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Abstract
In adolescence research, the treatment of measurement reliability is often 
fragmented, and it is not always clear how different reliability coefficients are 
related. We show that generalizability theory (G-theory) is a comprehensive 
framework of measurement reliability, encompassing all other reliability 
methods (e.g., Pearson r, coefficient alpha and KR-20, intraclass correlation 
coefficients). As such, G-theory provides the flexibility and comprehensiveness 
not offered by conventional reliability methods. Within the G-theory 
framework, the similarities and differences of different reliability coefficients 
can be easily understood, and planning for optimal measurement protocols 
in adolescence research is feasible. Using hypothetical data, we show how 
different conventional reliability estimates are related to G-theory estimates 
and how G-theory estimates are obtained in research practice. Adolescence 
researchers may use G-theory as the general framework for understanding 
different reliability estimates.
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In adolescence research, as in other social and behavioral sciences, measure-
ment reliability is always an important concern. The meaning and interpretation 
of our statistical findings hinge on the quality of our measurement data, and 
reliability is an important aspect of the measurement quality (Wilkinson and the 
Task Force on Statistical Inference, 1999). As it has been widely discussed in 
measurement literature, validity is the most fundamental concern in any mea-
surement situation. It is also generally understood that measurement reliability 
is a necessary, though not sufficient, condition for measurement validity 
(Brennan, 2006; Crocker & Algina, 1987). The purpose of this article is on mea-
surement reliability, and readers interested in issues related to measurement 
validity should consult relevant sources in the literature (e.g., Brennan, 2006; 
Crocker & Algina, 1987; Worthen, White, Fan, & Sudweeks, 1999).

There are different types of reliability estimates, depending on the mea-
surement error sources of interest, such as internal consistency reliability 
coefficient (Cronbach’s coefficient alpha, KR-20), coefficient of stability 
(test-retest reliability coefficient), coefficient of equivalence (parallel-form 
reliability coefficient), and interrater reliability coefficient. In adolescence 
research and some other areas of psychology, intraclass correlation coeffi-
cient is also a widely used reliability estimate for assessing measurement 
reliability across-raters or across-occasions (e.g., Maisto et al., 2011; Valen, 
Ryum, Svartberg, Stiles, & McCullough, 2011). Generalizability theory 
(Brennan, 2010; Cronbach, Gleser, Nanda, & Rajaratnam, 1972), however, 
has emerged as a comprehensive framework for measurement reliability.

Many adolescence researchers may not be familiar with the generalizabil-
ity theory (G-theory) and its advantages over conventional forms of reliabil-
ity estimates (e.g., test-retest reliability, interrater reliability, intraclass 
correlation, Cronbach’s coefficient α). In this article, we discuss the underly-
ing rationale for different coefficients and present illustrative examples about 
how the G-theory provides a unified framework for estimating reliability in 
different situations. We further discuss that the G-theory approach subsumes 
all other seemingly different reliability coefficients (e.g., intraclass correla-
tions, Cronbach’s coefficient alpha, test-retest reliability) as its special cases. 
Adolescence researchers may use G-theory as the general framework for 
understanding different reliability estimates.

Reliability and Its Estimates in Classical True Score 
Theory

In classical test theory (e.g., Crocker & Algina, 1986; Gulliksen, 1987; Traub, 
1994), the observed score (X) from a measurement process (e.g., taking a test, 
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rating provided by an observer) consists of two components: true score (T) 
and error (E):

	 X = T+ E 	 (1)

Classical true score theory has one basic assumption: the measurement 
error (E) is random. This basic assumption leads to three resultant assump-
tions: (a) the mean of errors is zero (μE = 0); (b) the correlation between the 
true score and errors is zero (ρT,E = 0); (c) for a population of examinees, 
errors from two tests (or two forms, two occasions with the same form, two 
raters, etc.) are not correlated (ρE E1 2

0, = ). Under these assumptions, the 
observed score variance (σX

2 ) is the sum of the true score variance (σT
2 ) and 

the error variance (σE
2 ):

	 σ σ σX T E
2 2 2= + 	 (2)

Reliability coefficient (ρX
2 ) is mathematically defined as the ratio of true 

score variance (σT
2 ) to the observed score variance (σX

2 , often called “total 
score variance”):

	
ρ

σ
σ

σ
σ σX

T

X

T

T E

2
2

2

2

2 2
= =

+ 	 (3)

In other words, a reliability coefficient theoretically represents the propor-
tion of the true score variance (σT

2 ) to the sum of true score variance and 
error variance (σ σT E

2 2+ ).
Equation 3, however, only represents the theoretical measurement reli-

ability. In reality, we only know the observed score variance ( σX
2 ). We do 

not know how much of the observed score variance is true score variance 
(σT

2 ) and how much is error variance ( σE
2 ). Consequently, Equation 3 is not 

used directly for calculating a reliability coefficient. Instead, we need pro-
cedures to estimate the reliability coefficient in a given measurement 
situation.

Under the assumption of true parallel forms, it can be shown (e.g., Crocker 
& Algina, 1986) that the correlation coefficient (ρX X1 2 ) between the scores 
(X1, X2) on two parallel forms is theoretically equivalent to the reliability 
coefficient (ρX

2 ) defined in Equation 3. In other words, although we cannot 
directly use Equation 3 to obtain the reliability coefficient, we can use the 
correlation coefficient between two parallel forms as the estimate for the reli-
ability coefficient. There are two assumptions for true parallel forms: (a) each 
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examinee has the same true score on both forms, and (b) the two forms have 
equal error variances (σ σE E1

2
2
2= ) (Crocker & Algina, 1986). These two 

assumptions essentially mean the two tests have (a) equal means (μ1 = μ2) and 
(b) equal variances (σ σX X1 2

2 2= ). Traub (1994) provides detailed definition of 
true parallel tests.

True parallel tests exist in theory only. But when we have measurements 
that are reasonably parallel, we can estimate reliability coefficient by com-
puting the Pearson correlation coefficient between the two measurements. 
The two measurements may be obtained in different measurement contexts, 
such as scores obtained from two test forms (parallel forms), from two occa-
sions (test-retest), or two ratings provided by two raters/observers (interra-
ter), and so forth. The Pearson correlation (as a population parameter) takes 
the following form:

	 ρ
σ

σ σ
X X

X X

X X

1 2

1 2

1 2

2 2
= 	 (4)

whereσX X1 2 is the covariance between X1 and X2, and σX1
2  and σX2

2  are the 
variances for X1 and X2, respectively.

