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Indonesia faces a significant shortage of digitally competent vocational 

teachers, yet existing assessment instruments often rely on aggregate scores 

that fail to diagnose specific cognitive deficits. This study addresses this gap 

by developing a diagnostic assessment instrument for vocational IT pre-

service teachers. The research contribution is the validation of a domain-

specific Cognitive Diagnostic Model (CDM) framework that integrates 

general digital pedagogy with vocational IT technical expertise, enabling 

precise attribute mastery profiling. The study employed a cross-sectional 

survey design with a purposive sample of 270 informatics education students. 

Data were analyzed using a multi-stage psychometric approach, combining 

Classical Test Theory (CTT), Confirmatory Factor Analysis (CFA), and the 

Generalized Deterministic Inputs, Noisy "And" Gate (G-DINA) model to 

determine attribute mastery. The results demonstrated that the 32-item 

instrument achieved excellent model fit (RMSEA₂=0.011) and outstanding 

classification accuracy (93.71%). Systematic profiling revealed that female 

students consistently outperformed males across all dimensions, while a non-

linear developmental trajectory was observed with a significant competency 

decline in the third semester followed by recovery. In conclusion, the G-

DINA-based instrument provides a robust diagnostic tool for identifying 

specific learning needs, suggesting that teacher preparation programs require 

targeted interventions during critical transition periods to support continuous 

competency development. 
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1. INTRODUCTION 

1.1. Digital Competence for Vocational IT Pre-Service Teachers 

Digital transformation has fundamentally reshaped workforce requirements, creating unprecedented 

demand for digitally proficient professionals across sectors. Indonesia faces significant challenges in preparing 

a digitally competent workforce amid the digital transformation era. The projected demand for approximately 

9 million skilled digital workers during 2015-2030 [1]. Indonesia's human capital capacity in technological 

proficiency remains constrained. Empirical evidence indicates that workers possessing advanced digital 

competencies constitute a negligible proportion, significantly lagging regional counterparts in Southeast Asia 

[2][3]. This gap becomes increasingly critical within vocational education contexts, where educators must not 

only master technical competencies but also effectively integrate technology into pedagogical practice [4]-[6]. 

Digital competence for prospective vocational IT educators constitutes a multidimensional construct 

encompassing technical content mastery, digital pedagogical capabilities, professionalism, and social 

engagement within digital ecosystems [6]-[8]. Empirical evidence demonstrates that vocational educators' 

digital competence remains at moderate-to-low levels with uneven distribution across competency dimensions 

[9]-[11]. Indonesian vocational teachers exhibit similar patterns, characterized by substantial deficiencies in 

advanced digital integration skills and pronounced regional disparities [12]-[14].  

Digital competency within vocational IT education contexts represents a multidimensional construct 

integrating technical expertise, pedagogical knowledge, and professional dispositions [6],[8],[15][16]. The 

construct extends beyond basic digital literacy to encompass sophisticated capabilities enabling educators to 

design technology-enhanced learning environments, facilitate learner development, and model professional 

digital practices [9][10],[17][18]. 

The DigCompEdu framework, developed through extensive consultation with European education 

stakeholders, delineates six core competency areas: Professional Engagement, Digital Resources, Teaching and 

Learning, Assessment, Empowering Learners, and Facilitating Learners' Digital Competence [7][8]. This 

framework has been validated across multiple educational contexts and adapted for various national 

implementations [31]-[35]. Each competency area encompasses progressive proficiency levels from awareness 

(A1-A2), through integration (B1-B2), to innovation (C1-C2), enabling differentiated conceptualization of 

educator capabilities [24]-[26]. 

However, vocational IT pre-service teachers require competency frameworks extending beyond generic 

educator digital competence to integrate domain-specific technical proficiencies across information technology 

specializations [27]. These extensions encompass software engineering methodologies, network architecture 

and administration, database design and management systems, cybersecurity principles, cloud computing 

infrastructures, and emerging technologies including artificial intelligence, Internet of Things, and blockchain 

applications [28]-[31]. The integration of technical and pedagogical competencies creates distinctive 

challenges for competency modeling in vocational IT education, requiring frameworks that simultaneously 

address technological content knowledge and pedagogical content knowledge specific to technical domains 

[32]-[35]. 

