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Abstract: Generalizability theory (GT) provides an all-encompassing framework for estimating
accuracy of scores and effects of multiple sources of measurement error when using measures
intended for either norm or criterion referencing purposes. Structural equation models (SEMs) can
reproduce results obtained from GT-based analysis-of-variance (ANOVA) procedures while further
extending those procedures to correct for scale coarseness, derive Monte Carlo based confidence
intervals for key parameters, separate universe score variance into general and group factor effects,
and determine subscale score viability. We demonstrate how to apply these techniques in R to
univariate, multivariate, and bifactor designs using a novel indicator-mean approach to estimating
absolute error. When representing responses to items from the Music Self-Perception Inventory
(MUSPI-S) using two-, four-, and eight-point response metrics over two occasions, SEMs accurately
reproduced results from the ANOVA-based mGENOVA package for univariate and multivariate
designs and yielded score accuracy and subscale viability indices within bifactor designs comparable
to those from corresponding multivariate designs. Corrections for scale coarseness improved score
accuracy on all response metrics but to a greater extent with dichotomously scored items. Despite the
dominance of general-factor effects, subscale viability was supported in all instances with transient
measurement error leading to the greatest reductions in score accuracy.

Keywords: structural equation models; generalizability theory; multivariate analysis; bifactor
models; R programming; reliability; validity; subscale viability; Music Self-Perception Inventory;
mGENOVA

1. Introduction

Although originally developed during the 1960s [1-3], generalizability theory (GT) continues to
be used across numerous disciplines, in large part, because it can be applied to both objectively and
subjectively scored measures, quantify effects of multiple sources of measurement error, and produce
a wide variety of coefficients to assess the accuracy of observed scores for both norm- and criterion-
referencing purposes. Introductions to doing traditional analysis of variance (ANOVA)-based GT
analyses can be found in full-length books devoted exclusively to the topic [4-9]; chapters within
measurement textbooks [10-12], research handbooks [13-16], encyclopedias [17-23], and edited
volumes [25-39]; as well as articles or tutorials within professional journals [1-3, 40-64]. Examples of
content areas to which such analyses have been conducted over the last five years alone include
medical education and training [65-71], radiology [72], rehabilitation [73], nursing, [74]
pharmacology [75], K-12 writing skills [76-79], second language education [80-82], speech and
hearing research [83-84], thinking skills and creativity [85], psychiatry and psychology [86-90], sports
[91], among others.

Univariate ANOVA-based GT analyses can be run using variance component programs within
comprehensive statistical packages such as SPSS, SAS, R, STATA, MATLAB, and Minitab (see, e.g.,
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[92]) or standalone programs devoted exclusively to those purposes, which include the GENOVA
suite (GENOVA [93], urGENOVA [94], and mGENOVA [95]), G_string IV (manual available at
https://www.papaworx.com/HOP/Manual.pdf), EduG [9], and the gtheory package in R [96-97; also
see 62]). Most recently, applications of GT have been enhanced by conducting such analyses within
structural equation model (SEM) frameworks (see, e.g., [59-60, 62, 64, 98-111]). GT-based SEMs can
be analyzed using numerous readily accessible statistical packages and provide effective methods for
incorporating univariate, multivariate, and bifactor model designs, deriving confidence intervals for
key parameters, adjusting for scale coarseness effects common when using binary or ordinal data,
assessing scale viability, and handling missing data.

The most common indices of score accuracy reported in GT analyses include generalizability
coefficients for norm-referencing purposes (e.g., rank ordering scores) and global and cut-score-
specific dependability coefficients for criterion-referencing purposes (e.g., using absolute levels of
scores for decision making). Initial applications of SEMs were limited to derivation of generalizability
(G) coefficients within univariate designs [112-113] but later modified to allow for computation of
dependability (D) coefficients [64, 98, 103, 114-115] and analysis of multivariate [64, 108-111] and
bifactor designs [64, 101-104, 108-109, 111]. Whenever composite scores are reported in addition to
subscale scores in practice, multivariate and bifactor GT designs produce more appropriate indices
of score accuracy than would a univariate design for the composite because they take subscale score
representation and interrelationships into account [2, 4, 8, 64, 102, 111].

In a recent study by Lee and Vispoel [107]), an indicator mean-based procedure within SEMs
was introduced to derive absolute error indices needed to estimate D coefficients for univariate
designs that produced comparable or better results than previous methods for deriving such indices.
Our primary goals in the study reported here are to replicate previous uses of SEMs within GT
univariate designs using a new instrument and to expand upon such research by applying the
indicator-mean method to derivation of absolute error indices for multivariate and bifactor designs
based on original observed scores and ones corrected for scale coarseness effects. In doing so, the
methods discussed here serve as guides to conducting complete GT analyses for common
multivariate and bifactor designs with univariate analyses for individual subscales subsumed within
those frameworks. We further provide computer code in R to enable readers to apply all illustrated
techniques to their own data.

2. Background

2.1. GT designs

We will apply SEM procedures for analyzing persons x items (pi) single-facet and persons x items
x occasions (pio) two-facet GT designs based on responses to a self-report measure (i.e., the shortened
form of the Music Self-Perception Inventory (MUSPI-S) [116-119]). Each facet of measurement (items
and occasions here) represents a domain to which results are generalized. Partitioning of observed
score variance at the individual score level for these designs is described in Equations (1) and (2).

p X i (pi) design: oﬁpi =07 + 05, + 0} €))
p X i X o (pio) design: Glz’pia =0p + 05+ 0k + 0hipe + 07 + 02 + f. @)

In the pi design, variance across all observed scores is partitioned into three components that
represent persons (Jg ), items (0?), and the interaction between persons and items (O’éi,e). In the pio
design, observed score variance is partitioned into seven components that represent persons (g),
items (07), occasions (02) and all possible interactions among persons, items, and occasions
(021,020, 02i0,)05)- The variance component for persons (o) in both designs represents universe
score variance that parallels true score variance in classical test theory and communality in factor
analysis. Interactions between persons and the measurement facets items and/or occasions represent

sources of relative measurement error. The pi design includes only a single source of relative
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measurement error (0'2

p
"o

(Ugi, 020 Opioe)- The subscript “,¢” within a variance component term indicates that it also includes

,e) in contrast to the pio design that includes multiple sources of such error

any remaining relative residual error not captured by other terms in the given design. Variance
components involving persons are used to derive G coefficients for norm-referencing purposes,
whereas those not involving persons reflect differences in mean scores for facet conditions within the
design relevant for criterion-referencing purposes in which absolute score values are used for
decision making. These components are combined with those for relative error to reflect absolute or
total overall error when deriving D coefficients.

As already noted, GT-based analyses produce three primary indices of score accuracy that are
represented in Equations (3)-(5): generalizability (G or Ep?), global dependability (D or ¢), and cut-
score-specific dependability. We provide more detailed formulas to estimate these coefficients and
related variance components within tables presented in later sections.

Universe score variance

G coefficient = — - - -
Universe score variance+Relativ error variance

)

Universe score variance

Global D coefficient =

Universe score variance+Absolute error variance

Universe score variance+(uy —cut score)?

Cut-score-specific D coefficient = — - -
Universe score variance+(uy—cut score)?+ Absolute error variance

®)

G coefficients are similar and sometimes identical to conventional alpha, split-half, parallel form,
and test-retest reliability estimates in that they reflect relative differences in scores across persons (see
[59] for further details) but are interpreted in relation to all possible facet conditions (items, occasion,
raters, etc.) within the targeted assessment domains of interest. Equation (3) for a G coefficient would
represent universe score (or person) variance divided by the sum of person variance and all error
variance components involving persons
(i. e.,0p and agi,e in the pi design and a7, agi, 00, and Ugio,e in the pio design). Equation (4) for global
dependability resembles Equation (3), but with all variance components for facets and their
interactions (i.e., 67 in the pi design and 67, 62,and o2 in the pio design) combined with relative
error variance components to represent absolute error in the denominator of the equation.
Consequently, global D coefficients can be no larger than G coefficients and equal to them only when
all facet condition means are identical.

Global D coefficients broaden the conceptualization of measurement error to include mean
differences in scores and thereby reflect the contribution of the assessment procedure to overall
dependability when making criterion-referenced interpretations of scores [25, 28, 114-115]. Finally,
cut-score-specific dependability represented in Equation (5) parallels Equation (4), but with the
squared difference between the grand score mean and cut score added to both the numerator and
denominator of the equation. Accordingly, the value of this coefficient can change depending on the
value of the cut score and represents dependability specific to that cut score. Conceptually, cut-score-
specific D coefficients reflect the contribution of the assessment procedure to the decision made from
the cut score over what would be expected by chance agreement [25, 28, 114-115]. These coefficients
are especially useful for gauging accuracy in determining whether an individual’s standing truly falls
above or below the targeted cut score. Like conventional reliability estimates, G and D coefficients
can vary from 0 to 1 with higher values representing greater accuracy in scores for their intended
purposes.
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2.2. Representing univariance, multivariate, and bifactor GT designs within SEMs

In the data analyses presented here, we focus on univariate, multivariate, and bifactor pi designs
based on a single occasion of administration in which items are the sole measurement facet of interest,
and univariate, multivariate, and bifactor pio designs based on two occasions of administration with
both items and occasions serving as measurement facets. Our illustrations represent data collected
using the Instrument Playing, Reading Music, Listening, and Composing subscales from the
shortened form of the Music Self-Perception Inventory (MUSPI-S; [116-119]). Each subscale consists
of four items with item scores summed across all subscales to create a composite score that is used
here to represent overall perceptions of music proficiency within the multivariate and bifactor
designs.

2.3. Univariate GT designs

GT persons x items (pi) single-facet univariate designs. In Figure 1, we depict SEM diagrams
for univariate pi and pio designs. The top diagram in Figure 1 represents a pi SEM for the Instrument
Playing subscale. The SEM has a single factor for the construct of interest that is linked to all items
measuring that construct. Item loadings are set equal to one, and all item uniquenesses are set equal.
In total, two parameters are estimated that represent the variance component for person or universe
scores (o) and the variance component for relative measurement error across items (07; ).

2
Ty

..............................

Figure 1. Structural equation models for univariate G-theory pi and pio designs for the Instrument Playing
subscale. Note. p = Person; S = Subscale; I = Item; O = Occasion; 01? = person, universe score, or trait variance;
Ugi = specific-factor error variance; o3, = transient error variance; and ogin,e = random-response error

variance. Numbers within lines represent loadings for items and occasions.
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When using the indicator-mean method [107], the remaining variance component for items (%)
is estimated using intercepts for each item that are equivalent to their corresponding means.
Specifically, the squared differences between each item mean and grand mean across items are
summed and divided by the number of items minus one as shown in Table 1. Once the three variance
components of interest (a7, 0,; ., and o;’) are estimated. They can be placed in the general equations
shown in Table 2 to estimate G, global D, and cut-score-specific D coefficients for the pi design.

Table 1. Formulas for variance components within GT univariate pi and pio designs.

;
Design/VC : Formula
pi design !
i A2
I . Op .
. | A2
Pve b L Ople
;
A 2
i ny ~
| oo _ Zi(B — grand )
‘ n — 1 '
! i where n;=the number of items, f;= intercept of iy, item, and grand i =
: o~
| %2, Bi
_______________________ U .
pio design 5
: ~2
P b L U
. i A2
pe : Opi
_______________________ O L
po ! G50
TTTTTTTTTTTTTTTTTTT T PG
pio,e ' Opio,e
"""""""""""" !""""""""'""'""""""""'ﬁ}"'A"""'""a";'i""'"'""""""""""""
! A2 Yz (A — grand i)
: % = n — 1 ’
' 1
1 where f;,=intercept of i, item on the o, occasion, grand fi =
' i=njo0=ng 4 ny =
' Z-= = Bio N % 2 Bi
: i=1,0=1 ’and ﬂl — o=1 10.
_______________________ e TR Mo ...
: 202 (f - grand »)?
62 = %, where n,= the number of occasions, and f, =
0 1 ° n; -
E Zi=L1Bia
_______________________ M
' P — A 2
H i=nj0=n, ~ ~ ~
io E ~2 Zi:l‘ozl (:Bio =l — fip + grand .u)
: to (n;xny) — 1 ]

Note. GT= generalizability theory. Variance components without formulas come directly from structural

equation model computer output (see Figure 1 and supplementary materials).
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Table 2. Formulas for estimating GT G, global D, and cut-score-specific D coefficients for all designs and
models.