Major Types of Reliability Coefficients

Depending on the measurement context, a reliability estimate may take dif-
ferent forms. In classical test theory, there are basically two major forms that 
a reliability estimate may take: Cronbach’s coefficient alpha and the Pearson 
correlation coefficient.

Coefficient Alpha

In a situation where a test (i.e., any measurement instrument) involving mul-
tiple items is administered to a group of examinees, coefficient alpha 
(Cronbach, 1951) is the most widely used reliability estimate. Coefficient 
alpha belongs to the category of reliability estimates for internal consistency 
of the items, and it takes the following form:
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where, k is the number of items, σi
i

k
2

1=
∑  is the sum of item variances (σi

2 ) 

across all the k items on the test. σX
2  is the total score variance. Table 1 illus-

trates the computation of coefficient alpha for a hypothetical data set of six 
items (e.g., Likert 6-point scale, 0-5) administered to 10 adolescent respon-
dents. For this small data example in Table 1, α = .86 would generally be 
considered as representing a high degree of internal consistency among the 
six response items.

There are other approaches for estimating internal consistency reliability 
of a test, such as split-half method, KR-20 formula, or Hoyt’s method. 
Coefficient alpha is theoretically the average of all possible split-half coeffi-
cients (Crocker & Algina, 1986). Kuder and Richardson (1937) designed a 
coefficient (KR-20) for dichotomously scored items, which is a special case 
of coefficient alpha developed later by Cronbach (1951). Hoyt’s method 
(Hoyt, 1941) of using an analysis variance model is also equivalent to coef-
ficient alpha algebraically.

Table 1.  Illustration of Coefficient Alpha Calculation.

Item  

Person 1 2 3 4 5 6 Total score

  1 1 0 1 0 4 1 7
  2 3 2 3 3 5 3 19
  3 4 5 5 4 5 3 26
  4 2 2 3 1 3 0 11
  5 0 0 1 1 1 0 3
  6 3 5 4 4 4 3 23
  7 1 1 0 0 4 5 11
  8 4 5 4 5 5 1 24
  9 2 1 1 0 4 5 13
10 3 3 4 4 5 3 22
Variance 1.61 3.64 2.64 3.56 1.40 3.04 56.69a

Mean 2.3 2.4 2.6 2.2 4.0 2.4 15.9

aThese variances are computed using the population formula, not the sample formula. In other 

words, n = 10 is used for computing the variances, not n – 1 = 9.
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Pearson Correlation as Reliability Coefficient

In many situations, the Pearson correlation is used as the reliability coeffi-
cient. Computationally, Pearson correlation coefficient can serve as a reli-
ability estimate when there are two sets of scores obtained from one group 
of examinees (or ratees). Several measurement situations fall under this 
category: test-retest reliability coefficient, alternate-form reliability coeffi-
cient, interrater reliability coefficient. In these situations, the Pearson cor-
relation coefficient between the two sets of scores is computed, and this 
correlation coefficient is treated as the reliability coefficient. Because reli-
ability coefficient represents the proportion of total (observed) score vari-
ance (σX

2 ) contributed to by the true score variance (σT
2 ) (see Equation 3), 

the Pearson correlation coefficient in this context is a reliability coefficient. 
As such, conceptually, it already represents the concept of “variance 
accounted for” (Traub, 1994). For this reason, when used as reliability coef-
ficient, Pearson correlation coefficient should not be squared, and this is 
contrary to the common practice of squaring correlation coefficient (e.g., 
coefficient of determination, R2, etc.) in many other statistical analyses. 
Although this point might not be obvious to some readers, the technical 
illustration for this has been amply provided in psychometric/measurement 
literature (e.g., Crocker & Algina, 1987; Traub, 1994).

Sources of Measurement Error

As discussed above, different forms of reliability estimates may be 
obtained, such as Cronbach’s coefficient α (coefficient of internal consis-
tency), interrater reliability coefficient (i.e., coefficient of stability), alter-
nate-form reliability coefficient (i.e., coefficient of equivalence), and 
interrater reliability coefficient. However, these different forms of reli-
ability estimates are not conceptually equivalent because they capture the 
measurement error from different sources. For internal consistency 
(Cronbach’s coefficient α and alternatives), the main source of measure-
ment error is content sampling. For coefficient of stability, the main 
source of measurement error is time sampling. For coefficient of equiva-
lence, the main source of measurement error is content sampling across 
forms. For interrater reliability, the main source of measurement error is 
rater inconsistency (e.g., inconsistent rating criterion for different ratees). 
Which reliability coefficient to use in a specific measurement situation 
depends on what measurement error source is the most relevant concern 
in that situation.
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Norm-Referenced Versus Criterion-Referenced 
Score Interpretation

Norm-Referenced Score Interpretation

Classical true score theory and its reliability procedures were developed for 
norm-referenced measurement of individual differences. In norm-referenced 
measurement, the measurement focus is the relative standings of individuals, 
not the absolute scores. So a typical reliability coefficient (e.g., test-retest 
reliability coefficient) quantifies the degree of consistency of the relative 
standings of individuals, but not the consistency of actual scores.

To illustrate the norm-referenced interpretation of a reliability coefficient, 
Table 2 presents a hypothetical data set in which 10 adolescents (Targets) 
were rated by two researchers (J1 and J2). The interrater reliability coefficient 
(Pearson correlation) between the ratings provided by J1 and J2 is .84, a mod-
erately high interrater reliability coefficient, suggesting that the relative 
standings of the 10 adolescents are reasonably stable across the two raters.

Let’s now assume that the rating from the second judge were really J2’ (the 
shaded column). Notice that J2’ = J2 + 1. In this situation, it is obvious that the 
individuals have the same relative positions on J2 and J2’, but they have 
higher scores on J2’ than on J2. Classical reliability coefficient only quantifies 
the consistency of relative standings but not the consistency of actual ratings. 
As a result, the score difference between J2 and J2’ is ignored in classical 

Table 2.  InterRater Reliability Example.