Contemporary conceptualizations recognize digital competency as comprising three interconnected 

dimensions: Digital Pedagogy, encompassing technology-enhanced instructional design, learning facilitation, 

and pedagogical innovation; Digital Professionalism, incorporating professional communication, ethical 

technology use, collaborative practices, and continuous professional development; and Digital Social 

Engagement, addressing digital citizenship education, safe technology practices, and socially responsible 

technology integration [36][37]. These dimensions interact dynamically, with proficiency in one area 

supporting and reinforcing capabilities across others. 

The foundational layer supporting all three competency dimensions consists of technological 

competencies operationalized through established taxonomies [38]-[40]. These taxonomies delineate 

hierarchical cognitive processes: technological awareness representing foundational recognition of technology 

affordances and constraints; technological literacy encompassing functional operational capabilities; 

technological capability indicating integrated application across contexts; technological creativity involving 

innovative technology-mediated problem-solving; and technological criticism reflecting evaluative judgment 

regarding appropriate technology deployment [41][42]. Empirical investigations demonstrate that competency 

development typically progresses sequentially through these levels, though individual trajectories vary 

substantially based on contextual and personal factors [11],[43]. 

Systematic reviews synthesizing international research indicate vocational educator digital competency 

levels predominantly cluster within intermediate proficiency ranges (B1-B2 within European frameworks), 

revealing substantial competency gaps particularly in advanced integration and innovation capabilities 

[17],[44][45]. Considerable variation exists across competency dimensions, with educators demonstrating 
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relatively stronger proficiencies in basic digital resource utilization compared to sophisticated capabilities in 

differentiated technology-enhanced instruction and data-driven educational decision-making [46]. These 

patterns persist across diverse geographical contexts, suggesting systemic challenges in digital competency 

development rather than localized phenomena [10]. 

Empirical investigations have identified multifaceted factors influencing digital competency acquisition 

and development trajectories. Personal characteristics including age, gender, prior ICT experience, educational 

background, and technology self-efficacy beliefs significantly predict competency levels [43]. Institutional 

variables encompassing organizational support structures, technology infrastructure access, professional 

development opportunities, collaborative learning cultures, and leadership technology emphasis demonstrate 

substantial explanatory power for competency variation [34],[47]. Motivational elements including perceived 

technology usefulness, subjective norms regarding technology integration, behavioral intention toward 

technology adoption, and anxiety related to technology use mediate relationships between external factors and 

competency development [48]-[51]. 

Recent theoretical developments propose integrated frameworks specifically addressing TVET teachers' 

digital competence requirements. The Chinese framework for vocational teachers incorporates five interrelated 

dimensions: digital mindset and attitude, reflecting dispositions toward technology integration and continuous 

learning; digital knowledge and skills, encompassing both generic digital competencies and domain-specific 

technical expertise; digital education and teaching, addressing pedagogical applications of technology; digital 

care and support, involving learner guidance and differentiated technology-mediated instruction; and digital 

collaboration and development, emphasizing professional learning communities and collective capacity 

building [52]. This framework explicitly recognizes the dual nature of vocational teacher competency 

requirements, simultaneously addressing general educator digital competence and specialized vocational 

domain expertise. 

The integration of vocational IT domain knowledge with pedagogical competencies necessitates 

frameworks that account for disciplinary epistemologies and professional practices characteristic of 

information technology fields. Vocational IT educators must demonstrate competencies enabling them to 

translate rapidly evolving technological innovations into pedagogically sound learning experiences while 

maintaining alignment with industry standards and professional certification requirements [53][54]. This dual 

expertise requirement distinguishes vocational IT teacher preparation from both general teacher education and 

domain-specific IT professional development. 

Contemporary frameworks increasingly emphasize the contextual nature of digital competency 

development within communities of practice [55][56]. Pre-service teachers develop digital competencies 

through authentic participation in professional communities, engaging with experienced practitioners, 

collaborating on technology-mediated instructional design, and reflecting on pedagogical technology 

integration experiences [32],[57]. This situated perspective emphasizes the importance of apprenticeship 

models, mentoring relationships, and collaborative inquiry processes in fostering robust digital competency 

development. 

