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Empirical Article

Construct validity remains one of psychology’s most 
enduring concerns, foundational to assessing traits, moti-
vations, and abilities across clinical, educational, and 
organizational contexts (Cronbach & Meehl, 1955; Marsh, 
2007). Despite significant psychometric advances, 
applied researchers continue to struggle with transparent 
and rigorous validation strategies—especially in com-
plex designs involving multiple traits, informants, or time 

points (Campbell & O’Connell, 1967; Lance et al., 2010; 
Lance & Vandenberg, 2010). A central challenge is dis-
entangling target constructs from extraneous method 
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Abstract
The 65th anniversary of Campbell and Fiske’s multitrait-multimethod (MTMM) framework provides a timely opportunity 
to revisit and modernize this foundational model for construct validation. Although structural-equation-modeling-based 
MTMM approaches have enhanced the field, their widespread application remains constrained by convergence problems, 
ambiguous trait-method distinctions, and a lack of consensus regarding optimal model specifications. We propose an 
extended Campbell-Fiske framework that resolves these limitations while preserving the original guidelines’ conceptual 
strengths. Our key innovation is to apply the MTMM logic to a fully latent multitrait-multidomain correlation matrix derived 
from a rigorously tested multiple-indicator measurement model. Our approach treats traits and methods (i.e., domains, 
occasions, informants, contexts, or another method facet) as fully symmetrical, substantive facets, eliminates reliance on 
manifest correlations, corrects for measurement error, and introduces formal asymptotic parameter comparisons to test 
each validity criterion. This framework provides a formatively heuristic structure that retains the original appeal of the 
MTMM logic for applied research while meeting current psychometric standards for transparency, reproducibility, and 
inferential rigor expected by leading academic journals. We illustrate the method using a large, multidimensional data set 
(N = 18,047), but the framework generalizes across domains of psychological science. The extended framework offers 
applied researchers a flexible, powerful tool for evaluating convergent and discriminant validity, diagnosing trait-domain 
interactions, and clarifying measurement quality. By “keeping the baby” while refreshing the empirical implementation, 
our approach affirms the enduring value of the Campbell-Fiske logic while aligning it with the demands of modern 
research practice.
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variance (Eid, 2006; Podsakoff et al., 2003), particularly 
when researchers aim to establish both convergent and 
discriminant validity simultaneously.

The multitrait-multimethod (MTMM) paradigm, intro-
duced by Campbell and Fiske (1959), directly addressed 
these concerns by offering a matrix-based structure and 
five guidelines for evaluating construct validity. This 
approach remains highly cited and widely used (Eid & 
Nussbeck, 2009; Kenny, 2022), although difficulties in 
implementation and interpretation have grown as expec-
tations for statistical precision have evolved (Marsh, 
1988; Millsap, 2014).

To advance this legacy, we present the extended  
Campbell-Fiske (EC-F) framework, which integrates the 
conceptual logic of the original guidelines with contem-
porary expectations for psychometric rigor. Our EC-F 
framework retains the matrix-based reasoning of Camp-
bell and Fiske (1959) while embedding it within latent-
variable modeling, allowing for more defensible inferences 
in applied validation contexts.

Legacy and Logic of the Campbell-Fiske 
Guidelines

The year 2024 marked the 65th anniversary of Campbell 
and Fiske’s (1959) seminal article on the MTMM para-
digm. Campbell and Fiske’s article introduced the MTMM 
matrix as a systematic approach to construct validation 
via analysis of multiple traits measured across multiple 
methods. Their core contribution was articulating 
expected correlation patterns to support convergent and 
discriminant validity—providing a heuristic lens to sepa-
rate true construct variance from method effects.

Although not formalized as a statistical model, the 
guidelines offered intuitive appeal and diagnostic value, 
especially for applied researchers. However, reliance on 
manifest correlations introduced several limitations: 
inability to separate error from true variance, lack of 
formal testing, and blurred distinctions between trait and 
method variance. These issues prompted decades of 
methodological refinements (Marsh, 1988; Millsap, 1990). 
The distinction between true and error variance is sharp-
ened in latent-variable models, in which trait-method 
correlations can be disaggregated from measurement 
error. We explicitly build on Marsh (1989) and Kenny 
and Kashy (1992), who emphasized that manifest indica-
tors often obscure true construct-method variance 
partitioning.

Later extensions (e.g., Marsh, 1988; Millsap, 1990) 
added criteria such as profile consistency and mean-level 
agreement across methods, broadening the guidelines’ 
diagnostic scope. These refinements underscore the need 
for flexible models that preserve the guidelines’ concep-
tual clarity while addressing their statistical limitations.

Ambiguity in What Constitutes a 
Method Effect

MTMM:structural equation models (SEMs) reflect a two-
facet design prioritizing the trait facet over the method 
facet. However, a persistent complexity in MTMM designs 
is the ambiguous boundary between trait and method 
facets. Campbell and Fiske (1959) acknowledged this, 
noting that “what is an unwanted response set for one 
tester may be a trait for another” (p. 85; also see Cron-
bach & Meehl, 1955; Lance et al., 2010; Lance & Van-
denberg, 2010). For instance, in studies involving 
multiple raters, time points, or subject domains, both 
facets may represent substantive constructs rather than 
bias or error.

This ambiguity challenges assumptions that one facet 
is merely “noise.” In many real-world applications, both 
traits and methods carry meaningful information. Accord-
ingly, our EC-F framework treats both trait and domain/
method facets as conceptually symmetric and structurally 
parallel—a crucial advance for applied construct-valida-
tion models, especially when domains such as academic 
subject, informant, or time are methodologically mean-
ingful. As we elaborate in Extension 3, our EC-F frame-
work explicitly acknowledges this ambiguity by treating 
both trait and domain/method facets as conceptually 
and analytically equivalent—a crucial step for construct 
validity in applied social-science studies.

Dilemma for Basic and Applied 
Researchers

The Campbell-Fiske (1959) guidelines (Fig. 1) gained 
widespread use because of their intuitive appeal and 
heuristic value, particularly in applied-research settings. 
However, they relied on observed (manifest) correla-
tions that conflate true trait-method relationships with 
measurement error, provided no formal significance 
tests, and often blurred the boundary between traits 
and methods in complex designs. These limitations 
have persisted in practice, motivating decades of meth-
odological refinement. In response, researchers devel-
oped various SEM-based approaches to the MTMM 
design. These models are powerful tools for decompos-
ing trait and method variance and testing specific 
hypotheses in MTMM studies (e.g., Byrne, 1998, 2012; 
Eid, 2006; Helm, 2022; Marsh & Hocevar, 1988). 
Advances in statistical software (e.g., Mplus, Lavaan, R) 
and methodological innovations have made SEM-based 
MTMM models more accessible to applied researchers, 
supporting a more rigorous and nuanced analysis of 
trait-method structures.

Among these approaches, the correlated-trait– 
correlated-method (CT-CM) model was the original 
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model ( Jöreskog, 1971; Kenny, 1979) and is often 
depicted as the conceptual “gold standard” (e.g., Eid, 
2006; Marsh, 1989; Widaman, 2022). It preserves the 
fundamental symmetry between trait and method factors 
envisioned by Campbell and Fiske (1959), allowing all 

traits and methods to be estimated simultaneously with-
out structural prioritization. In this sense, it aligns most 
closely with the original MTMM logic, particularly in 
designs in which both trait and method facets are sub-
stantively meaningful.

M1T1 M1T2 M1T3 M1T1 M1T2 M1T3
Method 1

Method 2

Trait 1 (M1T1)

Trait 2 (M1T2)

Trait 3 (M1T3)

Trait 1 (M2T1)

Trait 2 (M2T2)

Trait 3 (M2T3)

Diagonal (all 1.0s)MTHM (convergent validity)

HTHM 

HTHM 

HTMM
(Method 1)

HTMM
(method 2)

Fig. 1.  Conceptual diagram of a multitrait-multimethod matrix illustrating 
Campbell-Fiske (1959) guidelines. Each variable represents a combination of 
one trait (T1, T2, T3) and one method (M1, M2, M3). The Campbell-Fiske 
guidelines considered here are as follows. Guideline 1 is convergent validity, 
in which correlations between the same trait measured by different methods 
(MTHM) should be substantial. This indicates that the construct is consistently 
captured across different measurement approaches. Guideline 2 is discrimi-
nant validity-trait emphasis, in which convergent-validity (MTHM) correlations 
should be stronger than HTHM correlations. This ensures that the instruments 
measure distinct traits and that the observed associations are not simply due to 
shared method variance. Guideline 3 is discriminant-validity-method emphasis, 
in which convergent-validity (MTHM) correlations should also be stronger than 
HTMM correlations. This demonstrates that methods effects (e.g., response style 
or rater tendencies) do not overshadow the distinctiveness of the traits being 
measured. Guideline 4 is pattern consistency across methods, which proposes 
that valid trait constructs should show a consistent pattern of intercorrelations 
across different methods. To operationalize this, Marsh (1988) and Millsap and 
Everson (1993) introduced the profile-similarity index (PSI) as a descriptive 
indicator of structural consistency. PSI is computed as the Pearson correla-
tion between vectors of intertrait correlations obtained separately within each 
method. For each method, the correlations among traits are arranged into a 
vector (excluding the diagonal). PSI values are then computed by correlating 
these vectors across methods. A high PSI (approaching +1.0) indicates that the 
configuration of trait interrelations is preserved across methods, supporting 
structural generalizability and the internal coherence of the constructs (for more 
detail, see Section S3 in the Supplemental Material available online). Guideline 
5, mean consistency of correlations across methods, is a corollary to Campbell 
and Fiske’s Guideline 4, meaning that HTMM correlations among traits within 
each method (HTMM, e.g., Method 1) should also be similar across methods 
(HTMM, Method 2). Whereas the Guideline 4 focuses on the pattern of cor-
relations, large mean differences suggest that method effects are substantial 
for at least some methods; small mean differences suggest the size of method 
effects is similar across methods or absent altogether. MTHM = monotrait– 
heteromethod (same trait, different methods); HTHM = heterotrait-heteromethod 
(different traits, different methods); HTMM = heterotrait-monomethod (different 
traits, different methods).
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However, in practice, the CT-CM model presents seri-
ous estimation challenges, including frequent noncon-
vergence, negative residual variances, and 
non-positive-definite covariance matrices—even in simu-
lated data sets specifically constructed to support it (e.g., 
Castro-Schilo et al., 2014; Grayson & Marsh, 1994; Marsh, 
1989; Marsh & Grayson, 1991, 1995). Thus, although the 
CT-CM model serves as a conceptual “gold standard,” it 
is not an empirical “gold standard.” These technical dif-
ficulties have led many researchers to adopt more con-
strained alternatives—such as the correlated-trait– 
uncorrelated-method (CT-UM) model, which constrains 
methods to be uncorrelated; the correlated-trait– 
correleated-method-minus-1 (CT-C[M–1]) model, which 
eliminates one of the method factors; and the correlated-
trait–correlated-uniqueness (CT-CU) model, which rep-
resents methods as correlated uniquenesses. Although 
these alternative models can improve estimation stability 
and convergence, they often do so at the cost of con-
straining the representation of method effects and com-
promising the conceptual symmetry that makes the 
CT-CM model (and the Campbell-Fiske, 1959, guidelines; 
see Fig. 1) appealing. Furthermore, even among experts, 
there is no consensus on which SEM is most appropriate 
(e.g., Helm, 2022).