Design/Index Formula

pi design

62 + (uy — Cut score)? — 6

— —5» Where Gy
62 + (uy — Cut score)? — 62 + Ipte T 00
Cut-score-specific D b Y Y n';
~2 ~2 A2
62 6%, 6
pLe i .
=L 4 P 4 L and corrects for bias.
np, mpn

~2 ~2 ~) ~D A2 ~2 7
Op; t+ 0j Opo + 0, Upio,e + Oio
r r ! !
5 ny 5 ny, n;n,
. A2 A~ A2 ~ A2 ~2
Cut-score-specific D 2 0 Opi Opo Opioe  0i  Op
i ‘Nhereo-};=_’l7 lpl+ lpl+ /p!/+_!+_l
n, nyn; nyn, nymng  np o ng
~2
io .
+ —— and corrects for bias.
_________________________________________________________________ Mo .
~2
It
Specific-factor n';
error 52 62 G2

62 + (uy — Cut score)? — 6% + 2
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error

Total relative error

.
.
|
|
Random-response ! nin,
|
|
|
|
|
|
.
|
.
|
|
|
|
.
|

Note. pi = persons x items design, pio = persons x items x occasions design, GT= generalizability theory, G =

generalizability coefficient, D = dependability coefficient, = Omega hierarchical composite

wHCompasite
coefficient, Opgpeae = Omega hierarchical subscale coefficient. Generalizability coefficients for the bifactor

model are equivalent to omega total coefficients.

GT persons x items x occasions (pio) two-facet univariate designs. The bottom diagram in
Figure 1 represents a SEM for the MUSPI-S's Instrument Playing subscale for a pio design with four
items administered on two occasions. When measuring psychological traits, the pio design is
generally preferred over the pi design because it allows for separation of three key sources of
measurement error and reduces confounding of trait and measurement error variance typically
found in the pi design. Within the pio SEM shown in Figure 1, the factor for the construct of interest
is linked to each item on each occasion. Separate factors are included for each item across all occasions
and for each occasion across all items. All factor loadings are set equal to one, with item variances set
equal, occasion variances set equal, and uniquenesses set equal. Collectively, these constraints result
in estimation of four parameters to represent the variance of person or universe scores for the
construct of interest (0;7) and three sources of relative measurement error (aji, 05, and O’;io,e) common
when using objectively scored measures such as Likert-style questionnaires or multiple-choice tests
in which all scorers would obtain the same results.

Within the psychological research literature, 0%, 0%, and 0/, , are often respectively referred as
specific-factor error (or method effects), transient error (or state effects), and random-response error
(or within-occasion “noise”; [120-122], also see [123]). Specific-factor error represents enduring
person-specific effects on scores that are unrelated to the construct of interest such as understandings
of words within items and response options. Transient error represents consistent effects on scores
within a given occasion that do not generalize across occasions such as a respondent’s disposition,
mindset, and physiological condition at that time as well as his or her reactions to environmental and
administration conditions. Random-response error refers to fleeting motion-to-moment effects
within an occasion such as momentary lapses of attention, distractions, and other effects that follow
no systematic pattern. Within pi designs, universe score and transient error are confounded within
the person variance component (g;7), as are specific-factor and random-response error within the
relative measurement error component (O’;i,e). An important advantage of the pio design is that
these sources of variance can be separated to provide more appropriate estimates of score accuracy
and overall measurement error. Variance component formulas for each source of measurement error
are provided in Table 1.

When using the indicator-mean method to derive the remaining variance components
(6#,02,and 62) within the pio design, intercepts will represent means for all combinations of items
and occasions. Once estimated, these means can be integrated into the formulas shown in Table 1 to
obtain the remaining variance components and insert them into the formulas shown in Table 2 to
estimate related indices of score dependability and proportions of measurement error (see [107] for
further details).
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2.3. Multivariate GT designs

GT persons x items (pi) single-facet multivariate design. Multivariate GT designs best represent
indices of score accuracy when both subscale and composite scores are reported in practice. Such
designs also can produce correlation coefficients corrected for all sources of measurement error
included within a design to provide further insights into subscale score dimensionality, overlap,
interrelationships, and validity. Embedded within the overall multivariate design are the same
univariate analyses already described for each individual subscale. Variance components for the
composite score, in contrast, entail formulas based on the variance components for each subscale, the
covariances between each pair of subscale scores, and eventual weighting of each subscale when
forming the composite (see Table 3 and [8, 64, 109]).

Table 3. Formulas for variance components within GT persons x items (pi) and persons x items x occasions

(pio) multivariate designs.

Design/ | Formula
VC : .
: Composite Subscale
pi
design
i Ng1 ~2
p E Oy = ) 10p; + Xt s3es1 Op(s1,52)s Op,
ISR where ng= the number of subscales
| s
. 1 A2 A2 ~2
pve ! Opie. = Z Opies Opies
............. .:..........______________....§......______________.................______________...........__________‘
1 ns Tll
1 S
. ” (Bl - grand us)
' O' —
1 te
| s=1 nIs
' _
i ' where n;¢= the number of items in subscale S, 62 = (ﬁ i — grand ”5)
H 5 . .. ~ ls —
1 f;=intercept of iy, item, and grand fi; = ns — 1
' Ny
: %3 B
_____________ 1S
pio |
design
i Ng1 MNs2
| 52
P s Z%s PIPR s
_____________ N _ooS=Y_SY=1S2#S1 il
E ng
. 1 A2
~2 52
H s=1
E Ns1 MNs2
H A2 ~2 ~2
po ; Gpo, = Z Gpo, t Z Z Bpo(si,s2) Gpos
:
_____________ N Los=Yl S =ASZ#SY ..
| s
'
. A2 _ A2 ~2
pioe Gpioe, = Z Gpio,es Opio,es
_____________ = S
[ ng n
1 IS " A~ 2
E 52 = Z Zizl(/'lsi — grand fi)
: i — )
1 ¢ =1 ns — 1 nys d 2
' = _
1 1 Zi=n15,0=nosﬁl 52 _ Z (HSL gran y,s)
' A __ “i=1,0=1 Lo ls
! where grandjiy = —>—— n — 1
! n nisxXnos
i - Zogfﬂio
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i=1,0=1

Y
1 Oo,
H ns n
' So (1 IRY4
. Z Yoo1(flso — grand fi)
: 1 nSO - 1
-
L Ms1 ngy S (s, — d i)?
So (0 ~ =1l grana l
0 E 20:1(ﬂslo B grand ﬂs)(“sZo — grar 0'3 = Zo=t ° s
F+ s ng — 1
| s1=1s2#s1
i where ngo= the number of occasions in subscale S,
| 205 Bio
! and fig, = “=1—.
_____________ £
i A2
L6, Glos
io H l=ngs,0=ngo
i
'
'
'
:

3

Ss=1

(ns; X ngo) — 1 (nsr X 150) = 1

Note. GT= generalizability theory. VC = variance component. Variance components without formulas above

s [Zi=n51-0=nso(ﬁ“io — fsi — fiso + grand ﬁs)z _ Zizl‘ozl (ﬁio — fisi — fiso + granc

come directly from structural equation model computer output (see Figure 2 and supplementary materials).

Figure 2 includes SEM diagrams for multivariate pi and pio designs that can be used to derive
variance and covariance components for computing G coefficients for subscale and composite scores.
The diagrams respectively represent the 4-item subscales from the MUSPI-S (Instrument Playing,
Reading Music, Listening Skill, and Composing Ability) mentioned earlier administered on one or
two occasions. Scores for each individual subscale are modeled and constrained in the same way as
in a univariate analysis but allowed to covary/correlate with each other. Within the pi design, eight

variance components (o7 and 0, for each subscale) and six covariance components (one for each

pie
possible pair of subscale scores) are estimated. The variance component for items (¢7) within each
subscale is computed in the same way as described for the univariate design.
07, 0p; . and o/ indices for the composite score can be estimated using the formulas shown in Table 3
and corresponding generalizability and dependability coefficients using the formulas shown in Table

2.
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Figure 2. Structural equation models for multivariate G-theory pi and pio designs for MUSPI-S subscale scores.
Note. p = Person; S = Subscale; I = Item; O = Occasion; Upz = person, universe score, or trait variance; agi =
specific-factor error variance; g7, = transient error variance; and agio‘e = random-response error variance.
Symbols linking subscales at the top of the models and linking occasions at the bottom of the model for pio design

represent covariances. Numbers within lines represent loadings for items and occasions.

GT persons x items x occasions (pio) two-facet multivariate design. The pio univariate design
for each embedded subscale within the multivariate design has additional factors for each item across
occasions and for each occasion across items. Scores for each pair of subscales again are allowed to
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covary/correlate but to the same degree across occasions. Transient error (o;,,) indices also are
allowed to covary/correlate when all measures are administered together within a common occasion.
In all, sixteen variance components (o7, Ugi, 05, and Ugio_e for each subscale), six covariance
components for person subscale scores (one for each possible pair of subscale scores), and six
covariances for transient errors (g,,,,) are estimated. The o7,02,and 67, variance components for
each subscale can be derived in the same ways described in the univariate designs, and those for the
composite score using the formulas provided in Table 3. Formulas for deriving relevant
generalizability and dependability coefficients for both subscale and composites scores are given in
Table 2.

Correcting correlation coefficients for measurement error. In addition to providing
appropriate indices of accuracy for composite and subscale scores, multivariate designs can yield
correlations between all pairs of subscale scores corrected for the sources of measurement error
estimated within the design. Corrected correlations can be conceptualized in relation to the formula
first proposed by Spearman ([124], also see [125]), shown in Equation (6), in which the correlation
coefficient between observed scores for the pair of measures of interest is divided by the square root
of the product of their corresponding reliability coefficients to estimate the correlation between true
scores for the targeted measures that is free of measurement error. In applications of GT, G
coefficients would be substituted for conventional reliability coefficients, and universe scores for true
scores.

r
Prry, = —= (6)

7
v Texr * Tyyr

where ﬁTxTy = estimated correlation between true scores for measures X and Y,

7y = observedcorrelation coefficient between measures X and Y,

Ty = reliability coefficient for measure X,
and 7y, = reliability coefficient for measure Y.

2.4. Bifactor GT designs

Bifactor and multivariate GT designs both can be used to simultaneously partition score variance
at subscale and composite levels and distinguish multiple sources of measurement error within pio
designs. However, bifactor designs further allow for partitioning of universe score variance into
general and group factor effects to produce indices reflecting just general factor effects, just group
factor effects, or both effects combined. General factor effects reflect common explained variance
shared across all indicators, whereas group factor effects reflect unique explained variance, unrelated
to general factor variance, that is shared by all indicators representing a given subscale.

Bifactor models produce four key coefficients in addition ones already discussed: omega total
composite, omega total subscale, omega hierarchical composite, and omega hierarchical subscale [11,
126-130]. Omega total coefficients for composite and subscale scores represent proportions of variance
accounted for by both general and group factor effects. They parallel overall G coefficients for the pi
and pio univariate and multivariate GT designs, except that universe score variance represents the
sum of general and group factor variances (see Table 2). Omega hierarchical composite score coefficients
represent the proportion of variance accounted for by the general factor alone, whereas omega
hierarchical subscale coefficients represent the proportion of variance accounted for by the group factor
alone. We provide formulas for estimating variance components in Table 4 that can be inserted into
formulas shown in Table 2 to derive G, global D, cut-score-specific D, and omega coefficients for pi
and pio bifactor designs.
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Table 4. Formulas for variance components within GT persons x items (pi) and persons x items x occasions (pio) bifactor designs.

