 

Minimum Variance N of Items 

Item Means 1.586 1.545 1.639 .094 1.061 .001 10 

Inter-Item 

Correlations 

.616 .488 .785 .297 1.609 .004 10 

 

Item-Total Statistics 

 Scale Mean if 

Item Deleted 

Scale Variance 

if Item Deleted 

Corrected 

Item-Total 

Correlation 

Squared 

Multiple 

Correlation 

Cronbach's 

Alpha if Item 

Deleted 

Q12 14.22 26.420 .727 .587 .937 

Q17 14.28 27.217 .696 .526 .938 

Q23 14.29 26.517 .731 .570 .937 

Q29 14.30 27.035 .701 .524 .938 

Q35 14.31 26.512 .793 .657 .934 

Q37 14.22 25.979 .783 .637 .934 

Q41 14.27 25.992 .797 .655 .933 

Q49 14.29 26.135 .809 .694 .933 

Q52 14.26 25.805 .831 .723 .932 

Q56 14.26 26.204 .730 .545 .937 

 

Scale Statistics 

Mean Variance Std. Deviation N of Items 

15.86 32.359 5.688 10 

 

Scale: Organize 

Inter-Item Correlation Matrix 

 Q11 Q16 Q20 Q67 Q68 Q71 Q73 

Q11 1.000 .737 .642 .643 .610 .610 .601 

Q16 .737 1.000 .666 .669 .648 .637 .595 

Q20 .642 .666 1.000 .709 .671 .666 .725 

Q67 .643 .669 .709 1.000 .728 .712 .728 

Q68 .610 .648 .671 .728 1.000 .826 .715 

Q71 .610 .637 .666 .712 .826 1.000 .722 

Q73 .601 .595 .725 .728 .715 .722 1.000 
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Summary Item Statistics 

 
Mean Minimum Maximum Range 

Maximum / 

Minimum Variance N of Items 

Item Means 1.484 1.399 1.583 .184 1.131 .005 7 

Inter-Item 

Correlations 

.679 .595 .826 .231 1.389 .003 7 

 

Item-Total Statistics 

 Scale Mean if 

Item Deleted 

Scale Variance 

if Item Deleted 

Corrected 

Item-Total 

Correlation 

Squared 

Multiple 

Correlation 

Cronbach's 

Alpha if Item 

Deleted 

Q11 8.94 12.677 .740 .605 .931 

Q16 8.93 12.639 .764 .640 .929 

Q20 8.83 12.012 .796 .646 .926 

Q67 8.86 12.034 .820 .676 .924 

Q68 8.99 12.220 .821 .738 .924 

Q71 8.98 12.331 .816 .732 .924 

Q73 8.81 11.768 .798 .668 .926 

 

Scale Statistics 

Mean Variance Std. Deviation N of Items 

10.39 16.485 4.060 7 

 

Scale: Monitor 

Inter-Item Correlation Matrix 

 Q15 Q22 Q33 Q36 Q44 Q46 Q54 Q55 Q61 Q65 

Q15 1.000 .743 .521 .660 .502 .496 .590 .450 .546 .513 

Q22 .743 1.000 .548 .651 .509 .524 .627 .470 .559 .535 

Q33 .521 .548 1.000 .558 .783 .768 .590 .642 .537 .798 

Q36 .660 .651 .558 1.000 .517 .538 .603 .469 .600 .556 

Q44 .502 .509 .783 .517 1.000 .813 .572 .659 .504 .814 

Q46 .496 .524 .768 .538 .813 1.000 .585 .705 .521 .789 

Q54 .590 .627 .590 .603 .572 .585 1.000 .502 .537 .607 

Q55 .450 .470 .642 .469 .659 .705 .502 1.000 .471 .647 

Q61 .546 .559 .537 .600 .504 .521 .537 .471 1.000 .548 

Q65 .513 .535 .798 .556 .814 .789 .607 .647 .548 1.000 
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Summary Item Statistics 

