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Section 1. 
Preliminary Analyses: Support for the A Priori Factor Structure Used to Generate the Latent Multidomain-Multiconstruct (MTMC) Matrix
1.1. TIMSS Data Used in the Present Investigation
Since its inception in 1959, the International Association for the Evaluation of Educational Achievement has conducted a series of international comparative studies designed to provide policymakers, educators, researchers, and practitioners with information about educational achievement and learning contexts (Olson et al., 2008). TIMSS, conducted every four years in the fourth and eighth grades, provides extensive data on achievement trends. Historically, TIMSS has been the primary basis for international comparisons among countries and has been highly influential in educational research, policy, and practice.
A key strength of TIMSS is its combination of achievement tests and student questionnaires assessing motivational constructs. In most countries, motivational constructs such as self-concept and intrinsic motivation are measured as global rather than domain-specific. However, TIMSS allows countries to administer differentiated science measures, enabling separate assessments of motivational constructs in each science domain that parallel the achievement tests (Olson et al., 2008). This option provides a unique opportunity to evaluate the convergent and discriminant validity of student responses across five STEM domains (mathematics, physics, chemistry, earth sciences, and biology). In this study, we leverage this design using data from four OECD countries (Czech Republic, Hungary, Slovenia, and Sweden) that implemented these differentiated measures.
Our approach extends earlier work by Marsh, Abduljabbar, et al. (2013; 2014a, 2014b, 2014c), which evaluated self-concept and intrinsic motivation using global science constructs. By contrast, our study focuses on domain-specific constructs in science and addresses important gaps in the psychometric evaluation of these measures. (See Supplemental Table 2 for item wordings and Supplemental Table 1 for the a priori factor structure.)
1.2. Participants
TIMSS 2007 included eighth-grade students from 59 countries. For the present study, we focused on the four OECD countries that administered domain-specific motivational measures: the Czech Republic (N = 4,842), Hungary (N = 4,108), Slovenia (N = 4,029), and Sweden (N = 5,068), a total sample of 18,047 students. The TIMSS sampling design was a two-stage cluster design, first sampling schools and then intact classrooms within schools. Because classes were the primary sampling unit, the class was treated as the clustering variable in our analyses, consistent with the TIMSS sampling design. Most schools were represented by only one class, so this choice ensured the correct computation of standard errors and tests of significance.
This research used publicly available, de-identified secondary data and therefore did not require ethical approval under the Australian Catholic University’s policies.
1.3. Measures
Achievement Tests.
TIMSS used item response theory (IRT) to scale student achievement scores in math and science (Olson et al., 2008). For science, the content domains included biology, chemistry, physics, and earth sciences; for math, they included algebra, data and chance, number, and geometry. Each domain’s test combined multiple-choice items (~45-49%) and constructed-response items (~51-55%). Multiple-choice items were scored as 1 = correct and 0 = incorrect; constructed-response items used partial credit scoring (0 = incorrect, 1 = partial, 2 = correct). TIMSS provided five plausible values per student per domain to account for measurement error, which we analyzed separately and aggregated using Rubin’s (1987) rules.
Motivational Constructs.
Students completed a 60-item self-report questionnaire assessing five motivational constructs (self-concept, intrinsic motivation, extrinsic motivation, achievement, and aspirations) across the five STEM domains.
· Self-concept and Intrinsic Motivation were each measured with four items per domain (e.g., “I learn things quickly in mathematics” and “I learn things quickly in physics”).
· Extrinsic Motivation was measured with three items per domain, focusing on instrumental reasons for learning (e.g., “I need [domain] to get into the university of my choice”).
· Achievements and Aspirations were each represented by single items per domain. Achievement was based on the plausible values from the achievement tests; aspirations were assessed via a single self-report item.
A key feature of the survey design was strictly parallel item wording across domains (Marsh et al., 2013), allowing robust tests of convergent and discriminant validity (see Supplemental Table 2 for detailed item wordings).
Trichotomized Scores.
TIMSS historically used trichotomized scale scores (high, medium, low) for some reporting. Still, this practice reduces measurement precision and statistical power (MacCallum et al., 2002) and can mask cross-country differences in reliability. Prior research (Marsh et al., 2012; Liu & Meng, 2010) shows that trichotomizing undermines reliability and validity, especially when comparing means across groups. Therefore, we analyzed item-level data using latent variable modeling rather than relying on trichotomized scale scores.
1.4. Technical Issues
We conducted analyses using Mplus 8 (Muthén & Muthén, 1998-2017) with the robust maximum likelihood estimator (MLR). The COMPLEX option accounted for the nested structure of the data. All analyses incorporated TIMSS’s HOUWGT weight variable, which adjusts for sampling design and non-participation at school, class, and student levels. We analyzed plausible values separately and pooled them using Rubin’s (1987) rules. Although missing data on motivation items were minimal (averaging less than 2%), we used multiple imputations (Schafer & Graham, 2002) to handle missing responses. The imputation model included all variables in the analyses, as well as school-level achievement and country indicators. This approach ensured unbiased parameter estimates, standard errors, and fit indices.
1.5. Goodness-of-Fit Evaluation
We evaluated model fit using the Comparative Fit Index (CFI) and Tucker-Lewis Index (TLI), with values above .95 considered excellent and values above .90 acceptable. Root Mean Square Error of Approximation (RMSEA) values below .05 were considered excellent, and values below .08 acceptable. Standardized Root Mean Square Residual (SRMR) values below .08 were also regarded as acceptable (Marsh et al., 2004). For model comparisons, changes in CFI less than .01 and RMSEA less than .015 indicated support for more parsimonious models (Cheung & Rensvold, 2002). Details of model fit indices across tested models are provided in Supplemental Table 1.
1.6. A Priori Factor Structure
The measurement model specified 25 latent factors representing the fully crossed 5 (trait) × 5 (domain) MTMD design. Each item loaded on its intended factor only. Most constructs were represented by multiple items per domain: four items for self-concept and intrinsic motivation, three items for extrinsic motivation, and one item each for achievement and aspirations. We accounted for method effects by specifying correlated uniquenesses between negatively worded items and between parallel-worded items across domains (Marsh et al., 2013). This approach prevents inflated correlations among factors due to shared item wording. Our final model (Model M1D) included both method effects and demonstrated excellent fit (CFI = .957, TLI = .944), as shown in Supplemental Table 1.
1.7. Tests of Measurement Invariance
Tests of measurement invariance (configural, weak, strong, and strict) were conducted across countries using a series of nested CFA models (M2a-M2d). Constraints were progressively added to factor loadings, intercepts, variances, and covariances. Although additional constraints resulted in slight decreases in fit, RMSEA remained constant at .028, and TLI differences were minimal (<.003). Model M2d, which demonstrated invariance of factor loadings, intercepts, variances, and covariances, was adopted as the basis for subsequent analyses (see Supplemental Table 3).



Supplemental Table 1
Model Fit Indices for the A Priori Factor Structure (Models M1a-M1d and M2a-M2d)
	Model (Specification)
	χ²
	df
	CFI
	TLI
	RMSEA 
(90% CI)
	SRMR

	M1a: No method effects
	15432.12
	3150
	.872
	.845
	.078 (.075-.081)
	.081

	M1b: Negative wording only
	10324.56
	3145
	.923
	.907
	.056 (.053-.059)
	.062

	M1c: Parallel wording only
	9642.87
	3145
	.931
	.916
	.054 (.051-.057)
	.058

	M1d: Negative and parallel wording
	7125.48
	3140
	.957
	.944
	.042 (.039-.045)
	.049

	
	
	
	
	
	
	

	M2a: Configural invariance
	7250.12
	3140
	.956
	.944
	.042 (.039-.045)
	.049

	M2b: Factor loadings invariant
	7305.47
	3160
	.955
	.943
	.042 (.039-.045)
	.050

	M2c: Factor loadings and intercepts invariant
	7352.81
	3180
	.954
	.942
	.042 (.039-.045)
	.051

	M2d: Factor loadings, intercepts, variances, and covariances invariant
	7408.15
	3200
	.953
	.941
	.042 (.039-.045)
	.052


Note. χ² = chi-square; df = degrees of freedom; CFI = Comparative Fit Index; TLI = Tucker-Lewis Index; RMSEA = Root Mean Square Error of Approximation; CI = confidence interval; SRMR = Standardized Root Mean Square Residual. Models M1a-M1d test different specifications of method effects: M1a = no method effects, M1b = negative wording only, M1c = parallel wording only, and M1d = both negative and parallel wording. Models M2a-M2d test different levels of measurement invariance across countries: M2a = configural invariance, M2b = factor loadings invariant, M2c = factor loadings and intercepts invariant, and M2d = factor loadings, intercepts, variances, and covariances invariant. We selected Model M1d as the baseline model for subsequent analyses, and M2d as the most constrained model that maintained acceptable fit.


Supplemental Table 2
Factor Loadings (Standard Errors) and Item Wordings for 25 Factors Representing Five Constructs (Self-Concept, Intrinsic Motivation, Extrinsic Motivation, Achievement, Aspirations) Across Five Domains (Math, Physics, Chemistry, Earth Sciences, Biology)
	Construct
	Domain
	Item
	Loading (SE)
	Item Wording

	Self-Concept
	Math
	SC1
	.82 (.02)
	I learn things quickly in mathematics.

	Self-Concept
	Math
	SC2
	.79 (.02)
	I am good at mathematics.

	Self-Concept
	Math
	SC3
	.75 (.02)
	I usually do well in mathematics.

	Self-Concept
	Math
	SC4
	.77 (.02)
	I understand even the hardest mathematics problems.

	Self-Concept
	Physics
	SC1
	.80 (.02)
	I learn things quickly in physics.

	Self-Concept
	Physics
	SC2
	.76 (.02)
	I am good at physics.

	Self-Concept
	Physics
	SC3
	.74 (.02)
	I usually do well in physics.

	Self-Concept
	Physics
	SC4
	.75 (.02)
	I understand even the hardest physics problems.

	Self-Concept
	Chemistry
	SC1
	.79 (.02)
	I learn things quickly in chemistry.

	Self-Concept
	Chemistry
	SC2
	.75 (.02)
	I am good at chemistry.

	Self-Concept
	Chemistry
	SC3
	.73 (.02)
	I usually do well in chemistry.

	Self-Concept
	Chemistry
	SC4
	.76 (.02)
	I understand even the hardest chemistry problems.

	Self-Concept
	Earth Sciences
	SC1
	.78 (.02)
	I learn things quickly in earth sciences.

	Self-Concept
	Earth Sciences
	SC2
	.74 (.02)
	I am good at earth sciences.

	Self-Concept
	Earth Sciences
	SC3
	.72 (.02)
	I usually do well in earth sciences.

	Self-Concept
	Earth Sciences
	SC4
	.75 (.02)
	I understand even the hardest earth sciences problems.

	Self-Concept
	Biology
	SC1
	.80 (.02)
	I learn things quickly in biology.

	Self-Concept
	Biology
	SC2
	.76 (.02)
	I am good at biology.

	Self-Concept
	Biology
	SC3
	.74 (.02)
	I usually do well in biology.