Judges

Targets (ratees) J1 J2 J2’

  1 52 40 50
  2 48 52 62
  3 44 48 58
  4 40 36 46
  5 36 34 44
  6 34 44 54
  7 30 26 36
  8 26 30 40
  9 22 18 28
10 18 22 32
Mean 35 35 45
Standard Deviation 11.21 11.21 11.21
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reliability; the interrater reliability coefficient between J1 and J2’ is the same 
( r
J J1 2

84’ .= ) as that between J1 and J2 ( rJ J1 2
84= . ). Also, because J2’ is the 

linear transformation of J2 (J2’ = J2 + 10), the examinees’ relative standings 
are exactly the same on J2 and J2’. As a result, the Pearson correlation between 
J2 and J2’ is perfect ( r

J J2 2
1 00’ .= ), despite the fact that each examinee is 10 

points higher on J2’ than on J2.

Criterion-Referenced Score Interpretation

In some situations, we are not only concerned about the consistency of rela-
tive standings of the individuals (norm-referenced interpretation) but also 
about the consistency of actual scores (e.g., across testing occasions, across 
two parallel forms, or across two different raters/observers). In criterion-
referenced1 score interpretation, the measurement interest is not only in the 
consistency of relative standings but also in the consistency of actual scores. 
For example, if we are interested in understanding the reliability of the Beck 
Depression Inventory (BDI) as applied to an adolescent population, it would 
be grossly insufficient to report only interrater reliability in the form of 
Pearson correlation coefficient across two raters (norm-referenced reliabil-
ity). It is crucial that another form of reliability estimate is available that will 
inform us about the consistency of actual scores across the two raters (crite-
rion-referenced reliability), because the clinical diagnosis of depression 
depends on the actual score (rating) on BDI. To quantify measurement con-
sistency of both relative standings and actual ratings, we need something 
different from the Pearson correlation that represents the conventional inter-
rater reliability.

Intraclass Correlation Coefficient (ICC)

Intraclass correlations are rarely discussed in a typical measurement book. 
For example, a quick look at several measurement books (Crocker & 
Algina, 1986; Gulliksen, 1987; McDonald, 1999; Traub, 1994) showed that 
this topic was not covered in any of these books. In adolescence research 
literature, intraclass correlation coefficient (ICC) has been used widely 
(e.g., Cicchetti, 1994; Maisto et al., 2011; Brown, West, Loverich, & Biegel, 
2011; Valen et al., 2011) although the exact meaning of ICC as used in 
many research articles in adolescent literature may not always be suffi-
ciently clear. In general, unlike the Pearson correlation coefficient (inter-
rater, test-retest, and parallel form reliability estimates), ICC takes into 
account both the consistency of relative standings and the consistency of 
actual scores. ICC relies on the analysis of variance (ANOVA) model to 
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partition score variance into different components. Historically, there has 
been considerable discussion in the literature on the use of ICCs (e.g., 
Algina, 1978; Bartko, 1966, 1976, 1978a, 1978b; McGraw & Wong, 1996; 
Shrout & Fleiss, 1979). Shrout and Fleiss (1979) provided the procedural 
details for three “Cases” of ICC:

Case 1: ICC(1, 1) or ICC(1, J): Each target is rated by a different set of 
judges, randomly selected from a larger population of judges;

Case 2: ICC(2, 1) or ICC(2, J): A random sample of J judges is selected 
from a larger population of judges, and each judge rates all the n 
targets;

Case 3: ICC(3, 1) or ICC(3, J): Each target is rated by each of the J judges, 
and these judges are the only judges of interest (i.e., not a sample of 
judges).

Under each ICC case, the score for each ratee may be represented by a 
single judge’s rating, or by the average rating of J judges. Statistically, it is 
well known that the mean score based on J judges is more reliable than the 
score from a single judge. So reliability may be estimated for the rating of a 
single judge, ICC(Case #, 1), or for the average scores, each based on J judge, 
ICC( Case #, J).

Of the three ICC cases discussed in Shrout and Fleiss (1979), Case 2 is the 
most widely known and used. Case 2 represents a crossed two-way design, 
with targets crossed with judges, and both factors (“target” and “judge”) are 
random. For Table 2 data, let’s assume that we have two judges (J1 and J2) 
rating 10 adolescents. Let’s further assume that J2’ is J2 transformed (J2’ = J2 
+ 10). If we are concerned about both the consistency of relative standings 
and the consistency of actual ratings from the two judges, we will use an ICC 
as the reliability coefficient, rather than interrater reliability in the form of a 
Pearson correlation coefficient.

For Case 2 (two-way crossed design), the ANOVA model2 contains both 
“target” (T) and “judge” (J) as the factors. The interaction term between “tar-
get” and “judge” (T*J), however, is confounded with error (e) due to insuf-
ficient degrees of freedom for separate estimates. Once the score variance is 
partitioned into different sources through the ANOVA model, the reliability 
for a single judge’s rating can be computed by the intraclass correlation for 
Case 2: ICC(2, 1):

	
ICC

BMS EMS

BMS J EMS
J JMS EMS

n

2 1
1

,
( )

( ) = −

+ −( ) +
− 	 (6)
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where, BMS is the mean square for the targets being rated, EMS is the error 
(residual) mean square, JMS is the mean square for judges, n is the number of 
targets, and J is the number of judges. On the other hand, the reliability for 
the mean scores based on J judges, ICC(2, J), can be obtained from

	 ICC J
BMS EMS

BMS
JMS EMS

n

2,
( )

( ) = −

+
− 	 (7)

For Table 2 data, two-way ANOVA provides the needed mean squares for 
each hypothetical pair of ratings, as shown in Table 3.

We can compute ICCs for each hypothetical pair of ratings in Table 2:

For and1 2J J ICC: ( , )
. .

. ( ) . (.
2 1

231 11 20 00

231 11 2 1 20 00 2 00 20
=

−
+ − + − .. )

.

. .
.

00 10

211 11

231 11 20 00 4
85=

+ −
=

ICC J( , )
. .

. (. . )

.

.
.2

231 11 20 00

231 11 00 20 00 10

211 11

231 11 2
=

−
+ −

=
−

= 992 for 2J =( )

Similarly, we can obtain ICCs for the other hypothetical pairs of ratings:

For J2 and J2’: ICC(2, 1) = .72

ICC(2, J) = .83, (for J = 2)

Table 3.  Analysis of Variance Results for Data in Table 2.