 
Mean Minimum Maximum Range 

Maximum / 

Minimum Variance N of Items 

Item Means 1.627 1.538 1.851 .314 1.204 .013 10 

Inter-Item 

Correlations 

.593 .450 .814 .364 1.809 .010 10 

 

Item-Total Statistics 

 Scale Mean if 

Item Deleted 

Scale Variance 

if Item Deleted 

Corrected 

Item-Total 

Correlation 

Squared 

Multiple 

Correlation 

Cronbach's 

Alpha if Item 

Deleted 

Q15 14.42 26.992 .695 .620 .931 

Q22 14.46 27.106 .719 .636 .930 

Q33 14.71 26.553 .804 .722 .926 

Q36 14.65 27.050 .716 .576 .930 

Q44 14.67 26.574 .792 .759 .926 

Q46 14.73 26.713 .803 .752 .926 

Q54 14.62 27.037 .724 .542 .929 

Q55 14.73 27.200 .692 .541 .931 

Q61 14.71 27.309 .665 .468 .932 

Q65 14.73 26.648 .814 .759 .925 

 

Scale Statistics 

Mean Variance Std. Deviation N of Items 

16.27 32.995 5.744 10 
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APPENDIX C 

MULTIVARIATE GENERALIZABILITY D STUDY CONFIGURATION RESULTS 

Multivariate Generalizability D Study Configuration A 
COLUMNS   1111111111222222222233333333334444444444555555555566666666667777777777 

12345678901234567890123456789012345678901234567890123456789012345678912345678901 

GSTUDY    (p:t) x i Design A with Covariance Components Design = p:t 

COMMENT   Variance components design: (p: t) × i 

COMMENT   Covariance components design: p : t 

COMMENT   Univariate counterpart: (p: t) × (i :s) 

COMMENT   Example: Brief Data consists of 73 items in 8 content Subscales. The  

COMMENT   survey is evaluated by 85 Teachers to 1089 students. This is the class 

COMMENT   -means version of the table of specifications model with fixed content  

COMMENT   categories. 

