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Abstract 
 

Measuring instructional design principles is critical for understanding how pedagogical 
strategies influence learner experiences, engagement, and outcomes (Spooren et al., 2013). The 
Fujii and Perez (2025) CARE² model, which includes the principles of Culture, Collaboration, 
Agency, Agility, Relevance, Repetition, Evaluation, and Engagement, is a culturally 
responsive framework designed to support international learners in higher education. While the 
model has guided instructional design, it has not yet been formalized as an evaluative 
instrument to systematically capture learners’ perceptions or experiences. To address this gap, 
each CARE² principle was operationalized as a formative measurement item, with each 
dimension representing a distinct, non-interchangeable feature of instructional design rather 
than a reflective latent trait. Correlation analyses revealed theoretically coherent relationships 
among constructs (r = .355-.705, p < .001), supporting nomological validity. Importantly, the 
study also provides a practical template for designers and educators to develop their own 
evaluative instruments, illustrating how theoretically grounded principles can be translated into 
measurable indicators. By offering a structured, theory-driven lens, this study supports the 
evaluation and refinement of pedagogical strategies for designing and enhancing meaningful 
learning environments, while providing evidence-based guidance for instructional 
improvement. 
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Introduction 
 
Course evaluation surveys are commonly used instruments in higher education, playing an 
important role in instructional evaluation and institutional decision-making (Felder & Brent, 
2004; Marsh, 2007; Spooren et al., 2013). Despite their widespread use, the foundations of 
course measurement are not always examined with the same rigor as other instruments in 
educational and psychological research (Benton & Cashin, 2012; Uttl et al., 2017). As a result, 
concerns remain about their validity, including their ability to accurately reflect pedagogical 
quality and to support fair comparisons across instructors and contexts (Clayson, 2009; 
Stroebe, 2020). Some argue that these concerns are increased when surveys rely on single-item 
indicators to capture complex instructional constructs (Bergkvist & Rossiter, 2007; 
Diamantopoulos et al., 2012). While single-item designs are common in practice due to their 
efficiency and ease of administration, they raise important methodological questions about 
reliability and construct representation (Bergkvist & Rossiter, 2007; Diamantopoulos et al., 
2012). Traditional psychometric frameworks assume that constructs are best captured through 
multiple, highly correlated indicators (DeVellis, 2017; Nunnally & Bernstein, 1994). Within 
this paradigm, single-item measures are often viewed as inherently limited. However, this 
critique rests on assumptions about the structure of constructs that may not hold in applied 
educational contexts. 
 
Pedagogical quality is increasingly conceptualized not as a single latent trait, but as a 
configuration of interrelated instructional design features operating within a learning 
environment (Doyle, 1986; Lampert, 2001; Wang & Hannafin, 2005). From this perspective, 
elements such as culture, collaboration, relevance, engagement, and evaluation represent 
distinct but interacting dimensions rather than interchangeable indicators of one construct, 
consistent with systems-oriented and design-based approaches to education (Brown, 1992; 
Cobb et al., 2003; Collins, 1992). For multidimensional constructs, formative measurement 
models, where indicators define rather than reflect the construct, may be more appropriate 
(Bollen & Lennox, 1991; Diamantopoulos & Winklhofer, 2001). Misalignment between 
construct and measurement model can bias estimates and lead to misleading conclusions (Jarvis 
et al., 2003; MacKenzie et al., 2005), particularly in educational settings where constructs often 
reflect systems of practice. At the same time, course evaluation research has focused heavily 
on internal measurement properties while less consistently linking ratings to learning outcomes 
(Hornstein, 2017; Kane, 2013). Research also suggests that learner evaluations are not always 
strongly associated with actual learning (Uttl et al., 2017), and comparisons across courses may 
be confounded by pre-existing learner differences if not properly controlled (Rosenbaum & 
Rubin, 1983). 
 