, i Formula
Design/VC i . ;
; Composite Subscale ;
pi design | L ;
! n ! E
' 52 | i

| a2 A 2
: Ggen, = ) A | 52— :
General : genc s : Ogens = As :
: s=1 : :
"""""""""""" o ng | ]
A2 _ A2 ~2
Group E Ogrp. = OGrps ! OGrpg :
a = s |
i ns ! i
! A2 ! A 2 :
! A2 _ ~ ! ~2 ~2 .
p : Op, = Z [/15 + 06rp ] | 6p, =As + GGrp :
s=1
f s | |
- i A2 _ A2 i 52 i
pLe ' piec — Z Upi,es : O-plles
------------------------
! ~2 (ﬁl - grand Aus) ' '
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where ng,= the number of occasions in subscale S,
T8 B
i=1 Pio

nis

and fis, =

; ) i
; n i ;
i s i H
e 52 52 e . |
Group | Igrve Z IGrps ; OGrps !
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i s i 1
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________________________ L e |
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Zi=n51.0=nso

5 N R N2
ic1omn 20(Bio — fisi — fiso + grand fig)

(ng; Xngp) — 1

io

;
;
:
:
n, = -
; il [ i=ngr,0=nso
:
:
:
:
:
:
;

5 A N N2
62 = Z Zi:l,o:l (ﬁia — fisi — fiso + grand Hs) 52
ioc — :

iog —
= (”SI X ”SO) 1
s=1

Note. GT= generalizability theory, VC = variance component. Variance components without formulas come directly from structural equation model computer output (see Figure 3 and
supplementary materials).
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GT persons x items (pi) single-facet bifactor design. The pi bifactor SEM representing MUSPI-
S scores is shown in the top diagram within Figure 3. The general factor is linked to all items, with
independent group factors linked only to items included within each subscale. To allow for
differential general factor effects across subscales, model identification constraints differ somewhat
from those in the previous designs. Specifically, variances for the general factor and loadings for the
group factors are set equal to one, and general factor loadings, group factor variances, and unique-
nesses are estimated but set equal within but not across subscales. In all, twelve parameters are

estimated (A, gj, & agi,e for each subscale).

Al Al A2 A2 A3 A3 A4 A
1481 | | ns2 | ---- | 1482 | 1183 - | 1483 | 1184 | e | 1484 |
&3 \ of o2 \ of o3 of &2: | of
Pieg\ Tpisey pieg ’q‘pi.cg pi j\ pieg P ,c(‘ TPivey
1 1 1 1
\ / \ / / \ /
a;-':,_pl aé’Pe TGrpy %Grpy
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2
Ggen =1

I Music Proficiency

52
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s s S s ) 52 ; Y 52 ) ' 52 ; % 52
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Figure 3. Structural equation models for bifactor G-theory pi and pio designs for MUSPI-S scores. Note. p = Person;
S = Subscale; 1= Item; O = Occasion; ¢ = person, universe score, or trait variance; oy; = specific-factor error
variance; oj, = transient error variance; and O'gio‘e = random-response error variance. Symbols linking
occasions at the bottom of the model for the pio design represent covariances. Symbols or numbers within lines

represent loadings for items or occasions.

GT persons x items x occasions (pio) two-facet bifactor design. The bottom diagram in Figure
3 represents the pio bifactor design. It has the same constraints as the pi design, but with additional
factors included for occasions and items. Item and occasion factor loadings are set equal to one, with
item factor variances, occasion factor variances, and uniquenesses estimated. As in the multivariate
pio design, separate occasion factors are included for each subscale that are allowed to
covary/correlate with each other but to the same degree across occasions. Five parameters are
estimated for each subscale (A, 02, 05;, 05, & 05, .) as well as six additional covariances to model
possible correlated within-occasion transient error effects.

2.5. Using GT multivariate and bifactor designs to evaluate subscale viability.

An important question to consider whenever using measures that produce both composite and
subscale scores in practice is the extent to which subscale scores yield useful information beyond the
composite score. To address this question, Haberman ([131], also see [132-135]) devised a classical
test theory-based procedure to determine whether a subscale’s true scores are better estimated using
subscale or composite observed scores. Vispoel and colleagues [64, 103-104, 110-111] later adapted
this procedure to single- and multi-facet GT multivariate and bifactor designs by replacing true score
with universe score estimation.

Haberman’s method is based on comparison of indices for subscale and composite scores
reflecting proportional reduction in mean-squared error (PRMSE). The PRMSE for the subscale is
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equivalent to its conventional reliability or GT-based generalizability coefficient, whereas the
PRMSE(C) for the composite can be derived using Equation 7.

2
A2 N A2 . ~
, Ofs,tc 6%, ("Tsj + 2k "Tsj.Tsk)
PRMSE(C) =ty e * Thgxer = 57— a7 * 52° = , ™

A~

~2 ~2 ~2 ~2
UTsj*aTc 6% aTSj* O,

where T = true score, X = observed score, S = subscale, C = composite score, and
Ty xor= composite reliability.

Conceptually, a PRMSE index represents an estimate of the proportion of true or universe score
variance in the present context accounted for by the targeted observed scores (subscale or composite).
Once PRMSESs are obtained for a subscale and its associated composite, they can be inserted into
Equation 8 to form a value-added ratio (VAR; see [136]). Subscale viability is increasingly supported
as VARs deviate upwardly from 1.00.

PRMSE (Subscale)
PRMSE (Composite)

Value-Added Ratio (VAR) = (8)

2.6. Comparing GT univariate, multivariate, and bifactor designs.

As previously noted, univariate and multivariate GT designs will produce the same results for
individual subscales because univariate designs for subscales are embedded within the overall
multivariate design. However, two additional benefits of multivariate over univariate designs
described earlier are that they produce correlation coefficients between all pairs of subscale scores
corrected for the sources of measurement error estimated within the design and yield more
appropriate indices of generalizability and dependability for composite scores by taking subscale
representation and interrelationships into account. Common findings across recent studies include
stronger relationships between subscale scores when corrected for measurement error, and G and D
coefficients for composite scores within multivariate designs that generally exceed those derived
strictly from univariate designs in which subscale representation and interrelationships are ignored
[64, 110-111].

Either GT multivariate or bifactor designs can produce appropriate G and D coefficients at both
composite and subscale levels as well as VARs for all subscale scores. In recent studies of personality
constructs, GT multivariate and bifactor designs have produced highly comparable G coefficients, D
coefficients, and subscale VARs [64, 102, 111] but with subscale and composite scores partitioned into
general and group factor effects within the bifactor designs to provide additional insights into score
dimensionality and overlap among constructs. In the vast majority of bifactor model studies,
proportions of general factor exceed proportions of group factor variance at both composite and
subscale levels (see, e.g., [101-102, 111, 128]).

2.7. Further advantages of using SEMs to perform GT analyses

Two additional benefits of conducting GT analyses using SEMs to be demonstrated here are to
derive Monte Carlo-based confidence intervals for G, D, and omega coefficients and to use estimation
procedures that correct for scale coarseness effects commonly encountered when analyzing
dichotomous or ordinal-level data. When doing SEM analyses using the lavaan package in R [137-
138], Monte Carlo-based confidence intervals [139] can be derived for nearly any parameter of interest
through linkages with the semTools package [140], and dichotomous and ordinal data can be
transformed to continuous latent variable metrics using diagonally weighted least squares (WLSMV
in R) or other relevant estimation procedures (see e.g., [62, 107]). In general, differences in G and D
coefficients between observed score and continuous latent variable metrics diminish as numbers of
scale points increase with the largest differences observed when items have only two response
options [62, 141]. Although the data analyzed here had no missing values, the anxiliary, BootMiss-
class, and bsMissBoot routines within the semTools package can be linked to lavaan to handle missing


https://doi.org/10.20944/preprints202501.0761.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 January 2025 d0i:10.20944/preprints202501.0761.v1

18 of 49

data using auxiliary information, multiple imputation, bootstrapping, and related procedures (see
[140] for further details).

3. This Investigation

Our main purpose within the present study is to demonstrate how indicator-mean and related
procedures can be integrated into SEMs to allow for complete analyses of GT-based univariate,
multivariate, and bifactor designs on both observed score and continuous latent response variable
metrics. To evaluate the congruence of observed score results between SEM and ANOVA-based
procedures, we compare G coefficients, D coefficients, and variance components obtained from the
univariate and multivariate GT SEM designs to those obtained from the conventional package
mGENOVA [95], which is often considered the gold standard when analyzing multivariate designs.
Further comparisons of results involving the GT SEMs are made for composite and subscale scores
across the multivariate and bifactor designs, across observed and continuous latent response variable
score metrics, and across numbers of item scale points (2, 4, & 8).

In relation to the previous research studies cited here, we anticipate the following results:

1. G coefficients, D coefficients, and variance components obtained from the GT-based univariate
and multivariate SEMs will be highly congruent with those obtained from mGENOVA.

2. Multivariate and bifactor GT SEMs will yield comparable G and D coefficients for subscale and
composite scores.

3. Gand D coefficients for the pi designs will exceed those for the pio designs due to control of fewer
sources of measurement error.

4. Across all multivariate designs, correlation coefficients between scale scores will be higher after
correcting for measurement error, but the difference between corrected and uncorrected
coefficients will be greater in pio than in pi designs.

5. General factor effects will exceed group factor effects at both subscale and composite levels
within the bifactor designs.

6. Similar patterns of VARs for subscales will be found across multivariate and bifactor designs.

7. Composite and subscale scores will be affected by specific-factor (method), transient (state), and
response-random (within-occasion noise) measurement error within the pio designs, but those
effects be greater overall at the subscale than composite level due to inclusion of fewer item
scores.

8. Differences in G and D coefficients for two, four, and eight item scale points will be greater on
observed score than on continuous latent response variable metrics.

9. G and D coefficients will be greater on continuous latent response variable than on observed
score metrics but to diminishing degrees with increases in numbers of item scale points.

4. Methods

4.1. Participants, Measures, and Procedure

We used the same dataset from Lee and Vispoel [107] in which 511 college students from
educational psychology and statistics courses within a large Midwestern university (77.50% female,
82.00 Caucasian, mean age = 21.16) completed the full form of the adult level of the Music Self-
Perception Inventory (MUSPI) [116, 142-144] on two occasions, a week apart. However, for sake of
efficiency, variety, and comparison, we analyzed responses to the same subscales (Instrument
Playing, Reading Music, Listening, and Composing) using items from the shortened form of the
MUSPI (MUSPI-S), all of which are included in the full form.

Each subscale within the MUSPI-S includes four positively phrased items answered along an 8-
point item response metric with the following options: (1) Definitely False, (2) Mostly False, (3)
Moderately False, (4) More False Than True, (5) More True Than False, (6), Moderately True, (7) Mostly True,
(8) Definitely True. We computed subscale scores by adding responses to all items within the given
subscale, and composite scores by summing all subscale scores to represent Overall Music
Proficiency. Psychometric evidence supporting the use of the MUSPI-S scores includes alpha
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reliability coefficients for subscale scores no lower than 0.91, confirmatory factor analyses of
responses yielding excellent fits to the data, and verification of expected relationships of MUSPI-S
subscale scores with each other and with a wide variety of external criterion variables (see, e g., [116-
119]). To evaluate effects of number of item scale points across analyses, we recoded original scores
of 1-2, 3-4, 5-6, and 7-8, respectively, to 1, 2, 3, 4 to reduce responses to four scale points, and recoded
original scores of 1-4 and 5-8, respectively, to 1 and 2 to reduce responses to two scale points.