Figure 1 synthesizes the theoretical framework guiding digital competency conceptualization for vocational 

IT pre-service teachers. The framework positions three interconnected competency dimensions include Digital 

Pedagogy (PD), Digital Professionalism (PRO), and Digital Social Engagement (KSD) as integrated 

capabilities essential for effective technology-mediated vocational IT education. These three dimensions 

operate synergistically within the foundation of Information Technology Content Knowledge (KTI), which 

encompasses domain-specific technical expertise across vocational IT specializations.  

The competency dimensions are grounded in taxonomic levels of technological competency progressing 

from awareness through literacy, capability, creativity, and criticism. The framework explicitly recognizes the 

domain-specific context of KTI, encompassing diverse specializations including Game Development Software, 

Information Systems and Applications, Computer Engineering and Networking, and Telecommunication 

Transmission Engineering. This integration of general educator digital competence with vocational IT domain 

expertise addresses the distinctive competency requirements for pre-service teachers preparing to educate 

future IT professionals. 

 

1.2. Cognitive Diagnostic Models (CDMs) 

Cognitive Diagnostic Models (CDMs), alternatively termed Diagnostic Classification Models (DCMs), 

constitute a family of psychometric models designed to classify individuals into latent classes characterized by 

unique attribute profiles [58]-[60]. Unlike traditional psychometric approaches that provide unidimensional 

proficiency estimates, CDMs furnish fine-grained diagnostic information regarding examinees' strengths and 

weaknesses on specific cognitive attributes or skills required for successful task completion [61][62]. This 
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diagnostic capability renders CDMs particularly valuable for formative assessment purposes, competency-

based curriculum design, and targeted intervention development in educational contexts. 

A fundamental component of CDMs involves the Q-matrix, a binary incidence matrix specifying 

hypothesized relationships between assessment items and latent cognitive attributes. Each element qjk indicates 

whether attribute k is required for correctly responding to item j, thereby operationalizing the cognitive theory 

underlying the assessment instrument [63][64]. Q-matrix specification represents a critical step in CDM 

application, as misspecification can substantially compromise classification accuracy and diagnostic validity. 

The Generalized Deterministic Input, Noisy "And" gate (G-DINA) model represents a saturated general 

CDM framework subsuming various restricted models as special cases [65] Restricted models include the 

DINA (Deterministic Input, Noisy "And" gate) model requiring mastery of all specified attributes for high 

success probability, the DINO (Deterministic Input, Noisy "Or" gate) model requiring any single attribute 

mastery, the Additive Cognitive Diagnostic Model (ACDM) assuming additive attribute effects, and the Linear 

Logistic Model (LLM) incorporating linear attribute relationships [65][66]. The G-DINA framework employs 

identity, logit, or log link functions to model the probability of correct responses as a function of attribute 

mastery patterns, permitting flexible representation of compensatory, conjunctive, and hybrid attribute 

interactions. 

Parameter estimation in CDM applications typically utilizes marginal maximum likelihood estimation 

(MMLE) via Expectation-Maximization (EM) algorithms, though Bayesian estimation approaches employing 

Markov Chain Monte Carlo (MCMC) methods provide viable alternatives particularly for complex model 

specifications or small sample contexts. Computational implementations are available through various R 

packages including GDINA, CDM, and measr, each offering distinct advantages for particular analytical 

requirements [67]-[69]. Recent developments in software capabilities facilitate complex model specifications, 

parallel processing for computational efficiency, and comprehensive diagnostic output generation [70]. 

Psychometric property evaluation of CDM analyses encompasses multiple validation components 

essential for establishing diagnostic inference credibility. Q-matrix validation procedures ensure accurate item-

attribute specifications through empirical validation methods including the general discrimination index, mesa 

plot examination, and stepwise Wald test approaches [59],[67],[71]. These validation techniques systematically 

evaluate whether hypothesized Q-matrix entries correspond to empirical data patterns, enabling data-driven 

refinement of cognitive models. 

Model fit evaluation employs absolute fit indices including the root mean square error of approximation 

for dichotomous data (RMSEA₂) and standardized root mean square residual (SRMSR), alongside relative fit 

indices for comparing nested or non-nested model alternatives [72]. Model comparison criteria such as Akaike 

Information Criterion (AIC), Bayesian Information Criterion (BIC), and sample-size adjusted BIC facilitate 

principled model selection balancing fit quality against parsimony [73][74]. Item-level fit assessment identifies 

misfitting items requiring revision or removal through standardized residual examination, log-odds ratio 

analysis, and transformed correlation indices. 