This study explores these gaps by developing and validating the CARE² model as a formative, 
single-item instrument for capturing key dimensions of instructional design. The model 
includes nine constructs: Culture, Collaboration (peer), Collaboration (instructor), Agility, 
Agency, Relevance, Repetition, Engagement, and Evaluation, intended to represent core 
features of the learning environment. Rather than assuming these dimensions reflect a single 
latent factor, the CARE² model framework conceptualizes pedagogical quality as a composite 
of distinct but related elements (Fujii & Perez, 2025). To evaluate this approach, the study uses 
a two-phase validation design that integrates measurement diagnostics with outcome-based 
survey results. Specifically, it examines whether the CARE² model indicators meet the 
requirements of formative measurement and whether the resulting composite demonstrates 
nomological validity by predicting self-reported learning gains (Cronbach & Meehl, 1955).  
 



By linking course evaluation data to external learning outcomes, this study examines the extent 
to which a course evaluation instrument, using single-items, can be validated or not. The 
following research questions guide the study: 

1. Do the nine CARE² model single-item constructs form a defensible formative 
composite with acceptable collinearity, outer weights, and sampling adequacy? 

2. Does the CARE² model composite demonstrate nomological validity by informing 
technology learning gains, controlling for pre-existing learner skill levels? 

 
Literature Review 

 
Instructional Measurement in Dynamic Learning Contexts 
 
Educational practice is inherently adaptive, iterative, and context-dependent. Instruction does 
not function as a fixed intervention but as an evolving system shaped by learners, content, 
institutional context, and ongoing pedagogical decision-making (Doyle, 1986; Lampert, 2001). 
This dynamic nature has been widely recognized in design-based research and practitioner 
inquiry traditions, which emphasize iterative refinement, situated evaluation, and 
responsiveness to contextual variation as central to educational improvement (Brown, 1992; 
Cobb et al., 2003; Collins, 1992; Wang & Hannafin, 2005). However, educational 
measurement has historically been developed under assumptions of stability and 
generalizability. Most instruments are designed to isolate latent constructs assumed to remain 
invariant across contexts, enabling psychometric generalization (DeVellis, 2017). This creates 
a structural mismatch: while instructional systems are adaptive and relational, measurement 
models are typically static and decomposition-oriented. 
 
Reflective Measurement 
 
Reflective models treat constructs as latent variables that cause observed indicators, which are 
expected to be interchangeable and highly correlated (Bollen, 1989; DeVellis, 2017). 
Researchers infer unobservable constructs (e.g., motivation) from observable measures (e.g., 
survey responses), assuming that changes in the construct are reflected in corresponding 
changes in indicators (Coltman et al., 2008). Measurement quality is typically assessed via 
internal consistency (e.g., Cronbach’s α), reflecting the assumption of unidimensionality and 
shared underlying cause (Nunnally & Bernstein, 1994). However, many applied constructs are 
mis-specified in reflective form when indicators represent distinct conceptual domains rather 
than interchangeable manifestations (Jarvis et al., 2003). Bollen and Lennox (1991) similarly 
argue that many constructs are better understood as composites, where indicators define rather 
than reflect the construct. Reliance on α is further limited by its sensitivity to scale length and 
tau-equivalence assumptions, and can encourage item redundancy that narrows construct 
coverage (Cronbach, 1951; Sijtsma, 2009; Streiner, 2003). Consequently, conventional 
reflective criteria may be poorly suited to multidimensional or system-based constructs. 
 
Formative Measurement 
 
Formative measurement offers a theoretically grounded alternative in which indicators define 
rather than reflect the construct, with each capturing a distinct component of the phenomenon 
(Bollen & Lennox, 1991; Diamantopoulos & Winklhofer, 2001). This approach is well suited 
to composite, multidimensional, and system-oriented constructs, where specification should 
follow conceptual definition rather than statistical convenience (MacKenzie et al., 2005). When 
constructs are defined by their components, formative specification is often necessary, and 



misalignment between construct and model can lead to invalid inferences even when statistical 
criteria appear acceptable. Formative measurement also shifts the focus of validity from 
internal consistency to content validity, ensuring adequate coverage of the construct domain, 
alongside nomological validity (theoretical relationships) and criterion validity (prediction of 
outcomes) (Cronbach & Meehl, 1955; Diamantopoulos & Winklhofer, 2001). Together, these 
criteria provide a more appropriate framework for evaluating measurement quality in complex 
systems. 
 