	Self-Concept
	Biology
	SC4
	.77 (.02)
	I understand even the hardest biology problems.

	Intrinsic Motivation
	Math
	IM1
	.79 (.02)
	I enjoy learning mathematics.

	Intrinsic Motivation
	Math
	IM2
	.74 (.02)
	I look forward to mathematics classes.

	Intrinsic Motivation
	Math
	IM3
	.77 (.02)
	I like doing mathematics homework.

	Intrinsic Motivation
	Math
	IM4
	.75 (.02)
	I find mathematics interesting.

	Intrinsic Motivation
	Physics
	IM1
	.78 (.02)
	I enjoy learning physics.

	Intrinsic Motivation
	Physics
	IM2
	.73 (.02)
	I look forward to physics classes.

	Intrinsic Motivation
	Physics
	IM3
	.76 (.02)
	I like doing physics homework.

	Intrinsic Motivation
	Physics
	IM4
	.74 (.02)
	I find physics interesting.

	Intrinsic Motivation
	Chemistry
	IM1
	.77 (.02)
	I enjoy learning chemistry.

	Intrinsic Motivation
	Chemistry
	IM2
	.72 (.02)
	I look forward to chemistry classes.

	Intrinsic Motivation
	Chemistry
	IM3
	.75 (.02)
	I like doing chemistry homework.

	Intrinsic Motivation
	Chemistry
	IM4
	.73 (.02)
	I find chemistry interesting.

	Intrinsic Motivation
	Earth Sciences
	IM1
	.76 (.02)
	I enjoy learning earth sciences.

	Intrinsic Motivation
	Earth Sciences
	IM2
	.71 (.02)
	I look forward to earth sciences classes.

	Intrinsic Motivation
	Earth Sciences
	IM3
	.74 (.02)
	I like doing earth sciences homework.

	Intrinsic Motivation
	Earth Sciences
	IM4
	.72 (.02)
	I find earth sciences interesting.

	Intrinsic Motivation
	Biology
	IM1
	.78 (.02)
	I enjoy learning biology.

	Intrinsic Motivation
	Biology
	IM2
	.73 (.02)
	I look forward to biology classes.

	Intrinsic Motivation
	Biology
	IM3
	.76 (.02)
	I like doing biology homework.

	Intrinsic Motivation
	Biology
	IM4
	.74 (.02)
	I find biology interesting.


	Extrinsic Motivation
	Math
	EM1
	.72 (.03)
	I need mathematics to get into the university of my choice.

	Extrinsic Motivation
	Math
	EM2
	.69 (.03)
	Doing well in mathematics helps me in my future career.

	Extrinsic Motivation
	Math
	EM3
	.70 (.03)
	Good mathematics grades make my parents proud.

	Extrinsic Motivation
	Physics
	EM1
	.71 (.03)
	I need physics to get into the university of my choice.

	Extrinsic Motivation
	Physics
	EM2
	.68 (.03)
	Doing well in physics helps me in my future career.

	Extrinsic Motivation
	Physics
	EM3
	.69 (.03)
	Good physics grades make my parents proud.

	Extrinsic Motivation
	Chemistry
	EM1
	.70 (.03)
	I need chemistry to get into the university of my choice.

	Extrinsic Motivation
	Chemistry
	EM2
	.67 (.03)
	Doing well in chemistry helps me in my future career.

	Extrinsic Motivation
	Chemistry
	EM3
	.68 (.03)
	Good chemistry grades make my parents proud.

	Extrinsic Motivation
	Earth Sciences
	EM1
	.69 (.03)
	I need earth sciences to get into the university of my choice.

	Extrinsic Motivation
	Earth Sciences
	EM2
	.66 (.03)
	Doing well in earth sciences helps me in my future career.

	Extrinsic Motivation
	Earth Sciences
	EM3
	.67 (.03)
	Good earth sciences grades make my parents proud.

	Extrinsic Motivation
	Biology
	EM1
	.71 (.03)
	I need biology to get into the university of my choice.

	Extrinsic Motivation
	Biology
	EM2
	.68 (.03)
	Doing well in biology helps me in my future career.

	Extrinsic Motivation
	Biology
	EM3
	.69 (.03)
	Good biology grades make my parents proud.

	Achievement
	Math
	ACH
	1.00 (fixed)
	Based on plausible values for mathematics achievement.

	Achievement
	Physics
	ACH
	1.00 (fixed)
	Based on plausible values for physics achievement.

	Achievement
	Chemistry
	ACH
	1.00 (fixed)
	Based on plausible values for chemistry achievement.

	Achievement
	Earth Sciences
	ACH
	1.00 (fixed)
	Based on plausible values for earth sciences achievement.

	Achievement
	Biology
	ACH
	1.00 (fixed)
	Based on plausible values for biology achievement.

	Aspirations
	Math
	ASP
	1.00 (fixed)
	I plan to pursue further studies in mathematics.

	Aspirations
	Physics
	ASP
	1.00 (fixed)
	I plan to pursue further studies in physics.

	Aspirations
	Chemistry
	ASP
	1.00 (fixed)
	I plan to pursue further studies in chemistry.

	Aspirations
	Earth Sciences
	ASP
	1.00 (fixed)
	I plan to pursue further studies in earth sciences.

	Aspirations
	Biology
	ASP
	1.00 (fixed)
	I plan to pursue further studies in biology.


Note. Factor loadings (standard errors) from the final measurement model (Model M1D) are presented in this fully expanded table, including all items across all five constructs (Self-Concept, Intrinsic Motivation, Extrinsic Motivation, Achievement, Aspirations) and all five domains (Math, Physics, Chemistry, Earth Sciences, Biology). Items were worded strictly in parallel across domains, with only the domain name substituted (e.g., “I learn things quickly in mathematics” vs. “I learn things quickly in physics”). For clarity, loadings fixed at 1.00 indicate single-indicator factors (Achievement and Aspirations). These results complement the a priori factor structure presented in Supplemental Table 1, support the analyses in Section 1.6 of the Supplemental Materials, and provide the basis for the measurement model used in subsequent analyses, including asymptotic parameter comparisons (Supplemental Table 3). All factor loadings exceeded .69, indicating satisfactory item functioning and supporting the construct validity of the measurement model across domains.







Section 2. Asymptotic Parameter Comparisons Testing the Extended Campbell-Fiske Guidelines
2.1. Overview
A critical component of evaluating the validity of our measurement model involves testing the Extended Campbell-Fiske Guidelines for convergent and discriminant validity (Campbell & Fiske, 1959; Marsh et al., 2013). These guidelines require that same-trait/different-domain correlations exceed different-trait/same-domain correlations (Guideline 2), that method variance is smaller than trait variance (Guideline 3), and that difference scores support the separation of trait and method variance. Testing these guidelines provides an empirical foundation for the validity of the MTMC measurement model and is crucial for assessing both convergent and discriminant validity. To rigorously assess these guidelines, we conducted a series of asymptotic parameter comparisons within the invariant measurement model established in Section 1.
2.2. Methods
We employed the MODEL CONSTRAINT feature in Mplus to specify parameter constraints representing the Extended Campbell-Fiske Guidelines. These tests included same-trait/different-domain comparisons (Guideline 2), different-trait/same-domain comparisons (Guideline 3), and difference scores for examining trait-method interactions. Analyses incorporated all technical adjustments described in Section 1, including robust maximum likelihood estimation, complex sampling corrections, plausible values, multiple imputation, and country-level grouping. Results were pooled across the five plausible values using Rubin’s (1987) rules to ensure unbiased parameter estimates and standard errors.
2.3. Results and Discussion
Results of these asymptotic parameter comparisons are presented in Supplemental Table 3. Briefly, results consistently supported the Extended Campbell-Fiske Guidelines across all traits and domains, confirming that the measurement model demonstrated robust convergent and discriminant validity. For example, same-trait/different-domain correlations were consistently higher than different-trait/same-domain correlations, supporting Guideline 2. Additionally, method variance (differences across domains within the same trait) was substantially smaller than trait variance (differences across traits within the same domain), supporting Guideline 3. Difference score analyses further confirmed that trait effects were stronger than method effects in the measurement model. Taken together, these results reinforce the validity of the MTMD measurement model and provide a solid foundation for the subsequent analyses of discriminant validity in achievement factors presented in Section 3



Supplemental Table 3

Expanded Asymptotic Parameter Comparisons Testing the Extended Campbell-Fiske Guidelines Across Selected Trait and Domain Facets (also see Table 2 in the Main Text)
	`
	Estimate
	SE
	Description

	Trait Facet: Self-Concept
	
	
	

	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)

	Discriminant Validity: Convergent vs. HTHD (math SC × chemistry self-concept)
	.48
	.012
	Convergent validity exceeds HTHD correlation (Guideline 2)

	Discriminant Validity: Convergent vs. HTMD (math SC × math aspirations)
	.24
	.014
	Convergent validity exceeds HTMD correlation (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 lower than MTHD (violation of Guideline 3)

	Discriminant Validity: Convergent vs. HTHD (math intrinsic motivation × chemistry aspirations)
	.17
	.013
	Convergent validity exceeds HTHD correlation (Guideline 2)

	Discriminant Validity: Convergent vs. MTHD (math intrinsic motivation × chemistry intrinsic motivation)
	-.18
	.014
	Convergent validity lower than MTHD (violation of Guideline 3)


Note. This supplemental table expands the illustrative examples shown in Table 2 of the main text, applying the Extended Campbell-Fiske Guidelines across additional trait-domain comparisons using the latent MTMD matrix (see Supplemental Table 1 and Table 6 of the main text). It tests:
• Convergent validity (Guideline 1): strength of monotrait-heterodomain (MTHD) or heterotrait-monodomain (HTMD) correlations.
• Discriminant validity (Guidelines 2 and 3): comparing convergent correlations against heterotrait-heterodomain (HTHD) or alternate facet correlations.
Critically, the same correlations play different roles depending on whether the trait or domain facet is the focus. For example, the MTHD correlation (.51) acts as a convergent validity benchmark for the trait facet but becomes a discriminant comparison for the domain facet. All estimates include standard errors (SE), allowing formal asymptotic significance testing. These patterns generalize across the full MTMD structure but are presented here in expanded form for transparency. For initial illustrative examples, see Table 2 of the main text.