Source of variance df MS

Between J1 and J2:
  Targets (BMS) 9 231.11
  Judges (JMS) 1 .00
  Residual (EMS) 9 20.00
Between J2 and J2’:
  Targets (BMS) 9 251.11
  Judges (JMS) 1 500.00
  Residual (EMS) 9 .00
Between J1 and J2’:
  Targets (BMS) 9 231.11
  Judges (JMS) 1 500.00
  Residual (EMS) 9 20.00
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For J1 and J2’ : ICC(2, 1) = .61

ICC(2, J) = .76, (for J = 2)

For Table 2 data, the previously computed interrater reliability estimates 
(Pearson correlations) and the ICCs obtained above are presented in Table 4 
for easy comparison. It is shown that, because J1 and J2 have the same means, 
that is, as a group, there is no score change, the ICC(2,1) captures inconsis-
tency in relative standings only; consequently, ICC(2,1) is equivalent to the 
interrater reliability estimate (Pearson r of .84). Between J2 and J2’, however, 
the relative standings of the ratees are exactly the same across the two ratings; 
as a result, Pearson correlation coefficient is 1.00, indicating perfect reliabil-
ity. But because there is rating score change (10 points difference between J2’ 
and J2), the inconsistency of actual rating scores is captured by ICC(2,1) = 
.72, numerically much lower than interrater reliability of 1.0. Between J1 and 
J2’, there is inconsistency across the two ratings both in the relative standings 
and in the actual ratings (means of 35 and 45, respectively). As a result, the 
ICC for J1 and J2’ pair of ratings should be the lowest among the three 

Table 4.  Interrater Reliability (Pearson r), ICCs and Generalizability Coefficients 
(for Table 2 Data).

Hypothetical data pairs

  J1 vs. J2 J2 vs. J2’ J1 vs. J2’

Interrater reliability (Pearson r) .84 1.00 .84

Intraclass correlations (ICC)
  ICC(2,1): Case 2, J = 1 .85a .72 .61

  ICC(2,2): Case 2, J = 2 .92b .83 .76

Generalizability coefficients
    For relative decision (ρ2)
      J = 1 .84 1.00 .84

      J = 2 .91 1.00 .91
    For absolute decision (ϕ)
      J = 1 .84 .72 .61

      J = 2 .91 .83 .76

aThis should be equal to .84, if not for the estimation imprecision of variance components for 
ICCs for the given data. bThis should be equal to .91, if not for the estimation imprecision of 
variance components for ICCs for the given data.
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hypothetical pairs of ratings (J1 vs. J2, J2 vs. J2’, J1 vs. J2’ ). ICC(2,1) for J1 
and J2’ is computed to be .61, considerably lower than the interrater reliability 
(i.e., Pearson r) of .84.

ICCs for Cases 1 and 3

Because Case 1 and Case 3 ICCs are very rare in adolescence research prac-
tice, we will skip these two in this article. Interested readers may refer to 
Shrout and Fleiss (1979) for details.

Generalizability Theory

In adolescence research, as well as in other behavioral science disciplines, the 
treatment of measurement reliability is often fragmented. Researchers may 
be aware of different forms of reliability coefficients, but it could be difficult 
to understand how different reliability coefficients are related, and what the 
similarities/differences are among some of these reliability coefficients (e.g., 
intraclass correlation coefficient vs. interrater reliability coefficient). 
Generalizability theory (G-theory) provides a comprehensive and unified 
framework for measurement reliability. G-theory, although widely under-
stood and applied in some disciplines (e.g., educational research and mea-
surement), is not as well known among adolescence researchers. The first 
comprehensive treatment on G-theory was presented several decades ago 
(Cronbach et al., 1972). More recent presentations on G-theory (e.g., Brennan, 
2010; Cardinet, Johnson, & Pini, 2009; Shavelson & Webb, 1991) have made 
the G-theory more accessible for research practitioners.

Partitioning Score Variance Into Variance Components

G-theory relies on the analysis of variance (ANOVA) model to partition the 
total score variance into variance components of different sources. For Table 1 
data presented previously, the model appropriate for the data is a crossed 
two-way ANOVA design, with Person (P) and Item (I) as the two random 
factors. In this situation, our measurement interest is in the true differences 
among the persons (P), and this factor is called the “object of measurement.” 
Factors other than the “object of measurement” are called “facets,” which 
are potential sources of measurement error. Thus, for Table 1 data, the Item 
(I) factor is a “facet.” The data collection design in Table 1 is known as one-
facet design.

This two-way random-factor ANOVA model means that, theoretically, 
there are four sources of variation for the scores: Person effect (p), Item effect 
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(i), Person and Item interaction (pi), and finally, the residual (e). But the inter-
action (pi) and the residual (e) are confounded due to insufficient degrees of 
freedom. As a result, the total score variance, σ2 ( )X pi

, can be partitioned 

into three variance components: σ σ σ σ2 2 2 2( ) ,X pi p i pi e= + + .
Variance component estimation relies on the theoretical composition 

(often called “Expected Mean Square”) of the mean squares for each factor. 
For the data in Table 1, when an ANOVA is run using both Person (P) and 
Item (I) as random factors, the results are shown in Table 5. This is a conven-
tional two-way ANOVA summary table, except for the additional column of 
“Expected Mean Square,” and the variance components derived.

The “Expected Mean Square”3 shows the theoretical composition of each 
mean square. For example, the residual mean square (σ pi e,

2 = 1.431481) theo-
retically contains both the interaction term p*i and residual e (confounded 
due to insufficient degrees of freedom). However, the mean square for Factor 
I (Item) is 4.55, and this quantity theoretically consists of σ pi e,

2 + 10σi
2 . 

Because σ pi e,
2 = 1.431481, we have

4 55 1431481 1. . ,= + 0 2σi

and we can solve σi
2 :

σ −i
2 0= ( ) =4 55 1431481 1 31185. . / .

Table 5.  Two-Way ANOVA Summary, Expected Mean Square and Variance 
Components.