Classification accuracy evaluation operates at multiple hierarchical levels, including overall test-level 

accuracy, individual attribute-level accuracy, and complete attribute pattern-level accuracy [75]. Pattern 

classification accuracy quantifies the proportion of examinees correctly classified into their true latent classes, 

while attribute-level accuracy assesses correct classification for each individual attribute. Reliability indices 

specific to CDM contexts include attribute-level classification consistency and accuracy indices, providing 

diagnostic-specific reliability evidence distinct from classical test theory or item response theory frameworks. 

Recent methodological developments have expanded CDM applicability and robustness across diverse 

assessment contexts. Approaches for empirically determining optimal attribute numbers address model 

specification uncertainty through sequential likelihood ratio tests, information criteria comparison, and cross-

validation procedures [76]. Small sample performance investigations demonstrate viable CDM applications 

with samples substantially smaller than traditional IRT requirements, though classification accuracy may be 

compromised depending on test length, attribute structure, and item quality [77]. Differential item functioning 

(DIF) detection methods adapted for CDM frameworks enable evaluation of measurement invariance across 

demographic groups, identifying items functioning differentially for examinees with equivalent attribute 

profiles. These methodological innovations enhance CDM utility for high-stakes assessment applications 

requiring rigorous validity evidence and fairness documentation. 

A fundamental limitation in digital competency assessment concerns the absence of instruments providing 

granular diagnostic information about specific cognitive attribute mastery [78]. Most existing instruments rely 

on self-assessment approaches prone to bias and failing to deliver actionable diagnostic feedback [79][80]. 

General frameworks like DigCompEdu provide valuable structure but lack specificity for vocational IT 
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education, which requires domain-specific technical competencies, digital pedagogy, and IT-sector 

professional skills [8],[43],[81],[82].  

Reliance on traditional aggregate scoring or unidimensional Item Response Theory (IRT) often obscures 

the complexity of multidimensional digital competence. These approaches typically assume a compensatory 

mechanism, where high proficiency in one domain masks critical deficits in another, thereby distorting the true 

structure of competence [58],[65]. Such lack of diagnostic granularity leads to generalized remediation 

strategies that fail to target specific latent attribute mastery [83]. Consequently, a shift toward diagnostic 

classification models is essential to isolate cognitive attributes and ensure targeted interventions for vocational 

educators [84]. 

Cognitive Diagnostic Models (CDMs), specifically the Generalized Deterministic Inputs, Noisy "And" 

Gate (G-DINA) approach, provide methodological solutions for generating fine-grained diagnostic information 

regarding attribute mastery patterns [65],[67],[85]. Unlike classical test theory or item response theory 

producing unidimensional scores, CDMs classify examinees into discrete mastery profiles across multiple 

attributes, enabling identification of specific strengths and weaknesses [58],[68]. G-DINA as a general CDM 

framework subsumes various restricted models while permitting flexible modeling of attribute interactions 

[65][66],[86]. 

This study addresses identified gaps through four objectives:  

1) Developing and validating a digital competency assessment instrument for vocational IT pre-service 

teachers using multiple psychometric approaches;  

2) Analyzing competency profiles using G-DINA to identify attribute mastery patterns; 

3) Investigating profile variations based on demographic characteristics (gender and semester level); 

4) Identifying attributes requiring strengthening in teacher preparation programs.  

Contributions include a comprehensive assessment framework specific to vocational IT teacher contexts 

and empirical evidence informing curriculum development and instructional improvement 

 

 
Figure 1. digital competency conceptualization for vocational IT pre-service teachers 

 

 

2. METHODS 

This quantitative study employed a cross-sectional survey design utilizing advanced psychometric 

approaches to develop and validate a comprehensive digital competency assessment instrument for vocational 

IT pre-service teachers. The methodological framework integrated Classical Test Theory (CTT), Confirmatory 

Factor Analysis (CFA), Multidimensional Item Response Theory (MIRT), and Cognitive Diagnostic Modeling 