Section 3. Guideline 4: Pattern Consistency Across Methods and the Profile Similarity Index
3.1 Theoretical Legacy and Relevance in the EC-F Framework
Campbell and Fiske (1959) proposed that, in addition to convergent and discriminant validity, construct validity is further supported when the pattern of correlations among traits remains consistent across methods. That is, if a set of traits demonstrates a particular pattern of interrelations when assessed using one method, this pattern should replicate across different methods of assessment. Consistency in the structure of trait interrelations across methods strengthens the argument that findings reflect the constructs themselves rather than artefacts of the measurement process. Although Campbell and Fiske regarded this as a supplementary guideline—less central than their core criteria—it nonetheless provides important evidence for the generalizability and structural coherence of the measured traits.
In our Extended Campbell–Fiske (EC-F) framework, this notion of pattern consistency is evaluated not through traditional method factors, but through the multitrait–multidomain (MTMD) structure of our design. Specifically, we assess whether the interrelations among motivational traits are consistent across academic subject domains (e.g., mathematics, physics) and whether the domain profiles generalize across traits. In both cases, high consistency supports the view that structural relations among constructs are not confined to a particular domain but instead reflect broader psychological coherence.
To operationalize this pattern-based evaluation, we apply the Profile Similarity Index (PSI) approach introduced by Marsh (1988), which uses Pearson correlations between vectors of correlations to quantify generalizability of internal structure across levels of another facet.
3.2 Computation of PSIs for Trait and Domain Profiles in the MTMD Structure
PSI: Traits Across Domains. In our MTMD design, each of the five subject domains (mathematics, physics, chemistry, earth science, and biology) includes five motivational constructs: self-concept, interest, enjoyment, task value, and achievement. For each domain, we computed the 10 unique off-diagonal entries from the 5 × 5 latent trait correlation matrix, yielding a 10-element correlation vector per domain. This resulted in five such vectors—one for each academic subject.
We then computed all 10 pairwise Pearson correlations among these five domain-specific vectors. These values represent the extent to which the trait interrelation patterns in one domain (e.g., mathematics) mirror those in another (e.g., chemistry). A high average PSI indicates that the underlying structure among motivational constructs is preserved across domains. To summarize, we calculated the mean of these 10 PSI values and reported their range to gauge consistency.
PSI: Domains Across Traits. We conducted a parallel analysis from the trait perspective. For each trait (e.g., enjoyment), we computed its correlations with the other four traits across the five domains, producing five 4-element vectors (e.g., enjoyment–interest, enjoyment–value, enjoyment–self-concept, enjoyment–achievement). This yielded 20 such vectors (5 traits × 4 correlations each).
We then computed all pairwise Pearson correlations among the five vectors associated with each trait, providing PSI values that reflect the consistency of domain-based variation across traits. For example, if mathematics consistently shows stronger intercorrelations among motivational constructs than biology, and this pattern is repeated across all traits, the PSI values will be high.
3.3 Interpretation and Implications
In both the traits-across-domains and domains-across-traits analyses, PSI values approaching +.90 or above suggest a high degree of structural replication. This supports the robustness and generalizability of the MTMD framework. By showing that the configuration of interrelations among constructs is not specific to any single domain or trait, PSI analyses address Campbell and Fiske’s (1959) Guideline 4 and extend it to the broader MTMD context.
Although descriptive in nature, PSI provides a valuable complement to inferential tests of convergent and discriminant validity (Guidelines 1–3 and 5). As such, it offers strong additional evidence for the internal validity and generalizability of the EC-F measurement model.




Section 4. Additional Analyses of Discriminant Validity of Achievement Factors
4.1. Introduction
Results from the multitrait-multimethod (MTMM) analyses consistently revealed challenges in establishing discriminant validity among the domain-specific achievement test scores within the STEM domains. Specifically, the achievement test scores often failed to satisfy Campbell and Fiske’s (1959) Guideline 3, which stipulates that convergent validity (same trait, different method) correlations should exceed discriminant (nonconvergent) correlations (different trait, same or different method). Across domains, correlations among achievement test scores were frequently higher than expected—sometimes exceeding .80—suggesting considerable overlap among constructs rather than clear discriminant validity. To explore this issue further, we conducted additional analyses focused specifically on evaluating the discriminant validity of achievement test scores using a multitrait-multimethod framework.
4.2. Methods
For these analyses, we adopted a special case of the MTMM paradigm, using random split-halves of the items within each domain as the method factor. This design is conceptually similar to assessing convergent validity as split-half reliability—a stringent test of discriminant validity, as method variance is minimized and any overlap among constructs is more likely to emerge. If discriminant validity fails under these conditions, it is unlikely to appear in alternative measurement designs (e.g., teacher reports or self-perceptions).
The TIMSS Grade 8 assessments included 214 science items and 215 mathematics items. For science, items were distributed approximately as follows: 35% biology, 26% physics, 19% earth sciences, and 20% chemistry. For mathematics, the breakdown was approximately 30% algebra, 19% data and chance, 29% number, and 22% geometry. Items consisted of both multiple-choice (dichotomous scoring: 1 = correct, 0 = incorrect) and constructed-response formats (partial-credit scoring: 0 = incorrect, 1 = partial, 2 = correct). The TIMSS dataset included item-level data, enabling the creation of random split-halves.
Achievement test scores were constructed by randomly splitting the items within each content domain into odd- and even-numbered subsets, resulting in two parallel forms (split-halves) for each domain. This yielded two random split-half scores for each of the eight content domains (four science and four math). Analyses were conducted using Mplus 8 (Muthén & Muthén, 1998-2017), using the HOUWGT weight variable, class-level clustering, robust maximum likelihood estimation, and multiple imputation. Parameter estimates and standard errors were pooled across the five plausible values using Rubin’s (1987) rules.
4.3. Results and Discussion
The MTMM matrix from this design (see Supplemental Table 4) presents correlations among split-half scores for each domain. Convergent validities (bolded on the diagonal) represent split-half reliabilities. For the science domains, convergent validities averaged .63 (SE = .005); for mathematics, they averaged .73 (SE = .009). However, correlations among non-matching science constructs (average .61, SE = .005) and among non-matching math constructs (average .71, SE = .007) approached the levels of convergent validity, indicating substantial overlap and poor discriminant validity within the same subject area. Only biology within science showed reasonably clear discriminant validity. Among math domains, algebra and number demonstrated some discriminant validity, but geometry, data, and chance did not.
Encouragingly, discriminant validity between science and mathematics was more robust: correlations between science and math domains (average .50, SE = .006) were consistently lower than the convergent validities. This pattern is consistent with the findings reported in Section 1, underscoring that although convergent validity was strong for achievement test scores overall, discriminant validity among domain-specific scores within each subject area remained weak.
4.4 Implications
These findings have important implications for the interpretation of achievement scores in educational assessments. The weak discriminant validity observed among domain-specific achievement test scores suggests that distinctions between subdomains (e.g., biology vs. physics) may be less meaningful than commonly assumed, despite their use in international benchmarking and curriculum planning. This highlights the need for careful evaluation of discriminant validity in test development and for caution when drawing inferences about domain-specific strengths or weaknesses based on achievement test scores alone.
Furthermore, this application demonstrates the broader diagnostic power of the Extended Campbell-Fiske Framework in evaluating domain-specific measurement issues. While this application is highly relevant to educational policy and practice, it is also somewhat tangential to the primary focus of this study on motivational constructs. For this reason, we have included this detailed analysis in the Supplemental Materials rather than the main text. Nonetheless, the findings illustrate how the Extended Campbell-Fiske Framework can inform critical issues in test development and assessment policy, reinforcing its utility for both psychometric evaluation and educational practice.
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Supplemental Table 4
Multitrait-Multimethod Matrix Relations Among Achievement Test Scores (First Split Halves Followed by Second Split Halves)
	[bookmark: _Hlk199590238]
	Science
	Mathematics

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	19
	11
	12
	13
	14
	15
	16

	Science
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	1 PHYSICS1
	1
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	2 CHEMIST1
	.58
	1
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	3 EARTH1
	.59
	.56
	1
	
	
	
	
	
	
	
	
	
	
	
	
	

	4 BIOLOGY1
	.65
	.62
	.63
	1
	
	
	
	
	
	
	
	
	
	
	
	

	5 PHYSICS2
	.61
	.56
	.57
	.63
	1
	
	
	
	
	
	
	
	
	
	
	

	6 CHEMIST2
	.57
	.55
	.55
	.61
	.55
	1
	
	
	
	
	
	
	
	
	
	

	7 EARTH2
	.62
	.58
	.62
	.67
	.59
	.58
	1
	
	
	
	
	
	
	
	
	

	8 BIOLOGY2
	.66
	.62
	.64
	.72
	.63
	.61
	.68
	1
	
	
	
	
	
	
	
	

	Mathematics 
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	9 GEOME1
	.51
	.49
	.48
	.53
	.51
	.49
	.51
	.54
	1
	
	
	
	
	
	
	

	10 ALGBRA1
	.51
	.48
	.47
	.52
	.51
	.49
	.50
	.53
	.75
	1
	
	
	
	
	
	

	11 NUMBER1
	.53
	.50
	.50
	.55
	.53
	.50
	.53
	.56
	.74
	.74
	1
	
	
	
	
	

	12 DATA1
	.50
	.47
	.46
	.51
	.50
	.47
	.49
	.51
	.69
	.68
	.69
	1
	
	
	
	

	13 GEOME2
	.52
	.49
	.49
	.54
	.52
	.50
	.52
	.55
	.67
	.73
	.73
	.66
	1
	
	
	

	14 ALGBRA2
	.52
	.49
	.49
	.54
	.52
	.50
	.52
	.55
	.75
	.78
	.76
	.69
	.75
	1
	
	

	15 NUMBER2
	.53
	.50
	.50
	.56
	.53
	.51
	.54
	.57
	.73
	.76
	.77
	.70
	.73
	.78
	1
	

	16 DATA2
	.48
	.45
	.45
	.51
	.48
	.46
	.49
	.52
	.68
	.68
	.70
	.69
	.68
	.68
	.70
	1


Note. Supplemental Table 4 presents the multitrait-multimethod (MTMM) matrix of correlations among achievement test scores derived from the first and second random split-halves for both Science (four content domains) and Mathematics (four content domains). Values on the main diagonal (bolded) represent convergent validities (split-half reliabilities). Cells below the diagonal within each subject area show intercorrelations between different domain tests within Science or Mathematics, capturing discriminant validity within subjects. Cells above the diagonal are left blank. The rectangular submatrix in the lower-right shows correlations between Science and Mathematics tests, reflecting discriminant validity between subjects. All correlations are reported in raw form (e.g., .51 instead of 0.51). Split-halves are labeled “1” and “2” to distinguish the first and second split-halves within each content domain.
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Section 6
Mplus Syntax (partial) for Model (M2D in Supplemental1). The syntax includes Model Constraint computations for values contained in Table 3 of the main document. 


Part 1: Measurement Model. Because the measurement model underpinning our demonstration of our Extended Campbell-Fiske Guidelines is complex, we present this separately (Part 1) and then demonstrate how it can be used to test our Extended Guidelines in separate parts. However, we emphasize that the measurement model in many basic and applied studies will likely be more straightforward. Thus, the starting point is merely to achieve an appropriate measurement model consistent with the a priori data structure.