4.2. Analyses

Initial analyses included estimation of means, standard deviations, alpha reliability coefficients,
and test-retest reliability coefficients for MUSPI-S subscale and composite scores. Subsequent
analyses included derivation of variance components, G coefficients, D coefficients, correlation
coefficients (corrected and not corrected for measurement error), and VARs for relevant MUSPI-S
scales across the pi and pio univariate, multivariate, and bifactor designs. The pi designs include data
collected on the first measurement occasion only, and the pio designs include data collected on both
occasions. Within the multivariate and bifactor pi and pio designs, items are nested within subscales,
and occasions are crossed with subscales in the pio designs.

All SEM-based indices were estimated using procedures within the computer package R. For
sake of comparison, variance components, G coefficients, and D coefficients for observed scores also
were derived for univariate and multivariate designs using mGENOVA [95]. To parallel conventional
ANOVA-based procedures for observed scores, SEM-based analyses were based on unweighted least
squares (ULS) estimation. To convert observed score results to continuous latent response variable
metrics within the SEM-based analyses, we used WLSMYV estimation within the lavaan package [137-
138], which is described by its authors as a diagonally weighted least squares procedure with robust
standard errors and a mean and variance adjusted test statistic. We also derived 95% Monte Carlo
based confidence intervals [139] using the semTools package [140] to gauge precision in estimating G,
D, and omega coefficients. More detail and computer code for deriving all key indices are provided
in our Supplementary Materials.

5. Results

5.1. Means, Standard Deviations, and Conventional Reliability Estimates for MUSPI-S Scores

Table 5 includes means, standard deviations, and alpha reliability estimates for all MUSPI-S
scales and response metrics within each occasion, as well as test-retest reliability estimates across
occasions. In relation to individual item scale metrics, means for all scales fall near or below their
respective scale midpoint values of 1.5, 2.5, and 4.5 for the two-, four-, and eight-point metrics, with
the Composing subscale always having the lowest mean. Given the possible range of scores on each
metric (1-2, 1-4, and 1-8), standard deviations for each scale reflect a high degree of variability,
respectively, ranging from 0.38-0.46, 0.93-1.13, and 1.96-2.37. These results make sense given the
likely heterogeneity of music-related skills within this college student sample. Across scales and
response metrics, alpha coefficients within occasions are uniformly high, ranging from 0.91 to 0.98.
Test-retest coefficients range from 0.80 to 0.93 and are lower than corresponding alpha coefficients
on all instances, thereby reflecting lower occasion-to-occasion than item-to-item consistency for all
MUSPI-S scales represented here.
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Table 5. Descriptive statistics and conventional reliability coefficients for MUSPI-S scores.
Occasion/index
Time 1 Time 2
Metric/ subscale Mean SD Mean SD
Test-
Scale Scale a Scale Scale a Retest
(Item) (Item) (Item) (Item)
2-Point
. 22.90 23.12
Composite (143) 6.06 (0.38) 0.954 (1.45) 6.15(0.38) 0.957 0.906
Instr t
netrumen 578 (1.44) 1.83(0.46) 0940 581 (145) 1.85(0.46) 0946  0.885
playing
Reading music ~ 5.77(1.44) 1.85(0.46) 0.948 5.83(1.46) 1.84(0.46) 0.942 0.908
Listening 578(1.44) 1.83(0.46) 0.935 6.12(1.53) 1.84(0.46) 0.940 0.799
Composing 532(1.33) 1.67(0.42) 0911 537(1.34) 1.73(0.43) 0.934 0.826
4-Point
35.83 14.98 36.48 14.85
it 967 971 .
Composite (2.24) (0.94) 0.96 (2.28) (0.93) 0.9 0.936
Inst t
e rur.nen 9.08 (2.27) 4.46(1.11) 0961 9.20(2.30) 4.41(1.10) 0.966 0.921
playing
Reading music ~ 9.03 (2.26) 4.52(1.13) 0.964 9.14(2.29) 4.38(1.09) 0.971 0.930
Listening 9.08 (2.27) 4.46(1.11) 0958 9.88(2.47) 4.26(1.07) 0.959 0.871
Composing 8.06 (2.02) 3.79(0.95) 0.932 8.26(2.06) 3.80(0.95) 0.950 0.870
8-Point
63.06 31.64 64.54 31.32
C it 0.971 0.975 0.944
ompostte (3.94) (1.98) (4.03) (1.96)
Instrument 15.97 16.29
9.42 (2.36) 0.967 9.24 (2.31) 0.973 0.929
playing (3.99) (2:36) (4.07) @31)
15.91 16.12
Readi i 9.49 (2.37) 0.968 9.17 (2.29) 0.978 0.937
eading music (3.98) (2.37) (4.03) (2.29)
. . 15.97 17.72
Listening (3.99) 9.42 (2.36) 0.966 (4.43) 8.79 (2.20) 0.967 0.890
14.01 14.41
i 7.89 (1.97 937 7.91 (1. . .891
Composing (3.50) 89 (1.97) 0.93 (3.60) 91(1.98) 0.958 0.89

Note. MUSPI-S = shortened form of the Music Self-Perception Inventory.

5.2. Key indices for GT pi Designs

Univariate and multivariate analyses using SEMs and mGENOVA. Results for G coefficients,
global D coefficients and variance components for observed composite scores within the SEM-ULS
multivariate designs and their embedded univariate designs for subscales shown in Table 6 are
highly consistent with those obtained from the mGENOVA package. Between the two approaches, G
coefficients are identical, global D coefficients differ by no more than 0.001, and variance components
differ by no more than 0.002.

Table 6. MUSPI-S G, coefficients, global D coefficients, and variance components for persons x items multivariate

designs.

Metric/ Procedure

Scale 2-Point 4-Point 8-Point
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mGENOVA ULS WLSMV mGENOVA ULS WLSMV mGENOVA ULS WLSMV

Composite
977 996 985  .993 988  .993
G 977 (964, (.995, .985 (1983, (.992, .988 (1987, (992,
989)  .997) 987)  .994) .988)  .994)
TRE .023 023 .004 .015 .015  .007 .012 012 .007
977 996 985  .993 987  .993
G-D 977 (964, (.995, .985 (1983, (992, .987 (1987, (991,
988) .997) 987)  .994) .988)  .994)
65 .140 140 1.262 .864 .864  1.093 3.861  3.861 1.233
Grie 013 013 .020 .052 .052  .031 194 194 .036
62 .000 .000  .000 .000 .000  .000 .002 .003  .001

Instrument playing

940 989 961 980 967 982
G 940 (.866, (.984, 961 (.950, (.976, 967 (.965, (979,
1.000) .993) 973) .984) .970)  .985)
TRE .060 .060  .011 .039 .039  .020 .033 .033  .018
940 988 961 980 967 982
G-D .940 (.863, (.984, 961 (.949, (.976, 967 (.965, (978,
1.000) .993) 972)  .984) .970)  .985)
65 197 197 1.995 1.195 1.195 1.869 5367 5367 1.771
62ie .050 .050  .092 192 192 150 722 722 131
62 .000 .000  .001 .000 .001  .001 .002 .004  .001
Reading music
948 991 964 982 968 984
G 948 (.876, (987, 964 (.953, (.979, 968 (.966, (982,
1.000) .994) 976)  .986) 971)  .987)
TRE .052 .052  .009 .036 .036  .018 .032 032 .016
947 990 964 982 967 983
G-D .948 (.873, (.986, 964 (952, (978, 967 (.965, (.980,
1.000) .994) 975)  .985) .970)  .986)
65 202 202 1.556 1.230  1.230 1.364 5445 5445 1.768
62ie .045 .045  .059 181 181 .098 715 715 112
62 .000 .000  .003 .003 .003  .004 .021 022 .008
Listening
935 986 958 978 966 981
G 935 (.860, (981, .958 (.946, (973, 966 (.963, (977,
1.000) .991) 969)  .982) .969)  .983)

TRE .065 .065 .014 .042 .042  .022 .034 .034  .019
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935 986 958 978 966 980
G-D .935 (.857, (981, .958 (.945, (973, 966 (.963, (977,

998)  .991) 969) .982) .969)  .983)
65 196 196 1.546 1.158  1.158 1.626 4927 4927 1413
62ie .055 .055  .088 .205 205 149 .692 692 112
62 .000 .000  .000 .000 .000  .000 .000 .000  .000
Composing

911 979 932 962 937 954
G 911 (.818, (972, 932 (915, (.954, 937 (1934, (946,

993)  .986) 948)  .968) .941)  .960)
TRE .089 .089  .021 .068 .068  .038 .063 063  .046

911 978 931 961 936 953
G-D 911 (.815, (971, 931 (914, (.953, 937 (1932, (944,

990)  .986) 947)  .967) .940)  .959)
65 159 159 1.026 .837 837 .595 3.649  3.649 1.123
62ie .062 062  .088 .246 246 .095 .974 974 218
62 .000 .000  .003 .003 .003  .002 .016 018  .006

Note. MUSPI-S = shortened form of the Music Self-Perception Inventory, G = generalizability coefficient, G-D =
global dependability coefficient, TRE = total relative error, ULS = unweighted least squares estimation, WLSMV
= diagonally weighted least squares estimation with robust standard errors and a mean and variance adjusted

test statistic. Values within parentheses represent 95% confidence interval limits.

G and global D coefficients within the SEMs. Across scales and numbers of item scale points,
G and global D coefficients for the SEMs are uniformly higher for WLSMYV than for ULS estimation,
but these differences are noticeably greater for subscale than for composite scores. This indicates that
scale coarseness effects can be especially pronounced when using a small number of items. These
differences are further exacerbated, but to a lesser degree here, when using more limited numbers of
scale points.

In relation to widths of confidence intervals (i.e., differences between upper and lower limits)
shown in Table 6, precision in estimating G and global D coefficients is weakest with two item scale
points and improves with increases in numbers of item scale points for ULS but not always for
WLSMV estimates. With eight-point items, widths of confidence intervals are uniformly narrower
for ULS than for WLSMYV estimation, thereby indicating greater relative increases in precision with
increases in item scale points on the observed score metric than on the continuous latent response
variable metric.

Cut-score-specific D coefficients. For purposes of comparison, cut-score-specific D coefficients
for composite and subscale scores using both ULS and WLSMYV estimation are depicted on Z-score
metrics (M =0, SD = 1) in Figure 4. Across scales and estimation procedures, dependability is lowest
at the scale mean and progressively increases as scores deviate farther and farther away from the
mean. Consistent with the results for G and global D coefficients, composite cut-score-specific D
coefficients based on ULS estimates always exceed those for subscales at common standard deviation
distances away from the scale mean. As expected, differences in G coefficients, global D coefficients
(Table 6), and cut-score-specific D coefficients (Figure 4) for observed scores based on ULS estimation
are typically greater between two and four scale points than between four and eight scale points.
However, this pattern does not hold for the continuous latent variable response metric based on
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WLSMYV estimation in which corrections for coarseness are greater for two-point than for four- or
eight-point scales. However, as scores become increasingly extreme for all scales and estimation
procedures, cut-score-specific coefficients across numbers of item scale points begin to coincide,
thereby illustrating that numbers of scale point effects on score dependability are noticeably greater

within the middle of score distributions than at the extremes.
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Figure 4. Cut-score-specific dependability coefficients for pi multivariate designs. Note. pi = persons x items design.
Within the present multivariate designs, persons are crossed with subscales, and items are nested within
subscales. Results for each individual subscale are the same as those that would be obtained from a separate
univariate analysis. Although not pictured here, cut-score-specific dependability coefficients for corresponding

pi bifactor designs are virtually identical to those shown here.