Single-Item Measurement 
 
The debate over single-item measurement further illustrates the tension between psychometric 
rigor and practical utility. Within reflective paradigms, single-item measures are often viewed 
as inherently inferior due to concerns about reliability and measurement error (Nunnally & 
Bernstein, 1994). However, this critique assumes that constructs require multiple 
interchangeable indicators, an assumption that does not hold in formative or diagnostic 
contexts. Bergkvist and Rossiter (2007) provide empirical evidence that single-item measures 
can perform comparably to multi-item scales when constructs are concrete and unambiguous. 
Similarly, Diamantopoulos et al. (2012) argue that the appropriateness of single-item measures 
depends on the nature of the construct and the purpose of measurement. For evaluative and 
diagnostic applications, where the goal is to capture overall perceptions or judgments, a single 
well-designed item may be sufficient. 
 

Methodology  
 
Research Design 
 
This study used a quasi-experimental pre-post design, which is a common approach in 
educational research when random assignment is not possible (Shadish et al., 2002). A CARE² 
model course quality survey was administered at the end of the course. In addition, pre-post 
course technology proficiency surveys were administered at the beginning and end of each 
course, consistent with standard pretest-posttest approaches for measuring learning gains 
(Dimitrov & Rumrill, 2003). 
 
Participants 
 
A total of 96 learners completed the CARE² model end-of-course survey, and 91 learners 
completed both the pre-post course knowledge assessment. Learners were primarily aged 18-
24, representing diverse national backgrounds including Nepal and Bangladesh, reflecting the 
heterogeneity typical of contemporary higher education populations (Canton, 2021). 
 
Instruments 
 
The study used two instruments: the CARE² model survey and a pre- and post-test proficiency 
survey. The CARE² model survey comprises nine constructs, each measured by a single item 
on a five-point Likert-type scale (1 = Strongly Disagree, 5 = Strongly Agree). The use of Likert-
type scales is standard in educational and psychological measurement for capturing perceptions 
and attitudes (Edmondson, 2005). The nine constructs include: (1) Culture, (2) Peer 
Collaboration, (3) Instructor Collaboration, (4) Autonomy, (5) Agility, (6) Relevance, (7) 
Repetition, (8) Engagement, and (9) Evaluation (see Appendix for instrument details). Each 
construct is operationalized as a distinct dimension of instructional design, consistent with 



formative measurement approaches in which indicators define the construct domain (Bollen & 
Lennox, 1991; Diamantopoulos & Winklhofer, 2001). The use of single-item indicators aligns 
with prior research suggesting that single-item measures can be appropriate for concrete, 
unambiguous constructs, particularly in applied and evaluative contexts (Bergkvist & Rossiter, 
2007; Diamantopoulos et al., 2012). In addition, a technology proficiency survey included 11 
items assessing digital skills and self-efficacy relevant to the course context. The items used 
five-point Likert-type response formats. A technology composite score was computed as the 
mean of all items. 
 
Analytical Strategy 
 
The study examined data across two phases. The first phase examined the CARE² model survey 
using formative measurement. Several analyses were used to evaluate formative indicators: 
descriptive statistics, correlation matrices, and multicollinearity diagnostics including variance 
inflation factor (VIF), tolerance, and condition index (Hair et al., 2018). Outer weights and 
loadings were examined to assess indicator contributions, with bootstrapping (B = 5,000) used 
to evaluate statistical significance, consistent with recommended practices in formative 
measurement and partial least squares modeling (Hair et al., 2018). Harman’s single-factor test 
was also conducted to assess potential common method bias, a standard diagnostic in survey-
based research (Podsakoff et al., 2003). Independent samples t-tests were used to compare 
CARE² model construct scores across the two groups, consistent with standard procedures for 
group mean comparison (Ary et al., 2018). The second phase examined the nomological 
validity, which included pretest equivalence testing, within-group pre-post comparisons, and 
between-group comparisons of post-test scores. 
 

Results 
 
Descriptive Statistics 
 
Descriptive statistics for the CARE² dimensions showed mean scores ranging from 3.72 (SD = 
0.97) for Evaluation to 4.08 (SD = 0.74) for Instructor Collaboration, reflecting generally 
favorable learner perceptions (Table 1). All items spanned the full response range and 
demonstrated acceptable distributional properties. Skewness (-1.18 to -0.64) and excess 
kurtosis (0.21 to 2.92) were within recommended thresholds for Likert-type measures, 
supporting the use of parametric analyses (Field, 2018; Hair et al., 2018). See Table 1. 
 