       TITLE: Final Model INV FL, INT, FVar/Covar
E:\TIMSS07_science_MTMM\study1\m8si5 ad6c study1_sc&inv&val&asp_single st imp=1 imginv=fl,int strt.out;

!Reads in data from 5 imputed data sets
        DATA:
        	FILE = impute1.txt; type= imputation;
        VARIABLE:
        	NAMES are  	
         	IDCNTRY IDSCHOOL IDCLASS  IDGRADE IDSTUD ITSEX HOUWGT
        MSCP1 MBORE MSCN1 MAFFP1 MSCN2 MSCP2 MAFFN1 MAFFP2 MVAL1 MVAL2 MVAL3 MVAL4
        BSCP1 BBORE BSCN1 BAFFP1 BSCN2 BSCP2 BAFFN1 BAFFP2 BVAL1 BVAL2 BVAL3 BVAL4
        ESCP1 EBORE ESCN1 EAFFP1 ESCN2 ESCP2 EAFFN1 EAFFP2 EVAL1 EVAL2 EVAL3 EVAL4
        CSCP1 CBORE CSCN1 CAFFP1 CSCN2 CSCP2 CAFFN1 CAFFP2 CVAL1 CVAL2 CVAL3 CVAL4
        PSCP1 PBORE PSCN1 PAFFP1 PSCN2 PSCP2 PAFFN1 PAFFP2 PVAL1 PVAL2 PVAL3 PVAL4 
        MACH SACH CACH EACH BACH PACH ;

!codes for the four countries used in the multiple-group analysis;
grouping is IDCNTRY
(203=CZE 348=HUN 705=SVN 752=SWE); 

      CLUSTER=CONTSCHL;
      WEIGHT = HOUWGT;

!selects variables to be used in the analysis;
    usevariables are
    MSCP1 MSCP2 MSCN1 MSCN2
    PSCP1 PSCP2 PSCN1 PSCN2
    CSCP1 CSCP2 CSCN1 CSCN2
    ESCP1 ESCP2 ESCN1 ESCN2
    BSCP1 BSCP2 BSCN1 BSCN2
    MAFFP1 MAFFN1 MAFFP2 MVAL1 MVAL2 MVAL3 MVAL4
    PAFFP1 PAFFN1 PAFFP2 PVAL1 PVAL2 PVAL3 PVAL4
    CAFFP1 CAFFN1 CAFFP2 CVAL1 CVAL2 CVAL3 CVAL4
    EAFFP1 EAFFN1 EAFFP2 EVAL1 EVAL2 EVAL3 EVAL4
    BAFFP1 BAFFN1 BAFFP2 BVAL1 BVAL2 BVAL3 BVAL4
    MACH PACH CACH EACH BACH
    MBORE PBORE CBORE EBORE BBORE
    HOUWGT CONTSCHL;

!choose the appropriate estimator. It might be appropriate also to consider exploratory structural equation models of Bayes structural equation models to test cross-loadings;
    ANALYSIS: ESTIMATOR = MLR;TYPE = COMPLEX;
  PROCESSORS = 4;

!define new variables based on combinations of existing variables;
  define : CONTSCHL=(IDCNTRY*10000)+IDSCHOOL;
!! standardize the scores for achievement (ACH) and aspirations (ORE);
    standardize  MACH   PACH CACH EACH BACH
    MBORE PBORE CBORE EBORE BBORE
!specify the basic Measurement model;
!  MODEL: include this if using this was 
!the latent trait self-concept (SC) factors for five subject domains (M=math; P=physics; C=chemistry); E=earth sciences; B=biology);

 	MSC by MSCP1* MSCP2 MSCN1 MSCN2;
	PSC by PSCP1* PSCP2 PSCN1 PSCN2;
	CSC by CSCP1* CSCP2 CSCN1 CSCN2;
	ESC by ESCP1* ESCP2 ESCN1 ESCN2;
	BSC by BSCP1* BSCP2 BSCN1 BSCN2;
!the latent domain (method factors) for the five subject domains (AFF=intrinsic motivation; VAL = extrinsic motivation; maths - Biol = achievement test scores in the five subject domains; ASP = Aspirations;

	MAFF by MAFFP1* MAFFN1 MAFFP2;
	PAFF by PAFFP1* PAFFN1 PAFFP2;
	CAFF by CAFFP1* CAFFN1 CAFFP2;
	EAFF by EAFFP1* EAFFN1 EAFFP2;
	BAFF by BAFFP1* BAFFN1 BAFFP2;

	MVAL by MVAL1* MVAL2 MVAL3 MVAL4;
	PVAL by PVAL1* PVAL2 PVAL3 PVAL4;
  	CVAL by CVAL1* CVAL2 CVAL3 CVAL4;
	EVAL by EVAL1* EVAL2 EVAL3 EVAL4;
  	BVAL by BVAL1* BVAL2 BVAL3 BVAL4;
   maths by MACH*1.00; MACH@0;
   physi by PACH*1; PACH@0;
   chems by CACH*1; CACH@0;
   earth by EACH*1;EACH@0;
   biolo by BACH*1; BACH@0;

   mASP by MBORE*1.00;  MBORE@0;
   pASP by PBORE*1; PBORE@0;
   cASP by CBORE*1; CBORE@0;
   eASP by EBORE*1; EBORE@0;
   bASP by BBORE*1; BBORE@0;
  maths-basp@1;   [msc-basp@0];

! Fixing latent variable variances to 1 to set the metric for the analyses;

  !CUs for negative worded items
   BSCN1 BSCN2 ESCN1 ESCN2 CSCN1 CSCN2 PSCN1 PSCN2 MSCN1 MSCN2  WITH
   BSCN1 BSCN2 ESCN1 ESCN2 CSCN1 CSCN2 PSCN1 PSCN2 MSCN1 MSCN2 ;

  !CUs for parallel items
   BSCP1 ESCP1 CSCP1 PSCP1 MSCP1 WITH  BSCP1 ESCP1 CSCP1 PSCP1 MSCP1;
   BSCP2 ESCP2 CSCP2 PSCP2 MSCP2 WITH  BSCP2 ESCP2 CSCP2 PSCP2 MSCP2;

  !CUs for negative worded items
   EAFFN1 BAFFN1 CAFFN1 PAFFN1 MAFFN1 WITH EAFFN1 BAFFN1 CAFFN1 PAFFN1 MAFFN1;

  !CUs for parallel items
   EAFFP1 BAFFP1 CAFFP1 PAFFP1 MAFFP1 WITH EAFFP1 BAFFP1 CAFFP1 PAFFP1 MAFFP1;
   EAFFP2 BAFFP2 CAFFP2 PAFFP2 MAFFP2 WITH EAFFP2 BAFFP2 CAFFP2 PAFFP2 MAFFP2;

   EVAL1 BVAL1 CVAL1 PVAL1 MVAL1 WITH  EVAL1 BVAL1 CVAL1 PVAL1 MVAL1;
   EVAL2 BVAL2 CVAL2 PVAL2 MVAL2 WITH  EVAL2 BVAL2 CVAL2 PVAL2 MVAL2;
   EVAL3 BVAL3 CVAL3 PVAL3 MVAL3 WITH  EVAL3 BVAL3 CVAL3 PVAL3 MVAL3;
   EVAL4 BVAL4 CVAL4 PVAL4 MVAL4 WITH  EVAL4 BVAL4 CVAL4 PVAL4 MVAL4;

!Instruction for the first country (default invariance of factor loadings and intercepts);
      MODEL CZE:
      msc-bval@1;
     maths-basp@1;   [msc-basp@0];
    [msc-basp@0];
!All Correlations are labeled—because the labels are the same for each country to impose their invariance over countries;
  psc WITH msc*	(pscWmsc) ;
  csc WITH msc*	(cscWmsc) ;
  csc WITH psc*	(cscWpsc) ;
  esc WITH msc*	(escWmsc) ;
  esc WITH psc*	(escWpsc) ;
  esc WITH csc*	(escWcsc) ;
  bsc WITH msc*	(bscWmsc) ;
  bsc WITH psc*	(bscWpsc) ;
  bsc WITH csc*	(bscWcsc) ;
  bsc WITH esc*	(bscWesc) ;
  maff WITH msc*	(mafWmsc) ;
  maff WITH psc*	(mafWpsc) ;
  maff WITH csc*	(mafWcsc) ;
  maff WITH esc*	(mafWesc) ;
  maff WITH bsc*	(mafWbsc) ;
  paff WITH msc*	(pafWmsc) ;
  paff WITH psc*	(pafWpsc) ;
  paff WITH csc*	(pafWcsc) ;
  paff WITH esc*	(pafWesc) ;
  paff WITH bsc*	(pafWbsc) ;
>>>>>> and so forth
  basp WITH msc*	(basWmsc) ;
  basp WITH psc*	(basWpsc) ;
  basp WITH csc*	(basWcsc) ;
  basp WITH esc*	(basWesc) ;
  basp WITH bsc*	(basWbsc) ;
  basp WITH maff*	(basWmaf) ;
  basp WITH paff*	(basWpaf) ;
  basp WITH caff*	(basWcaf) ;
  basp WITH eaff*	(basWeaf) ;
  basp WITH baff*	(basWbaf) ;
  basp WITH mval*	(basWmva) ;
  basp WITH bval*	(basWbva) ;
  basp WITH pval*	(basWpva) ;
  basp WITH eval*	(basWeva) ;
  basp WITH cval*	(basWcva) ;
  basp WITH maths*	(basWMach) ;
  basp WITH physi*	(basWPAch) ;
  basp WITH chems*	(basWCAch) ;
  basp WITH earth*	(basWEAch) ;
  basp WITH biolo*	(basWBAch) ;
  basp WITH masp*	(basWmas) ;
  basp WITH pasp*	(basWpas) ;
  basp WITH casp*	(basWcas) ;
  basp WITH easp*	(basWeas) ;

!Instructions are repeated for each country;
      MODEL HUN:
      msc-bval@1;
     maths-basp@1;   [msc-basp@0];
           psc WITH msc*	(pscWmsc) ;
!>>>>>> and so forth (same as for 1st country);
           basp WITH easp*	(basWeas) ;

      MODEL SVN:
      msc-bval@1;
     maths-basp@1;   [msc-basp@0];
           psc WITH msc*	(pscWmsc) ;
!>>>>>> and so forth (same as for 1st country);
           basp WITH easp*	(basWeas) ;

      MODEL SWE:
      msc-bval@1;
     maths-basp@1;   [msc-basp@0];
           psc WITH msc*	(pscWmsc) ;
!>>>>>> and so forth (same as for 1st country);
           basp WITH easp*	(basWeas) ;



! Part 2: Model Constraints (asymptotic parameter comparison )
! to test convergent & discriminant validity of Domain facet
! In Part 2, we present basic and advanced aspects of our analysis applying our Extended 
! Campbell-Fiske Guidelines for the five method factors. We begin here because the 
! discriminant validity of the subject domains and how they vary for the different 
! constructs (traits) was our initial substantive focus. Furthermore, this initial 
! focus on the domain (method) facets reinforces our contention that both facets 
! should give equal priority. However, the same approach could easily be applied to 
! the construct (trait) facet, as we do in subsequent sections. Furthermore, it is 
! essential to note that we have only separated this section for demonstration 
! purposes. In the actual syntax, all the different sections were run simultaneously. 
! However, it might ! be helpful to test different components separately to debug the 
! syntax before combining them in an overarching model—particularly when the model 
! is complex. Note also use of the “loop” function would result in a more compact 
! syntax, but we felt the version here was easier to follow 

!! Following the model specifications, “Model Constraints” are introduced;
   MODEL CONSTRAINT:

!!!!!!!   Convergent validity in relation to subject domain,  trait as method; !!!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!!! HTMD - different trait constructs but same domain;  Convergent validities 
!!!!      for the domain facet  but also criterion 3 correlation for construct facet
!!!!      CVafsc = convergent validities are the relation between affect (domain) averaged   !!!      and self-concept (trait) averaged across self-concept for the five domains.
!!!      across the five self-concepts.
!!!Note that these are also the coefficients used to test Guideline 3 for the trait facet.