Subscale intercorrelations. As noted earlier, an important advantage of GT multivariate
analyses is to produce correlation coefficients between subscale scores corrected for measurement
error. As expected, the corrected and uncorrected correlation coefficients between subscales in Table
7 reveal that the relationship between each pair for measured constructs is greater than would
otherwise be inferred (ULS: uncorrected 7 = 0.664, mean corrected 7 = 0.699; WLSMV: uncorrected
7 = 0.748, mean corrected 7 = 0.764). The modest average differences between corrected and
uncorrected coefficients observed here result from the generally high G coefficients for the subscales
using either estimation method. Such differences are expected to increase when G coefficients are
corrected for additional sources of measurement error (see Equation (6) and results of the pio designs
presented in subsequent sections).

Table 7. MUSPI-S subscale correlation coefficients for GT persons x items multivariate designs.

Metric/Estimator Correlation Coefficient
2-Point / ULS Instrument playing Reading music Listening Composing
Instrument playing = --—---- 0.844 0.609 0.626
Reading music 0797 e 0.657 0.558
Listening 0.571 0.618 - 0.646
Composing 0.579 0.518 05% -
2-Point/ WLSMV Instrument playing Reading music Listening Composing
Instrument playing ~  -—---- 0.920 0.731 0.749
Reading music 0910 - 0.778 0.685
Listening 0.721 0769 - 0.784
Composing 0.737 0.675 0770 e
4-Point / ULS Instrument playing Reading music Listening Composing
Instrument playing - 0.878 0.678 0.681
Reading music 0845 - 0.716 0.617
Listening 0.650 068 e 0.689
Composing 0.645 0.585 0651 e
4-Point / WLSMV  Instrument playing Reading music Listening Composing
Instrument playing ~  -—---- 0.915 0.736 0.736
Reading music 0898 e 0.776 0.679
Listening 0.721 0760 - 0.745
Composing 0.715 0.660 0722 e
8-Point / ULS Instrument playing Reading music Listening Composing
Instrument playing =~ -—---- 0.884 0.696 0.704
Reading 085 0 - 0.727 0.652
Listening 0.673 0703 e 0.719
Composing 0.671 0.621 0684 0 -
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8-Point/ WLSMV  Instrument playing Reading music Listening Composing
Instrument playing =~ --—---- 0.885 0.725 0.732
Reading music 0871 - 0.744 0.685
Listening 0.711 0731 - 0.748
Composing 0.708 0.664 0724 e

Note. Observed score correlation coefficients are in the lower triangle of the matrices, and disattenuated
correlations are in the upper triangle. MUSPI-S = shortened form of the Music Self-Perception Inventory, GT =
generalizability theory, ULS =unweighted least squares estimation, WLSMV = diagonally weighted least squares

estimation with robust standard errors and a mean and variance adjusted test statistic.

GT bifactor analyses for subscale and composite scores. GT bifactor analyses provide an
additional perspective on results by generally yielding G and D coefficients comparable to those
obtained from parallel multivariate analyses but further subdividing universe score variance into
general and group factor effects. Comparing G and global D coefficients for the bifactor designs in
Table 8 to those for the multivariate designs in Table 6 verifies that this congruence holds, with
coefficients being identical with ULS estimation and varying by no more than 0.001 with WLSMV
estimation. Accordingly, differences in results between ULS and WLSMV estimation and across
numbers of scale points previously discussed for multivariate designs hold here, as would the
differences between cut-score specific D coefficients shown in Figure 4.

Table 8. MUSPI-S G coefficients, global D coefficients, and variance components for GT persons x items bifactor

designs.
Metric/ Procedure
Scale/ Index 2-Point 4-Point 8-Point
ULS WLSMV ULS WLSMV ULS WLSMV
Composite
G 977 (.964, .989) .996 (.995, .997) .985 (.983, .987) .993 (.991, .994) .988 (.987, .988) .992 (.991, .993)

869 (.837, .899) .938 (.925, 950) .900 (.895,

wHComposite

BHgupscate 1108 (.073, .143) .058 (.046, .071) .085 (.080,
TRE 023 004 015
GD 977 (.963, 988) 996 (.995, .997) .985 (.983,
62 140 4.299 863
Zomeral 125 4.050 789
62 oup 015 249 075
6%, 013 071 052
62 .000 002 .000

Instrument playing

G 1940 (.865, 1.000) 989 (.984, .993) .961 (.950,

744 (568, 953) .888 (.830, .948) .806 (.774,

wHComposite

1196 (.000, .394) .101 (.042, .158) .155 (118,

wHSubscale

TRE .060 011 .039

.905) .930 (.918,
.091) .063 (.053,
.007

.987) .992 (.991,

2.573

2411

162
.078

.001

973) .980 (.976,
840) .882 (.843,
191) .098 (.062,

.020

.940) .909 (.908, .910) .924 (.913, .934)

073) .078 (.077, .079) .068 (.060, .079)
012 008

.993) .987 (.987, .988) .992 (.991, .993)

3.859 1.982
3.553 1.846
305 137
194 .060
.003 .002

.984) .967 (.965, .970) .982 (.979, .985)

920) .819 (.811, .826) .860 (.826, .890)
135) .149 (140, .157) .122 (.094, .153)

.033 .018
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G-D .940 (.863, 1.000) .988 (.984, .993) .961 (.949, .972) .980 (.976, .984) .967 (.965, .970) .982 (.978, .984)
67 197 5.114 1.195 4.327 5.367 2.621
8 enerat 156 4.593 1.002 3.895 4.541 2.294
6Zroup .041 521 193 432 825 .326
6lie .050 237 192 348 722 194
6?7 .000 .004 .001 .002 .004 .002
Reading music
G .948 (.876, 1.000) .991 (.987, .994) .964 (.953, .976) .982 (.979, .986) .968 (.966, .971) .984 (.982, .987)
O omposite 741 (.568, .941) .889 (.830, .947) .800 (.768, .833) .881 (.842, .920) .810 (.803, .818) .844 (.809, .876)
Ot gypscate .206 (.000, .401) .102 (.044, .159) .165 (.128, .200) .101 (.064, .139) .158 (.150, .166) .140 (.110, .174)
TRE .052 .009 .036 018 .032 016
G-D .947 (.873, 1.000) .990 (.986, .994) .964 (.952, .975) .982 (.978, .985) .967 (.965, .970) .983 (.980, .986)
65 202 6.891 1.230 2.628 5.445 2.529
8 enerat 158 6.182 1.020 2.358 4.557 2.169
62 roup .044 710 210 270 .888 .360
62ie .045 .263 181 189 715 161
6?2 .000 .013 .003 .008 .022 .011
Listening
G .935 (.861, 1.000) .986 (.981, .991) .958 (.945, .969) .978 (.973, .982) .966 (.963, .969) .981 (.977, .983)

.529 (.399, .684) .695 (.613, .776) .602 (.576, .628) .674 (.614, .730) .626 (.619, .632) .663 (.612, .709)

wHComposite

OHsypseate 405 (.217, .559) .291 (.212, .373) .356 (.325, .386) .304 (.249, .362) .341 (.333, .348) .318 (.272, .367)
TRE .065 014 .042 022 .034 019

G-D .935 (.859, .999) .986 (.981, .991) .958 (.945, .969) .978 (.973, .981) .966 (.963, .969) .980 (.977, .983)
65 .196 3.577 1.158 2.671 4.927 2.305

6 eneral A11 2.522 727 1.842 3.190 1.558

62 roup .085 1.055 430 .830 1.737 747

62ie .055 204 .205 245 .692 183

6?7 .000 .000 .000 .000 .000 .000
Composing

G 911 (.819, .992) .979 (.971, .986) .932 (.915, .948) .962 (.954, .968) .937 (.934, .941) .954 (.946, .960)
OHcomposite 468 (.342, .626) .651 (.562, .735) .527 (.501, .556) .606 (.541, .667) .569 (.563, .576) .626 (.574, .675)
OHsypseate 443 (.237, .606) .328 (.245, .415) .404 (.368, .438) .356 (.297, .417) .368 (.360, .377) .327 (.282, .375)
TRE .089 .021 .068 .038 .063 .046

G-D 911 (.816, 989) .978 (.970, .985) .931 (.914, .947) .961 (.953, .967) .936 (.932, .940) .953 (.944, .959)
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62 159 5.052 837 2.869 3.649 2.187
Zomeral 082 3.358 474 1.808 2216 1.436
62 oup 077 1.694 363 1.062 1.433 751
62, 062 434 246 459 974 424
2 .000 013 .003 011 018 011

Note. MUSPI-S = shortened form of the Music Self-Perception Inventory, GT = generalizability theory, G =
generalizability coefficient, G-D = global dependability coefficient, &y, ..., = Omega hierarchical composite
coefficient, @y, , = Omega hierarchical subscale coefficient, TRE = total relative error, ULS = unweighted
least squares estimation, WLSMV = diagonally weighted least squares estimation with robust standard errors
and a mean and variance adjusted test statistic. Generalizability coefficients for bifactor model are equivalent to

omega total coefficients. Values within parentheses represent 95% confidence interval limits.

Relative general and group factor effects on composite and subscale score variance can be
examined using omega hierarchical composite ( @y, o ) and omega hierarchical subscale
(Dp ¢ peeare) coefficients that respectively represent proportions of explained general and group factor
effects (see Table 8). Across numbers of scale points, these coefficients reveal that the strongest
general and weakest group factor effects are found for the Overall Music Proficiency composite
(Dy composite: 0-869-0.938; O g pscate: 0-058-0.108), Instrument Playing subscale (@ composite: 0-744-0.888;
O g pooate: 0-098-0.196), and Reading Music subscale (@HCWMQ: 0.741-0.889; &y, 01.: 0-101-0.206),
whereas the weakest general and strongest group effects are found for the Composing (@, 0sice:
0.468-0.651; @y, gy, 0-327-0.443) and Listening (@, o500 0-529-0.695; Dpg,y o 0.291-0.405)
subscales.

Precision in estimating G, global D, and omega coefficients in relation to the widths of confidence
intervals within the bifactor designs display patterns of G and global D coefficients parallel to those
within the corresponding multivariate designs. Widths are generally narrower for composite than for
subscale scores, they progressively narrow with increasing numbers of item scale points with ULS
estimates, and they narrow when moving from two to either four or eight item scale points with
WLSMV estimation, but not necessarily when moving between four to eight item scale points. This
same relative pattern of width differences holds for omega hierarchical coefficients.

Subscale VARs within GT multivariate and bifactor designs. To use both subscale and
composite scores in practice, subscale scores should provide unique information beyond that
represented within the composite that subsumes the subscale scores. The VARs for MUSPI-S subscale
scores in Table 9 provide a useful mechanism to verify such expectations within both GT multivariate
and bifactor designs. Despite the relatively high correlations between many pairs of subscale scores
shown in Table 7, the VARs for all MUSPI-S subscales examined here exceed 1.00, thereby supporting
their added value beyond the composite. Consistent with results for omega hierarchical coefficients,
VARs are higher for the Composing and Listening subscales than for the Instrument Playing and
Reading Music subscales.

Table 9. MUSPI-S subscale value-added ratios for GT persons x items multivariate and bifactor designs.

Metric/Estimator
Design/ subscale 2-Point 4-Point 8-Point
ULS WLSMV ULS WLSMV ULS WLSMV

Multivariate design

Instrument playing 1.196 1.122 1.154 1.111 1.145 1.136
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Reading 1.216 1.134 1.168 1.120 1.155 1.154
Listening 1.338 1.225 1.278 1.217 1.268 1.259
Composing 1.421 1.305 1.373 1.367 1.322 1.289
Bifactor design
Instrument playing 1.185 1.105 1.146 1.093 1.137 1.123
Reading 1.199 1.098 1.153 1.113 1.143 1.137
Listening 1.363 1.272 1.299 1.264 1.287 1.274
Composing 1.438 1.263 1.386 1.292 1.335 1.263

Note. MUSPI-S = shortened form of the Music Self-Perception Inventory, ULS = unweighted least squares
estimation, WLSMYV = diagonally weighted least squares estimation with robust standard errors and a mean and

variance adjusted test statistic.