This presents an enduring dilemma: On the one hand, 
applied researchers are encouraged to adopt sophisti-
cated SEM-based MTMM frameworks to meet contem-
porary psychometric expectations; on the other hand, 
the technical demands, estimation fragility, and lack of 
consensus across models make these approaches chal-
lenging to implement in basic and applied research. As 
a result, some researchers revert to the original Campbell 
and Fiske (1959) guidelines—despite their acknowl-
edged limitations—because of their intuitive structure, 
conceptual accessibility, and diagnostic utility, or they 
abandon the MTMM paradigm altogether.

We emphasize that the purpose of this article is not to 
juxtapose the strengths and weaknesses of alternative 
SEM-based MTMM models or to position our EC-F frame-
work as a replacement for SEM-based approaches. Instead, 
our goal is to highlight the complementary role that our 
EC-F framework can play in bridging the gap between 
the technical rigor of SEM-based models and the practical 
interpretability and diagnostic utility offered by the origi-
nal Campbell-Fiske (1959) framework. We argue that our 
EC-F framework is sufficiently rigorous and robust to 
stand alone in both basic and applied research while also 
serving as a valuable complement to more statistically 
oriented SEM studies. Indeed, applying our EC-F frame-
work—rooted in a fully latent measurement model—leads 
naturally to pursuing more complex SEMs. Both perspec-
tives are needed for a comprehensive evaluation of con-
struct validity, particularly in applied-research contexts in 

which large-scale survey data and complex measurement 
structures often coexist.

Our EC-F Framework

Our EC-F framework comprises three key extensions 
that modernize and strengthen the classic Campbell-
Fiske guidelines (Campbell & Fiske, 1959; see Fig. 1) 
while retaining their conceptual clarity. Figure 1 illus-
trates the foundational structure of a hypothetical 3 
(Trait) × 2 (Method) correlation matrix and the relevant 
Campbell-Fiske guidelines categories that inform our 
extensions. We intend these extensions to be stand-alone 
contributions, offering a specific advance that is rigorous 
and accessible for applied researchers.

Extension 1: a fully latent matrix via 
a measurement model with multiple 
indicators

The first enhancement involves specifying and testing a 
fully latent measurement model that captures each trait-
facet combination using multiple observed indicators. 
This measurement model tests the underlying factor 
structure and corrects for measurement error at the out-
set, ensuring that inferences are based on properly speci-
fied latent constructs. The multiple-indicator strategy, 
initially proposed by Marsh and Hocevar (1988; also see 
Castro-Schilo et al., 2014; Eid, 2006; Geiser et al., 2014; 
Kenny, 2022), remains underused despite its critical 
importance. Our approach explicitly tests the measure-
ment model, thereby avoiding the implicit assumptions 
and potential biases associated with single-item or com-
posite-score representations. This strategy employs a 
measurement model based on confirmatory factor analy-
sis (CFA), aligning seamlessly with SEM frameworks to 
ensure methodological rigor and accessibility. Once the 
measurement model is estimated, the resulting latent 
correlation matrix—the MTMM matrix—is the basis for 
evaluating the Campbell-Fiske guidelines and their sta-
tistical extensions (Fig. 1).

Extension 2: statistical tests  
of the Campbell-Fiske guidelines

The second key enhancement transforms the original 
descriptive Campbell-Fiske guidelines into formal statis-
tical hypotheses. As part of testing the measurement 
model, we first estimate a fully latent correlation matrix 
using a CFA-based measurement model. This ensures 
that the model fits well and the latent constructs are 
appropriately measured and account for measurement 
error. From this latent MTMM matrix, we then specify 
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formal statistical tests of the Campbell-Fiske criteria  
(Fig. 1)—using asymptotic parameter comparisons (e.g., 
Oehlert, 1992; Raykov, 2011).

In practical terms, we employ Mplus’s (Muthén & 
Muthén, 2017) model-constraint function to compute 
aggregate estimates (e.g., the mean of the convergent-
validity correlations) and compare these with other 
aggregates (e.g., the mean of heterotrait-heteromethod 
[HTHM] correlations). These comparisons can be con-
ducted separately for each trait or domain and then 
averaged across all traits or domains (for the Mplus 
syntax, see the Supplemental Material available online). 
Although these calculations could also be performed 
manually outside the model, the asymptotic parameter-
comparison approach provides standard errors and sig-
nificance tests, enabling researchers to formally test each 
of the Campbell-Fiske guidelines within the measure-
ment model itself.

This formalization enhances transparency, replicability, 
and diagnostic clarity while preserving the intuitive inter-
pretability of the latent-correlation matrix illustrated in 
Figure 1. The approach is straightforward to implement 
with contemporary statistical software, leverages robust-
estimation methods, and ensures that the tests are both 
statistically valid and accessible to applied researchers.

Extension 3: clarifying symmetry 
between facets

The third enhancement reinforces the importance of 
treating the MTMM structure as a fully symmetrical two-
facet design. Historically, even the application of the 
Campbell-Fiske guidelines—although acknowledging 
the potential overlap between trait and method facets—
often treated method variance as subordinate (see earlier 
discussion). This tendency has persisted in many SEM-
based MTMM models, in which method variance is often 
constrained or treated as residual error.

In contrast, our EC-F framework treats both facets—
traits and the second design dimension—as fully sym-
metric and analytically equivalent, consistent with the 
fluidity emphasized by Campbell and Fiske (1959). In 
many studies, the second facet may represent a dimen-
sion that deserves to be treated as substantively meaning-
ful rather than simply labeled as “M = method.” Examples 
include multitrait-multioccasion (MTMO), multitrait-mul-
tirater, multitrait-multiinstrument, multitrait-multisitua-
tion, or multitrait-multidomain (MTMD) designs. Campbell 
and O’Connell (1967) operationalized this strategy by 
positing MTMO designs with time as the method effect, 
and Kenny (2022) noted that this strategy could apply to 
other design features. Thus, studies have explicitly treated 
the second facet as substantively meaningful—such as 
occasions (Campbell & O’Connell, 1967), raters (Hoyt & 

Melby, 1999), and instruments (Widaman, 1985)—high-
lighting that what is labeled “method” may actually cap-
ture meaningful systematic variance.

Although our EC-F framework advocates evaluating 
both facets symmetrically, it does not preclude treating 
the method facet as subordinate when this aligns with 
the research aims (i.e., retaining the traditional M = 
method perspective). However, it is crucial to retain this 
symmetry whatever the source of the method facet. This 
flexibility allows researchers to apply the EC-F frame-
work to their specific needs while maintaining rigorous 
construct-validation practices.

Illustrative Empirical Application Using 
Data From the Trends in International 
Mathematics and Science Study: Overview

To demonstrate the utility and generalizability of the EC-F 
framework, we illustrate its application using data from 
the 2007 Trends in International Mathematics and Science 
Study (TIMSS). This large-scale, multidimensional data set 
includes responses from students across four countries 
and provides comprehensive measurement across five 
science-subject domains: mathematics, physics, chemistry, 
earth science, and biology. We focus on five theoretically 
grounded motivational- and achievement-related con-
structs: task value, self-concept, interest, enjoyment, and 
achievement. Each construct is assessed across all five 
domains, yielding a full 5 (Traits) × 5 (Domains) design 
and producing 25 distinct trait-domain constructs. Each 
construct is represented as a unique latent factor captur-
ing a particular trait measured in a specific content area.

This design exemplifies an MTMD structure—a natural 
extension of the traditional MTMM framework. The 
MTMD design’s second facet (domain) represents sub-
stantively meaningful content variation rather than an 
artifact of method effects. This perspective aligns with 
Campbell and Fiske’s (1959) insight that the distinction 
between trait and method is often context-dependent 
and that both facets may be substantively meaningful in 
applied-research settings. By treating both facets—traits 
and domains—as equally substantive, the MTMD design 
naturally supports a symmetrical two-facet approach, 
consistent with our EC-F framework (see Fig. 1).

For example, five self-concept factors—one each  
for mathematics, physics, chemistry, earth science, and  
biology—reflect students’ self-concept in each discipline. 
Likewise, there are five domain-specific factors for math-
ematics, each capturing a different motivational trait (e.g., 
interest in math, enjoyment of math, math self-concept). 
These 25 trait-domain constructs form the core of the 
MTMD matrix and serve as the foundation for all subse-
quent analyses.
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As shown in Table 1, the MTMD correlation matrix 
retains the structural logic of a traditional MTMM matrix, 
with convergent validities (monotrait-heteromethod cor-
relations) appearing in the diagonal blocks correspond-
ing to each trait. Highlighting methodological rigor, we 
emphasize that constructs are ideally measured using 
multiple observed indicators so that the correlations in 
the matrix reflect relationships among latent factors 
rather than manifest variables. A traditional CFA based 
on this latent structure enables empirical testing of the 
a priori measurement model, corrects for measurement 
error, yields appropriate standard errors for each esti-
mate, and provides a foundation for formal statistical 
tests of the Campbell-Fiske guidelines in a latent-variable 
framework. Accordingly, Table 1 presents the MTMD 
latent correlation matrix estimated from the CFA model.

Both the trait and domain facets in this design are 
conceptually grounded and central to the study’s theo-
retical aims. Treating either facet as a method effect 
would misrepresent its substantive role. The motivational 
traits capture psychologically meaningful constructs, and 
the domain facet represents structured content variation 
across sciences. This factorial structure exemplifies the 
type of applied-research setting in which the original 
MTMM logic—and our symmetrical extension—are espe-
cially valuable.