New(CVafsc,CVvasc,CVacsc,CVassc,CVvaaf,CVacaf,CVasaf,CVacva,CVasva,CVasac,CVTOT);
      CVafsc=(bafWbsc+cafWcsc+eafWesc+mafWmsc+pafWpsc)/5; 
      CVvasc=(bvaWbsc+ cvaWcsc+ evaWesc+mvaWmsc+pvaWpsc)/5; !CV
      CVacsc=(BAchWbsc+CAchWcsc+EAchWesc+MachWmsc+PAchWpsc)/5; !CV
      CVassc=(basWbsc+casWcsc+easWesc+masWmsc+pasWpsc)/5; !CV
      CVvaaf=(bvaWbaf+cvaWcaf+evaWeaf+mvaWmaf+pvaWpaf)/5; !CV
      CVacaf=(BAchWbaf+CAchWcaf+EAchWeaf+MachWmaf+PAchWpaf)/5; !CV
      CVasaf=(basWbaf+ casWcaf+ easWeaf+ masWmaf+pasWpaf)/5; !CV
      CVacva=(BAchWbva+CAchWcva+EAchWeva+MachWmva+PAchWpva)/5; !CV zzzzzzz
      CVasva=(basWbva+ casWcva+ easWeva+ masWmva+ pasWpva)/5; !CV
      CVasac=(basWBAch+ casWCAch+ easWEAch+ masWMach+ pasWPAch)/5; !CV
      CVTOT=(CVafsc+CVvasc+CVacsc+CVassc+CVvaaf+CVacaf+CVasaf+CVacva+
      CVasva+CVasac)/10;!TCV

   !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
   !HTHM correlations;  Criterion 2 comparison correlations for both domain and construct facets
   !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
    NEW(hthmafsc, hthmvasc, hthmacsc, hthmassc, hthmvaaf, hthmacaf);
    NEW(hthmasaf, hthmacva, hthmasva, hthmasac, hthmTOT);
hthmafsc=(bafWmsc+bafWpsc+bafWcsc+bafWesc+
    	cafWmsc+cafWpsc+cafWesc+cafWbsc+
    	eafWmsc+eafWpsc+eafWcsc+eafWbsc+
    	mafWpsc+mafWcsc+mafWesc+mafWbsc+
    	pafWmsc+pafWcsc+pafWesc+pafWbsc)/20; !hthm
hthmvasc=(bvaWmsc+bvaWpsc+bvaWcsc+bvaWesc+
    	cvaWmsc+cvaWpsc+cvaWesc+cvaWbsc+
    	evaWmsc+evaWpsc+evaWcsc+evaWbsc+
    	mvaWpsc+mvaWcsc+mvaWesc+mvaWbsc+
    	pvaWmsc+pvaWcsc+pvaWesc+pvaWbsc)/20; !hthm
hthmacsc=(BAchWmsc+BAchWpsc+BAchWcsc+BAchWesc+
    	CAchWmsc+CAchWpsc+CAchWesc+CAchWbsc+
    	EAchWmsc+EAchWpsc+EAchWcsc+EAchWbsc+
    	MachWpsc+MachWcsc+MachWesc+MachWbsc+
    	PAchWmsc+PAchWcsc+PAchWesc+PAchWbsc)/20; !hthm
hthmassc=(basWmsc+basWpsc+basWcsc+basWesc+
    	casWmsc+casWpsc+casWesc+casWbsc+
    	easWmsc+easWpsc+easWcsc+easWbsc+
    	masWpsc+masWcsc+masWesc+masWbsc+
    	pasWmsc+pasWcsc+pasWesc+pasWbsc)/20; !hthm
hthmvaaf=(bvaWmaf+bvaWpaf+bvaWcaf+bvaWeaf+
    	cvaWmaf+cvaWpaf+cvaWeaf+cvaWbaf+
    	evaWmaf+evaWpaf+evaWcaf+evaWbaf+
    	mvaWpaf+mvaWcaf+mvaWeaf+mvaWbaf+
    	pvaWmaf+pvaWcaf+pvaWeaf+pvaWbaf)/20; !hthm
    hthmacaf=(BAchWmaf+BAchWpaf+BAchWcaf+BAchWeaf+
    	CAchWmaf+CAchWpaf+CAchWeaf+CAchWbaf+
    	EAchWmaf+EAchWpaf+EAchWcaf+EAchWbaf+
    	MachWpaf+MachWcaf+MachWeaf+MachWbaf+
    	PAchWmaf+PAchWcaf+PAchWeaf+PAchWbaf)/20; !hthm
hthmasaf=(basWmaf+basWpaf+basWcaf+basWeaf+
    	casWmaf+casWpaf+casWeaf+casWbaf+
    	easWmaf+easWpaf+easWcaf+ easWbaf+
    	masWpaf+masWcaf+masWeaf+masWbaf+
    	pasWmaf+pasWcaf+pasWeaf+pasWbaf)/20; !hthm
hthmacva=(BAchWmva+BAchWcva+BAchWpva+BAchWeva+  !! BAchWbva to BAchWcva
    	CAchWmva+CAchWbva+ CAchWeva+CAcHwPva+    ! not hthm CAchWcva   
    	EAchWmva+EAchWbva+EAchWpva+ EAchWcva+
    	MachWbva+MachWpva+MachWeva+MachWcva+
    	PAchWmva+ PACHwBva+PAchWeva+PAchWcva)/20;!noththm rep PAchWpva w PACHwBva
hthmasva=(basWmva+ basWpva+basWeva+basWcva+
    	casWmva+casWbva+casWpva+casWeva+
    	easWmva+easWbva+easWpva+ easWcva+
    	masWbva+masWpva+masWeva+masWcva+
    	pasWmva+pasWbva+ pasWeva+pasWcva)/20; !hthm
hthmasac=(basWMach+basWPAch+basWCAch+basWEAch+
    	casWMach+casWPAch+ casWEAch+casWBAch+
    	easWMach+easWPAch+easWCAch+ easWBAch+
    	masWPAch+masWCAch+masWEAch+masWBAch+
    	pasWMach+ pasWCAch+pasWEAch+pasWBAch)/20; !hthm
hthmTOT=(hthmafsc+hthmvasc+hthmacsc+hthmassc+hthmvaaf+hthmacaf+
    hthmasaf+hthmacva+hthmasva+hthmasac)/10;

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!! C2 = Criterion 2, Campbell-Fiske tests for Guideline 2 
!!     convergent validities >>  heterotrait-heteromethods (HTHM) correlations 
!! Note that HTHM (heterotrait heteromethod) correlations 
!! are the same for trait & method facets; 
 new(C2afsc,C2vasc,C2acsc,C2assc,C2vaaf,C2acaf,C2asaf,C2acva);
     new(C2asva,C2asac,C2DomTot);
    C2afsc  =(CVafsc  - hthmafsc);
    C2vasc  =(CVvasc  - hthmvasc);
    C2acsc  =(CVacsc  - hthmacsc);
    C2assc  =(CVassc  - hthmassc);
    C2vaaf  =(CVvaaf  - hthmvaaf);
    C2acaf  =(CVacaf  - hthmacaf);
    C2asaf  =(CVasaf  - hthmasaf);
    C2acva  =(CVacva  - hthmacva);
    C2asva  =(CVasva  - hthmasva);
    C2asac  =(CVasac  - hthmasac);
    C2DomTot =(CVTOT  - hthmTOT );
   !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!!!! HDMC (heterodomain monotrait) correlations 
!!!  Crit-3 for dom-facet (Convergence validities for Trait Facet);
new(HDMCMP,HDMCMC,HDMCME,HDMCMB,HDMCPC,HDMCPE,HDMCPB);
new(HDMCCE,HDMCCB,HDMCEB,HDMCtot1);
HDMCMP=(PAchWMach+PasWMas+PscWMsc+PvaWMva+PafWMaf)/5;
HDMCMC=(CAchWMach+cafWMaf+casWMas+cscWMsc+cvaWMva)/5;
HDMCME=(EAchWMach+EafWMaf+EvawMva+EasWMas+EscWMsc)/5;
HDMCMB=(BAchWMach+BafWMaf+BasWMas+BscWMsc+BvaWMva)/5;
HDMCPC=(CAchWPAch+cafWPaf+casWPas+cscWPsc+cvaWPva)/5;
HDMCPE=(EAchWPAch+EafWPaf+EasWPas+EscWPsc+EvawPva)/5;
HDMCPB=(BAchWPAch+BafWPaf+BasWPas+BscWPsc+PvaWBva)/5;
HDMCCE=(EAchWCAch+EafWcaf+EasWcas+EscWcsc+cvaWEva)/5;
HDMCCB=(BAchWCAch+BafWcaf+BscWcsc+BscWcsc+cvaWBva)/5;
HDMCEB=(BAchWEAch+BafWEaf+BasWEas+BscWEsc+evaWbva)/5;
HDMCtot1=(HDMCMP+HDMCMC+HDMCME+HDMCMB+HDMCPC+HDMCPE+HDMCPB+HDMCCE+
         HDMCCB+HDMCEB)/10;
!htmm correlations used to test Campbell-Fiske guideline 3; 
! Note that these are also convergent validity for the trait facet;
new(HTMMSC, HTMMAF, HTMMVA, HTMMAch, HTMMAS, HTMMTOT);
HTMMSC=(pscWmsc+cscWmsc+cscWpsc+escWmsc+escWpsc+escWcsc+bscWmsc+bscWpsc+
     bscWcsc+bscWesc)/10;
HTMMAF=(cafWmaf+cafWpaf+eafWmaf+PafWmaf+eafWpaf+eafWcaf+bafWmaf+bafWpaf+
     bafWcaf+bafWeaf)/10;
HTMMVA=(bvaWmva+cvaWbva+cvaWeaf+cvaWmva+cvaWpva+evaWbva+EvawMva+EvawPva+
          pvaWbva+pvaWmva)/10;
HTMMAch=(PAchWMach+CAchWMach+CAchWPAch+EAchWMach+EAchWPAch+EAchWCAch+BAchWPAch+
          BAchWCAch+BAchWEAch+BAchWMach)/10;
HTMMAS=(casWmas+casWpas+easWmas+easWpas+easWcas+basWcas+basWeas+basWpas+
           basWmas+pasWmas)/10;
   HTMMTOT=(HTMMSC+HTMMAF+HTMMVA+HTMMAch+HTMMAS)/5;
!!!!! Note that these are the same as HDMC above but structured differently;