5.2. Key indices for GT pio Designs

Univariate and multivariate analyses using SEMs and mGENOVA. As previously noted, pio
designs generally provide more appropriate indices of score accuracy for trait-based measures
because they allow for estimation of multiple sources of measurement error (specific-factor, transient,
and random-response) likely to affect scores. In Table 10, we provide G coefficients; global D
coefficients; proportions of specific-factor, transient, and random-response measurement error; and
variance components for observed composite scores within the ULS-SEM multivariate designs and
for observed subscale scores within the embedded univariate designs. Results in the table for
mGENOVA and the ULS-SEMs are essentially equivalent, with reported indices being identical in
nearly all instances and differing by no than 0.002 in other instances.

Table 10. MUSPI-S G coefficients, global D coefficients, and variance components for GT persons x items x

occasions multivariate designs.

Metric/ Procedure

Scale
/ 2-Point 4-Point 8-Point
Inde
X mGENOV WLSM  mGENOV WLSM  mGENOV WLSM
A ULS v A ULS v 4 ULS v
Composite
.904 946 (993256 .954 (99%131 .948
G 904 (853, (925, 935 ' (.944, 943 ' (.939,
. 967 ’ 964 ’ .
956) 967) 943) 964) 945) 955)
SFE .002 .002 .001 .001 .001 .001 .001 .001 .001
TE .075 .075 .050 .052 .052 .039 .046 .046 .046
RRE .021 .021 .003 .012 .012 .006 .010 .010 .005
TRE .097 .097 .054 .065 .065 .046 .057 .057 .052

G-D .904 .904 .945 .934 .934 .953 .942 942 .947
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(.851, (923, (925 (942, (939  (.937,
.954) 966) , .963) , .954)
.942) .944)
&5 132 132 1.766 .812 .812 1.282 3.649 3'964 1.088
6% .001 .001 .004 .004 .004 .003 .017 .017 .003
62 .011 .011 .094 .045 .045 .053 179 179 .053
6i0e .012 .012 .024 .043 .043 .032 153 153 .023
67 .000 .000 .001 .000 .000 .000 .001 .002 .001
62 .000 .000 .002 .001 .001 .001 .004 .004 .001
62 .000 .000 .000 .000 .000 .000 .000 .000 .000
Instrument
playing
.879 959 917 953 926 944
G .880 (170%% (:943, 917 (892 (.943, 926 (920 (.934,
' ) .976) .94'13) .962) .9:'),1) .952)
SFE .006 .006 .002 .003 .003 .002 .003 .003 .000
TE .063 .063 .030 .046 .046 .029 .045 .045 .039
RRE .051 .051 .009 .033 .033 017 .027 .027 .017
TRE 120 121 .041 .083 .083 .047 074 074 .057
(E;Z; .959 (981971 .952 (992159 .943
G-D .879 1,000 (.942, 917 (942, 925 (.933,
) .975) .94’12) .962) .9:'),1) .951)
G5 .186 .186 1.878 1.128 132 2.057 5.038 5'23 1.490
6% .005 .005 .017 016 .016 .013 .064 .064 .003
620 .013 .013 .059 .057 .057 .062 243 243 .062
6i0e .043 .043 .067 164 164 147 .580 .580 .106
67 .000 .000 .002 .001 .001 .001 .003 .004 .001
62 .000 .000 .000 .000 .000 .001 .003 .003 .001
62 .000 .000 .000 .000 .000 .000 .000 .000 .000
Reading music
.902 97 926 960 934 946
G .902 (170601(; (.959, .926 (901 (.951, .934 (928 (.937,
' ) .985) .9é2) .968) .9:'),9) .953)
SFE .006 .006 .002 .003 .003 .002 .003 .003 .004
TE .042 .042 .018 041 .041 .024 .039 .039 .041

RRE .049 .049 .008 .029 .029 .014 .024 .024 .009
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TRE .098 .098 .028 074 .074 .040 066 .066 .054

.902 971 925 959 933 945
G-D 902 (170507(; (.957, .926 (:899 (.950, .933 (927 (936,

’ ) .984) .9é1) .967) .9C,’>8) .953)

65 192 192 2.661 1.145 1;4 2.028 5.077 5';)7 1.397
Gy .005 .005 .025 015 .015 015 .059 .059 .024
620 .009 .009 .049 .051 .051 .051 214 214 .060
6i0e .042 .042 .089 145 145 121 .530 .530 .054
6?7 .000 .000 .003 .001 .002 .003 .009 011 .003
62 .000 .000 .001 .000 .000 .001 .000 .001 .000
62 .000 .000 .001 .000 .000 .001 .003 .002 .001
Listening

.800 909 869 912 888 .893
G 799 (.664, (.879, .869 (843 (.895, .888 (:882 (.876,

.949) .940) 3 éS) .928) . Sé 1) .907)
SFE .000 .000 .000 .002 .002 .001 .001 .001 .001
TE 138 138 .078 .089 .089 .064 .078 078 .090
RRE .063 063 .013 .040 .040 022 .032 .032 016
TRE 201 201 .092 131 131 .088 112 d12 107

799 .907 868 911 886 .891
G-D 799 (.661,  (.876, .868 (841 (.893, .886 (:880 (.873,

.944) .938) . 8é 3) .927) . Sé 3) .905)
G5 168 168 2.240 1.019 1'31 1.316 4.407 4';10 1.299
Gy; .000 .000 .000 .008 .008 .006 .029 .029 .007
o .029 .029 .193 105 .105 .093 .389 .389 131
8ioe .053 .053 133 189 .189 128 .638 .638 .091
67 .000 .000 .000 .000 .000 .000 .000 .000 .000
62 .000 .000 .004 .001 .002 .002 .009 .010 .003
62 .000 .000 .000 .000 .000 .000 .000 .001 .000
Composing

.818 .927 864 910 883 .889
G .818 (.661, (902, .864 (:830 (.893, .883 (875 (.871,

.998) .952) 3 é 8) .924) . Sé 1 .904)
SFE .007 .007 .003 .007 .007 .003 .008 .008 .003

TE .105 .105 .058 .077 .077 .058 .065 .065 .081
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RRE .070 070 013 053 053 .029 044 044 026
TRE 182 182 074 136 136 .090 117 117 110

s o B
GD 817 (657,  (.900, 862 (.890, 881 (.869,

991)  .951) o o P o 5 02
52 148 148 1753 777 777 865 3.445 3':4 1.051
&2 .005 005  .025 024 024 012 122 122 015
62, 019 019 109 069 069 055 253 253 .09
2o 051 051 .09 189 189 110 693 693 123
62 .000 000 .006 .002 002 .003 011 012 .004
62 .000 000 .001 001 001 001 .004 005 001
62 .000 000 000 .000 000 .000 .000 001 .000

Note. MUSPI-S = shortened form of the Music Self-Perception Inventory, GT = generalizability theory, G =
generalizability coefficient, SFE = specific-factor error, TE = transient error; RRE = random-response error, TRE
= total relative error, G-D = global dependability coefficient, ULS = unweighted least squares estimation, WLSMV
= diagonally weighted least squares estimation with robust standard errors and a mean and variance adjusted

test statistic. Values within parentheses represent 95% confidence interval limits.

G and global D coefficients within the SEMs. Consistent with results for the pi designs, G and
global D coefficients within the pio designs shown in Table 10 are uniformly greater for WLSMYV than
for ULS estimation, again implying that score accuracy is reduced due to the dichotomous or ordinal
nature of the item response metrics. G and global D coefficients based on ULS estimation are more
affected by changes in numbers of item scale points than those based on WLSMYV estimation, with
dichotomous item scales always producing the lowest observed score coefficients. In most cases,
corrections for scale coarseness using WLSMV estimates and increasing numbers of item scale points
using ULS estimates reduces all sources of measurement error, and this is especially true with two
and four item scale points. In line with the conventional alpha and test-retest coefficients presented
earlier, transient error (i.e., occasion) effects are greater than specific-factor error (i.e., item) effects for
all scales, and this holds true across both estimation procedures.

As was the case for the pi designs, confidence intervals for G and global D coefficients shown in
Table 10 within the pio designs reveal different patterns in precision for ULS and WLSMYV estimates
as numbers of item scale points increase. Widths of the confidence intervals for these coefficients
progressively narrow with increases in numbers of item scale points for ULS estimates, but this is not
always the case for WLSMV estimates. With WLSMV estimates, confidence interval widths are
generally wider with two item scale points and similar with four and eight item scale points. That is,
precision in estimating G, global D, and omega coefficients consistently improves with increases in
numbers of item scale points on the observed score metrics but not necessarily on continuous latent
response variable metrics.

Cut-score-specific D coefficients. Cut-score-specific D coefficients for all scales and both
estimation procedures within the pio designs are plotted in Figure 5. Overall, trends observed for the
pio designs parallel those for the pi designs but with coefficients being lower on average because
additional sources of measurement error are represented. As before, cut-score-specific D coefficients
across scales steadily increase as scores move farther and farther away from the scale mean, are higher
for composite than for subscale scores, are higher on continuous latent response variable than on
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observed score metrics, and vary less with changes in numbers of item scale points on continuous
latent response variable than on observed score metrics.

ULS Overall Proficiency Composite WLSMYV Overall Proficiency Composite
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Figure 5. Cut-score-specific dependability coefficients for pio multivariate designs. Notfe. pio = persons X items
X occasions design. Within the present multivariate designs, persons and occasions are crossed with subscales,
and items are nested within subscales. Results for each individual subscale are the same as those that would be
obtained from a separate univariate analysis. Although not pictured here, cut-score-specific dependability
coefficients for corresponding pio bifactor designs are virtually identical to those shown here.
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Subscale intercorrelations. Table 11 includes correlation coefficients corrected and uncorrelated
for the three sources of measurement error estimated within the pio multivariate designs. As would
be expected, corrected correlation coefficients again always exceed corresponding uncorrected
coefficients (ULS: uncorrected 7 = 0.638, corrected 7 = 0.721; WLSMV: uncorrected 7 = 0.723,
corrected 7 = 0.776). However, due to inclusion of additional sources of measurement error,
corrected coefficients on average exceed those from the pi designs (ULS: 7 = 0.721 versus 0.699;
WLSMV: 7 =0.776 versus 0.764) as do the average differences between corrected and uncorrected
coefficients across those designs (ULS: mean pio difference = 0.083, mean pi difference = 0.035;
WLSMV: mean pio difference = 0.053, mean pi difference = 0.016).

Table 11. Correlation coefficients for GT persons x items x occasions multivariate designs.