Accordingly, we begin by specifying and validating 
the a priori measurement model and then apply asymp-
totic parameter comparisons to evaluate each of the five 
Campbell-Fiske guidelines in testable statistical form. We 
conducted all analyses using standard tools for latent-
variable modeling to ensure transparency and accessibil-
ity for applied researchers.

Although the empirical example is drawn from edu-
cational psychology, the same principles apply broadly 
across psychological and social-science research. The 
EC-F framework offers a rigorous, generalizable frame-
work for evaluating construct validity in any two-facet 
design in which both dimensions represent meaningful 
sources of theoretical variation.

Method

Data and measures

We analyzed data from 18,047 eighth-grade students 
drawn from nationally representative samples in four 
OECD countries (Australia, Hong Kong, Slovenia, and 
the United States). The data set included measures across 
five science-subject domains: mathematics, physics, 
chemistry, earth science, and biology. Achievement con-
structs were derived from plausible values provided by 
TIMSS item-response-theory scales, and all other 

constructs were assessed using Likert-type self-report 
items. As detailed in Table S2 in the Supplemental Mate-
rial, items were worded in parallel across traits and 
domains (e.g., “I enjoy learning [biology/chemistry/
etc.]”) with three to five items per construct, except for 
achievement and aspirations, each measured by a single 
indicator per domain. Although these single-indicator 
factors limited full latent modeling for those constructs, 
the overall MTMD structure remained applicable across 
the full 5 × 5 design.

All data used in the present investigation are freely 
available from TIMSS (IEA TIMSS, n.d.). For statistical 
code and description of the variables, see the Supple-
mental Material and the IEA TIMSS (n.d.).

Analytic procedures 

Cross-country measurement invariance.  We addressed 
the complex sampling design of TIMSS by incorporating 
the HOUWGT weight and treating class as the primary 
clustering unit. Five imputed data sets were constructed 
using the five plausible values for achievement pro-
vided by TIMSS. This strategy enabled proper estima-
tion of standard errors and model fit while also 
accommodating the minimal item-level missingness (aver-
age < 2%).

We evaluated the measurement model using CFA in 
Mplus (Version 8; Muthén & Muthén, 2017), specifying 
25 latent factors representing the trait-domain con-
structs. Following our EC-F framework, we began with 
a CFA model excluding method effects (Model M1a) and 
progressively added a priori correlated uniquenesses 
(CUs) to account for negative item wording and parallel 
item stems.

Finally, we tested the Campbell-Fiske guidelines using 
asymptotic parameter comparisons in Mplus via the 
MODEL CONSTRAINT command, focusing on key con-
trasts among latent correlations. This approach provides 
precise statistical tests using standard errors derived from 
the model-implied asymptotic covariance matrix, allowing 
rigorous evaluation of convergent and discriminant valid-
ity within the MTMD structure. For details of the specific 
tests—including the contrasts corresponding to Campbell 
and Fiske’s (1959) five guidelines—see Figure 1 and Sec-
tion 6 in the Supplemental Material.

Goodness of fit and model evaluation.  We evaluate 
model fit using the comparative fit index (CFI), root mean 
square error of approximation (RMSEA), and standardized 
root mean square residual (SRMR), interpreted according 
to conventional thresholds (e.g., CFI > .95, RMSEA < .05;  
Hu & Bentler, 1999; Marsh et al., 2004). Although the full 
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technical details of model specifications, imputation strat-
egies, and incremental model-fit steps are provided in the 
Supplemental Material, they are not the focus of the pres-
ent article. We include them for transparency and repro-
ducibility, but our primary aim here is to demonstrate the 
conceptual and practical value of the EC-F framework.

As shown in Table S1 in the Supplemental Material, 
the model fit improved substantially with both sets of 
CUs included (Model M1d: RMSEA = .027, CFI = .957, 
Tucker-Lewis index [TLI] = .944). These effects were con-
sistent across countries and retained in the final model.

Cross-country measurement invariance

We tested measurement invariance (Meredith, 1993;  
Millsap, 2010) across countries (configural, weak, strong, 
and strict) with a series of nested CFA models (M2a–
M2d) reported in the Supplemental Material (see Section 
M1.7 and Table S1 in the Supplemental Material). Model 
M2d imposed equality constraints on factor loadings, 
intercepts, variances, and covariances across countries, 
thereby testing strict invariance. It demonstrated excel-
lent fit to the data (CFI = .953, TLI = .941, RMSEA = .042), 
with minimal changes in fit indices across models (ΔCFI, 
ΔTLI < .003; RMSEA stable at .042).

Given this strong support for full measurement invari-
ance, we selected Model M2d as the basis for all subse-
quent analyses. The establishment of full cross-national 
invariance (variances, covariances, factor loadings, and 
intercepts) justified the pooling of data across countries 
rather than conducting separate analyses in each national 
sample.

Standardized factor loadings for the 25 constructs—
averaged across the five imputed data sets and con-
strained to equality across countries—ranged from .45 
to .89; most constructs loaded above .80 on at least one 
indicator. These results support the robustness of the 
latent structure (see Table S2 in the Supplemental 
Material).

The findings confirm that a well-defined measurement 
model that is invariant over countries. The latent-corre-
lation matrix from this measurement model is the basis 
of all subsequent analyses demonstrating the application 
of the EC-F framework.

Results

Having established the measurement model and speci-
fied the EC-F-framework statistical tests, we now turn  
to the empirical results. Using asymptotic parameter-
comparison techniques, we tested differences between 
individual latent correlations and averages of correlation 
subsets in the MTMD matrix. These comparisons address, 
for example, whether self-concept correlations across 

domains are significantly greater than zero and whether 
they exceed correlations among different traits or 
domains. A central strength of this approach is its flex-
ibility: It allows for rigorous statistical tests at both micro 
(individual correlations) and macro (pattern-level sum-
mary) levels—across 300 latent correlations derived from 
a unified model. Tables 1 to 5 summarize the key results 
across traits and domains.

Advanced organizer: worked  
example—self-concept and mathematics

As an advanced organizer, Table 2 (see also Section 2 
in the Supplemental Material) illustrates the logic of 
asymptotic parameter comparisons for one trait (self-
concept) and one domain (mathematics), using values 
drawn from the latent MTMD matrix (Table 1; see also 
Table 6). Because this example focuses on a single trait 
and domain, only Guidelines 1 through 3 are relevant 
(Campbell & Fiske, 1959). Guidelines 4 and 5 (Campbell 
& Fiske, 1959) apply to broader patterns across multiple 
traits and methods and are therefore evaluated in sub-
sequent analyses (for details on the Campbell-Fiske 
guidelines, see Fig. 1).

Trait Facet: self-concept (based on Table 1)
Convergent validity (Guideline 1).  The correlation 

between math self-concept and physics self-concept 
(monotrait-heterodomain; MTHD) is strong and statisti-
cally significant, r = .51 (SE = .011). 

Discriminant validity (Guideline 2).  This MTHD correla-
tion is significantly larger than the heterotrait-heterodomain 
(HTHD) correlation between math self-concept and physics 
extrinsic motivation, r = .20; difference = .31 (SE = .012).

Discriminant validity (Guideline 3).  The convergent 
correlation also exceeds the heterotrait-monodomain 
(HTMD) correlation between math self-concept and math 
extrinsic motivation by .16 (SE = .015).

Domain facet: mathematics (based on Table 5)
Convergent validity (Guideline 1).  The correlation 

between math self-concept and math extrinsic motivation 
(HTMD) is r = .35 (SE = .011).

Discriminant validity (Guideline 2).  This correlation 
exceeds the same HTHD correlation noted above by .15 
(SE = .013).

Discriminant validity (Guideline 3).  However, the 
domain-based convergent validity is significantly lower 
than the cross-domain self-concept correlation (r = .51), 
yielding a negative difference of −.16 (SE = .015).
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This worked example highlights a key structural impli-
cation of the MTMD design: Guideline 3 discriminant 
effects for trait and domain facets (Campbell & Fiske, 1959; 
for details, see Fig. 1) are necessarily reciprocal. Discrimi-
nant validity of the trait facet comes at the cost of a lack 
of discriminant validity of the domain facet and vice versa. 
Here, the positive difference for the trait facet (+.16) and 
the negative difference for the domain facet (−.16) must 
sum to zero. Likewise, the same HTHD correlation (r = 
.20) anchors both facets when testing Guideline 2 (Camp-
bell & Fiske, 1959; for details, see Fig. 1). These interde-
pendencies are built into all MTMD matrices and form a 
core rationale for using a symmetric framework.

Unified matrix, dual perspectives: 
juxtaposing trait and domain facets

We present two arrangements of the same latent MTMD 
matrix: one emphasizing the trait facet (e.g., self-concept 

across domains, Table 1) and the other emphasizing the 
domain facet (e.g., motivation constructs within a 
domain, Table 5). These are not separate analyses but 
alternative views of the same underlying latent structure. 
We based all results on this one unified CFA model.

The distinction between trait and domain perspectives 
is conceptual rather than structural. The same latent 
correlations serve different roles depending on orienta-
tion: For instance, MTHD coefficients represent conver-
gent validity in trait-based comparisons but function as 
discriminant comparisons when viewed from the domain 
perspective. This symmetry is essential for interpreting 
the pattern of results and understanding the trade-offs 
inherent in Guideline 3 (Campbell & Fiske, 1959; for 
details, see Fig. 1) as illustrated above.

To aid clarity, we first present detailed results from 
the trait perspective (focusing on Guidelines 1–3; Campbell 
& Fiske, 1959; for details of guidelines, see Fig. 1), fol-
lowed by a briefer summary of domain-oriented results. 