Table 1 
Descriptive Statistics for CARE² Model Single-Item Constructs (N = 96) 

Construct M SD Min Max Skewness Kurtosis 

Culture 3.80 0.86 1 5 -0.77 1.02 

Collaboration_Peer 3.89 0.81 1 5 -1.18 2.76 

Collaboration_Instructor 4.08 0.74 1 5 -0.82 1.66 

Autonomy 3.95 0.75 1 5 -0.65 1.10 

Agility 3.89 0.75 1 5 -1.03 2.92 

Relevance 4.06 0.76 1 5 -0.91 1.69 



Repetition 3.84 0.87 1 5 -0.64 0.21 

Engagement 3.94 0.69 1 5 -0.75 1.96 

Evaluation 3.72 0.97 1 5 -0.76 0.32 
 
Pearson Correlation Matrix 
 
Pearson correlations among the nine CARE² model indicators reveal correlations ranging from 
r = .355 (Culture with Peer Collaboration and Agility) to r = .719 (Instructor Collaboration with 
Autonomy), with all associations statistically significant (p < .001) (see Table 2). Moderate 
correlations were observed among Instructor Collaboration, Autonomy, Agility, Relevance, 
and Evaluation (r = .602-.719), suggesting related yet distinct instructor and process-oriented 
dimensions. Culture showed the weakest associations with other indicators (r = .35-.42). 
Importantly, no correlation approached the .90 threshold indicative of multicollinearity or 
redundancy (Hair et al., 2018), supporting the formative assumption that the CARE² model 
indicators are related but nonredundant. See Table 2.  
 
Table 2  
Pearson Correlation Matrix Among CARE² Model Formative Indicators 

Construct C CP CI Au Ag Re Rp En Ev 

Culture 1.000 0.355 0.413 0.413 0.356 0.395 0.371 0.424 0.406 

Collab_Peer  1.000 0.557 0.530 0.478 0.473 0.367 0.470 0.444 

Collab_Instr   1.000 0.719 0.625 0.602 0.516 0.528 0.531 

Autonomy    1.000 0.642 0.661 0.531 0.589 0.628 

Agility     1.000 0.647 0.557 0.608 0.705 

Relevance      1.000 0.602 0.620 0.648 

Repetition       1.000 0.542 0.576 

Engagement        1.000 0.640 

Evaluation         1.000 
Note. C = Culture; CP = Collab_Peer; CI = Collab_Instructor; Au = Autonomy; Ag = Agility; Re = Relevance; 
Rp = Repetition; En = Engagement; Ev = Evaluation. Upper triangle only; lower triangle intentionally blank.  
 
Variance Inflation Factor and Tolerance 
 
The findings of the VIF and Tolerance analyses show that all nine VIF values fell below the 
formative model threshold of 3.3 (Hair et al., 2018), ranging from 1.350 (Culture) to 2.800 
(Autonomy). In addition, the tolerance values all exceeded .35 (see Table 3). These results 
indicate that multicollinearity is not a concern, meaning that each retains sufficient unique 
variance to contribute a distinct, interpretable signal to the composite. Although Autonomy, 
Agility, Evaluation, and Instructor Collaboration show relatively higher VIF values (2.51-
2.80), this pattern is consistent with the moderate intercorrelations observed among these 
constructs and remains well within acceptable limits for formative specification. See Table 3. 



Table 3  
Variance Inflation Factor (VIF) and Tolerance 

Construct VIF Tolerance 

Culture 1.350 0.741 

Collaboration_Peer 1.611 0.621 

Collaboration_Instructor 2.542 0.393 

Autonomy 2.800 0.357 

Agility 2.638 0.379 

Relevance 2.514 0.398 

Repetition 1.854 0.539 

Engagement 2.159 0.463 

Evaluation 2.623 0.381 
Note. VIF threshold for formative models: < 3.3 (2022). Tolerance = 1/VIF. 
 