(CDM) using the Generalized Deterministic Inputs, Noisy "And" Gate (G-DINA) model to provide fine-

grained diagnostic information about attribute mastery patterns. The research procedure is comprehensively 
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visualized in Figure 2. The study followed a systematic five-stage workflow: (1) conceptualization of the four-

dimensional framework; (2) instrument development and content validation involving expert judgment; (3) 

purposive data collection (N=270); (4) rigorous psychometric filtering using CTT, CFA, and MIRT, which 

reduced the initial 54 items to 32 high-quality items; and (5) cognitive diagnostic analysis using the G-DINA 

model to generate attribute mastery profiles. 

 

 
Figure 2. Research Methodology Flowchart 

 

2.1. Research Design and Participants 

This study employed a quantitative survey design with cross-sectional data collection conducted between 

September and November 2025. The research population comprised informatics education students enrolled in 

a teacher preparation program at a public university in Indonesia. Ethical guidelines were strictly followed, and 

all participants provided informed consent. The participants were selected using a purposive sampling 

technique rather than convenience sampling to ensure representativeness of the vocational teacher preparation 

trajectory. The specific inclusion criteria were: (1) active enrollment in the Informatics Education study 

program (representing vocational IT teacher candidates); (2) distribution across specific semester levels (1, 3, 

5, and 7) to capture developmental stages from novice to advanced pre-service teachers; and (3) completion of 

foundational pedagogical coursework for upper-semester students. This stratification ensures that the sample 

reflects the diverse competency levels required for diagnostic modeling calibration. The final sample consisted 

of 270 participants. The sample size exceeded the minimum requirement for CDM analysis (N ≥ 200) 

recommended by recent methodological studies [87] and provided adequate statistical power (1-β > 0.80) for 

detecting medium effect sizes (d = 0.50) at α = 0.05 significance level. Table 1 presents the detailed 

demographic characteristics of participants. 

 
Table 1. Demographic Characteristics of Participants (𝑁=270) 
Characteristic Category Frequency (n) Percentage (%) 

Gender 
Male 191 70.7% 

Female 79 29.3% 

Academic Level 

 

Semester 1 72 26.7% 
Semester 3 123 45.6% 

Semester 5 52 19.3% 
Semester 7 23 8.5% 

Total  270 100% 

 

2.2. Instrument Development 

The digital competency assessment framework integrated multiple established theoretical models: the 

European Framework for the Digital Competence of Educators [8], UNESCO ICT Competency Framework 

for Teachers [88] , and International Society for Technology in Education Standards for Educators [89]. These 
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frameworks were synthesized with vocational IT education-specific requirements identified through systematic 

literature review and expert consultation with IT education faculty, educational technology specialists, and 

industry practitioners. 

The resulting framework conceptualized digital competency for vocational IT pre-service teachers as a 

multidimensional construct comprising four primary dimensions, each containing four specific attributes (16 

attributes total). "It is important to note that within the Cognitive Diagnostic Model (CDM) framework 

employed in this study, these four competency dimensions (KTI, PD, PRO, and KSD) are operationalized as 

latent 'attributes' in the Q-matrix structure. Consequently, the terms 'dimension' and 'attribute' are used 

interchangeably throughout the results section, with 'attribute' referring specifically to the parameters estimated 

by the G-DINA model. Table 2 presents the comprehensive dimensional structure with theoretical foundations 

and operational definitions. 

 
Table 2. Digital Competency Dimensional Framework  

Attribute Operational Definition 

IT Content 

Knowledge (KTI) 

Proficiency in the knowledge and skills necessary for the utilization, development, and management of 

various Information and Communication Technologies (ICT) for educational purposes. 