Source df
Sum of 
squares Mean square

Expected mean 
square

P 9 94.483333 10.498148 σpi,e
2

+6 σp
2

I 5 22.750000 4.550000 σpi,e
2 +10 σi

2

Error 45 64.416667 1.431481 σpi,e
2

Corrected total 59 181.650000  

  Variance component Estimate %  

  σ p
2 1.51111 46%  

  σi
2 .31185 10%  

  σpi,e
2 1.43148 44%  
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Similarly, the mean square for Factor p is as follows:

1 498148 1431481 60 2. . ,= + σ p

and we can solve for σ p
2

:

σ −p
2 0= ( ) =1 498148 1431481 6 151111. . / .

Because variance components are estimated, the sum of the variance com-
ponents may be slightly different from the total score variance. Also, there 
are different approaches for estimating variance components, such as ANOVA 
approach shown above, or some other method (e.g., maximum likelihood 
estimation). Statistical software (e.g., SPSS, SAS) provides users with these 
estimation options.

Similar analyses for variance components for Table 2 data (ratings of 10 
adolescent Targets by two Judges)4 were conducted, and Table 6 presents the 
results for the three pairs of ratings in Table 2. In Table 6, σTJ e,

2  is the variance 
component of residual plus the interaction term (confounded due to insuffi-
cient degrees of freedom). σJ

2  is the variance component due to Judges, and 
σT
2  is the variance component of Targets.
Once the variance components are obtained, they will serve as the basis 

for calculating generalizability coefficients (i.e., reliability coefficients). 
How the variance components of different sources will be used in a specific 
study depends on the study design and on the purpose of the measurement 
interpretation, as discussed in the following sections.

G-Theory Perspectives on Reliability

Relative decision.  Classical test theory focuses on norm-referenced score 
interpretation, that is, using measurement scores to differentiate examinees. 
As a result, measurement reliability is concerned about the consistency of 
relative standings of the individuals but not about the consistency of the 
actual scores. As long as the relative standings of the examinees are consis-
tent, the actual scores do not matter. Within the G-theory framework, this 
type of interpretation is called “relative decision.”

Absolute decision.  Criterion-referenced score interpretation is concerned 
about both the consistency of the relative standings of the individuals and the 
consistency of actual scores (i.e., possible score change). This criterion-
reference perspective is called “absolute decision” in G-theory.

In a measurement situation, the type of score interpretation (norm- vs. 
criterion-referenced) determines whether the “relative decision” or “absolute 
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decision” is appropriate. As a result, there are two types of generalizability 
coefficients: one for “relative decision” reliability and the other for “absolute 
decision” reliability. The “relative decision” generalizability coefficient is 
often called ρ2, and the “absolute decision” generalizability coefficient is 
often called φ (Brennan, 2010; Shavelson & Webb, 1991). The difference 
between the two types of coefficients is on the sources of variation that would 
be considered as measurement error.

Meaning of Variance Components

Reliability coefficient can be calculated once we know the true score vari-
ance (σT

2 ) and the error variance (σE
2 ) (see Equation 3). To understand the 

estimates for these terms, we need to understand the meaning of the different 
variance components partitioned previously.

Table 6.  Estimated Variance Components for Table 2 Ratings.

Between J1 & J2:

Variance component Estimate %

σT
2 105.5556 84%

σ J
2

–2.0000 0% (⇒ .0000)a

σTJ,e
2

20.0000 16%

Between J2 & J2’:

Variance component Estimate %

σT
2 125.5556 72%

σ J
2

50.0000 28%
σTJ,e
2

.0000 0%

Between J1 & J2’:

Variance component Estimate %

σT
2 105.5556 61%

σ J
2

48.0000 28%
σTJ,e
2

20.0000 12%

aTheoretically, variance component cannot be negative. When negative variance component 
is obtained, it is the result of estimation. In practice, such negative variance component is set 
to zero.
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For Table 1 data, that is, six items (I) administered to 10 persons (P), we 
obtained three variance components shown in Table 5 (σ p

2 , σi
2 , σ pi e,

2 ). σ p
2  

represents the variation due to the performance difference among the per-
sons (P), and this is our measurement interest, i.e., this source of variation 
represents our “object of measurement.” As a result, σ p

2  is the estimate for 
the true score variance (σT

2 ) in Equation 3. σi
2  represents the variation in the 

scores due to item “effect.” This is shown by the different means of Item 1 
through Item 6 in Table 1 (2.3, 2.4, 2.6, 2.2, 4, and 2.4, respectively). This 
indicates that examinees’ scores may be higher or lower depending on which 
items they encounter. This, however, is a consistent effect for all the respon-
dents that will affect respondents’ actual scores but will not affect their rela-
tive standings. σ pi e,

2 represents two confounded sources of variation: random 
variation (e: random measurement error) and the interaction effect of person 
by item (p*i). The p*i interaction effect indicates that the item effect is not 
consistent for all the respondents; as a result, it will affect both the respon-
dents’ relative standings and their absolute scores. Similarly, the random 
measurement error may also affect both the relative positions and the abso-
lute scores of the respondents. In other words, σ pi e,

2 brings the two effects 
(random effect and interaction effect) together.

For Table 2 data of 10 targets (T) rated by two judges (J), the meanings of 
the variance components (contained in Table 6) are similar. σT

2  represents the 
variation among the Targets (“object of measurement”), and it is the estimate 
of the true score variance. σJ

2 represents the effect of judges (e.g., one judge 
is more stringent than the other in his or her ratings). In Table 2 data, between 
J1 and J2, there is no judge effect, because the average ratings from the two 
judges are the same (35). On the other hand, between J2 and J2’ there is a 
judge effect because the average rating for J2’ is 45 vs. 35 for J2. This effect 
only affects the actual ratings assigned to the targets, not their relative stand-
ings. σTJ e,

2
contains both the interaction between targets and judges (T*J), and 

the random measurement error. The interaction effect indicates that the leni-
ency/stringency of a judge is not consistent across the targets, thus both the 
relative standings and the actual ratings of the targets may be affected by this 
interaction. Random measurement error also affects both the relative stand-
ings and the actual scores.