Condition Index 
 
The eigenvalue-based condition indices independently confirmed the absence of problematic 
collinearity (see Table 4). The maximum condition index was 4.705 (Dimension 9), which is 
well below the 15.0 lower warning threshold (Kim, 2019). The first eigenvalue (5.316) 
captured the dominant shared variance among indicators, consistent with the theoretical 
expectation of a coherent composite, while the remaining eigenvalues distributed variance 
across eight additional dimensions, confirming each indicator's unique contribution. See Table 
4. 
 
Table 4  
Eigenvalues and Condition Indices 

Dimension Eigenvalue Condition Index 

1 5.316 1.000 

2 0.747 2.669 

3 0.699 2.757 

4 0.500 3.260 

5 0.467 3.374 

6 0.386 3.713 

7 0.345 3.924 

8 0.300 4.212 

9 0.240 4.705 
Note. CI = √(λ_max / λ_k). Thresholds: < 15 = no collinearity; 15–30 = moderate; > 30 = severe. 
 



Outer Weights and Bootstrapped Significance 
 
All outer weights were statistically significant (ps < .001), with t-statistics ranging from 8.248 
(Culture) to 22.527 (Autonomy), and none of the 95% confidence intervals included zero. 
Outer loadings ranged from 0.601 (Culture) to 0.830 (Autonomy), exceeding the recommended 
minimum of .50 (Hair et al., 2018), with seven surpassing .70. Only Culture (λ = 0.601) and 
Peer Collaboration (λ = 0.679) fell in the moderate range. Overall, the results support retaining 
all nine indicators in the formative composite. See Table 5. 
 
Table 5 
Outer Weights, Outer Loadings, and Bootstrapped Significance (B = 5,000) 

Construct Outer 
Weight 

Outer 
Loading 

Bootstra
p SE t p 95% CI 

Culture 0.4593 0.6008 0.095 8.248 < .001 [0.597, 
0.974] 

Collaboration_Peer 0.5194 0.6794 0.079 11.261 < .001 [0.730, 
1.044] 

Collaboration_Instructor 0.6101 0.7981 0.063 16.588 < .001 [0.913, 
1.163] 

Autonomy 0.6348 0.8303 0.048 22.527 < .001 [0.988, 
1.178] 

Agility 0.6243 0.8166 0.081 13.141 < .001 [0.907, 
1.228] 

Relevance 0.6276 0.8210 0.057 18.789 < .001 [0.955, 
1.181] 

Repetition 0.5625 0.7358 0.067 14.311 < .001 [0.829, 
1.095] 

Engagement 0.6023 0.7878 0.067 15.461 < .001 [0.893, 
1.156] 

Evaluation 0.6198 0.8107 0.071 14.951 < .001 [0.936, 
1.210] 

Note. Outer loading = Pearson r(indicator, unit-weighted composite). All p-values < .001 (two-tailed). CI = 95% 
percentile bootstrap interval. 
 
Common Method Bias: Harman's Single Factor Test 
 
When applying Harman’s single-factor test results, the first unrotated factor accounted for 
59.07% of total variance across the nine CARE² model items, exceeding the 50% benchmark 
(Podsakoff et al., 2003). While this may suggest a general factor, these results are expected 
given that the items reflect related dimensions of a higher-order construct (perceived 
pedagogical quality) and share a common survey format. Moreover, Harman’s test is widely 
regarded as a limited diagnostic and not definitive evidence of common method bias (Podsakoff 
et al., 2003). See Table 6.  
 
 



Table 6 
Harman's Single Factor Test: Unrotated Principal Component Solution 

Factor Eigenvalue % Variance Cumulative % 

F1 5.316 59.07 59.07 

F2 0.747 8.30 67.37 

F3 0.699 7.77 75.14 

F4 0.500 5.56 80.69 

F5 0.467 5.19 85.88 

F6 0.386 4.28 90.17 

F7 0.345 3.84 94.00 

F8 0.300 3.33 97.33 

F9 0.240 2.67 100.00 
Note. CMB threshold: first factor > 50% (Podsakoff et al., 2003). 
 