Digital Pedagogy 

(PD) 

The competence to design, execute, and evaluate learning processes that effectively integrate digital 
technology, including the design of digital learning activities, the facilitation of online collaboration, the 

development of digital-based self-regulated learning, and the implementation of meaningful digital 

assessment and feedback 

Digital 
Professionalism 

(PRO) 

The ability to demonstrate professional attitudes and conduct in leveraging digital technology, which 

encompasses the application of digital ethics, the engagement in reflective practice concerning technology 

usage, the establishment of industry partnerships, and leadership in digital transformation within educational 
settings 

Digital Social 
Engagement (KSD) 

The aptitude for establishing and maintaining socio-professional relationships through digital 

technology, including the application of accessibility and inclusion principles in digital learning, the 
cultivation of online professional networks, the execution of effective digital collaboration, and ethical and 

persuasive digital communication 

 

2.3. Q-Matrix Development 

Development proceeded through iterative expert review involving four specialists (two educational 

technology experts, two psychometricians) who independently evaluated item-attribute mappings. The Q-

matrix employed binary coding (1 = attribute required for item solution; 0 = attribute not required) following 

established CDM conventions. Items were strategically designed to measure single attributes (simple items) or 

multiple attributes simultaneously (complex items requiring conjunctive or compensatory attribute 

combinations). 

 

2.4. Item Generation and Expert Review 

The initial item pool consisted of 54 items distributed unequally across four dimensions: KTI (14), PD 

(14), PRO (13), and KSD (13). Item formats were diverse, including Multiple Choice (30), Code Completion 

(8), Sequencing (7), Matching (5), and True/False (4), all based on scenarios reflecting vocational IT teaching 

contexts. Items were designed to measure digital competency application.  

Content validity evaluation employed Aiken's V coefficient methodology [90], with four expert reviewers 

independently rating each item on two dimensions using 5-point Likert scales: (1) relevance to the specified 

attribute (1 =  𝑛𝑜𝑡 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡;  5 =  ℎ𝑖𝑔ℎ𝑙𝑦 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡); (2) representativeness of vocational IT teacher 

competency (1 =  𝑛𝑜𝑡 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑎𝑡𝑖𝑣𝑒;  5 =  ℎ𝑖𝑔ℎ𝑙𝑦 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑎𝑡𝑖𝑣𝑒). Aiken's V coefficients were 

computed using the formula: 

 𝑉 =
𝛴𝑠

[𝑛(𝑐 −  1)]
  (1) 

where 𝑠 represents the score given by each rater minus the lowest possible score, 𝑛 denotes the number of 

raters, and 𝑐 indicates the number of rating categories. Items achieving 𝑉 ≥  0.80 were retained.  

 

3. RESULT AND DISCUSSION 

3.1. Development and Validation of Digital Competency Assessment Instrument 

The digital competency assessment instrument was developed through an iterative process integrating 

expert validation and rigorous psychometric analyses. The initial instrument comprised 54 items distributed 

across four dimensions: IT Content Knowledge (KTI, 14 items), Digital Pedagogy (PD, 15 items), Digital 

Professionalism (PRO, 13 items), and Digital Social Engagement (KSD, 12 items). Content validity evaluation 
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using Aiken's V coefficient with four expert reviewers yielded values approaching 1.00 for most items, with 

eight items requiring revision due to misalignment between constructs and indicators or inappropriate cognitive 

level demands can be seen in Table 3. 

Classical Test Theory analysis (N=270) demonstrated excellent reliability with Cronbach's alpha and KR-

20 coefficients of 0.895Confirmatory Factor Analysis validated the four-factor structure with acceptable fit 

(CFI=0.928, TLI=0.925, RMSEA=0.057), though 14 items showed problematic factor loadings (<0.30 or non-

significant). Following two-stage filtering, first eliminating 14 items based on CFA results, then removing 8 

additional items identified through Multidimensional Item Response Theory analysis. The final 32-item 

instrument demonstrated substantially improved psychometric properties. The refined instrument achieved 

excellent model fit (CFI=0.974, TLI=0.972, RMSEA=0.044) with all dimensions showing strong reliability 

(Cronbach's α: 0.727-0.827, Composite Reliability: 0.723-0.831) can be seen in Figure 3. The MIRT analysis 

revealed that 80% of items demonstrated good or excellent multidimensional discrimination (MDISC) 

(MDISC > 1.0), with PRO dimension showing highest mean MDISC (2.02). Item difficulty distribution was 

balanced, though one item (KTI.1.4.1) exhibited extreme difficulty (MDIFF=2.018) requiring elimination. 

These findings demonstrate successful integration of multiple psychometric frameworks to ensure instrument 

quality exceeding conventional single-approach validation. 