Metric/Estimator Correlation
2-Point / ULS Instrument playing Reading music Listening Composing
Instrument playing =~ ----—-- 0.848 0.660 0.629
Reading music 07%6 0.689 0.571
Listening 0.553 058 0 0.666
Composing 0.534 0.491 053%
2-Point/ WLSMV  Instrument playing Reading music Listening Composing
Instrument playing =~ ------ 0.915 0.756 0.735
Reading music 0883 0.785 0.682
Listening 0.706 0738 - 0.779
Composing 0.693 0.647 0715 -
4-Point / ULS Instrument playing Reading music Listening Composing
Instrument playing =~ - 0.880 0.701 0.700
Reading music 081 - 0.741 0.650
Listening 0.626 0665 - 0.723
Composing 0.623 0.581 0627 -
4-Point / WLSMV  Instrument playing Reading music Listening Composing
Instrument playing =~ - 0.911 0.749 0.744
Reading music 0871 - 0.789 0.701
Listening 0.698 0738 0.767
Composing 0.692 0.655 06%9 -
8-Point / ULS Instrument playing Reading music Listening Composing
Instrument playing =~ ------ 0.889 0.715 0.723
Reading music 0826 e 0.754 0.680
Listening 0.649 0687 - 0.749
Composing 0.654 0.617 0663 -
8-Point/ WLSMV  Instrument playing Reading music Listening Composing
Instrument playing =~ - 0.899 0.747 0.750
Reading music 0849 - 0.777 0.707
Listening 0.686 0714 - 0.775
Composing 0.687 0.649 0691 e

Note. Observed score correlation coefficients are in the lower triangle of the matrices, and disattenuated
correlations are in the upper triangle. MUSPI-S = shortened form of the Music Self-Perception Inventory, GT =
generalizability theory, ULS =unweighted least squares estimation, WLSMV = diagonally weighted least squares

estimation with robust standard errors and a mean and variance adjusted test statistic.


https://doi.org/10.20944/preprints202501.0761.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 January 2025 d0i:10.20944/preprints202501.0761.v1

34 of 49

GT bifactor analyses for subscale and composite scores. As previously noted, GT pio bifactor
designs allow for partitioning of measurement error variance into three sources (specific-factor,
transient, and random-response) and universe score variance into two sources (general factor and
group factor). This partitioning is reflected in G coefficients, global D coefficients, proportions of
measurement error, and variance components for the bifactor pio designs that appear in Table 12. G
coefficients, global D coefficients, and proportions of measurement error for bifactor and
corresponding multivariate designs are identical for subscale scores and differ by no more than 0.001
for composite scores when using ULS estimation. Slightly greater differences occur between the
bifactor and multivariate designs when using WLSMV estimation with the maximum difference
between composite score G or global D coefficients equaling 0.008. Although not depicted here, cut-
score-specific D coefficients are virtually identical to those for the corresponding multivariate design
shown in Figure 5.

Table 12. MUSPI-S G coefficients, global D coefficients, and variance components for GT persons x items x

occasions bifactor designs.

Metric/ Procedure

Scale/ X ; ;
Ind 2-Point 4-Point 8-Point
ndex
ULS WLSMV ULS WLSMV ULS WLSMV
Composite
.904 .949 934 .962 .942
952 (.943,
G (.854, (.927, (.926, (.952, (.940, 959)
.955) .969) .943) 971) .944) '
813 .882 .861 .909 875
~ .890 (.873,
WHcomposite (.761, (.852, (.852, (.893, (.873, 904)
.864) .910) .870) .924) .877) '
.091 .066 .073 .052 .067
- .062 (.054,
WHgupscale (.070, (.054, (.069, (.045, (.067, 072)
.119) .082) .077) .062) .068) ’
SFE .002 .001 .001 .001 .001 .001
TE .075 .047 .052 .032 .047 .043
RRE .021 .003 .012 .006 .010 .005
TRE .097 .051 .065 .038 .058 .048
.903 948 .933 961 941
951 (942,
G-D (.852, (.925, (.924, (.950, (.939, 958)
.953) .969) .942) .970) .943) ’
65 132 5.998 812 2.878 3.647 1.477
6jeneml 118 5.578 748 2.721 017 1.380
6g2mup .013 420 .064 157 181 .097
651- .001 .015 .004 .007 153 .004
650 011 .300 .045 .095 .002 .066
6;1-0,6 .012 .086 .043 .072 .004 .033

67 .000 .003 .000 .001 .000 .001
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67 .000 .000 .000 .000 .000 .000
62 .000 012 .002 .004 .010 .005
6% .000 .001 .000 .001 .001 .000
Composing
818 927 .864 910 .883
G (.666, (.902, (.831, (.893, (.875, '88‘99(();373’
.995) 951) .899) .924) .891)
419 592 520 592 564
~ .600 (.548,
WHcomposite (.332, (.502, (.501, (.530, (.559, 648)
515) .677) .539) .650) .568)
399 335 344 317 319
~ .290 (.250,
OHgpscale (246, (260, (311, (.266, (.312, 333)
.575) 416) 377) 373) .327)
SFE .007 .003 .007 .003 .008 .003
TE .105 .057 077 .058 .065 .082
RRE .070 .013 .053 .029 .044 .026
TRE 182 .073 136 .090 117 A11
817 925 .862 .908 .881
.888 (.870,
G-D (.661, (.899, (.828, (.890, (.873, 902)
.988) .950) .896) .923) .889)
65 .148 9.489 77 2.499 3.445 1.680
&;eneml .076 6.063 468 1.627 2.200 1.133
8 roup .072 3.427 309 0.872 1.245 547
6;- .005 134 .024 .036 122 .023
Gho .019 588 .069 .160 253 154
&;io,e 051 519 189 319 .693 197
67 .000 .033 .002 .007 .012 .006
62 .000 .007 .001 .004 .005 .002
62 .000 .002 .000 .000 .001 .000

Note. MUSPI-S = shortened form of the Music Self-Perception Inventory, GT = generalizability theory, G =
generalizability coefficient,

OHomposize — Omega hierarchical composite coefficient, @y, = Omega hierarchical subscale coefficient. SFE
= specific-factor error, TE = transient error; RRE = random-response error, TRE = total relative error, G-D = global
dependability coefficient, ULS = unweighted least squares estimation, WLSMV = diagonally weighted least
squares estimation with robust standard errors and a mean and variance adjusted test statistic. Generalizability
coefficients for bifactor model are equivalent to omega total coefficients. Values within parentheses represent

95% confidence interval limits.

Due to inclusion of additional sources of measurement error, G, global D coefficients, and most
omega coefficients are uniformly lower and overall measurement error uniformly higher in the pio
bifactor designs than in the pi designs. Patterns of general and group factor effects for the pio designs
mirror those in the pi designs, with general factor effects being stronger and group factor effects being
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weaker for the Overall Music Proficiency composite (aHComposite: 0.813-0.909; @y, oaie: 0-052-0.091),
Instrument Playing subscale (aHCumpnsite: 0.712-0.862; @pg,, e’ 0-097-0.167), and Reading Music
subscale (@y 050’ 0-710-0.861; @y, 0y, 0-101-0.192) than for the Composing (@p 005t 0-419-
0.600; @pgypeeq @ 0-290-0.399) and Listening ( @pe, o0, @ 0-499-0.660; Bpg,, 0, : 0.248-0.300)
subscales.

Confidence interval widths for estimating G, global D, and omega coefficients in Table 12
display patterns of precision in line with those described for the pi multivariate and bifactor designs
and pio multivariate designs. Widths of the intervals are narrower for composite than for subscale
scores, progressively narrower as numbers of item scale points increase with ULS estimation, and
wider for two item scale points but similar for four and eight points with WLSMYV estimation.

Subscale VARs within GT multivariate and bifactor designs. Consistent with many of the
indices already reported, VARs for the pio multivariate and bifactor designs shown in Table 13 are
very similar to each other and to those reported for the pi designs in Table 9. All MUSPI-S subscale
scores exceed the threshold of 1.00 to support subscale viability, with the Composing subscale always
yielding higher VARs than the other subscales, and the Listening subscale yielding higher VARs than
Instrument Playing and Reading Music subscales in most instances.

Table 13. MUSPI-S subscale value-added ratios for GT persons x items x occasions multivariate and bifactor

designs.

Metric/Estimator

Design/ subscale 2-Point 4-Point 8-Point
ULS WLSMV ULS WLSMV ULS WLSMV

Multivariate design

Instrument playing 1.184 1.162 1.151 1.117 1.140 1.137
Reading music 1.232 1.178 1.164 1.123 1.149 1.148
Listening 1.187 1.157 1.191 1.191 1.191 1.157
Composing 1.369 1.303 1.291 1.303 1.262 1.219

Bifactor design

Instrument playing 1.176 1.153 1.145 1.091 1.135 1.126
Reading music 1.218 1.159 1.154 1.103 1.140 1.132
Listening 1.210 1.195 1.210 1.206 1.209 1.151
Composing 1.386 1.250 1.304 1.263 1.275 1.206

Note. MUSPI-S = shortened form of the Music Self-Perception Inventory, ULS = unweighted least squares
estimation, WLSMYV = diagonally weighted least squares estimation with robust standard errors and a mean and

variance adjusted test statistic.

6. Discussion

6.1. Overview

Although introduced to the research community over 60 years ago [1], GT continues to be used
widely in both research and practice to evaluate the psychometric properties for scores yielded by a
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broad range of assessment procedures. Recent advances in computer technology and structural
equation modeling techniques have further expanded accessibility to programs for doing GT
analyses and increased the scope of such analyses. In the study reported here, we sought to integrate,
synthesize, and apply newly developed GT-based SEM techniques for conducting complete GT
analyses of scores from univariate, multivariate, and bifactor designs with varying numbers of item
scale points. Illustrations were focused on objectively scored measures with items and occasions
serving as universes of generalization, but the same techniques can be readily applied to subjectively
scored assessments by substituting raters for either items or occasions.

6.2. Effectiveness of the indicator-mean method

Univariate and multivariate designs. A central part of the present analyses was to extend
applications of the indicator-mean method for deriving absolute error variance components and
related D coefficients to multivariate and bifactor designs and replicate analyses for univariate
designs from Lee and Vispoel [107] using a reduced length form of the MUSPI (MUSPI-S). Across
MUSPIL-S scales and response metrics for observed scores, SEMs with ULS parameter estimates
yielded composite and subscale score G coefficients, global D coefficients, and variance components
essentially the same as those produced by the mGENOVA package, which still is considered the gold
standard for performing GT multivariate analyses. However, mGENOVA is limited to analysis of one
and two facet designs, and although not considered here, SEMs using the indicator-mean approach
can be further extended to multivariate and bifactor designs with more than two measurement facets.
When Lee and Vispoel [107] did so with three-facet univariate designs, they found that the indicator-
mean approach yielded more accurate absolute error and D associated coefficients than did previous
methods used in GT SEMs [98], and we would expect similar results to hold for multivariate and
bifactor designs with three or more measurement facets.

Bifactor designs. Although Vispoel and colleagues [64, 102-104, 108-109, 111] recently extended
GT techniques to bifactor designs using SEMs, there currently are no other formal GT-based
computer packages for analyzing such designs for purposes of comparison. Nevertheless, the results
found here are congruent with those from previous studies in showing that multivariate and bifactor
analyses produce essentially the same G and D coefficients within pi and pio designs [64, 102, 109,
111]. We further demonstrated here that this congruence holds for multivariate and bifactor designs
when integrating the indicator-mean method into appropriate GT-based SEMs. These overall results
across studies are not surprising given that second-order hierarchical and bifactor models can be
considered reparameterizations of each other [see, e.g., 126, 145-146].

6.3. Univariate GT analyses for shortened and full-length forms of the MUSPI-S

The full length MUSPI [142-144] and its shortened form (MUSPI-S; [116-119]), respectively, include twelve and
four items per subscale. Consequently, analyzing scores from the MUSPI and MUSPI-S using the same dataset
from Lee and Vispoel [107] facilitates comparisons of effects for numbers of subscale items on conventional and
GT-based indices of score accuracy. Lee and Vispoel provided alpha and test-retest reliability estimates for the
same four subscales analyzed here (Instrument Playing, Reading Music, Listening, and Composing) using
response metrics with two, four, and eight points as well as G and global D coefficients for pi and pio designs for
the Composing subscale. In Table 14, we provide those indices for MUSPI-S observed subscale scores here and
for MUSPI observed subscale scores from Lee and Vispoel [107].

Table 14. Selected score accuracy coefficients for the MUSPI-S from this study and MUSPI from Lee and Vispoel
(2024).