CARE² Model Construct-Technology Nomological Alignment 
 
Nomological alignment results between the CARE² model constructs and technology survey 
items show that six of the nine CARE² model constructs map directly onto technology 
outcomes: Autonomy (digital self-sufficiency), Agility (ease of learning new technology), 
Relevance (technology awareness and internet research confidence), Repetition (PowerPoint 
skill acquisition through practice), Engagement (LMS navigation), and Evaluation (online 
assessment submission). Culture, Peer Collaboration, and Instructor Collaboration are 
interpersonal dimensions without direct technological counterparts and are therefore 
represented indirectly within the composite. See Table 7. 
 
Table 7 
Nomological Alignment of CARE² Model Constructs With Technology Outcome Items 

CARE² 
Construct 

Technology 
Outcome Item(s) Theoretical Rationale Alignment 

Culture N/A Learning culture is contextual; no direct 
technology item captures it Indirect 

Collaboration_ 
Peer N/A Peer collaboration not directly 

measured in technology survey Indirect 

Collaboration_ 
Instructor N/A Instructor collaboration not captured in 

technology items Indirect 

Autonomy Sufficient digital 
skills 

Self-sufficiency in digital tools reflects 
autonomous capability Direct 

Agility Learn new 
technologies 

Ease of learning new tech directly 
operationalizes agility Direct 



Relevance 
Follow new tech; 
Internet search 
confidence 

Connecting content to current 
technology reflects relevance Direct 

Repetition PPT experience (×4 
sub-skills) 

Repeated skill practice drives 
measurable tech proficiency gains Direct 

Engagement Navigate Moodle; 
Submit online 

Active LMS use and online submission 
indicate engaged participation Direct 

Evaluation Submit assessment 
online 

Successful submission is the proximal 
indicator of assessment completion Direct 

Note. Direct = specific technology item corresponds to the CARE² model construct. Indirect = no direct item; 
represented through composite. 
 
Pre-Post Technology Change 
 
When examining the pre-post results, paired t-tests for 91 matched learners show that eight of 
eleven items revealed significant improvement, with the largest gains in online assessment 
submission (Δ = +1.40, d = 1.250), PowerPoint narration (Δ = +0.90, d = 0.956), insertion (Δ 
= +1.10, d = 0.938), and saving (Δ = +1.19, d = 0.969), indicating strong skill acquisition in 
course-specific tasks. The overall technology composite increased by 0.631 SDs (t(90) = -
9.274, p < .001, d = 1.225), reflecting a large improvement in proficiency. Non-significant 
gains in broader skills (e.g., learning new technologies, following new technologies, internet 
search confidence) suggest these were less directly targeted by the curriculum. See Table 8.  
 
Table 8 
Pre-Post Paired t-Tests (n = 91 Matched Pairs) 

Technology Item Pre M (SD) Post M 
(SD) Gain t p Cohen's 

d 

Sufficient digital 
skills 3.10 (0.97) 3.57 (0.82) +0.47 -3.893 < .001 0.509 

Learn new 
technologies 3.45 (1.12) 3.62 (1.02) +0.16 -1.224 .224 0.142 

Navigate Moodle 
(LMS) 3.70 (0.92) 4.21 (0.77) +0.50 -4.700 < .001 0.534 

Submit assessment 
online 2.55 (0.93) 3.96 (0.77) +1.40 -11.925 < .001 1.250 

Follow new 
technologies 3.33 (0.97) 3.56 (0.90) +0.23 -1.890 .062 0.241 

Confident internet 
search 3.40 (0.95) 3.62 (0.96) +0.22 -1.789 .077 0.209 

Library database 
access 2.64 (1.20) 3.40 (1.03) +0.74 -5.222 < .001 0.606 

PPT: Make 
presentation 1.69 (0.80) 2.72 (1.10) +1.04 -6.920 < .001 0.900 



PPT: Insert images 1.73 (1.01) 2.82 (1.18) +1.10 -6.049 < .001 0.938 

PPT: Narrate 
presentation 1.33 (0.68) 2.24 (0.93) +0.90 -6.827 < .001 0.956 

PPT: Save as .pptx 1.83 (1.00) 3.02 (0.99) +1.19 -7.443 < .001 0.969 

Technology 
Composite -0.22 (0.52) 0.41 (0.59) +0.63 -9.274 < .001 1.225 

Note. n = 91 matched pairs via learner ID. Paired t-test. Gain = Post M - Pre M. Cohen's d = mean difference / 
SD of difference scores. ns = p ≥ .05. *** p < .001. 
 