 
Table 3. Psychometric Validation Results Across Multiple Approaches 
Approach Initial (54 items) Final (32 items) Interpretation 

CTT Reliability 𝛼 = 0.895 𝛼 = 0.727-0.827 Good-Excellent 

CFA Model Fit CFI=0.928 CFI=0.974 Excellent 
MIRT MDISC Not analyzed 80% Good/Excellent High discrimination 

G-DINA Fit Not analyzed RMSEA₂=0.011 Excellent 

 

 
Figure 3. Item Characteristics 

 

3.2. Attribute Mastery Patterns Using G-DINA 

The G-DINA model with four attributes (KTI, PD, PRO, KSD) demonstrated excellent fit 

(RMSEA₂=0.011, SRMSR=0.060), enabling precise diagnostic classification. Classification accuracy reached 

outstanding levels: test-level accuracy of 93.71% and attribute-level accuracies exceeding 96% for all 

dimensions—KTI (97.12%), PD (99.74%), PRO (99.46%), and KSD (96.39%). These accuracy rates 

substantially exceed typical CDM benchmarks of 80-90%, validating the instrument's diagnostic utility can be 

seen in Table 4. Q-matrix validation through Proportion of Variance Accounted For (PVAF) methodology 

confirmed empirical accuracy for most items (PVAF > 0.90), with three items receiving empirical 

recommendations for modification. The saturated G-DINA model outperformed restricted alternatives (DINA, 

DINO, ACDM) in likelihood ratio tests, justifying its selection for comprehensive attribute interaction 

modeling. Analysis revealed that 87.5% of items (28 of 32) demonstrated excellent fit based on adjusted p-

values >0.05, confirming item-level consistency with the model. The highest classification accuracy for Digital 

Pedagogy (99.74%) suggests exceptionally discriminative items for this dimension, while the slightly lower 

accuracy for Digital Social Engagement (96.39%) may indicate greater attribute complexity or overlap with 

other dimensions. 
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Table 4. G-DINA Classification Accuracy by Level and Attribute 
Level/Attribute Accuracy 

Test-Level Overall 93.71% 

IT Content Knowledge (KTI) 97.12% 

Digital Pedagogy (PD) 99.74% 
Digital Professionalism (PRO) 99.46% 

Digital Social Engagement (KSD) 96.39% 

 

3.3. Model Selection and Fit Comparison  

To empirically justify the application of the saturated G-DINA model over more restrictive Cognitive 

Diagnostic Models (CDMs), we conducted a comparative analysis using the Likelihood Ratio Test (LRT) and 

information criteria (AIC and BIC). The analysis evaluated whether reduced models, specifically DINA, 

DINO, and A-CDM could adequately represent the attribute interactions within the instrument. As presented 

in Table 5, although the reduced models yielded lower BIC values due to their parsimony (fewer parameters), 

the Likelihood Ratio Test (LRT) demonstrated that these models were statistically rejected for a significant 

proportion of the items when compared to the G-DINA baseline. Specifically, the A-CDM was rejected for 22 

items (68.8%) and the DINA model was rejected for 13 items (40.6%) at the level. This substantial item-level 

misfit indicates that assuming a single interaction mechanism (e.g., purely conjunctive or additive) is 

insufficient for this instrument. Consequently, the G-DINA model was selected as it provides the necessary 

flexibility to capture the complex mix of attribute interactions present in the data, ensuring robust diagnostic 

classification. 

 
Table 5. Model Fit Comparison and Selection based on Item-Level Likelihood Ratio Test (LRT) 

Model AIC BIC Items with Significant Rejection (p<.05)* Recommendation 

G-DINA 8483.27 9530.41 - (Baseline) Selected 

DINA 8667.28 8951.56 13 (40.6%) Rejected 

DINO 8660.33 8944.61 2 (6.2%) Rejected 
A-CDM 8420.94 8924.72 22 (68.8%) Rejected 

 

3.4. Profile Variations Based on Demographic Characteristics 

Competency profile analysis across demographic groups revealed systematic patterns. Among 270 

participants (70.7% male, 29.3% female) distributed across semesters 1 (26.7%), 3 (45.6%), 5 (19.3%), and 7 

(8.5%), female pre-service teachers consistently demonstrated superior attribute mastery probabilities across 

all four dimensions. Gender-based differences were most pronounced in Digital Professionalism and Digital 

Pedagogy dimensions, with smallest gaps in IT Content Knowledge. This consistent female advantage across 

all dimensions suggests systematic rather than domain-specific differences in competency acquisition, 

potentially attributable to differential pedagogical training exposure or motivational factors in digital 

competency development can be seen in Figure 4. 