Table 2.  Applying the Extended Campbell-Fiske Guidelines Based on Single Correlations From the Latent MTMD 
Matrix (Table 1): Illustrative Asymptotic Parameter Comparisons for the Self-Concept Trait and the Math Domain

Facet comparison Estimate SE Description

Trait facet: SC  Convergent validity (Math SC × Physics 
SC), MTHD

.51 .011 Strong convergent validity 
(Guideline 1)

  Discriminant validity: convergent 
vs. HTHD (Math SC × Physics 
Extrinsic Motivation)

.31 .012 Convergent validity exceeds HTHD 
correlations (Guideline 2)

  Discriminant validity: convergent vs. 
HTMD (Math SC × Math Extrinsic 
Motivation)

.16 .015 Convergent validity exceeds HTMD 
correlations (Guideline 3)

Domain facet: 
math

Convergent validity (Math SC × Math 
Intrinsic Motivation), HTMD

.35 .011 Strong convergent validity for 
domain facet (Guideline 1)

  Discriminant validity: convergent 
vs. HTHD (Math SC × Physics 
Extrinsic Motivation)

.15 .013 Convergent validity exceeds HTHD 
correlations (Guideline 2)

  Discriminant validity: convergent vs. 
MTHD (Math SC × Physics SC)

−.16 .015 Convergent validity is lower than 
MTHD (violation of Guideline 3)

Note: This table provides a didactic illustration of how asymptotic parameter comparisons are used to test the Campbell-Fiske 
guidelines (Campbell & Fiske, 1959; see Fig. 1) using selected examples from the latent MTMD matrix (Tables 1 and 6). We do not 
intend this summary to be exhaustive but rather to demonstrate the logic underlying the broader analyses (also see Section 2 in the 
Supplemental Material available online). For each facet (trait: self-concept; domain: math), we illustrate the following: convergent-
validity tests (Campbell & Fiske, 1959, Guideline 1), showing the magnitude of the focal correlations (e.g., MTHD when the focus is 
on traits or HTMD when the focus is on domain), and discriminant-validity tests comparing convergent correlations with HTHD and 
HTMD correlations (Campbell & Fiske, 1959, Guidelines 2 and 3 for the trait focus). Critically, the MTHD correlation (.51) serves as the 
convergent-validity benchmark for the trait facet but becomes the discriminant-validity comparison for the domain facet. Conversely, the 
HTMD correlation (.35) serves as convergent validity for the domain facet but as the discriminant comparison for the trait facet. Because 
of this interplay, the test estimates for Guideline 3 (discriminant validity; Campbell & Fiske, 1959) for the trait and domain facets must 
sum to zero (+.16 and −.16). Likewise, the HTHD correlation (.20) is the same for both trait and domain facets when testing discriminant 
validity (Campbell & Fiske, 1959, Guideline 2). This structural juxtaposition is inherent in all MTMD matrices and generalizes across all 
comparisons. Critical is the symmetry between trait and domain facets (e.g., that the same correlation might serve as a benchmark for 
one facet and as a comparison for another). For completeness, detailed results for all trait and domain comparisons are provided in the 
Supplemental Material. MTMD = multitrait-multidomain; MTHD = monotrait-heterodomain; HTMD = heterotrait-multidoman; HTHD = 
heterotrait-heterodomain.
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We present a more detailed discussion of their implica-
tions in the Discussion section.

Trait-facet results.  For the trait facet, we assessed con-
vergent validity through MTHD correlations—associations 
among the same construct across different content 
domains (e.g., self-concept in math, physics, chemistry, 
earth science, and biology). Discriminant validity is sup-
ported when these MTHD correlations are larger than two 
key alternatives: (a) HTHD correlations involving different 
traits across domains (Guideline 2; Campbell & Fiske, 
1959; see Fig. 1) and (b) HTMD correlations involving dif-
ferent traits within the same domain (Guideline 3; Camp-
bell & Fiske, 1959; see Fig. 1). Table 1 presents the MTMD 
latent correlation matrix organized by trait, and Table 3 
summarizes key asymptotic comparisons.

Convergent validity (Guideline 1).  MTHD correlations 
were consistently strong and statistically significant. The 
grand mean convergent validity (CVtot) was .43 (SE = .004), 
indicating substantial consistency for each trait across aca-
demic domains.

Discriminant validity (Guideline 2).  MTHD correla-
tions significantly exceeded the corresponding HTHD val-
ues. The overall mean difference (G2tot) was .28 (SE = 
.003), reflecting robust discriminant validity across traits 
and domains.

Discriminant validity (Guideline 3).  MTHD values also 
exceeded HTMD correlations, although differences were 
modest. The grand mean contrast (G3tot) was .04 (SE = 
.005); domain-specific variation (e.g., G3_math = .00) indi-
cated weaker evidence in some subject areas.

Although not the primary focus here, results for 
Guidelines 4 and 5 (which require considering patterns 
across multiple traits and methods; Campbell & Fiske, 
1959; see Fig. 1) are summarized in Table 4. Guideline 
4 showed high profile similarity across domains. Follow-
ing Marsh (1988) and Millsap and Everson (1993), we 
operationalize Guideline 4 with the profile similarity 
index (PSI) as a descriptive indicator of structural con-
sistency. PSI is computed as the Pearson correlation 
between vectors of intertrait correlations obtained sepa-
rately within each method (for description of PSI, see 

Table 3.  Summary of Tests of Convergent and Discriminant Validity for the Trait Facet Based on the Latent MTMD 
Matrix

Domain pair CV (SE) HTHD (SE) G2 (SE) G3A (SE)a G3B (SE)a Difference (SE)

Math-physics .50 (.005) .22 (.006) .28 (.005) .10 (.007) .10 (.007) .00 (.007)
Math-chemistry .44 (.005) .19 (.006) .25 (.005) .03 (.008) .03 (.008) −.00 (.007)
Math-earth sciences .36 (.006) .13 (.006) .24 (.005) −.04 (.008) −.00 (.008) .03 (.007)
Math-biology .30 (.007) .09 (.007) .22 (.005) −.01 (.009) −.08 (.008) .02 (.007)
Physics-chemistry .52 (.009) .20 (.007) .32 (.007) .12 (.010) .12 (.010) −.01 (.007)
Physics-earth sciences .43 (.007) .14 (.006) .29 (.005) .03 (.010) .06 (.008) .03 (.007)
Physics-biology .41 (.007) .13 (.006) .28 (.005) .01 (.009) .02 (.010) .01 (.006)
Chemistry-earth sciences .42 (.007) .12 (.006) .01 (.003) .00 (.010) .04 (.010) .04 (.007)
Chemistry-biology .50 (.007) .20 (.007) .29 (.005) .10 (.008) .11 (.008) .02 (.007)
Earth sciences-biology .45 (.007) .13 (.006) .32 (.005) .08 (.009) .06 (.009) −.02 (.006)
Summary  
  Math .40 (.004) .16 (.004) .25 (.004) .00 (.007)  
  Physics .46 (.005) .17 (.005) .29 (.004) .06 (.007)  
  Chemistry .47 (.005) .18 (.005) .29 (.004) .07 (.007)  
  Earth sciences .41 (.005) .13 (.006) .28 (.004) .04 (.007)  
  Biology .42 (.005) .14 (.004) .28 (.003) .03 (.004)  
  Grand total .43 (.004) .15 (.004) .28 (.003) .04 (.004)  

Note: Each cell represents the relation between a pair of domains (e.g., math-physics) averaged across the five traits (self-concept, 
intrinsic motivation, extrinsic motivation, achievement, aspiration) based on the MTMD latent matrix in Table 1. The reported difference 
is between HTMD and HTHM correlations, computed separately for each pair of domains (Campbell & Fiske, Guideline 5). Summary 
is the aggregate associated with each domain. CV = convergent validity (Campbell & Fiske, Guideline 1); HTHD = heterotrait-
heterodomain correlation; HTMD = heterotrait-monodomain correlation; G2 and G3 = Campbell and Fiske (1959) Guidelines 2 and 3 for 
discriminant validity. For details on the Campbell-Fiske guidelines, see Figure 1.
aFor individual trait pairs, tests for G3 (Campbell & Fiske, 1959) were conducted separately for each domain (e.g., math and physics). 
For the total summary scores, tests were aggregated across all domains.
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Table 1; for more detail, see Section S3 in the Supple-
mental Material). PSI values ranged from .86 to .99 
(Table 4), suggesting stable trait interrelations across 
academic contexts.

Practical implications.  Strong support for Guidelines 
1 and 2 (Campbell & Fiske, 1959; for details, see Fig. 1) 
affirms the generalizability of motivational constructs such 
as self-concept and task value across academic subjects. 
More modest effects for Guideline 3 (Campbell & Fiske, 
1959; for details, see Fig. 1) point to conceptual overlap 
among traits within specific domains—a plausible pattern 
in real-world educational settings.

Domain-facet results for trait facet: self-concept 
(based on Table 1).  Tables 5 and 6 reorganize the same 
MTMD matrix to emphasize the domain facet—examining 
how motivation constructs cluster within specific aca-
demic subjects. In this perspective, the logic of compari-
son is reversed: HTMD correlations reflect convergent 
validity, and MTHD and HTHD correlations serve as dis-
criminant benchmarks.

Convergent validity (Guideline 1).  HTMD correlations 
were substantial across all five domains. The grand mean 
convergent validity (CVtot) was .39 (SE = .004), supporting the 
coherence of motivational constructs within subject areas.

Discriminant validity (Guideline 2).  HTMD correla-
tions significantly exceeded HTHD comparisons, with an 
overall G2tot = .24 (SE = .003), consistent with expectations 
of domain-specific validity.

Discriminant validity (Guideline 3).  HTMD values 
were slightly lower than MTHD correlations, resulting in a 
negative grand mean difference (G3tot = −.04, SE = .005). 
This negative value mirrors the positive G3tot in the trait-
facet analysis, reflecting the structural reciprocity inherent 
in the MTMD design.

Results for Guidelines 4 and 5 (Campbell & Fiske, 
1959; for details, see Fig. 1) revealed important insights. 
Guideline 4 (Table 4) revealed consistent intertrait pat-
terns across domains, particularly for constructs such as 
self-concept, intrinsic motivation, and aspirations. How-
ever, PSIs were lower for extrinsic motivation and espe-
cially achievement, suggesting weaker cross-domain 
consistency for these constructs. Guideline 5 indicated 
substantial mean differences among traits as a function 
of domain. The mean correlation among achievement 
traits (Table 6) was substantially higher than correlations 
among traits for any of the other constructs—highlight-
ing the weak discriminant validity of the achievement 
measures. For a more detailed analysis of this issue, 
including additional tests of domain specificity, see  
Section 3 in the Supplemental Material.

Practical implications.  The domain perspective high-
lights the extent to which constructs cohere within academic 
subjects while also revealing cross-domain generalizability 
for certain traits. For instance, self-concept may correlate 
more strongly across physics and chemistry than with unre-
lated constructs within these domains. This underscores the 
importance of analyzing both domain-specific and trait-
general patterns to understand the full structure of motiva-
tional constructs in educational settings. The very high 
correlations among achievement scores representing the 
different domains are of particular relevance.