Discussion 
 
This study set out to validate the CARE² model course quality instrument through two 
complementary lenses: formative measurement diagnostics and nomological validity testing 
against technology learning gains. The results converge to support three principal conclusions: 
1/ the CARE² model formative composite is measurement-model defensible, 2/ it is criterion-
valid in that the group with higher CARE² model ratings demonstrated substantially greater 
technology skill gains. More details about the study results are as follows:  
 
Research Question 1: Formative Measurement Validity 
 
The first phase results establish that the CARE² model indicator set meets all quantitative 
thresholds for a well-specified formative measurement model. The absence of problematic 
multicollinearity (all VIFs < 3.3; maximum condition index = 4.71) means that outer weight 
estimates are stable and interpretable, with each indicator's unique contribution to the 
composite can be reliably estimated and is not distorted by overlap with co-indicators. The 
universal statistical significance of outer weights (all ps < .001, bootstrapped B = 5,000) 
confirms that none of the nine indicators is redundant or expendable. Even the weakest 
contributors, Culture (outer loading = 0.601) and Peer Collaboration (outer loading = 0.679), 
still exceed the minimum loading threshold and contribute unique variance absent from the 
other seven indicators. 
 
In addition, we argue that the relatively low loading of Culture is theoretically meaningful 
rather than psychometrically problematic. Culture reflects institutional and environmental 
conditions that transcend any single class or instructor; its weaker correlation with the 
composite defined by the other eight instructor-modifiable dimensions is what we would expect 
if it captures a distinct, more institutionally situated facet of the learning environment. We see 
this distinctiveness as an argument for its retention, since without it, the composite would 
capture only those dimensions of course quality that are directly under instructor control, 
omitting the broader cultural context in which instruction occurs. 
 
Research Question 2: Nomological Validity and the Meaning of the Composite 
 
The second-phase results provide the most substantively important finding: the group whose 
learners perceived higher course quality on the CARE² model composite also demonstrated 
measurably higher technology learning outcomes. The learners, who entered the class with 
statistically equivalent technology skills (composite d = -0.07), exited with significantly higher 
proficiency (composite d = 0.38) and showed larger gains on 8 of 11 technology items. This 
pattern constitutes group-level nomological validity evidence, suggesting that the CARE² 



model composite score is not merely a self-contained self-report measure but corresponds to 
observable differences in learning. 
 
Implications 
 
The results present several implications that should be addressed, especially given the nature 
of this study and its two-phased analytical approach. The implications are as follows: 
 
Common Method Bias 
 
The results of Harman's single-factor result (59.07%) warrant cautious interpretation. Although 
the CARE² model items were collected via a single self-report instrument at a single time point, 
conditions associated with common method bias (e.g., shared method, uniform response 
format, and positively worded items) are present, and their potential influence cannot be fully 
excluded. However, the magnitude of the first factor is also consistent with a coherent construct 
domain, where substantial shared variance is expected among related dimensions of 
pedagogical quality. Importantly, the learning outcome results provide partial evidence against 
a purely method-driven explanation, as CARE² model ratings are aligned with differences in 
technology learning gains across instructional contexts. This pattern is more consistent with 
substantive variance in perceived pedagogical quality than with common method bias alone. 
 
Measurement Practice 
 
This study demonstrates that a nine-item, single-item-per-construct survey can satisfy 
formative measurement requirements when rigorously evaluated. Researchers deploying 
similar instruments should conduct a full diagnostic report, particularly VIF analysis and 
bootstrapped outer weight significance, rather than assuming that a clean correlation matrix 
implies measurement validity. The formative framework is the appropriate default when 
constructs are theoretically non-interchangeable and single items are used, and its diagnostics 
are less demanding than those of reflective models precisely because they do not require 
within-construct reliability. 
 