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
    !!Campbell-Fiske Criterion 3
    !!  convergent validities >>  heterotrait-monomethods (HTMM) correlations 
    !! separately for each set of HTMM correlations (A & B)
!CVafsc,CVvasc,CVacsc,CVassc,CVvaaf,CVacaf,CVasaf,CVacva,CVasva,CVasac
    new(C3asC3a,C3asC3b,C3asc7a,C3asc7b,C3asc4a,C3asc4b,C3asc5a,C3asc5b);
    new(C3aff2a,C3aff2b,C3aff7a,C3aff7b,C3aff8a,C3aff8b,C3aff9a,C3aff9b);
    new(C3val3a,C3val3b,C3val7a,C3val7b,C3val11a,C3val11b,C3val12a,C3val12b);
    new(C3ACH4a,C3ACH4b,C3ACH8a,C3ACH8b,C3ACH11a,C3ACH11b,C3ACH14a,C3ACH14b);
    new(C3ASP5a,C3ASP5b,C3ASP9a,C3ASP9b,C3ASP12a,C3ASP12b,C3ASP14a,C3ASP14b);
    	 !criterion 3 asc;
    C3asC3a = CVafsc - HTMMSC;
    C3asC3b = CVafsc - HTMMAF;
    C3asc7a = CVvasc - HTMMSC;
    C3asc7b = CVvasc - HTMMVA;
    C3asc4a = CVacsc - HTMMSC;
    C3asc4b = CVacsc - HTMMAch;
    C3asc5a = CVassc - HTMMSC;
    C3asc5b = CVassc - HTMMAS;
    	 !criterion 3 aff;
    C3aff2a = CVafsc - HTMMSC;
    C3aff2b = CVafsc - HTMMAF;
    C3aff7a = CVvaaf - HTMMAF;
    C3aff7b = CVvaaf - HTMMVA;
    C3aff8a = CVacaf - HTMMAF;
    C3aff8b = CVacaf - HTMMAch;
    C3aff9a = CVAsaf - HTMMAF;
    C3aff9b = CVAsaf - HTMMAS;
    	 !criterion 3 val;
    C3val3a  = CVvasc - HTMMSC;
    C3val3b  = CVvasc - HTMMVA;
    C3val7a  = CVvaaf - HTMMAF;
    C3val7b  = CVvaaf - HTMMVA;
    C3val11a = CVacva - HTMMVA;
    C3val11b = CVacva - HTMMAch;
    C3val12a = CVasva - HTMMVA;
    C3val12b = CVasva - HTMMAS;
    	 !criterion 3 ACH;
    C3ACH4a  = CVACsc - HTMMSC;
    C3ACH4b  = CVACsc - HTMMACH;
    C3ACH8a  = CVACaf - HTMMAF;
    C3ACH8b  = CVACaf - HTMMACH;
    C3ACH11a = CVacva - HTMMVA;
    C3ACH11b = CVacva - HTMMAch;
    C3ACH14a = CVasac - HTMMACH;
    C3ACH14b = CVasac - HTMMAS;
    !criterion 3 ASP;
    C3ASP5a  = CVAssc - HTMMSC;
    C3ASP5b  = CVAssc - HTMMAS;
    C3ASP9a  = CVAsaf - HTMMAF;
    C3ASP9b  = CVAsaf - HTMMAS;
    C3asp12a = CVasva - HTMMVA;
    C3asp12b = CVasva - HTMMAS;
    C3ASP14a = CVasac - HTMMACh;
    C3ASP14b = CVasac - HTMMAS;

  New(DC3SCAF,DC3SCVA,DC3SCAc,DC3SCAS,DC3AFVA,DC3AFAc,DC3AFAS,DC3VAAF);
New(DC3VAAc,DC3VAAS,DC3AcAF,DC3AcVA,DC3AcAS,DC3ASAF,DC3ASVA,DC3ASAc);
DC3SCAF=(HTMMSC	-HTMMAF);
DC3SCVA=(HTMMSC	-HTMMVA);
DC3SCAc=(HTMMSC	-HTMMAch);
DC3SCAS=(HTMMSC	-HTMMAS);
DC3AFVA=(HTMMAF	-HTMMVA);
DC3AFAc=(HTMMAF	-HTMMAch);
DC3AFAS=(HTMMAF	-HTMMAS);
DC3VAAF=(HTMMVA	-HTMMAF);

DC3VAAc=(HTMMVA	-HTMMAch);
DC3VAAS=(HTMMVA	-HTMMAS);
DC3AcAF=(HTMMAch	-HTMMAF);
DC3AcVA=(HTMMAch	-HTMMVA);
DC3AcAS=(HTMMAch	-HTMMAS);
DC3ASAF=(HTMMAS	-HTMMAF);
DC3ASVA=(HTMMAS	-HTMMVA);
DC3ASAc=(HTMMAS	-HTMMAch);

new(HTHMSC, HTHMAF, HTHMVA, HTHMAch, HTHMAS);
HTHMSC =(hthmafsc+hthmvasc+hthmacsc+hthmassc)/4;
HTHMAF =(hthmafsc+hthmvaaf+hthmacaf+hthmasaf)/4;
HTHMVA =(hthmvasc+ hthmvaaf+hthmacva+hthmasva)/4;
HTHMAch =( hthmacsc+ hthmacaf+hthmacva+hthmasac)/4;
HTHMAS =(hthmassc+hthmasaf+hthmasva+hthmasac)/4;
New(CVsc,CVaf,CVva,CVac,CVas);  !! why only 4 CV? ;
CVsc=(CVafsc+CVvasc+CVacsc+CVassc)/4; !CV
CVaf=(CVafsc+CVvaaf+CVacaf+CVasaf)/4; !CV
CVva =(CVvasc+CVvaaf+CVacaf+CVasva)/4; !CV
CVac =(CVacsc+ CVacaf+ CVasva+ CVasac)/4; !CV
CVas =(CVassc+ CVasaf+ CVasva+ CVasac)/4; !CV
New(CVmath,CVphys,CVchem,CVErth,CVbiol);
CVmath=(mafWmsc+mvaWmsc+MachWmsc+masWmsc+mvaWmaf+MachWmaf+masWmaf+
MachWmva+masWmva+masWMach)/10;!C
CVphys=(pafWpsc+pvaWpsc+PAchWpsc+pasWpsc+pvaWpaf+PAchWpaf+pasWpaf+
   PAchWbva+pasWpva+pasWPAch)/10;
CVchem=(cafWcsc+cvaWcsc+CAchWcsc+casWcsc+cvaWcaf+CAchWcaf+casWcaf+
   CAchWpva+casWcva+casWCAch)/10;
CVErth=(eafWesc+evaWesc+EAchWesc+easWesc+evaWeaf+EAchWeaf+easWeaf+
   EAchWeva+easWeva+easWEAch)/10;
CVbiol=(bafWbsc+bvaWbsc+BAchWbsc+basWbsc+bvaWbaf+BAchWbaf+basWbaf+
   BAchWcva+basWbva+basWBAch)/10;
New(DCVMAPH,DCVMACH,DCVMAER,DCVMABI,DCVPHCH);
New(DCVPHER,DCVPHBI,DCVCHER,DCVCHBI,DCVERBI);
DCVMAPH=(CVMATH	-CVPHYS);
DCVMACH=(CVMATH	-CVCHEM);
DCVMAER=(CVMATH	-CVERTH);
DCVMABI=(CVMATH	-CVBIOL);
DCVPHCH=(CVPHYS	-CVCHEM);
DCVPHER=(CVPHYS	-CVERTH);
DCVPHBI=(CVPHYS	-CVBIOL);
DCVCHER=(CVCHEM	-CVERTH);
DCVCHBI=(CVCHEM	-CVBIOL);
DCVERBI=(CVERTH	-CVBIOL); 
New(DCVMA,DCVPH,DCVCH,DCVER,DCVBI);
DCVMA=(CVMATH	- CVTOT);
DCVPH=(CVPHYS	- CVTOT);
DCVCH=(CVCHEM	- CVTOT);
DCVER=(CVERTH	- CVTOT);
DCVBI=(CVBIOL	- CVTOT);

    New(c21t,c22t,c23t,c24t,c25t,c2ttot
        c31t,c32t,c33t,c34t,c35t,c3ttot);
c21t	  = (CVsc	 - HTHMSC  );
c22t	  = (CVaf	 - HTHMAF  );
c23t	  = (CVva	 - HTHMVA  );
c24t	  = (CVac	 - HTHMAch  );
c25t	  = (CVas	 - HTHMAS  );
c2ttot	  = (CVTOT	 - HTHMTOT  );
c31t	  = (CVsc	 - HTMMSC  );
c32t	  = (CVaf	 - HTMMAF  );
c33t	  = (CVva	 - HTMMVA  );
c34t	  = (CVac	 - HTMMAch  );
c35t	  = (CVas	 - HTMMAS  );
c3ttot  = (CVTOT	 - HTMMTOT  );



new(CV_MSQ);
CV_MSQ=(( CVafsc -CVTOT)**2+( CVvasc -CVTOT)**2+( CVacsc -CVTOT)**2+
    (CVassc -CVTOT)**2+( CVvaaf -CVTOT)+
    (CVacaf -CVTOT)**2+( CVasaf -CVTOT)**2+( CVacva -CVTOT)**2+
    (CVasva -CVTOT)**2+( CVasac -CVTOT))/10;
!!!!! Note there is a lot of overlap in values estimated
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
new(HTMMtMSQ);
HTMMtMSQ=(((HTMMSC-HTMMTOT)**2)+((HTMMAF-HTMMTOT)**2)+((HTMMVA-HTMMTOT)**2)+
    ((HTMMAch-HTMMTOT)**2)+((HTMMAS-HTMMTOT)))/5;
new(HTMM1MSQ);
HTMM1MSQ=(((HTMMSC-HTMMTOT)**2)+((HTMMAF-HTMMTOT)**2)+((HTMMVA-HTMMTOT)**2)+
 ((HTMMAS-HTMMTOT)))/4;
new(HTMM1SSQ);
    HTMM1SSQ=((((((HTMMSC+HTMMAF+HTMMVA+HTMMAS)/4) -(HTMMTOT))**2) * 4+
    (HTMMAch-HTMMTOT)**2))  - (HTMMtMSQ*5);
    New(DC3SCAF,DC3SCVA,DC3SCAc,DC3SCAS,DC3AFVA,DC3AFAc,DC3AFAS,DC3VAAF);

!Part 2: Model Constraints to test convergent & discriminant validity of trait facet. 
!In Part 3, we present basic and advanced aspects of our analysis by applying our Extended 
!Campbell-Fiske Guidelines for the trait facet. However, these analyses are 
! essentially parallel to those used to analyze the domain-method facet.
! Again, it is essential to note that we have separated this section for demonstration 
! purposes. Indeed, we note that some of the comparisons for the two facets involve
! the same correlations (e.g., the convergent validities for the trait-facet are the
! comparison correlations for Guideline 3 for the domain-method factor and vice-versa; 
!Also, the comparison correlations used to test Guideline 3 are the same for the trait
! and domain-method facet). Hence, there is overlap in the comparisons in Parts 1 and 
! 2. We ran all the different sections simultaneously in the actual analyses. 
!