Measurement Error and Generalizability Coefficients

Generalizability coefficient for Table 1 data.  Once we understand the substan-
tive meanings of the variance components, it is relatively easy to construct 
appropriate generalizability coefficients for “relative” or “absolute” 
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decisions by applying Equation 3. For Table 1 data, we indicated that the item 
effect (σi

2 ) does not affect the relative standings of the respondents, but only 
their absolute scores. The person × item (p*i) interaction effect plus random 
measurement error (σ pi e,

2 ) affects both the relative standings and the absolute 
scores. So for generalizability coefficient of a “relative” decision, the appro-
priate error term is σ pi e,

2
. But for generalizability coefficient of “absolute” 

decision, the appropriate error term is σi
2 +σ pi e,

2 .
We previously computed coefficient alpha for Table 1 data (α = .86). 

Coefficient α is a reliability estimate for norm-referenced score interpreta-
tion; as such, it reflects the consistency of examinees’ relative standings but 
not the consistency of examinees’ absolute scores. The generalizability coef-
ficient for a “relative” decision is equivalent to coefficient α. If we use 
Equation 3, and substitute appropriate variance components, we have the fol-
lowing “relative decision” generalizability coefficients for k = 1 (one-item 
test) and k = 6 (six-item test):

ρ
σ

σ σ

σ

σ σ
2

2

2 2
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2 2

1 51111

1 51111 1 43148
51=
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k
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2
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1 51111
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+
=
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=
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p
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.

. . /
. kk =( ) 6

It is noted that for k = 6, the generalizability coefficient is the same as the 
coefficient α (.86). This is not a coincidence, and it demonstrates that gener-
alizability theory subsumes coefficient alpha. The reason that generalizability 
(reliability) coefficient for k = 6 is higher (.86) than for k = 1 (.51) is that other 
things being equal, more items reduce measurement error and produce more 
reliable measurement.

Generalizability coefficients for Table 2 data.  The hypothetical data in Table 2 rep-
resent several scenarios. Between J1 and J2, the average ratings from two judges 
are the same (35), thus there is no Judge (J) effect. But there is inconsistency in 
the relative standings of the ratees (Targets, T) across the two ratings. Between 
J2 and J2’, the ratees are perfectly consistent in their relative standings across 
the two ratings, but their absolute ratings are not consistent, as shown by the 10 
points change from J2 to J2’. Between J1 and J2’, however, there is inconsis-
tency both in the relative standings and in the absolute ratings.

If we are only concerned about the consistency of the relative standings of 
the ratees across the two ratings (J1 vs. J2, J2 vs. J2’, or J1 vs. J2’), the appro-
priate error term for generalizability coefficients of “relative decision” (ρ2) 
should be σTJ e,

2 , and the coefficients (ρ2) are obtained as shown below:
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Similarly, we can obtain ρ2 for the other two hypothetical pairs of 
ratings:

Between J2 and J2’: ρ2 = 1.00 (J = 1); ρ2 = 1.00 (J = 2)

Between J1 and J2’: ρ2 = .84 (J = 1); ρ2 = .91 (J = 2)

These relative G-coefficients are presented in Table 4 for easy compari-
sons with the interrater reliability coefficients (Pearson r) and ICCs. We note 
that the relative generalizability coefficients for J = 1 (i.e., reliability for only 
one judge’s rating) and the interrater reliability coefficients (i.e., Pearson cor-
relation coefficients) are equal. As we discussed before, the Pearson correla-
tion coefficient (r) quantifies the consistency of relative standings; as a result, 
it is conceptually equivalent to the generalizability coefficient for a relative 
decision (ρ2). Mathematically, however, Pearson r and ρ2 are only equivalent 
when the two ratings have the same standard deviations, as is the case in 
Table 2 data (SD = 11.21). When the two standard deviations are not equal, 
Pearson r will be higher than ρ2, but the demonstration for this is beyond the 
scope of this article.

The intraclass correlations in Table 4 are about the consistency of both 
relative standings and actual ratings, thus they are conceptually equivalent to 
the generalizability coefficient for absolute decision (φ), and the appropriate 
error term should be σJ

2 +σTJ e,
2 . Using variance components previously 

obtained (Table 6), these generalizability coefficients (φ) are computed, and 
we note that these absolute decision coefficients (φ) are equivalent to the 
ICC(2, 1) and ICC(2, J) presented in Table 4:
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T
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Similarly, we can obtain φ for the other two hypothetical pairs of ratings:

Between J2 and J2’: φ = .72 (J = 1); φ = .83 (J = 2)

Between J1 and J2’: φ = .61 (J = 1); φ = .76 (J = 2)

Equivalence of Generalizability Coefficients and Intraclass 
Correlations

It was shown above that the absolute decision G-coefficients φ are equivalent 
to intraclass correlation coefficients (Case 2 ICC). This is because the two 
types of coefficients are mathematically equivalent. For example, it is easy to 
show that ICC(2, J) is mathematically equivalent to absolute-decision 
G-coefficient φ when the mean of J = 2 judges’ ratings is used:

ICC k
BMS EMS

BMS JMS EMS n

TJ e T TJ e

TJ e
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, ,
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2 2 2
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For research methodologists, the equivalence between ICC and generaliz-
ability coefficient φ has long been well known. As Shrout and Fleish (1979) 
discussed, ICC was a special case of the one-facet generalizability study. 
Although not discussed or presented in this article, it could be shown that 
other cases of ICC (Case 1 and Case 3) are also special cases of the generaliz-
ability coefficients involving nested (Case 1) and fixed (Case 3) factors.

Advantages of Generalizability Theory

The presentation and discussion above have shown that G-theory and its 
coefficients subsume other types of reliability coefficients, and it provides a 
unified framework for measurement reliability. It is shown that (a) the 
G-coefficient (relative decision) is equivalent to coefficient alpha (including 
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KR-20 for dichotomously scored items); (b) G-coefficient (relative decision) 
is conceptually the same as the reliability coefficients based on Pearson r 
(i.e., interrater, test-retest, and parallel form reliability coefficients), and it is 
mathematically equivalent to Pearson r when the two scores to be correlated 
in Pearson r have equal variances; (c) G-coefficient (absolute decision) is 
both conceptually and mathematically equivalent to ICCs. However, applica-
tion of G-theory compels a researcher to make a clear distinction between 
norm-referenced (relative decision) and criterion-referenced (absolute deci-
sion) score interpretations, thus avoiding potential confusion about the appro-
priateness of some seemingly similar coefficients (e.g., interrater reliability 
vs. ICC). In addition, G-theory also offers some other important advantages 
as discussed in the following sections.