COMMENT   SUM: 8 Subscales, 85 teachers, 1089 students, 73 items 

OPTIONS   NREC 5 "*.out" VALID 1 3 DEFAULT_DSTUDY 

MULT      8 inhibit shift emocntrl initiate workmem plan organize monitor 

EFFECT    # t 85 85 85 85 85 85 85 85 

EFFECT    * p:t 2 13 13 16 17 4 10 13 15 7 17 13 18 12 16 9 16 4 8 20 10 17 9 17  

                14 14 7 13 7 18 13 12 13 14 13 9 16 9 15 13 16 12 14 13 15 16 12  

                25 7 18 14 2 18 17 14 13 17 13 11 5 16 18 12 13 19 14 9 17 3 12  

                18 15 17 8 10 14 18 5 10 11 10 11 16 8 17 

                2 13 13 16 17 4 10 13 15 7 17 13 18 12 16 9 16 4 8 20 10 17 9 17  

                14 14 7 13 7 18 13 12 13 14 13 9 16 9 15 13 16 12 14 13 15 16 12  

                25 7 18 14 2 18 17 14 13 17 13 11 5 16 18 12 13 19 14 9 17 3 12  

                18 15 17 8 10 14 18 5 10 11 10 11 16 8 17 

                2 13 13 16 17 4 10 13 15 7 17 13 18 12 16 9 16 4 8 20 10 17 9 17  

                14 14 7 13 7 18 13 12 13 14 13 9 16 9 15 13 16 12 14 13 15 16 12  

                25 7 18 14 2 18 17 14 13 17 13 11 5 16 18 12 13 19 14 9 17 3 12  

                18 15 17 8 10 14 18 5 10 11 10 11 16 8 17 

                2 13 13 16 17 4 10 13 15 7 17 13 18 12 16 9 16 4 8 20 10 17 9 17  

                14 14 7 13 7 18 13 12 13 14 13 9 16 9 15 13 16 12 14 13 15 16 12  

                25 7 18 14 2 18 17 14 13 17 13 11 5 16 18 12 13 19 14 9 17 3 12  

                18 15 17 8 10 14 18 5 10 11 10 11 16 8 17 

                2 13 13 16 17 4 10 13 15 7 17 13 18 12 16 9 16 4 8 20 10 17 9 17  

                14 14 7 13 7 18 13 12 13 14 13 9 16 9 15 13 16 12 14 13 15 16 12  

                25 7 18 14 2 18 17 14 13 17 13 11 5 16 18 12 13 19 14 9 17 3 12  

                18 15 17 8 10 14 18 5 10 11 10 11 16 8 17 

                2 13 13 16 17 4 10 13 15 7 17 13 18 12 16 9 16 4 8 20 10 17 9 17  

                14 14 7 13 7 18 13 12 13 14 13 9 16 9 15 13 16 12 14 13 15 16 12  

                25 7 18 14 2 18 17 14 13 17 13 11 5 16 18 12 13 19 14 9 17 3 12  

                18 15 17 8 10 14 18 5 10 11 10 11 16 8 17 

                2 13 13 16 17 4 10 13 15 7 17 13 18 12 16 9 16 4 8 20 10 17 9 17  

                14 14 7 13 7 18 13 12 13 14 13 9 16 9 15 13 16 12 14 13 15 16 12  

                25 7 18 14 2 18 17 14 13 17 13 11 5 16 18 12 13 19 14 9 17 3 12  

                18 15 17 8 10 14 18 5 10 11 10 11 16 8 17 

                2 13 13 16 17 4 10 13 15 7 17 13 18 12 16 9 16 4 8 20 10 17 9 17  

                14 14 7 13 7 18 13 12 13 14 13 9 16 9 15 13 16 12 14 13 15 16 12  

                25 7 18 14 2 18 17 14 13 17 13 11 5 16 18 12 13 19 14 9 17 3 12  

                18 15 17 8 10 14 18 5 10 11 10 11 16 8 17 

EFFECT    i   10 10 9 7 10 10 7 10 

FORMAT    0 0 

PROCESS   "Brief MGT data.txt" 
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D STUDY RESULTS FOR INDIVIDUAL VARIABLES 
                                inhibit         shift           emocntrl       initiate       workmem        plan         organize       monitor 

Univ Score SD      0.27134       0.27893       0.23955       0.28545       0.28255       0.29602       0.27000       0.26416 

Rel Error SD         0.18513       0.14018       0.16667       0.17150       0.16530       0.15775       0.16557       0.16502 

 Abs Error SD       0.18664       0.14217       0.17014       0.17174       0.17073       0.15797       0.16822       0.16901 

 

Gen Coefficient     0.68237       0.79836       0.67382       0.73476       0.74502       0.77882       0.72673       0.71930 

Phi                         0.67884       0.79379       0.66468       0.73421       0.73253       0.77834       0.72037       0.70955 

 

D STUDY RESULTS FOR COMPOSITE 

Variable Wts       inhibit         shift          emocntrl       initiate        workmem       plan         organize        monitor                

w-weights          0.13699      0.13699       0.12329       0.09589       0.13699       0.13699       0.09589       0.13699 

 

Composite Universe Score Standard Deviation      0.26374 

Composite Relative Error Standard Deviation        0.14174 

Composite Absolute Error Standard Deviation       0.14212 

Composite Error Standard Deviation for Mean       0.03410 

 

Composite Generalizability Coefficient                  0.77589 

                              Composite Phi                                       0.77496 

 

Multivariate Generalizability D Study Configuration B 

D STUDY RESULTS FOR INDIVIDUAL VARIABLES 

                                   inhibit         shift            emocntrl       initiate       workmem      plan           organize       monitor 

  Univ Score SD       0.27134       0.27893       0.23955       0.28545       0.28255       0.29602       0.27000       0.26416 