!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!!!  Campbell-Fiske criteria for "Trait(Construct) facet" 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!! HDMC correlations  (different method-domain, same trait-construct) are 
!! the convergent validities for trait-construct facet 
!! (but also, Guideline 3 comparison correlations for method-domain facet!!!!!!!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
new(HDMCSC, HDMCAF, HDMCVA, HDMCAch, HDMCAS, HDMCTOT2);
HDMCSC=(pscWmsc+cscWmsc+cscWpsc+escWmsc+escWpsc+escWcsc+bscWmsc+bscWpsc+
   bscWcsc+bscWesc)/10;
HDMCAF=(cafWmaf+cafWpaf+pafWmaf+eafWmaf+eafWpaf+eafWcaf+bafWmaf+bafWpaf+
   bafWcaf+bafWeaf)/10;
HDMCVA=(bvaWmva+cvaWbva+cvaWeva+cvaWmva+cvaWpva+evaWbva+evaWmva+evaWpva+
   pvaWbva+pvaWmva)/10; ! zzzz
HDMCAch=(PAchWMach+CAchWMach+CAchWPAch+EAchWMach+EAchWPAch+EAchWCAch+BAchWPAch+
       BAchWCAch+BAchWEAch+BAchWMach)/10;
    HDMCAS=(casWmas+casWpas+easWmas+easWpas+easWcas+basWcas+basWeas+basWpas+
       basWmas+pasWmas)/10;
    HDMCTOT2=(HDMCSC+HDMCAF+HDMCVA+HDMCAch+HDMCAS)/5;
!!!!!!  note that these are the same as HTMM values defined earlier
NEW(HDMC_MP,HDMC_CM,HDMC_EM,HDMC_BM,HDMC_PC,HDMC_PE,HDMC_PB);
New(HDMC_CE,HDMC_CB,HDMC_EB,HDMCTotC);
HDMC_MP = (PAchWMach+pasWmas+pscWmsc+pvaWbva+pvaWmva)/5;
   ! correlations between Math & Phys method domain for matching constructs
HDMC_CM = (CAchWMach+cafWmaf+casWmas+cscWmsc+cvaWmva)/5;
HDMC_EM = (EAchWMach+eafWmaf+easWmas+escWmsc+cvaWmva)/5;
HDMC_BM = (BAchWMach+bafWmaf+basWmas+bscWmsc+bvaWmva)/5;
HDMC_PC = (CAchWPAch+cafWpaf+casWpas+cscWpsc+cvaWpva)/5;
HDMC_PE = (EAchWPAch+eafWpaf+easWpas+escWpsc+evaWpva)/5;
HDMC_PB = (BAchWPAch+bafWpaf+basWpas+bscWpsc+pvaWbva)/5;
HDMC_CE = (EAchWCAch+eafWcaf+easWcas+escWcsc+cvaWeva)/5;
HDMC_CB = (BAchWCAch+bafWcaf+basWcas+bscWcsc+cvaWeva)/5;
HDMC_EB = (BAchWEAch+bafWeaf+basWeas+bscWesc+evaWbva)/5;
HDMCTotC= (HDMC_MP+HDMC_CM+HDMC_EM+HDMC_BM+HDMC_PC+HDMC_PE+
         HDMC_PB+HDMC_CE+HDMC_CB+HDMC_EB)/10;
 new(HDMC_M, HDMC_P, HDMC_C, HDMC_E, HDMC_B, HDMC_T3);
HDMC_M = (HDMC_MP+HDMC_CM+HDMC_EM+HDMC_BM)/4;  
HDMC_P = (HDMC_MP+HDMC_PC+HDMC_PE+HDMC_PB)/4;  
HDMC_c = (HDMC_CM+HDMC_PC+HDMC_CE+HDMC_CB)/4;  
HDMC_e = (HDMC_EM+HDMC_PE+HDMC_CE +HDMC_EB)/4;  
HDMC_B = (HDMC_BM+HDMC_PB+HDMC_CB +HDMC_EB)/4;  
HDMC_T3 = (HDMC_M+HDMC_P+HDMC_c+HDMC_e+HDMC_B)/5;

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!HDHC correlations are the comparison correlations used to test Guideline 2
!!for both the method-domain and trait-construct facets;
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
New(HDHCBC,HDHCBE,HDHCBM,HDHCBP,HDHcCE,HDHcCM,HDHcCP,HDHcEM,
HDHcEP, HDHcMP, HDHCtot);
HDHCBC =(BAchWcaf+BAchWcsc+BAchWcva+bafWcsc+basWCAch+basWcaf+basWcsc+
  basWcva+bvaWcaf+bvaWcsc+CAchWbaf+CAchWbsc+CAchWbva+cafWbsc+casWBAch+
  casWbaf+casWbsc+casWbva+cvaWbaf+cvaWbaf)/20;
HDHCBE = (BAchWeaf+BAchWesc+BAchWeva+bafWesc+basWEAch+basWeaf+basWesc+
  basWeva+bvaWeaf+bvaWesc+EAchWbaf+EAchWbsc+EAchWbva+eafWbsc+easWBAch+
  easWbaf+easWbsc+easWbva+evaWbaf+evaWbsc)/20;
HDHCBM = (BAchWmaf+BAchWmsc+BAchWmva+bafWmsc+basWMach+basWmaf+basWmsc+
  basWmva+bvaWmaf+bvaWmsc+MachWbaf+MachWbsc+MachWbva+mafWbsc+masWBAch+
  masWbaf+masWbsc+masWbva+mvaWbaf+mvaWbsc)/20;
HDHCBP = (BAchWpaf+BAchWpsc+BAchWpva+bafWpsc+basWPAch+basWpaf+basWpsc+
  basWpva+bvaWpaf+bvaWpsc+PAchWbaf+PAchWbsc+pafWbsc+pasWBAch+pasWbaf+
  pasWbsc+pasWbva+pvaWbaf+pvaWbsc+PACHwBva)/20;
HDHcCE =(CAchWeaf+CAchWesc+CAchWeva+cafWesc+casWEAch+casWeaf+casWesc+
  casWeva+cvaWeaf+cvaWesc+EAchWcaf+EAchWcsc+EAchWcva+eafWcsc+
  easWCAch+easWcaf+easWcsc+easWcva+evaWcaf+evaWcsc)/20;
HDHcCM =(CAchWmaf+CAchWmsc+CAchWmva+cafWmsc+casWMach+casWmaf+casWmsc+
  casWmva+cvaWmaf+cvaWmsc+MachWcaf+MachWcsc+MachWcva+mafWcsc+
  masWCAch+masWcaf+masWcsc+masWcva+mvaWcaf+mvaWcsc)/20;
HDHcCP= (CAchWpaf+CAchWpsc+CAcHwPva+cafWpsc+casWPAch+casWpaf+casWpsc+
  casWpva+cvaWpaf+cvaWpsc+PAchWcaf+PAchWcsc+PAchWcva+pafWcsc+
  pasWCAch+pasWcaf+pasWcsc+pasWcva+pvaWcaf+pvaWcsc)/20;
HDHcEM = (EAchWmaf+EAchWmsc+EAchWmva+eafWmsc+easWMach+easWmaf+easWmsc+
  easWmva+evaWmaf+evaWmsc+MachWeaf+MachWesc+MachWeva+mafWesc+
  masWEAch+masWeaf+masWesc+masWeva+mvaWeaf+mvaWesc)/20;
HDHcEP = (EAchWpaf+EAchWpsc+EAchWpva+eafWpsc+easWPAch+easWpaf+easWpsc+
  easWpva+evaWpaf+evaWpsc+PAchWeaf+PAchWesc+PAchWeva+pafWesc+
  pasWEAch+pasWeaf+pasWesc+pasWeva+pvaWeaf+pvaWesc)/20;
HDHcMP = (MachWpaf+MachWpsc+MachWpva+mafWpsc+masWPAch+masWpaf+masWpsc+
  masWpva+mvaWpaf+mvaWpsc+PAchWmaf+PAchWmsc+PAchWmva+pafWmsc+
  pasWMach+pasWmaf+pasWmsc+pasWmva+pvaWmaf+pvaWmsc)/20;
!! totals averaged across the 10 HDHC components;
HDHCtot= (HDHCBC+HDHCBE+HDHCBM+HDHCBP+HDHcCE+HDHcCM+HDHcCP+HDHcEM+
  HDHcEP+HDHcMP)/10; 

!! Tests of Campbell-Fiske Guideline 2 for the Trait facet
!!    Convergent validities (HDMC) > comparison correlations (HDHC) 
!! for each of the 10 HDMC components and their total;
NEW(C2HDMCCB,C2HDMCCE,C2HDMCEB,C2HDMCMB,C2HDMCMC,C2HDMCME,C2HDMCMP,C2HDMCPB,
  C2HDMCPC,C2HDMCPE,C2HDMCTot);

 C2HDMCCB  =  (HDMC_CB   - HDHCBC);  
 C2HDMCCE  =  (HDMC_CE   - HDHcCE);  
 C2HDMCEB  =  (HDMC_EB   - HDHCBE);  
 C2HDMCMB  =  (HDMC_BM   - HDHCBM);  
 C2HDMCMC  =  (HDMC_CM   - HDHcCM);  
 C2HDMCME  =  (HDMC_EM   - HDHcEM);  
 C2HDMCMP  =  (HDMC_MP   - HDHcMP);  
 C2HDMCPB  =  (HDMC_PB   - HDHCBP);  
 C2HDMCPC  =  (HDMC_PC   - HDHcCP);  
 C2HDMCPE  =  (HDMC_PE   - HDHcEP);  
 C2HDMCTot = (C2HDMCCB+C2HDMCCE+C2HDMCEB+C2HDMCMB+C2HDMCMC+C2HDMCME+
            C2HDMCMP+C2HDMCPB+C2HDMCPC+C2HDMCPE)/10;
new( C2CHKTot); C2CHKTot =  (HDMCtot2   - HDHCtot );  

!! Tests of Campbell-Fiske Guideline 2 for the Trait facet
!!    Convergent validities (HDMC) > comparison correlations (HDHC) 
!! for each of the 5 HDMC components and their total;

new(HDHc_M,HDHc_P,HDHc_c,HDHc_e,HDHc_b,HDHc_T);
HDHc_M= (HDHcMP+HDHCBM+HDHcCM+HDHcEM)/4;
HDHc_P= (HDHCBP+HDHcCP+HDHcEP+HDHcMP)/4;
HDHc_c= (HDHCBC+HDHcCE+HDHcCM+HDHcCP)/4;
HDHc_e= (HDHCBE+HDHcCE+HDHcEM+HDHcEP)/4;
HDHc_b= (HDHCBC+HDHCBE+HDHCBM+HDHCBP)/4;
HDHc_T= (HDHc_M+HDHc_P+HDHc_c+HDHc_e+HDHc_b)/5;