Trait-domain juxtaposition and 
structural symmetry

Critically, we derived both the trait- and domain-orga-
nized MTMD matrices (Tables 1 and 5) from the same 
latent model. Their structural equivalence is especially 
relevant for Guideline 3, in which convergent validity in 
one perspective serves as the discriminant benchmark 
in the other (Campbell & Fiske, 1959). As a result, strong 
support for convergent validity in one facet necessarily 
constrains support for discriminant validity in the oppos-
ing view—an implication not always explicitly addressed 
in previous MTMM research.

Rather than viewing trait and domain perspectives as 
competing, we interpret them as complementary. The 
trait orientation emphasizes construct coherence across 
contexts, and the domain orientation captures concep-
tual clustering within specific subject areas. A compre-
hensive understanding of convergent and discriminant 
validity in multidimensional constructs requires attention 
to both perspectives—and their inherent interplay.

Demonstrating the flexibility of 
the extended MTMD framework: 
illustrative applications

In this section, we demonstrate the flexibility of the 
extended MTMD framework through a series of illustra-
tive applications. These examples showcase the frame-
work’s capacity to address a range of substantive research 
questions, highlighting its versatility across different 
constructs, contexts, and levels of analysis.

Adapting a classic analysis-of-variance 
framework using the MTMD matrix

Historically, MTMM data were analyzed using a three-factor 
unreplicated random-effects analysis-of variance (ANOVA) 
model, partitioning variance into orthogonal sources attrib-
uted to persons, traits, and methods (Kavanagh et al., 1971; 
Stanley, 1961; see also Marsh & Hocevar, 1983; Millsap, 
2014; Schmitt & Stults, 1986). Conceptually aligned with 
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generalizability theory (Woehr et al., 2012), this framework 
provided a global assessment of variance components. 
However, like the original Campbell-Fiske guidelines, these 
ANOVA-based models relied on manifest correlations and 
did not correct for measurement error. Moreover, they sum-
marized variance patterns globally, without explicitly mod-
eling trait-by-method unit interactions central to MTMM 
logic.

However, when applied to a latent MTMD matrix, the 
classic ANOVA decomposition becomes a powerful diag-
nostic tool for probing assumptions embedded in 
MTMM-SEM frameworks—most notably, the widely used 
CT-CM model. Critically, all standard CFA-based MTMM 
models (e.g., CT-CM, CT-UM, CT-C[M–1], and CT-CU) 
impose additive structures that effectively preclude the 
detection of trait-by-method (or in our case, trait-by-
domain) interactions. That is, they assume uniform valid-
ity patterns across combinations, potentially masking 
meaningful sources of variation.

One of the formative insights of the original Camp-
bell-Fiske guidelines—particularly in Guidelines 4 (pro-
file similarity across methods) and 5 (domain specificity 
of trait relationships)—is that such interaction effects 
may, in fact, be present (Campbell & Fiske, 1959). Our 
adaptation of the ANOVA model within a fully latent 
MTMD framework enables an explicit test of this pos-
sibility by including a trait-by-domain interaction term.

We applied a two-factor (Trait × Domain) ANOVA 
decomposition to the latent MTMD matrix using Mplus’s 
MODEL CONSTRAINT functionality. We computed the 
mean latent correlation for each of the 25 MTMD cells 
and statistically tested for main effects of trait and 
domain and their interaction. The residual three-way 
interaction (Person × Trait × Domain) captures nonaddi-
tive variance not accounted for by the additive main 
effects—analogous to the residual error in traditional 
unreplicated ANOVA models.

Results revealed statistically significant main effects 
for both traits and domains, consistent with theoretical 
expectations: Motivational traits showed greater gener-
alizability across domains, whereas achievement con-
structs were more domain-specific (Table 7). Critically, 
the trait-by-domain interaction was also significant. This 
finding indicates that trait-domain associations vary sys-
tematically and nonuniformly—challenging the assump-
tion of additivity that underpins most MTMM-SEM 
approaches.

From a practical standpoint, this interaction highlights 
a key limitation of standard CFA-based models: They 
cannot accommodate or detect local variations in con-
struct-validity patterns across MTMD matrices. In con-
trast, we demonstrated that the latent-variable ANOVA 
approach can directly test and interpret these patterns 
meaningfully.

Table 6.  Summary of Tests of Convergent and Discriminant Validity for the Domain Facet (Based on the Latent 
MTMD matrix)

Trait pair CV (SE) HTHD (SE) G2 (SE) G3A (SE)a G3B (SE)a Difference (SE)

Self-concept–intrinsic .77 (.004) .20 (.006) .57 (.006) .43 (.008) .46 (.008) .04 (.007)
Self-concept–extrinsic .38 (.007) .15 (.007) .22 (.005) .03 (.009) −.08 (.008) −.12 (.008)
Self-concept–achievement .33 (.008) .28 (.007) .06 (.004) −.01 (.008) −.42 (.010) −.41 (.008)
Self-concept–aspirations .55 (.005) .13 (.005) .42 (.005) .21 (.009) .20 (.008) .08 (.007)
Intrinsic-extrinsic .47 (.006) .21 (.006) .27 (.005) .20 (.009) .03 (.007) −.15 (.007)
Intrinsic-achievement .16 (.007) .11 (.006) .05 (.004) −.11 (.009) −.59 (.009) −.45 (.008)
Intrinsic-aspirations .74 (.003) .22 (.005) .52 (.006) .47 (.007) .48 (.007) .04 (.005)
Extrinsic-achievement .02 (.009) .01 (.009) .01 (.003) −.43 (.010) −.74 (.012) −.30 (.008)
Extrinsic-aspirations .41 (.005) .19 (.005) .22 (.005) −.03 (.007) .15 (.007) .19 (.008)
Aspirations-achievement .08 (.007) .04 (.007) .04 (.003) −.67 (.009) −.18 (.009) −.49 (.008)
Summary self-concept .51 (.004) .19 (.005) .32 (.004) .17 (.007)  
Summary intrinsic .54 (.003) .19 (.004) .35 (.004) .29 (.007)  
Summary extrinsic .36 (.004) .14 (.005) .22 (.004) −.10 (.006)  
Summary achievement .25 (.005) .11 (.006) .14 (.004) −.51 (.008)  
Summary aspirations .45 (.003) .15 (.004) .30 (.004) .18 (.007)  
Grand total .39 (.004) .15 (.004) .24 (.003) −.03 (.005)  

Note: Each cell represents the relation between a pair of traits (e.g., self-concept–intrinsic) averaged across the five domains (math, 
physics, chemistry, earth sciences, biology) based on the MTMD latent matrix in Table 5. The difference is between the HTMD and HTHM 
correlations. These were tested separately for each pair of traits. G2 tests CV against HTHD, and G3 tests CV against HTMD. CV = convergent 
validity (Campbell & Fiske, 1959, Guideline 1); HTHD = heterotrait-heterodomain correlation; HTMD = heterotrait-monodomain correlation; 
G2 and G3 = Campbell-Fiske Guidelines 2 and 3 for discriminant validity. For details on the Campbell-Fiske guidelines, see Figure 1.
aFor individual trait pairs, G3 tests were conducted separately for each domain (e.g., math and physics). For the total summary scores, tests 
were aggregated across all domains.
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In summary, this illustrative application highlights the 
diagnostic value of the MTMD framework when com-
bined with formal asymptotic comparisons and latent-
variable modeling. The results reveal nuanced validity 
structures—particularly trait-by-domain interactions—
that would remain undetected in traditional confirmatory 
MTMM models. This reinforces the broader utility and 
flexibility of the EC-F framework within modern con-
struct-validation research.

Substantive application: motivation-
achievement relations across domains

In the preceding sections, we applied the EC-F frame-
work to evaluate construct validity within the MTMD 
matrix. In this section, we illustrate the broader diagnos-
tic potential of the framework by examining a substan-
tively important application: the domain-specific 
relationships between motivational traits and academic 
achievement. Crucially, the same unified MTMD structure 
that supports formal tests of convergent and discriminant 
validity also enables targeted substantive analyses—
demonstrating the flexibility of our EC-F framework. 
Here, we use the latent MTMD matrix to explore how 
the strength and specificity of motivation-achievement 
associations vary across academic subjects and motiva-
tional constructs.

Research on academic self-concept has long empha-
sized domain specificity in its relationship with achieve-
ment. For instance, math self-concept typically correlates 
strongly with math achievement but weakly with verbal 
achievement—even when achievement measures are 
highly intercorrelated (Marsh, 2007). High domain-
matched correlations support convergent validity, 
whereas low cross-domain correlations support discrimi-
nant validity. Here, we extend this analysis to include 

additional motivational traits, assessing their pattern of 
relations with achievement across domains.

Although these relations are not directly part of the 
Campbell-Fiske guidelines, they can be meaningfully 
examined using the MTMD matrix—primarily through 
the lens of trait-by-domain interactions. Table 8 sum-
marizes results based on 100 correlations involving at 
least one achievement variable drawn from the full 300-
cell MTMD matrix (see Tables 1 and 5).

Motivational-trait facet.  For motivational traits, we 
defined convergent validity as the correlation between a 
given trait and achievement in the corresponding domain 
(e.g., math self-concept and math achievement). Non-
convergent validity compared that trait’s correlation with 
achievement in nonmatching domains (e.g., math self- 
concept and biology achievement). Self-concept exhibited 
the most evident domain-specific pattern, characterized by 
the highest mean convergent validity (.34) and the highest 
nonconvergent correlations (.27), resulting in a modest but 
meaningful discriminant difference (.07). Intrinsic motiva-
tion also demonstrated moderate convergent validity (.16) 
and discriminant validity (.05). In contrast, extrinsic motiva-
tion and aspirations showed weak domain-specific correla-
tion patterns (.03–.07 for convergent, .02 for discriminant 
validity), suggesting they may be more general or less 
directly predictive of domain-specific performance.