Multiple Sources of Measurement Error

Up to now, we have limited our discussion to measurement situations that 
involve only one “facet” (one measurement error source, other than random 
measurement error). For example, “item” is the only facet for Table 1 data, 
and “judge” is the only facet for Table 2 data. Some measurement situations 
may involve more than one facet, that is, more than one sources of measure-
ment error. Conventional methods for reliability estimation do not work in 
these situations because conventional reliability methods are all designed for 
one facet only, thus unable to handle multiple sources of measurement error. 
G-theory does not have this limitation, and it can easily accommodate mul-
tiple measurement error sources (i.e., multiple facets).

Table 7 presents the data from a hypothetical situation where 10 adoles-
cents (P) are rated by two raters (R) on two occasions (O). In this situation, 
we are interested in the real differences among the adolescents (P: object of 
measurement), and both rater (R) and occasion (O) may introduce measure-
ment unreliability, thus both being the facets. In this situation, we may be 
interested in knowing the reliability of the average ratings across the two 
raters and across the two occasions. ICC methods do not allow us to estimate 
such measurement reliability because ICC is not capable of dealing two mea-
surement error sources (i.e., occasion and rater) simultaneously; as a result, 
this measurement situation is beyond what ICC is designed to do. If we only 
calculated the ICC for each occasion, we would only be able to capture the 
measurement error introduced by raters (cf. interrater reliability) but would 
not be able to capture the measurement error introduced by occasions (cf. 
test-retest reliability). Using the G-theory, we would capture the errors intro-
duced by both sources (i.e., interrater and test-retest).

G-theory, however, handles this situation easily. Table 8 presents the esti-
mates of the variance components for Table 7 data. Because the measurement 



58	 Journal of Early Adolescence 34(1)

involves object of measurement (P) and two facets (O, R), a three-way 
ANOVA model is called for. In this ANOVA model, there are three main 
effects (P, O, R), three two-way interactions (P*O, P*R, O*R), and one three-
way interaction (P*O*R) confounded with error (e), due to insufficient 
degrees of freedom. Consequently, there are seven estimable variance 
components.

It is noted that the variance component for the object of measurement 
(σ p

2 ) constitutes about 31% of the total score variance, while 69% of total 
score variance being attributable to potential measurement error sources. 
There appears to be a nonnegligible rater effect (σr

2 : 11.83%), indicating 
that the two raters differ in their ratings. As discussed before, the main effect 
of a facet only affects the absolute scores of the ratees but does not affect 
their relative positions. It is also noted that the two two-way interaction 
terms involving the object of measurement (σ p o*

2 , σ p r*
2 ) are quite substan-

tial, accounting for 14% and 15% of the total score variance, respectively. In 
addition, the three-way interaction term plus error is also substantial (25%). 
These interaction effects involving the object of measurement (P) affect the 
relative positions of the ratees. The two-way interaction between Occasion 
and Rater (σo r*

2 ) does not involve the object of measurement (P), thus it will 
not affect the relative positions of the ratees but will only affect the absolute 
scores of the ratees.

Table 7.  Ratings for 10 Adolescents (P) by Two Raters (R) on Two Occasions (O).

Occasions

  1 2

  Raters Raters

Adolescent A B A B

  1 3 5 3 5
  2 5 7 7 7
  3 6 6 6 5
  4 6 6 6 6
  5 5 6 5 4
  6 5 7 7 8
  7 3 5 3 5
  8 4 5 5 6
  9 5 5 6 9
10 7 6 7 6
X 4.9 5.8 5.9 6.1
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Once these variance components are estimated, it is relatively easy to 
obtain the generalizability coefficients for Table 7 ratings based on two raters 
(nr = 2) who provide ratings on two occasions (no = 2) for either relative or 
absolute decision. As discussed previously, relative decision G-coefficient is 
appropriate if we are only interested in the consistency of relative positions 
of the individuals. For relative decision G-coefficient, the error term includes 
all interaction components involving the object of measurement P:
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Absolute decision G-coefficient is appropriate when we are interested in 
the consistency of both relative positions and actual scores, and the error term 
includes all the components except the object of measurement P:
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Table 8.  Variance Component Estimates for Table 8 Data.

Variance component Estimate %

σ p
2

.61667 30.54
σ o

2 .06111 3.02

σ r
2 .23889 11.83

σp*o
2

.28889 14.31
σp*r
2

.31111 15.41
σo* r
2

−.02778⇒ .00
σp*r*o*,e
2

.50278 24.90
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The φ coefficient above (φ = .52) is conceptually equivalent to intraclass 
correlation coefficient. Because ICC is not designed for this more compli-
cated measurement situation, we cannot compute ICC for the data. We note 
that for the data in Table 7, measurement reliability involving two raters and 
two occasions appears to be low for both relative and absolute decisions. In 
a real measurement situation, we would be interested in improving the mea-
surement process and measurement protocol to achieve better measurement 
reliability.

Improving the Measurement Process

The partitioning of the total score variance into multiple facets provides esti-
mation of the percentage of variance attributable to each facet, and these 
variance components will help us understand the magnitudes measurement 
error from different error sources. For example, a relatively large variance 
component for the facet of Rater may suggest the need for better training for 
raters to achieve better consistency across raters. Similarly, a systematic 
interaction between Person and Rater indicates that the rater(s) are not apply-
ing consistent rating criteria to different ratees.

Planning for Measurement Reliability in Future Studies

Conventional reliability approaches are typically post hoc, that is, measure-
ment reliability is computed after the fact.5 G-theory, however, is more pro-
active in planning for future measurement protocol. G-theory typically has 
two stages: G-study and D-study. The G-study serves as a “pilot” reliability 
study that provides information for planning the “real” research study. In the 
G-study, relevant variance components are estimated. In the D-study, the esti-
mated variance components are used for planning for the measurement pro-
tocol of the “real” study so that the desired measurement reliability can be 
attained in the “real” study.