   Rel Error SD         0.18513       0.14018       0.16667       0.17150       0.16530       0.15775       0.16557       0.16502 

   Abs Error SD        0.18664       0.14217       0.17014       0.17174       0.17073       0.15797       0.16822       0.16901 

 

Gen Coefficient       0.68237       0.79836       0.67382       0.73476       0.74502       0.77882       0.72673       0.71930 

            Phi               0.67884       0.79379       0.66468       0.73421       0.73253       0.77834       0.72037       0.70955 

 

D STUDY RESULTS FOR COMPOSITE 

   Variable Wts       inhibit         shift            emocntrl      initiate       workmem        plan         organize       monitor 

      w-weights       0.13699       0.13699       0.12329       0.09589       0.13699       0.13699       0.09589       0.13699 

      a-weights        0.12500       0.12500       0.12500       0.12500       0.12500       0.12500       0.12500       0.12500 

 

       Composite Universe Score Variance            0.06956 

       Composite Relative Mean-square Error       0.00341 

       Composite Absolute Mean-square Error      0.00352 
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Multivariate Generalizability D Study Configuration C 

D STUDY RESULTS FOR INDIVIDUAL VARIABLES 
                                       inhibit            shift           emocntrl           initiate        workmem           plan             organize       monitor 

  Univ Score SD       0.27134       0.27893       0.23955       0.28545       0.28255       0.29602       0.27000       0.26416 

   Rel Error SD         0.23557       0.20638       0.21769       0.23815       0.23599       0.23075       0.21725       0.24789 

   Abs Error SD        0.24719       0.21954       0.24068       0.23936       0.27196       0.23225       0.23108       0.27347 

 

Gen Coefficient       0.57023       0.64622       0.54768       0.58961       0.58906       0.62203       0.60700       0.53173 

            Phi       0.54648       0.61747       0.49764       0.58714       0.51909       0.61899       0.57720       0.48268 

 

Composite Universe Score Standard Deviation       0.26360 

Composite Relative Error Standard Deviation        0.08099 

Composite Absolute Error Standard Deviation       0.08666 

 

     Composite Generalizability Coefficient       0.91374 

                              Composite Phi                     0.90246 

 

Multivariate Generalizability D Study Configuration D 

D STUDY RESULTS FOR INDIVIDUAL VARIABLES 
                                   inhibit         shift            emocntrl      initiate       workmem        plan          organize       monitor 

  Univ Score SD       0.27134       0.27893       0.23955       0.28545       0.28255       0.29602       0.27000       0.26416 

   Rel Error SD         0.18192       0.13556       0.16257       0.16265       0.16046       0.15268       0.15896       0.15915 

   Abs Error SD        0.18269       0.13659       0.16418       0.16274       0.16328       0.15279       0.15993       0.16123 

Err SD for Mean      0.03919       0.03757       0.03889       0.03604       0.04643       0.03660       0.03827       0.04226 

 

Gen Coefficient       0.68991       0.80894       0.68466       0.75490       0.75614       0.78988       0.74259       0.73368 

            Phi               0.68810       0.80659       0.68038       0.75469       0.74965       0.78964       0.74026       0.72857 

 

Composite Universe Score Standard Deviation       0.26360 

Composite Relative Error Standard Deviation         0.05646 

Composite Absolute Error Standard Deviation        0.05688 

 

     Composite Generalizability Coefficient       0.95614 

                              Composite Phi                     0.95551 

 

Multivariate Generalizability D Study Configuration E 

D STUDY RESULTS FOR INDIVIDUAL VARIABLES 
                                    inhibit         shift           emocntrl      initiate       workmem       plan          organize       monitor 

  Univ Score SD       0.27134       0.27893       0.23955       0.28545       0.28255       0.29602       0.27000       0.26416 

   Rel Error SD         0.15320       0.11682       0.13810       0.14338       0.13776       0.13130       0.13753       0.13778 

   Abs Error SD        0.15502       0.11920       0.14228       0.14366       0.14424       0.13157       0.14072       0.14253 