Design/Scale This Study MUSPI-S Lee & Vispoel (2024) MUSPI
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o o a o
(occ  (occ Test- G G-D  (occ  (occ fest- G G-D

3 2) Retest 1 %) Retest
Mean across subscales
2-Point 0.933 0.940 0.858 0.957 0.960 0912
4-Point 0.953 0.963 0.898 0.972 0976 0.932
8-Point 0.963 0.970 0913 0.976 0.980 0.936
persons x items (Composing subscale)
2-Point 0911 0.934 0.826 0911 0911 0.942 0.954 0.894 0.943 0.940
4-Point 0.932 0950 0.870 0.932 0.931 0.959 0971 0911 0.959 0.957
8-Point 0.937 0.958 0.891 0.937 0.936 0.965 0.975 0919 0.965 0.962
persons % items % occasions (Composing subscale)
2-Point 0.818 0.817 0.884 0.882
4-Point 0.864 0.862 0.905 0.902
8-Point 0.883 0.881 0913 0911

Note. MUSPI-S = shortened form of the Music Self-Perception Inventory, MUSPI original full-length form of the
Music Self-Perception Inventory, occ = occasion, G = generalizability coefficient, G-D = global dependability

coefficient.

Mean alpha and test-retest coefficients shown in Table 14, respectively, range from 0.933-0.970
(M =0.954) and 0.858-0.913 (M =0.890) for MUSPI-S subscales compared to 0.957-0.980 (M =0.970) and
0.912-0.936 (M =0.927) for MUSPI subscales. Across the two inventories, alpha coefficients always
exceed test-retest coefficients, and the magnitude of both coefficients increases with increases in
numbers of item scale points. The greatest difference between the inventories is for test-retest
coefficients with two item scale points (MUSPI: 0.912 vs MUSPI-S: 0.858) and the smallest is for alpha
coefficients on occasion two with eight item scale points (MUSPI: 0.980 vs MUSPI-S: 0.970). In keeping
with the conventional reliability estimates, G and global D coefficients for the Composing subscale
across the two inventories in both the pi and pio designs increase in magnitude with increases in
numbers of item scale points. Differences in these indices range from 0.026 to 0.032 in the pi designs
and from 0.030 to 0.066 in the pio designs, always favoring the full-length MUSPI. The largest
differences in the pio designs are for G (0.066) and global D (0.065) coefficients with two item scale
points and the smallest are for G (0.030) and global D (0.030) coefficients with eight item scale points.
As a result, the best way to approximate the accuracy of original MUSPI scale scores when using its
shortened form is to retain its 8-point response metric. When doing so, MUSPI-S scores come
reasonably close to approximating the accuracy of MUSPI scores while using only one-third of its
original items.

Another noteworthy finding within the present analyses was that G, global D, and cut-score
specific D coefficients for the MUSPI-S Composing (e.g., making up your own music) and Listening
(e.g., identifying characteristics of music by ear) subscales were lower than those for Instrument
Playing and Reading Music subscales across designs and response metrics. This might have resulted
from listening ability and composing skills being less concrete to conceptualize and/or less familiar
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to the respondents. Nevertheless, overall patterns of results were highly consistent across subscales
for observed scores in terms of accuracy improving with increases in item scale points, but with the
greater improvements occurring when moving from two to four points than when moving from four
to eight points. The clear message convened by these results is to avoid using dichotomous scales
when measuring constructs like those considered here. Patterns of relative effects of different sources
of measurement error within the pio designs also were highly consistent across subscales. In nearly
all instances, transient error was highest, followed respectively by random response and specific-
factor error. These results highlight the importance of retesting when measuring the current
constructs, the likely overestimation of score accuracy when relying exclusively on single-occasion
data, and the value of estimating effects for multiple sources of measurement error.

6.4. Multivariate GT analyses of MUSPI-S scores

Composite score results. Important benefits of using multivariate GT designs include
simultaneous univariate analyses for all embedded subscales as already discussed, derivation of
more appropriate indices of score accuracy and measurement error for composite scores, and
estimation of correlation coefficients between subscale scores corrected for all sources of
measurement error estimated within a design. Over 70 years ago, Standard D 6.3 (If a test is divided
into sets of items of different content, internal consistency should be determined by procedures designed for
such tests.) from the Technical Recommendations for Psychological Tests and Diagnostic Techniques
[147] underscored the importance of adjusting reliability estimates for composite scores to reflect
subscale representation and interrelations. Accordingly, Cronbach et al. [148] subsequently
developed alpha coefficients for composite scores stratified by content categories and later applied
these same ideas to multi-facet multivariate GT designs to account for additional sources of
measurement error [93, 95].

To illustrate the effects of content stratification on score accuracy indices using the present data,
we can compare G coefficients for composites from the pi multivariate designs (0.977, 0.985, 0.988; see
Table 7), which are equivalent to stratified alpha coefficients, to the non-stratified alpha coefficients
representing composite scores on the first measurement occasion reported in Table 5 (0.954, 0.967,
0.971). Despite non-stratified alpha coefficients and observed subscale score intercorrelations being
relatively high (see Tables 5 & 7), non-stratified alpha coefficients for composite scores are from 0.017
to 0.022 lower than corresponding stratified coefficients. As subscale score intercorrelations decrease,
these differences would likely further increase [2, 148]. An important advantage of multivariate GT
designs is that all derived G and D coefficients for composite scores are appropriately adjusted for
subscale representation and their interrelationships. Unfortunately, in research studies and practical
settings, stratified alpha coefficients and score accuracy indices from GT multivariate designs for
composites are still rarely reported.

Composite versus subscale scores. Due to inclusion of more items, G and D coefficients for
MUSPIL-S observed composite scores were uniformly higher and corresponding proportions of
measurement error uniformly lower than for observed subscale scores. However, the patterns of
relative effects for overall designs (pi vs pio) and numbers of item scale items on observed composite
score indices mirrored those for subscale scores, with higher G and D coefficients in the pi than in the
pio designs and increasingly higher values for these coefficients as numbers of item scale points
increased. As with subscales, greater increases in score accuracy and reductions in measurement
error occurred for observed composite scores when moving from two to four item scale points than
when moving from four to eight scale points, again illustrating the disadvantages of using
dichotomously scored items within these self-report measures.

Correlation coefficients. The final unique feature of multivariate designs illustrated here, and
one not shared with corresponding bifactor designs, is to produce correlation coefficients between
pairs of subscale scores corrected for all sources of measurement error estimated within the analyzed
design. Due to measurement error being present in all designs, corrected correlation coefficients
always exceeded uncorrected ones, thereby implying that the underlying constructs measured by
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each pair of subscale scores are more strongly related than the uncorrected coefficients would
suggest. Because overall measurement error was always greater in the pio than in the pi designs,
corrected correlation coefficients in the pio designs always exceeded those in the pi designs. These
results illustrate the importance of including all relevant sources of measurement error affecting
scores within a GT design, not only in assessing score accuracy, but also in gauging the concurrent
validity of universe scores. Other consistent findings for corrected correlation coefficients across all
designs were in showing that, among the constructs measured, self-perceptions of abilities to play a
musical instrument and read music were most strongly related (pi design: corrected 7 = 0.888; pio
design: corrected 7 =0.889)) and self-perceptions of abilities to compose music and read music were
most weakly related (pi design: corrected 7 = 0.646; pio design: corrected 7 = 0.665).

6.5. Bifactor GT analyses of MUSPI-S scores

Although first described by Holzinger and colleagues in the 1930s [149-150], only in recent years
have uses of bifactor models truly proliferated [see, e.g., 101, 126-130]. A bifactor model is suitable
for measures that represent hierarchically structured constructs in which a broad general domain
factor affects responses to all items, and additional independent group factors affect responses only
to those items intended to measure narrower subdomain constructs. In the present context, the broad
factor represented self-perceptions of overall music proficiency and group factors represented self-
perceptions of skill in playing musical instruments, reading music, listening, and composing. In
contrast to GT univariate and multivariate analyses, universe scores in GT bifactor designs represent
the additive sum of independent general and group factor effects. However, unlike the typical
conventional single-occasion bifactor analyses that currently dominate the research literature (see,
e.g., [128]), GT-based bifactor designs can produce global and cut-score-specific D coefficients at both
composite and subscale levels and distinguish multiple sources of measurement error when items
are administered over two or more occasions.

G coefficients, D coefficients, and proportions of measurement error for the present GT pi and
pio bifactor designs for observed scores mirrored results from their corresponding multivariate
designs, with score accuracy improving more between two and four item scale points than between
four and eight scale points, and transient error being the predominant source of measurement error
within the pio designs. The most important additional finding from the bifactor analyses, and one
consistent with most bifactor analyses reported in the research literature (see, e.g., [101-103, 111, 128]),
was that general factor exceeded group factor effects at both composite and subscale levels but to a
greater extent at the composite level. Among subscales, Instrument Playing and Reading Music were
more affected by general factor and less affected by group factor effects than were Composing and
Listening. This result along with the correlations among subscale scores discussed in the previous
section further verify that perceptions of overall music proficiency were more related to perceptions
of performing and reading music than to listening to or composing music.

6.6. Other noteworthy aspects of the GT SEM designs

Assessing subscale added value. We chose to report value-added indices as the primary basis
for evaluating subscale viability here, because they are applicable to both GT multivariate and
bifactor designs. In general, viability of scores from a given subscale is undermined by its overlap
with scores from other subscales that comprise the composite. Yet despite the relatively high
correlations between observed subscale scores in many instances, VARs for all subscales and designs
exceeded 1.00, thereby supporting subscale viability within all contexts considered here. This is likely
due, in part, to the typically high G coefficients for subscale scores across designs. Based on these
results, reporting of both MUSPI-S subscale and composite scores would be justified for individuals
like those sampled here.

Evaluating effects of scale coarseness. Applications of common statistical procedures (ANOVA,
multiple linear regression, correlational indices, etc.) typically are governed by assumptions that
scores are measured on equal interval scales. However, this is unlikely to be strictly true when using
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Likert-style questionnaires. To evaluate effects of possible violations of this assumption more
thoroughly, we analyzed MUSPI-S data using item scales with two, four, and eight points and
compared the results to those obtained from SEMs using WLSMV parameter estimation in which
observed item responses are transformed to continuous latent response variable metrics presumed
to be equal interval in nature. Such transformations are based on estimation of item thresholds that
typically alter distances between observed scale points to conform to those within continuous
standard normal score distributions [62]. Results reported here revealed that G and D coefficients on
observed score metrics deviated most from those on continuous latent response variable metrics
when dichotomously scored items were used but increased in congruence as numbers of item scale
points increased. These results again serve to discourage use of the dichotomous scales and illustrate
a mechanism that can be used to evaluate effects of scale coarseness using any number of item scale
points.

A finding observed here and elsewhere (see, e.g., [62, 107]) was that G and D coefficients on
WLSMV metrics were somewhat higher for two than for four or eight observed scale points. These
differences can occur for a variety of reasons including a positive bias sometimes observed when
estimating score accuracy using dichotomously scored items (see, e.g., [141]), differences in the
characteristics of the observed score distributions, and the after-the-fact conversion of the original
eight-point item scale metric to two and four points. However, given the added information provided
by individual descriptors of responses on the eight-point scale, results obtained on that metric using
WLSMV estimation might be expected to best correspond to those that would be obtained from a
scale that is truly continuous in nature [151].

Confidence intervals. The semTools package [140] can be linked to the lavaan package in R to
derive Monte Carlo-based confidence intervals [139] for nearly any desired parameter. For sake of
illustration, we derived 95% confidence intervals for G, global D, and omega hierarchical coefficients.
In most instances, widths of the intervals for these indices narrowed with increases in numbers of
observed item scale points but were generally much wider for two-point than for four- and eight-
point item metrics. As with many other indices already discussed, these results again emphasize
drawbacks in precision when using dichotomously scored items.

7. Final Conclusions

In writing this article, we sought to provide readers with a guide to analyzing a wide variety of
GT-based designs by taking advantage of procedures made possible when using SEMs to conduct
such analyses. The supplementary materials associated with this article include code in R and further
detail in how to analyze all illustrated designs. We hope that these resources prove useful in
evaluating and understanding the quality and nature of scores used for either norm- or criterion-
referencing purposes.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org. Supplementary Materials File S1: Online Supplement to Structural Equation
Modeling Techniques for Estimating Score Dependability within Generalizability Theory Based Univariate,
Multivariate, and Bifactor Designs.
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