For example, for the J1 vs. J2’ data pair in Table 2, we previously (see 
Table 4) calculated Case 2 ICCs to be .61 (for J = 1) and .76 (for J = 2). Let’s 
assume that this is our “pilot” study (i.e., G-study), and we consider these 
reliability coefficients low and desire to attain higher measurement reliability 
in our “real” study. What should we do then?

In this case, we used J (J = 2) judges in our “pilot” study. If we consider 
ICC(2, J = 2) = .76 unacceptable, we may want to know what measurement 
reliability will likely to be if we increase the number of judges from two to 
four in our “real” study so that we may plan for our “real” study accordingly. 
This phase is called “D-study” in G-theory. D-study can be conducted 



Fan and Sun	 61

regardless of norm-referenced or criterion-referenced score interpretation, 
and regardless of either a single facet (i.e., measurement error source) or 
multiple facets are involved in the measurement process.

Using the variance components estimated for the data pair J1 vs. J2’ 
(Table 6), we can “forecast” the measurement reliability in our “real” study if 
we plan to use the mean of four6 judges’ rating for each target (person), and 
this involves the simple substitution of nj = 4 in the equation for G-coefficient 
for absolute decision as shown below. If we consider φ = .85 satisfactory for 
our purpose of study, we may plan to conduct our “real” study by using four 
judges to rate each target (person) and use the mean of the four judges as the 
rating for each target (person).
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In the same vein, for the two-facet (rater and occasion) measurement data 
in Table 7, we previously estimated all relevant variance components 
(Table 8) and calculated G-coefficient for absolute decision for the mean 
rating based on two raters and two occasions (φ = .52). We may desire to 
attain higher measurement reliability in our “real” study by either increasing 
the number of raters, the number of occasions, or both (assuming that practi-
cal constraints, such as cost, time, etc., allow us to do so). As an illustration, 
we may consider a measurement scenario of using four occasions and four 
raters (n0 = 4, nr = 4):
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These D-studies for different measurement scenarios allow us to assess 
the impact of changing measurement conditions on measurement reliability, 
thus allowing us to design the optimal measurement protocol (considering 
measurement reliability, cost, time, other practical constraints) for our “real” 
research study. This aspect of G-theory provides researchers with the flexibil-
ity and forecasting capability that are not previously available in conven-
tional reliability approaches.
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Conclusions

In this article, we discussed that some adolescence researchers’ understand-
ing of measurement reliability may be fragmented, and it is not always clear 
how different reliability coefficients are related. We have shown that general-
izability theory (G-theory) is a comprehensive framework of measurement 
reliability, and this framework subsumes all other reliability methods (e.g., 
reliability coefficients based on Pearson r, coefficient alpha and KR-20, intra-
class correlation coefficients). As such, G-theory provides the degree of flex-
ibility and comprehensiveness not offered by the conventional approaches. 
Within the G-theory framework, the similarities and differences of different 
reliability coefficients can be easily understood, and planning for optimal 
measurement protocols becomes feasible. Adolescence researchers may 
move beyond the fragmented treatment of measurement reliability and con-
sider and use generalizability theory as the general framework for different 
reliability estimates in their substantive studies.
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Notes

1.	 The discussion here is under a more general topic of “criterion-referenced mea-
surement.” It should be noted, however, that “criterion-referenced measurement” 
is much broader than what is presented here. There can be different contexts of 
criterion-referenced testing (see Brennan, 2006; Crocker & Algina, 1987). In all 
criterion-referenced measurement situations, norm-referenced score interpreta-
tion that focuses on the consistency of relative positions of the examinees is 
insufficient.

2.	 For research practitioners, it is not necessary to understand the details of  
the ANOVA model and the computations presented in this section. Statistical 
analysis software (e.g., SPSS) provides ICC reliability coefficient. See Web 
Appendices for illustrations https://docs.google.com/viewer?a=v&pid=sites& 
srcid=ZGVmYXVsdGRvbWFpbnxndGhlb3J5d2ViYXBwZW5kaWNlc3xneDo
3OWQ0YWZkYWQyNGVjMDNl).

3.	 Again, for research practitioners, it is not necessary to understand the com-
position of the “Expected Mean Squares,” from which variance components 
are derived. Statistical analysis software (e.g., SPSS, SAS) has a procedure 

https://docs.google.com/viewer?a=v&pid=sites&srcid=ZGVmYXVsdGRvbWFpbnxndGhlb3J5d2ViYXBwZW5kaWNlc3xneDo3OWQ0YWZkYWQyNGVjMDNl
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specifically for obtaining variance components. However, for obtaining vari-
ance components, specification of the appropriate ANOVA model is needed. See 
Web Appendices for illustrations (https://docs.google.com/viewer?a=v&pid= 
sites&srcid=ZGVmYXVsdGRvbWFpbnxndGhlb3J5d2ViYXBwZW5kaWNlc3
xneDo3OWQ0YWZkYWQyNGVjMDNl).

4.	 It should be noted that, in previous sections (e.g., Table 5 for Table 1 data), 
the “object of measurement” is represented by Person (P). Here in Table 6 
(for Table 2 data), “Target” (T) is used for the “object of measurement.” This 
use of different terms for the “object of measurement” may appear to be 
inconsistent. However, although Person (P) may often be the “object of mea-
surement” in many measurement situations, it is not always so. For example, 
there can be a situation where the quality of different competing products is 
being rated by different judges (i.e., the “object of measurement” is “prod-
ucts,” not “persons”). So Target (T) may be a more general term for repre-
senting the “object of measurement,” which could be anything that is the 
interest of measurement in a specific situation. In addition, slightly different 
terms may be used in the literature of different disciplines. Readers should be 
aware of such slight inconsistency of terminology in the applications of the 
generalizability theory.

5.	 This statement should be qualified. For norm-referenced measurement, when 
only one measurement error source is involved (i.e., one facet), Spearman-
Brown Prophecy formula is designed to forecast measurement reliability when 
measurement protocol changes, such as increasing/reducing the number of items 
on a test, increasing/reducing the number of raters, or increasing/reducing the 
number of measurement occasions. For criterion-referenced measurement, and 
when multiple facets are involved, Spearman-Brown Prophecy formula is not 
applicable.

6.	 It should be noted that the “forecasting” procedure illustrated here assumes that 
the “additional” judges are randomly selected from the same pool of judges from 
which the two original judges were selected.
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