Domain facet.  We defined convergent validity as the cor-
relation between a motivation construct and achievement 
within the same domain (e.g., biology self-concept with 
biology achievement). Nonconvergent correlations involved 
mismatched domains (e.g., physics self-concept with biol-
ogy achievement). Results revealed clear domain differ-
ences. The mean convergent validity across traits was highest 
for mathematics (.28), substantially higher than for other 

Table 7.  ANOVA Results for the MTMD Matrix

Source df Computation of variance components
Variance-component  

estimates

Person ( σ p
2 ) N = 18,046 M HDHT( ) .15 (.004)

Domain × Person (σ pd
2 ) N × Domain = 72,184 M MMDHT HDHT( ) − ( ) .24 (.003)

Trait × Person (σ pt
2 ) N × Trait = 72,184 M MHDMT HMHT( ) − ( ) .28 (.003)

Domain × Trait × Person 
+ residual ( ),σ pdt r

2
N × Trait × Domain = 288,736 1 − ( ) − ( ) + ( )M M MMDHT HDMT HDHT .33 (.003)

Note: Number of domains is 5, and number of traits is 5. N = 18,046 (number of individuals). Results are based on the latent MTMD matrix (Table 
1). The same equations and computations generalize to the traditional MTMM matrix, with traits and methods instead of domains. Because the 
values are based on a latent correlation matrix, there is no residual variance associated with measurement error. All values in this table are based on 
asymptotic parameter comparisons applied to the latent MTMD matrix (Tables 1 and 6), providing appropriate standard errors for each estimate. A 
unique feature of this asymptotic framework is the ability to formally test the substantively important Domain × Trait (Domain × Construct × Person) 
interaction—capturing nonadditive effects across facets—something that is not easily accommodated by other multitrait-multimethod approaches. 
ANOVA = analysis of variance; MTMD = multitrait-multidomain; HDHT = heterodomain-heterotrait correlations; MDHT = monodomain-heterotrait 
correlations; HTMD = heterotrait-monodomain correlations; HDMT = heterodomain-monotrait; HMHT = heteromethod-heterotrait. 
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domains (.12−.16) and lower nonconvergent correlations 
(.08). This produced a strong discriminant-validity effect 
(.20) for math that we did not observe in other domains.

Summary.  Across both facets, the most substantial evi-
dence for convergent and discriminant validity emerged 
for the self-concept trait and the mathematics domain. The 
strongest individual convergent correlation was between 
math self-concept and math achievement (r = .58), fol-
lowed by math intrinsic motivation and math achievement 
(r = .31). Math-related motivation constructs consistently 
showed stronger correlations with achievement than did 
constructs in other domains. Self-concept exhibited more 
robust and generalizable achievement relations than other 
motivational traits.

These findings underscore the diagnostic utility of the 
EC-F framework in exploring domain-specific relations 
between motivation and achievement. Treating the 
domain facet merely as a “method” would obscure the 
uniquely strong predictive value of math-based motiva-
tion constructs. Likewise, treating motivational traits as 

interchangeable would overlook the particular relevance 
of academic self-concept. Our EC-F framework enables 
a more nuanced understanding of construct validity—
essential for theoretical refinement and applied interven-
tions in educational research. Although the focus here 
is necessarily on motivation-achievement relations, the 
underlying logic—testing domain-specific relations 
within an MTMD matrix—may also be relevant in other 
areas of psychology in which domain-specific processes 
are important (e.g., emotions, quality of life, self-efficacy, 
job satisfaction, well-being, basic psychological needs, 
self-compassion). We return to this point in the general 
discussion section.

Substantive application: domain-
specific gender differences in 
motivation and achievement

In our substantive-methodological synergy, our EC-F 
framework also readily examines theoretically and pol-
icy-relevant correlates, such as gender—an especially 

Table 8.  Correlations Between Motivation Constructs and 
Achievement: Convergent and Discriminant Validity in Relation to 
Subject Domain and Motivation construct

Convergent Nonconvergent Difference

  M SE M SE M SE

Subject domain
  Biology .12 .011 .11 .007 .00 .010
  Chemistry .13 .012 .13 .009 .00 .007
  Earth science .09 .009 .12 .009 −.04 .011
  Math .28 .008 .08 .007 .20 .008
  Physics .16 .011 .10 .006 .06 .010
  Total mean .15 .006 .11 .006 .04 .003
Trait construct
  Extrinsic .03 .009 .01 .006 .02 .004
  Self-concept .34 .008 .27 .007 .07 .005
  Aspirations .07 .006 .05 .007 .02 .004
  Intrinsic .16 .007 .11 .006 .05 .004
  Total mean .15 .006 .11 .006 .04 .002

Note: All values are based on correlations in Table 1 (or equivalently, Table 5).  
For the subject-domain facet, convergent estimates are the mean estimates 
for each domain when the subject domains for the motivation construct and 
for achievement match (e.g., biology achievement and biology motivations). 
Nonconvergent estimates are mean estimates for each domain when the 
subject domain does not match (e.g., biology achievement and motivations on 
all domains other than biology). The difference between the two is a test of 
discriminant validity in relation to the subject domain. Likewise, for each trait 
construct, convergent estimates are the mean estimates for each trait when the 
subject domain for the motivation construct and achievement domain match 
(e.g., biology self-concept with biology achievement, physics self-concept 
with physics achievement). Other estimates are mean estimates for each trait 
when the subject domain and achievement domain do not match (e.g., biology 
self-concept with physics achievement, physics self-concept with biology 
achievement). The difference between the two is a test of discriminant validity 
concerning the trait domain.
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important factor in educational research, particularly in 
studies on science motivation and achievement. Gender 
differences in science motivation and achievement 
remain a central concern, with persistent disparities in 
motivational constructs such as self-concept and aspira-
tions, especially in mathematics and the physical sciences 
(Eccles, 2014; Marsh & Yeung, 1998; Mullis et al., 2008). 
These patterns carry critical implications for equity, edu-
cational interventions, and STEM-pipeline policies.

Decomposing gender variance: ANOVA framework.  
We applied a two-way (Trait × Domain) ANOVA decompo-
sition to the gender-related correlations to examine the 
relative contributions of traits, domains, and their interac-
tion. The total variance (SS = .202, SE = .013) was primarily 
attributable to domain effects (SS = .159), followed by 
smaller but significant trait effects (SS = .019, SE = .003) 
and a meaningful trait-by-domain interaction (SS = .023, 
SE = .002). These results demonstrate that gender differ-
ences in motivation and achievement are not uniform but 
systematically vary across domains and traits—a pattern 
uniquely accessible through the MTMD framework.

Latent gender differences across traits and domains.  
Table 9 summarizes the gender correlations (coded 0 = 
girls, 1 = boys) across all 25 trait-domain combinations. 
The overall mean correlation was modest (r = .032,  
SE = .005), slightly favoring boys—however, this average 
masked substantial domain-specific variation.

Self-concept showed the largest overall gender effect 
(mean r = .081). Domain-specific results varied consid-
erably: Boys reported significantly higher self-concept 
in physics (.187), earth science (.115), math (.114), and 
chemistry (.065), whereas girls reported higher self-
concept in biology (−.075). This variability produced  
a significant domain-level sum of squares (SS = .038, 
SE = .004), underscoring the importance of disaggre-
gated, facet-level analyses. Other traits also exhibited 
domain-specific variation: Intrinsic motivation showed 
a small mean difference (r = .010) but the largest 
domain variation (SS = .051) in which boys favored 
physics and girls favored biology. Extrinsic motivation 
and aspirations displayed mixed polarity, with higher 
levels for boys in the physical sciences and for girls in 
biology. Achievement differences were modest overall 
(r = .029), with consistent advantages for boys in phys-
ics and girls in biology.

Implications for broader application.  This extension 
highlights the practical utility of our EC-F framework com-
bined with the traditional multiple-indicators/multiple-
causes model ( Jöreskog & Goldberger, 1975) for addressing 
substantive questions beyond traditional construct valida-
tion. For addressing gender equity in STEM education, 
treating domains as substantively meaningful facets—
rather than simply as “method” factors—reveals critical 
patterns, such as boys’ higher self-concepts in physics  
and girls’ higher self-concepts in biology. These insights 

Table 9.  Gender Differences: Breakdown as a Function of Domain and Construct

Domain  

Trait Math Physics Chemistry
Earth 

sciences Biology M SS

Self-concept .114 (.010) .187 (.011) .065 (.011) .115 (.010) −.075 (.011) .081 (.007) .038 (.004)
Intrinsic .017 (.010) .064 (.010) .001 (.011) .049 (.010) −.148 (.011) .010 (.007) .051 (.004)
Extrinsic .060 (.011) .136 (.009) −.046 (.010) −.002 (.010) −.138 (.010) .003 (.007) .043 (.004)
Achievement .006 (.010) .097 (.012) .010 (.010) .072 (.011) −.030 (.010) .029 (.009) .012 (.002)
Aspirations .019 (.010) .167 (.010) .043 (.010) .082 (.010) −.092 (.010) .036 (.007) .039 (.003)
M .026 (.007) .150 (.007) .014 (.007) .064 (.007) −.097 (.007) .032 (.005)  
SS .014 (.002) .005 (.002) .007 (.001) .007 (.001) .009 (.002) .202 (.013)
ANOVA  
  Trait .019 (.003)
  Domain .159 (.011)
  Trait × Domain .023 (.002)

Note: The set of 25 gender differences consists of correlations between gender and each of the 25 (5 Domain × 5 Construct) latent factors. Values in 
parentheses are asymptotic standard errors. All values in this table are based on asymptotic parameter comparisons applied to the latent multitrait-
multidomain matrix (Tables 1 and 6), providing appropriate standard errors for each estimate. We present the sums of squared deviations (SS) and 
tests of statistical significance for each row and column (e.g., variation in self-concept ratings across different domains). The “SS” column summarizes 
the sum of squares for gender differences across domains and traits. The lower ANOVA section decomposes variance into trait, domain, and trait-
by-domain (Tratit × Domain) interaction components. The ANOVA results report the SS and tests of statistical significance for gender differences 
associated with the main effects of domains, constructs, and their interaction. A unique feature of this asymptotic framework is the ability to 
formally test the substantively important Domain × Construct interaction—capturing nonadditive effects across facets—something that is not easily 
accommodated by other multitrait-multimethod approaches. ANOVA = analysis of variance.
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demonstrate the framework’s value in exploring nuanced, 
policy-relevant patterns of equity. Moreover, gender differ-
ences are likely to emerge in other multidimensional con-
structs that exhibit meaningful domain specificity (e.g., 
self-efficacy, well-being, emotions, psychological needs, 
quality of life, Big Five personality traits, coping strategies, 
locus of control, social support networks). A similar 
approach could also be used to investigate differences 
related to other grouping variables, such as socioeco-
nomic status, age, or educational background, offering 
further opportunities to understand systematic patterns in 
construct validity and to inform applied interventions.