Limitations 
 
Several limitations constrain the interpretation of these findings. For one, the common method 
bias, flagged by Harman's single-factor test (first factor = 59.07%), is a plausible concern for 
the CARE² model's self-report data. Although pre-test equivalence testing showed comparable 
technology skill levels at class entry, unmeasured confounders, like learner motivation, course 
load, prior academic performance, or demographic characteristics, may account for some of 
the observed differences. The study design does not support a causal attribution of the 
differences in gains to pedagogical quality specifically. The study’s generalizability is limited 
to the institutional and instructional contexts studied. The learner population (primarily aged 
18–24, representing South Asian backgrounds) and the specific technology-focused course 
context may not generalize to other disciplines, institutions, or demographic groups. Finally, 
the CARE² model single-item design, while meeting formative measurement standards, does 
not allow for estimation of measurement error at the construct level, meaning that random 
measurement error is unquantified and potentially consequential for the precision of composite 
estimates. 
 
 



Future Research  
 
Future research should examine multi-item indicators for some CARE² model constructs, 
particularly Culture and Autonomy, where single-item measures may not fully capture 
conceptual breadth. While single-item formative measurement is defensible, short multi-item 
versions would enable more nuanced assessment and convergent validation against established 
instructional design measures. Further work should also test the relationship between CARE² 
model dimensions and objective outcomes such as academic performance, course completion, 
and skill transfer, as the present study focused on evaluative judgments rather than downstream 
behavioral effects. In addition, procedural refinements are recommended to further reduce 
potential common method bias, including item randomization, incorporation of reverse-coded 
items, and temporal separation of measures. Adding two to three items per construct would 
also enable within-construct reliability estimation and support extension toward a reflective 
and formative hierarchical model. 
 

Conclusion 
 
This study examined whether the CARE² model, constructed from single-item indicators, can 
be defended as a valid measure of course quality. The findings support this claim on both 
measurement and substantive grounds. Formative diagnostics indicate that all nine indicators 
contribute unique, non-redundant variance to the composite, with acceptable multicollinearity, 
significant outer weights, and adequate sampling properties. Substantively, learners with 
comparable baseline technology skills exhibited meaningfully different learning gains 
depending on their CARE² model ratings, providing nomological evidence that the composite 
reflects real differences in learning outcomes rather than self-report artifacts. Together, these 
results support the CARE² model as a defensible formative measure of pedagogical quality that 
corresponds to meaningful differences in learner learning. 
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Appendix 
 
Instruments: CARE² Model Perception Survey Items 
 
Learners completed a nine-item perception survey designed to evaluate their experiences 
within the pedagogical model. All items were transformed to align with micro-units as 
compared with class or course. The items were measured using a 5-point Likert scale ranging 
from 1 = Strongly Disagree to 5 = Strongly Agree. 

1. My background and experiences were valued during the micro-units. 
2. Working with peers enhanced my learning in the micro-units. 
3. Interactions with the micro-units instructor supported my learning. 
4. The micro-units provided clear expectations that encouraged me to take responsibility 

for learning. 
5. The instructor adapted the micro-unit content to meet learners' needs. 
6. The micro-unit content was meaningful and connected to final course assessments. 
7. Important topics, models, or theories for Assessment 1 were reviewed multiple times 

to reinforce learning. 
8. Interactive activities kept me actively involved in learning. 
9. I received timely feedback, based on questions and answers, during the micro-unit 

sessions that helped me improve my knowledge or skills. 
 
Instruments: Technology Survey Items (Pre and Post) 
 
Learners completed a multiple-item survey measured using 5-point agreement scale ranging 
from Strongly Disagree to Strongly Agree, with item 7 measured using a 5-point confidence 
scale ranging from Extremely Unconfident to Extremely Confident. Collectively, these items 
served as indicators of learners’ perceived digital confidence across general technology use, 
learning management system navigation, online assessment submission, technology 
awareness, information literacy, and academic research skills. 

1. I have sufficient skills in digital technology. 
2. I can learn new digital technologies without difficulty. 
3. I know how to find and navigate the Moodle room. 
4. I know how to turn in my assessment online (by uploading it to LearningZone). 
5. I follow important new technologies (like ChatGPT). 
6. I feel confident in my searches for information online (research, homework, etc.). 
7. How confident are you in accessing and using library databases on your laptop? 

 