 

Gen Coefficient       0.75829       0.85077       0.75054       0.79854       0.80793       0.83560       0.79398       0.78614 

            Phi               0.75394       0.84559       0.73922       0.79789       0.79327       0.83505       0.78640       0.77451 

 

Composite Universe Score Standard Deviation       0.26374 

Composite Relative Error Standard Deviation        0.04884 

Composite Absolute Error Standard Deviation       0.04994 

 

     Composite Generalizability Coefficient       0.96685 

                              Composite Phi                     0.96539 
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Multivariate Generalizability D Study Configuration F 

D STUDY RESULTS FOR INDIVIDUAL VARIABLES 
                                  inhibit         shift             emocntrl      initiate       workmem       plan          organize       monitor 

  Univ Score SD       0.27134       0.27893       0.23955       0.28545       0.28255       0.29602       0.27000       0.26416 

   Rel Error SD         0.13373       0.10268       0.12071       0.12641       0.12110       0.11527       0.12051       0.12132 

   Abs Error SD        0.13581       0.10537       0.12547       0.12673       0.12842       0.11557       0.12413       0.12670 

 

Gen Coefficient       0.80457       0.88066       0.79748       0.83605       0.84481       0.86833       0.83388       0.82581 

            Phi               0.79967       0.87511       0.78472       0.83534       0.82879       0.86773       0.82551       0.81298 

 

Composite Universe Score Standard Deviation       0.26374 

Composite Relative Error Standard Deviation         0.04285 

Composite Absolute Error Standard Deviation       0.04410 

 

     Composite Generalizability Coefficient       0.97428 

                              Composite Phi                     0.97281 

 

 

Multivariate Generalizability D Study Configuration G 

D STUDY RESULTS FOR INDIVIDUAL VARIABLES 
                                  inhibit          shift            emocntrl      initiate        workmem       plan          organize       monitor 

  Univ Score SD       0.27134       0.27893       0.23955       0.28545       0.28255       0.29602       0.27000       0.26416 

   Rel Error SD         0.13042       0.09795       0.11661       0.11731       0.11594       0.11017       0.11405       0.11524 

   Abs Error SD        0.13149       0.09937       0.11885       0.11744       0.11981       0.11033       0.11540       0.11810 

 

Gen Coefficient       0.81234       0.89022       0.80841       0.85550       0.85589       0.87834       0.84859       0.84010 

            Phi               0.80983       0.88738       0.80246       0.85524       0.84759       0.87804       0.84554       0.83341 

 

Composite Universe Score Standard Deviation       0.26360 

Composite Relative Error Standard Deviation         0.04066 

Composite Absolute Error Standard Deviation       0.04124 

 

     Composite Generalizability Coefficient       0.97675 

                              Composite Phi                     0.97610 

 

Multivariate Generalizability D Study Configuration H 

D STUDY RESULTS FOR INDIVIDUAL VARIABLES 
                                  inhibit         shift             emocntrl      initiate       workmem       plan          organize       monitor 

  Univ Score SD       0.27134       0.27893       0.23955       0.28545       0.28255       0.29602       0.27000       0.26416 

   Rel Error SD         0.13373       0.10268       0.12071       0.12641       0.12110       0.11527       0.12051       0.12132 

   Abs Error SD        0.13581       0.10537       0.12547       0.12673       0.12842       0.11557       0.12413       0.12670 

 

Gen Coefficient       0.80457       0.88066       0.79748       0.83605       0.84481       0.86833       0.83388       0.82581 

            Phi               0.79967       0.87511       0.78472       0.83534       0.82879       0.86773       0.82551       0.81298 

 

Composite Universe Score Standard Deviation       0.26374 

Composite Relative Error Standard Deviation         0.04285 

Composite Absolute Error Standard Deviation       0.04410 

 

           Composite Generalizability Coefficient       0.97428 

                                    Composite Phi                     0.97281 
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