General Discussion, Summary,  
and Implications

This investigation revisited the enduring relevance of 
the Campbell-Fiske guidelines for construct validation 
(Campbell & Fiske, 1959) and proposed a pragmatic 
modernization grounded in contemporary psychometric 
practice. Across a series of analyses, we introduced and 
applied the EC-F framework, which was implemented 
within an MTMD structure. This framework is rooted in 
a fully latent measurement model and extends the logic 
of traditional MTMM approaches. Our aim was not 
merely to defend the original guidelines but also to 
preserve their conceptual strengths while rigorously 
updating their empirical implementation for contempo-
rary research needs.

Revisiting and extending  
the Campbell-Fiske logic

By reframing the MTMM structure as an MTMD structure— 
or more generally, as an MTMX structure, where X can 
be any relevant second facet (e.g., domains, occasions, 
raters, contexts, instruments)—we emphasize the impor-
tance of treating both facets as theoretically meaningful. 
This aligns with Campbell and Fiske’s (1959) original 
insight that the distinction between traits and methods 
is often context-dependent and not always straightfor-
ward and with Campbell and O’Connell’s (1967) discus-
sion of MTMO designs. Our demonstration using TIMSS 
data highlights the critical role of domain facets (e.g., 
biology, chemistry, physics) in the interpretation of con-
structs. This perspective is also relevant across other 
areas of psychology, including studies of self-efficacy, 
well-being, psychological needs, and achievement emo-
tions, cases in which the second facet may capture con-
texts, occasions, or other relevant dimensions. 
Highlighting the flexibility of our extended framework, 
we show that it offers important advantages and is appli-
cable to MTMM designs in which the method effect is 
subordinate. This reframing underscores the flexibility 

and adaptability of our EC-F framework, making it a 
powerful tool for contemporary applied research across 
diverse psychological and educational domains.

The extended guidelines as a 
complementary tool

We emphasize that the purpose of this article is not to 
juxtapose the strengths and weaknesses of alternative 
SEM-based MTMM models or to position the EC-F frame-
work as a replacement for SEM-based approaches. 
Instead, our goal is to highlight the complementary role 
that the framework can play in bridging the gap between 
the technical rigor of SEM-based models and the practi-
cal interpretability and diagnostic utility offered by the 
original Campbell-Fiske guidelines (Campbell & Fiske, 
1959). We argue that the framework is itself sufficiently 
rigorous and robust to stand alone in both basic and 
applied research while also serving as a valuable com-
plement to more statistically oriented SEM studies. 
Indeed, the application of the EC-F framework—rooted 
in a fully latent measurement model—naturally leads to 
more complex SEM applications. Thus, both perspectives 
are complementary for a comprehensive evaluation of 
construct validity, particularly in large-scale, applied-
social-science research with complex measurement 
structures.

Centrality of the multiple-indicator 
measurement model

A core strength of the EC-F framework lies in its explicit 
commitment to the multiple-indicator measurement 
model. By starting with a well-fitting CFA model, we 
ensure that the latent-correlation matrix reflects reliable 
constructs and properly tests the a priori factor structure 
that is the focus of the study. If there is no empirical 
support for this structure, the application of MTMM anal-
yses becomes questionable. This measurement model 
distinguishes our approach from older manifest-score 
MTMM designs and from some SEM-based variants that 
omit or oversimplify the measurement model.

Although the importance of specifying and testing a 
multiple-indicator measurement model has been noted in 
the literature (e.g., Marsh & Hocevar, 1988; also see Castro- 
Schilo et al., 2014; Eid, 2006; Geiser et al., 2014), it remains 
underused in practice. Our approach explicitly tests this 
structure and corrects for measurement error at the outset, 
ensuring that inferences are based on well-specified latent 
constructs. This aligns with best practices in contempo-
rary psychometrics, ensuring that subsequent analyses 
accurately reflect true trait-method relationships rather 
than artifacts of measurement error or rater bias. Once 
the CFA-based measurement model is estimated, the 
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resulting latent-correlation matrix—our extended MTMD 
matrix—serves as the empirical foundation for evaluating 
the Campbell-Fiske guidelines (Campbell & Fiske, 1959) 
and their extensions.

Asymptotic parameter comparisons:  
a practical alternative

The second key enhancement of the EC-F framework 
transforms the original descriptive Campbell-Fiske guide-
lines (Campbell & Fiske, 1959) into formal statistical 
hypotheses. As part of testing the measurement model, 
we first estimate a fully latent correlation matrix using a 
CFA-based measurement model. This ensures that the 
model fits well, the latent constructs are appropriately 
measured, and measurement error is accounted for. From 
this latent MTMM matrix, we then specify formal statisti-
cal tests of the Campbell-Fiske criteria (Fig. 1) using 
asymptotic parameter comparisons (e.g., Oehlert, 1992; 
Raykov, 2011; Raykov & Marcoulides, 2004).

In practical terms, we employ Mplus’s (Muthén & 
Muthén, 2017) model-constraint function to compute 
aggregate estimates (e.g., the mean of the convergent-
validity correlations) and compare these with other 
aggregates (e.g., the mean of HTHM correlations). These 
comparisons can be conducted separately for each trait 
or domain and then averaged across all traits or domains. 
Although these calculations could also be performed 
manually outside the model, the asymptotic-parameter-
comparison approach has the critical advantage of pro-
viding standard errors and significance tests, enabling 
researchers to formally test each of the Campbell-Fiske 
guidelines (Campbell & Fiske, 1959; also see Fig. 1) in 
the measurement model itself.

A key advantage of using the model-constraint func-
tion in the SEM environment is that it automatically 
accounts for the standard errors of parameter estimates 
and the underlying model structure. This ensures that 
significance tests are valid even in the presence of model 
dependencies. In contrast, manually computing differ-
ences between observed correlations—especially in 
manifest-score MTMM matrices—can conflate sampling 
and measurement error, violate statistical assumptions, 
and provide no standard errors or confidence intervals 
for formally testing the comparisons. The asymptotic-
parameter-comparison approach aligns seamlessly with 
the CFA-based measurement model, yielding robust and 
statistically valid tests that meet contemporary psycho-
metric standards.

This formalization enhances transparency, replicabil-
ity, and diagnostic clarity while preserving the intuitive 
interpretability of the latent-correlation matrix illustrated 
in Figure 1. The approach is straightforward to imple-
ment with contemporary statistical software, leverages 

robust-estimation methods, and ensures that the tests 
are both statistically valid and accessible to applied 
researchers.

Addressing additivity and trait-
domain interactions

A key advantage of the EC-F framework is the capacity 
to assess trait-by-domain interactions—an important 
aspect of construct validity that Campbell and Fiske 
(1959) implicitly acknowledged and that underpins 
Guidelines 4 and 5 (see Fig. 1). Although Campbell and 
Fiske did not formally define interactions as a statistical 
term, they conceptually sought to assess potential trait-
by-method interactions through empirical patterns in the 
correlation matrix. In contrast, most SEM-based MTMM 
models (e.g., CT-CM, CT-UM, CT-CU) assume additivity 
between trait and method factors, treating them as inde-
pendent and additive sources of variance. This means 
these models cannot test or detect systematic interac-
tions between traits and domain or method facets even 
though such interactions may have substantial theoreti-
cal and practical relevance. Our application of the 
ANOVA decomposition to the latent MTMD matrix (Table 
7) explicitly includes a trait-by-domain interaction term, 
enabling us to test for systematic, nonuniform validity 
patterns across domains—a critical step for capturing 
the complexity of construct validity in real-world 
research settings.

Broader applicability to applied 
psychological research: empirical 
versatility of the framework

We designed our EC-F framework to offer applied 
researchers a robust, accessible, and versatile tool for 
evaluating construct validity across diverse psychological 
contexts. Although our case study focused on STEM 
motivation, the framework applies broadly to multidi-
mensional constructs assessed across substantively 
meaningful facets—such as measurement method, instru-
ment, time, or context.

Applications in this study demonstrating the frame-
work’s flexibility.  For the motivational construct valid-
ity, we evaluated trait-facet relationships across TIMSS 
domains (Tables 3 and 6). For the domain-specific motiva-
tion-achievement relations, we examined how motiva-
tional constructs relate to achievement within and across 
domains (Table 8). For gender differences, we used the 
latent MTMD matrix to detect nuanced gender differences 
across motivational constructs (Table 9). The trait-by-
domain interactions were formally tested and captured 
systematic variation in trait relationships across domains 
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(Table 7). In the split-half validity analysis, we assessed 
discriminant validity of domain-specific achievement mea-
sures using random split-halves, highlighting the frame-
work’s diagnostic power for test development (see Section 
3 in the Supplemental Material).

Applications in diverse subfields of psychological 
science.  Our framework lends itself to numerous research 
possibilities in psychogical science, such as the following: 
personality research—testing Big Five personality traits 
across contexts or measurement instruments to evaluate 
trait-by-method interactions (Biesanz & West, 2004; S¸ims¸ek 
et al., 2012); organizational psychology—assessing leader-
ship styles or job satisfaction from multiple perspectives 
(e.g., self, peer, supervisor) across facets (Lance et al., 2002); 
social psychology—examining self-other agreement to 
inform self-understanding and interpersonal processes 
(Marsh & Shavelson, 1985); clinical psychology—assessing 
symptoms of anxiety or depression across multiple meth-
ods and settings (e.g., self-report, clinician ratings, outpa-
tient vs. inpatient) in which trait-by-method interactions can 
be substantial (Campbell & Fiske, 1959); instructional effec-
tiveness—juxtaposing class-average student ratings with 
teacher self-evaluations of instructional effectiveness (Marsh 
& Roche, 1997); developmental psychology—analyzing 
developmental changes in children’s depression and anxi-
ety using self-reports and parent reports (Geiser et  al., 
2010); sport psychology—comparing multidimensional 
self-beliefs of elite and the general public across physical, 
academic, and social domains (Marsh et  al., 1995); item-
wording effects—testing whether positively and negatively 
worded items on multidimensional instruments represent 
substantive distinctions or wording-method artifacts (Marsh 
et al., 2023); instrument validation—assessing discriminant 
validity through repeated test-retest administrations (Marsh 
et al., 2010) or split-half designs (see Section 3 in the Sup-
plemental Material); and jingle-jangle fallacies—evaluating 
whether parallel labels assigned to factors by different 
instruments (or different labels for factors measuring the 
same construct) are appropriate; Marsh, 1994). 