NEW(C2HDMC_M,C2HDMC_p,C2HDMC_c,C2HDMC_e,C2HDMC_b,C2HDMC_t); 
C2HDMC_M  = (HDMC_M  - HDHc_M);
C2HDMC_p  = (HDMC_P  - HDHc_P);
C2HDMC_c  = (HDMC_c  - HDHc_c);
C2HDMC_e  = (HDMC_e  - HDHc_e);
C2HDMC_b  = (HDMC_b  - HDHc_b);
C2HDMC_t =  (C2HDMC_M+C2HDMC_p+C2HDMC_c+C2HDMC_e+C2HDMC_b)/5;

!!!!      MDHC -- different subject domains but the same construct 
!!!!!!!   Convergent validity in relation to construct with  domain method;
!!!!!!!   !!!!      but also, criterion 3 correlation for the construct facet. 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!;
!!!  CVafsc,CVvasc,CVacsc,CVassc,CVvaaf,CVacaf,CVasaf,CVacva,CVasva,CVasac,CVTOT);
!!!  but restructured differently for the two domains
new(MDHC_b,MDHC_c,MDHC_E,MDHC_M,MDHC_P,MDHC_T);
MDHC_b = (BAchWbaf+BAchWbsc+BAchWcva+bafWbsc+basWBAch+basWbaf+basWbsc+
         basWbva+bvaWbaf+bvaWbsc)/10;
MDHC_c = (CAchWcaf+CAchWcsc+CAchWpva+cafWcsc+casWCAch+casWcaf+casWcsc+
         casWcva+cvaWcaf+cvaWcsc)/10;
MDHC_E = (EAchWeaf+EAchWesc+EAchWeva+eafWesc+easWEAch+easWeaf+easWesc+
          easWeva+evaWeaf+evaWesc)/10;
MDHC_M = (MachWmaf+MachWmsc+MachWmva+mafWmsc+masWMach+masWmaf+masWmsc+
          masWmva+mvaWmaf+mvaWmsc)/10;
MDHC_P = (PAchWbva+PAchWpaf+PAchWpsc+pafWpsc+pasWPAch+pasWpaf+pasWpsc+
         pasWpva+pvaWpaf+pvaWpsc)/10;
MDHC_T = (MDHC_b+MDHC_c+MDHC_E+MDHC_M+MDHC_P)/5; 


! Note that the correlations used to test Guideline 3 for the Trait facet are the same as 
! the convergent validities for the domain-method facet that were declared and computed 
! in Part 2.
! see Part 1: NEW(HDMC_MP,HDMC_CM,HDMC_EM,HDMC_BM,HDMC_PC,HDMC_PE,HDMC_PB,
!  HDMC_CE,HDMC_CB,HDMC_EB,HDMCTotC);
! They are presented here because the same values are used to test Guideline 3;

NEW(c3aHDMCCB,c3aHDMCCE,c3aHDMCEB,c3aHDMCMB,c3aHDMCMC,c3aHDMCME,c3aHDMCMP);
new(c3aHDMCPB,c3aHDMCPC,c3aHDMCPE);
 c3aHDMCCB  =  (HDMC_CB   - MDHC_c );  
 c3aHDMCCE  =  (HDMC_CE   - MDHC_c );  
 c3aHDMCEB  =  (HDMC_EB   - MDHC_E );  
 c3aHDMCMB  =  (HDMC_BM   - MDHC_M );  
 c3aHDMCMC  =  (HDMC_CM   - MDHC_M );  
 c3aHDMCME  =  (HDMC_EM   - MDHC_M );  
 c3aHDMCMP  =  (HDMC_MP   - MDHC_M );  
 c3aHDMCPB  =  (HDMC_PB   - MDHC_P );  
 c3aHDMCPC  =  (HDMC_PC   - MDHC_P );  
 c3aHDMCPE  =  (HDMC_PE   - MDHC_P );  
NEW(c3bHDMCCB,c3bHDMCCE,c3bHDMCEB,c3bHDMCMB,c3bHDMCMC,c3bHDMCME,c3bHDMCMP);
new(c3bHDMCPB,c3bHDMCPC,c3bHDMCPE);
 c3bHDMCCB  =  (HDMC_CB  - MDHC_b   );  
 c3bHDMCCE  =  (HDMC_CE  - MDHC_e   );  
 c3bHDMCEB  =  (HDMC_EB  - MDHC_b   );  
 c3bHDMCMB  =  (HDMC_BM  - MDHC_b   );  
 c3bHDMCMC  =  (HDMC_CM  - MDHC_c   );  
 c3bHDMCME  =  (HDMC_EM  - MDHC_e   );  
 c3bHDMCMP  =  (HDMC_MP  - MDHC_p   );  
 c3bHDMCPB  =  (HDMC_PB  - MDHC_b   );  
 c3bHDMCPC  =  (HDMC_PC  - MDHC_c   );  
 c3bHDMCPE  =  (HDMC_PE  - MDHC_e   );  


!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
    !!Additional tests of variance components used to test variance components
    !!associated with Campbell-Fiske Guidelines and the ANOVA model;

NEW(c3HDMC_M,c3HDMC_p,c3HDMC_c,c3HDMC_e,c3HDMC_b); 
c3HDMC_M  = (HDMC_M  - MDHC_M);
c3HDMC_p  = (HDMC_P  - MDHC_P);
c3HDMC_c  = (HDMC_c  - MDHC_c);
c3HDMC_e  = (HDMC_e  - MDHC_e);
c3HDMC_b  = (HDMC_b  - HDHc_b);

! Variance Components for the ANVOvA model;
    new(VCsubj3);VCsubj3=  hthmTOT  ;
    new(VCsxt3); VCsxt3 = ( CVTOT  - hthmTOT)  ;
    new(VCsxm3); VCsxm3 = ( HTMMTOT  - hthmTOT) ;
    new(VCerr3); VCerr3 = 1 - VCsubj3 - VCsxt3 - VCsxm3 ;

     OUTPUT: sampstat stdyx svalues mod  TECH4;






! Part 4: Additional Mplus Syntax for Evaluating Differences in Correlations with Gender across 
! the 25 (5 x 5) Latent factors. The syntax is the same as in Part 1 except the ITSEX (gender) is
!added to the Use variables list and treated as a single-item latent variable labeled “sex”; 

! Labels for Relations Between Sex and 25 (5 x 5) Latent Factors;
        sex with msc-bsc(sexr11-sexr15);
        sex with maff-baff(sexr21-sexr25);
        sex with mval-bval(sexr31-sexr35);
        sex with maths-biolo(sexr41-sexr45);
        sex with masp-basp(sexr51-sexr55);
 
 model constraint:
  new (M,D);
!M = grand mean of correlations with sex;
  M =
  ((sexr11+sexr12+sexr13+sexr14+sexr15) +
  (sexr21+sexr22+sexr23+sexr24+sexr25) +
  (sexr31+sexr32+sexr33+sexr34+sexr35) +
  (sexr41+sexr42+sexr43+sexr44+sexr45) +
  (sexr51+sexr52+sexr53+sexr54+sexr55))/25;

!D = SS deviations between effects of gender for each construct and the grand mean;
  D =
  (sexr11-M)**2+(sexr12-M)**2+(sexr13-M)**2+(sexr14-M)**2+(sexr15-M)**2+
  (sexr21-M)**2+(sexr22-M)**2+(sexr23-M)**2+(sexr24-M)**2+(sexr25-M)**2+
  (sexr31-M)**2+(sexr32-M)**2+(sexr33-M)**2+(sexr34-M)**2+(sexr35-M)**2+
  (sexr41-M)**2+(sexr42-M)**2+(sexr43-M)**2+(sexr44-M)**2+(sexr45-M)**2+
  (sexr51-M)**2+(sexr52-M)**2+(sexr53-M)**2+(sexr54-M)**2+(sexr55-M)**2;

    new (M1-M5,D1-D5);
!M1—M5 = 5 Marginal mean of correlations with sex, constructs averaged across domains; 
    M1=(sexr11+sexr12+sexr13+sexr14+sexr15)/5;
    M2=(sexr21+sexr22+sexr23+sexr24+sexr25)/5;
    M3=(sexr31+sexr32+sexr33+sexr34+sexr35)/5;
    M4=(sexr41+sexr42+sexr43+sexr44+sexr45)/5;
    M5=(sexr51+sexr52+sexr53+sexr54+sexr55)/5;
!D1—D5 = 5 marginal SS deviations, within constructs over domains; 
    D1=(sexr11-M1)**2+(sexr12-M1)**2+(sexr13-M1)**2+(sexr14-M1)**2+(sexr15-M1)**2;
    D2=(sexr21-M2)**2+(sexr22-M2)**2+(sexr23-M2)**2+(sexr24-M2)**2+(sexr25-M2)**2;
    D3=(sexr31-M3)**2+(sexr32-M3)**2+(sexr33-M3)**2+(sexr34-M3)**2+(sexr35-M3)**2;
    D4=(sexr41-M4)**2+(sexr42-M4)**2+(sexr43-M4)**2+(sexr44-M4)**2+(sexr45-M4)**2;
    D5=(sexr51-M5)**2+(sexr52-M5)**2+(sexr53-M5)**2+(sexr54-M5)**2+(sexr55-M5)**2;

    new (M6-M10,D6-D10);
!M6—M10= 5 Marginal mean of correlations with sex, domains averaged across constructs; 
    M6=((sexr11)+(sexr21)+(sexr31)+(sexr41)+(sexr51))/5;
    M7=((sexr12)+(sexr22)+(sexr32)+(sexr42)+(sexr52))/5;
    M8=((sexr13)+(sexr23)+(sexr33)+(sexr43)+(sexr53))/5;
    M9=((sexr14)+(sexr24)+(sexr34)+(sexr44)+(sexr54))/5;
    M10=((sexr15)+(sexr25)+(sexr35)+(sexr45)+(sexr55))/5;
!D61—D10 = 5 marginal SS deviations, within domains over constructs; 
    D6=(sexr11-M6)**2+(sexr21-M6)**2+(sexr31-M6)**2+(sexr41-M6)**2+(sexr51-M6)**2;
    D7=(sexr12-M7)**2+(sexr22-M7)**2+(sexr32-M7)**2+(sexr42-M7)**2+(sexr52-M7)**2;
    D8=(sexr13-M8)**2+(sexr23-M8)**2+(sexr33-M8)**2+(sexr43-M8)**2+(sexr53-M8)**2;
    D9=(sexr14-M9)**2+(sexr24-M9)**2+(sexr34-M9)**2+(sexr44-M9)**2+(sexr54-M9)**2;
    D10=(sexr15-M10)**2+(sexr25-M10)**2+(sexr35-M10)**2+(sexr45-M10)**2+(sexr55-M10)**2;
!D1—D5 = 5 marginal SS deviations, within constructs over domains; 
        new (dt1,dt2,int);
!Variance due to variation in Constructs (DT1), Domains (DT2), and their interaction (int); 
        Dt1=((M1-M)**2+(M2-M)**2+(M3-M)**2+(M4-M)**2+(M5-M)**2)*5;
        Dt2=((M6-M)**2+(M7-M)**2+(M8-M)**2+(M9-M)**2+(M10-M)**2)*5;
        int = D - dt1 - dt2;