These examples underscore the empirical versatility 
of the EC-F framework in applied psychological research. 
Its compatibility with standard SEM software facilitates 
implementation using existing tools, promoting immedi-
ate adoption across subfields. By explicitly addressing 
trait-by-method interactions, the framework enhances 
diagnostic precision and supports nuanced interpreta-
tions of construct validity—critical for advancing theory, 
informing interventions, and improving measurement 
practices in contemporary psychological science.

Retirement plans are premature

Our study addresses recent suggestions that the  
Campbell-Fiske guidelines (Campbell & Fiske, 1959) may 

no longer be needed given the prominence of MTMM:SEM 
approaches (e.g., Helm, 2022; Widaman, 2022). Although 
we share criticisms of the original guidelines—particu-
larly their reliance on manifest correlations and lack of 
formal statistical testing—we believe these limitations 
can be addressed through our latent-variable adaptation. 
By applying the guidelines within a fully latent MTMD 
matrix, supported by multiple-indicator models and for-
mal asymptotic comparisons, we preserve the formative 
spirit of the Campbell and Fiske guidelines while enhanc-
ing precision and interpretability.

Rather than discarding the guidelines, we aim to 
“refresh the bathwater while keeping the baby”— 
updating their empirical implementation without aban-
doning their conceptual foundation. Their core contri-
bution—a structured, criterion-based approach to 
evaluating convergent and discriminant validity—remains 
uniquely valuable. In this sense, retirement plans are 
premature. Properly modernized, the Campbell and 
Fiske guidelines (Campbell & Fiske, 1959) continue to 
offer a robust and accessible framework for construct 
validation in contemporary basic and applied research.

Practical guidance for the application 
of the extended framework

In response to recurring concerns about convergence 
and practical application of MTMM models, particularly 
for researchers working with large-scale survey data, in 
this section, we outline applied guidance for using the 
EC-F approach. Drawing on both psychometric theory 
and simulation evidence, we summarize key recommen-
dations regarding the number of traits, methods, indica-
tors, sample size, and treatment of CUs. We aim to clarify 
minimal requirements and best practices that can sup-
port the broader adoption of EC-F models in applied-
research contexts.

Number of traits, methods, and indicators.  SEM 
approaches to MTMM data—particularly the “gold standard” 
CT-CM model—are notoriously subject to convergence 
problems and improper solutions. This does not apply to 
our EC-F approach, which involves fitting only a simple 
measurement model that rarely has convergence issues.

As with all MTMM models, the minimal requirements 
are at least two traits and at least two methods. However, 
it is useful to have three or more methods and particu-
larly three or more traits. Like any other CFA model, we 
recommend having three or more indicators per factor, 
although it is sometimes possible to fit a model with 
only two indicators. However, it is always good to have 
more high-quality indicators of each factor because this 
enhances estimation stability, reduces bias, and improves 
construct coverage. Of course, it is technically possible 
to have one or more factors based on a single indicator; 
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however, this detracts from the value of the approach 
and warrants discussion as a limitation (e.g., the single-
indicator measures of achievement for each domain in 
our study).

Sample-size recommendations.  Minimal-sample-size 
recommendations remain a contentious issue in CFA and 
SEM. Because our EC-F model is merely a CFA measure-
ment model, the same general considerations apply. The 
only truly uncontroversial advice is that more is always 
better (Marsh et al., 1995). There is no universally accepted 
rule for determining the minimum sample size in SEM; 
however, many ad hoc guidelines exist in the literature. A 
widely endorsed benchmark is that N > 200 generally suf-
fices for fitting moderately complex measurement models, 
particularly when latent factors have at least three indica-
tors and are well defined (Kline, 2016; Marsh et al., 1995).

Various heuristics are sometimes proposed—for 
example, 10 to 20 participants per indicator (Marsh et al., 
1995; Wolf et al., 2013) or 10:1 ratios of cases to param-
eters (Bentler & Chou, 1987; Marsh et al., 1995). How-
ever, Marsh et  al. (1995) criticized such rules for 
oversimplification and lack of generalizability. In their 
Monte Carlo simulations, Marsh et al. demonstrated that 
increasing the number of indicators per factor substan-
tially improves model convergence, estimation precision, 
and the recovery of population parameters—particularly 
when sample sizes are modest. Their findings suggest 
that the number of indicators per trait or method factor 
is often more important than arbitrary participant-to-
parameter ratios.

Accordingly, we adopted a conservative minimum-
sample-size guideline of N > 200 for our extended MTMD 
models while emphasizing that appropriate sample size 
should be evaluated in relation to model complexity, 
factor reliability, and the extent of missing data. For 
future applications, we encourage researchers to con-
sider simulation-based power analysis tailored to the 
model specifications of their own study (e.g., Muthén & 
Muthén, 2002). 

Treatment of CUs.  Whereas some MTMM:SEM models 
use CUs to overcome convergence problems—for exam-
ple, in “correlated-traits, correlated-uniquenesses” variants 
of the CT-CM model—this is not necessary in our EC-F 
approach. As in any CFA measurement model, CUs should 
be used sparingly and only when they are theoretically 
justified a priori and supported empirically. Typical a pri-
ori justifications include cases in which different latent 
constructs are measured using parallel-worded items that 
may share residual variance beyond the latent traits or 
methods or in longitudinal models in which identical or 
similarly worded items are administered across time. In 
such cases, shared residual variance across repeated item 
measurements is not captured by the trait factors and 

should be modeled as CUs to avoid inflating stability 
estimates or misattributing change ( Jöreskog, 1971; Little 
et al., 2007; Marsh & Hau, 1996). CUs should not be added 
post hoc merely to improve model fit or aid convergence 
because this undermines the interpretability of trait-
method decompositions. In our EC-F models, all CUs were 
prespecified based on item wording, consistent with best 
practices.

Multiple-group, longitudinal, and multi-informant 
considerations.  When applying our EC-F framework in 
multigroup, longitudinal, or multiinformant settings, it is 
generally appropriate to test for measurement invariance 
(Meredith, 1993; Millsap, 2011) to ensure that latent traits 
are measured equivalently across the relevant groups, 
occasions, or informants. In multigroup designs (e.g., 
across countries, as in the present investigation), invari-
ance testing supports valid cross-group comparisons.

In some situations, invariance tests in the EC-F model 
are appropriate for testing invariance across multiple 
methods. In longitudinal applications—in which waves 
of data collection (time) serve as methods—tests of lon-
gitudinal invariance are appropriate to ensure that trait 
scores retain the same meaning across time.

The EC-F model is also well suited to multi-informant 
contexts, which can involve either interchangeable infor-
mants (e.g., several employees rating the same supervi-
sor) or identifiably distinct informants (e.g., self, parent, 
and teacher ratings of each child; see Kenny, 2022;  
Widaman, 2022). In each case, tests of measurement 
invariance are informative: For interchangeable infor-
mants, they assess whether informants are indeed inter-
changeable; for distinguishable informants, they provide 
a basis for testing theoretically predicted patterns of 
agreement and divergence across perspectives.

However, some scholars have cautioned against the 
uncritical use of invariance tests in multi-informant 
designs. For example, De Los Reyes et al. (2022) argued 
that informant discrepancies may reflect meaningful, 
domain-relevant differences—such as variations in 
observation context or informant perspective—rather 
than mere measurement bias. In such cases, strict invari-
ance constraints may obscure substantively important 
differences. Accordingly, we recommend that researchers 
interpret invariance tests within the broader theoretical 
context of informant divergence and consider model 
variants, such as partial invariance, sensitivity analyses, 
or Trait × Method interactions, as appropriate.

Conclusion and Recommendations

Our EC-F guidelines offer an empirically grounded, con-
ceptually coherent alternative for construct validation. 
They preserve the diagnostic clarity of the original 
guidelines while addressing long-standing psychometric 
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limitations by using a well-specified latent-measurement 
model and formal tests of statistical significance to evalu-
ate each guideline.

Although the EC-F framework fully supports rigorous 
construct validation as a stand-alone approach, it is also 
complementary to SEM-based MTMM models. By begin-
ning with a robust, multiple-indicator measurement 
model and providing formal statistical tests of validity 
criteria, our framework aligns naturally with SEM prin-
ciples. This complementarity ensures that researchers can 
flexibly address a wide range of research questions—
using the extended framework when conceptual clarity 
and diagnostic transparency are paramount—and inte-
grate it with SEM-based MTMM models as appropriate. 
In this way, the extended framework preserves its status 
as a stand-alone approach while remaining fully compat-
ible with more advanced SEM strategies.

We aim to provide a flexible, interpretable, and practi-
cal approach supporting applied researchers in diverse 
settings. By grounding construct validation in a latent 
MTMM (or MTMD) correlation matrix, the framework 
enables researchers to foreground domain-specific inter-
pretations, conduct formal asymptotic comparisons, and 
evaluate trait-by-domain interactions—all while building 
on a validated measurement model that strikes a balance 
between interpretability and rigor.

To support best practices, we recommend that future 
MTMM-based studies (a) begin with a multiple-indicator 
CFA model to ensure a valid measurement structure,  
(b) use the latent MTMM (or MTMD) matrix as the empir-
ical foundation for construct validation, (c) apply the 
extended guidelines to formalize convergent and dis-
criminant validity criteria, (d) treat both facets (e.g., traits 
and methods/domains) as theoretically meaningful 
unless theory justifies asymmetry, and (e) use asymptotic 
parameter comparisons for transparent, statistically 
grounded evaluations.

The EC-F guidelines provide a practical roadmap that 
strikes a balance between conceptual fidelity and 
empirical rigor. They support decisions in scale devel-
opment, program evaluation, and policy interpreta-
tion—particularly in fields such as psychology, 
education, public health, and the social sciences, in 
which multidimensional constructs and diverse data 
sources are common. The approach’s interpretability, 
low reliance on complex modeling, and capacity to 
diagnose construct validity at the facet level make it 
especially well suited for applied contexts. At the same 
time, because all analyses are anchored in a validated 
latent-measurement model and supported by formal 
statistical comparisons, results generated using this 
approach meet the evidentiary standards of leading 
scholarly journals—ensuring both scientific rigor and 
practical utility.
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