Semester-based progression revealed non-linear development patterns with a critical transition point at 

semester 3. Unexpectedly, semester 3 students showed decreased mastery probabilities across all attributes 

compared to semester 1, representing competency decline rather than growth. This pattern may reflect 

increased curriculum complexity and introduction of advanced coursework temporarily challenging students' 

perceived competency. However, semesters 5 and 7 demonstrated substantial recovery and growth, with 

semester 7 students achieving highest mastery levels across all dimensions. Digital Pedagogy consistently 

demonstrated highest mastery probabilities across all demographic groups, indicating successful pedagogical 

training integration throughout the program. The competency trajectory suggests that targeted interventions 

during semester 3 transition period could prevent temporary decline and maintain continuous competency 

development can be seen in Figure 5. 

 

3.5. Attributes Requiring Strengthening in Teacher Preparation 

Analysis of attribute mastery patterns identified specific competency areas requiring enhanced focus in 

teacher preparation programs. IT Content Knowledge exhibited the widest performance range and lowest 

overall mastery probabilities among semester 1 and 3 students, suggesting need for strengthened foundational 

technical training. The semester 3 competency decline across all attributes indicates this transition period as 

critical intervention point. 

Digital Social Engagement, while showing adequate mastery in advanced semesters, demonstrated 

inconsistent development patterns with relatively lower classification accuracy (96.39%) compared to other 

attributes. This suggests greater complexity in this competency domain, potentially requiring more explicit 

instructional attention and scaffolded learning experiences throughout the program. 



250 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572 

 Vol. 8, No. 1, February 2026, pp. 241-257 

 

I Nyoman Indhi Wiradika (Profiling Digital Competency of Prospective Vocational IT Educators Using Generalized 

DINA Model: A Cognitive Diagnostic Approach) 

The gender gap across all competency dimensions, particularly in Digital Professionalism and Digital 

Pedagogy, indicates need for examining pedagogical approaches that may differentially impact male and 

female students. The consistent female advantage suggests potential benefits of analyzing and potentially 

adapting teaching methods that prove effective for female students to benefit all learners. 

Program recommendations include: (1) enhanced foundational IT content instruction in early semesters; 

(2) structured support interventions during semester 3 transition; (3) explicit integration of digital social 

engagement competencies across curriculum; (4) investigation of gender-responsive pedagogical approaches; 

and (5) continuous diagnostic monitoring using validated instruments to identify at-risk students early in their 

development. 

 

3.6. Discussion 

The development of a psychometrically robust digital competency assessment instrument represents a 

critical methodological contribution addressing longstanding measurement challenges in vocational IT teacher 

preparation. The systematic integration of Classical Test Theory, Confirmatory Factor Analysis, 

Multidimensional Item Response Theory, and Cognitive Diagnostic Modeling establishes a comprehensive 

validation framework substantially exceeding conventional single-approach methodologies. This multi-method 

triangulation strategy aligns with contemporary measurement standards advocating rigorous construct 

validation through convergent psychometric evidence. 

The instrument's excellent reliability coefficients (Cronbach's α ranging 0.727-0.827; Composite 

Reliability 0.723-0.831) across all four competency dimensions demonstrate strong internal consistency 

comparable to established international frameworks. These reliability indices substantially exceed minimum 

acceptability thresholds of 0.70 for research instruments while approaching optimal ranges of 0.80-0.90 

recommended for high-stakes educational assessment contexts. The dimensional structure's empirical 

validation through confirmatory factor analysis, yielding superior fit indices (CFI=0.974, TLI=0.972, 

RMSEA=0.044), provides compelling structural validity evidence supporting the theoretical four-factor 

competency framework [91][92]. 

Multidimensional Item Response Theory analysis revealed exceptional item discrimination capacity, with 

80% of items demonstrating good-to-excellent multidimensional discrimination indices exceeding 1.0. The 

Digital Professionalism dimension exhibited particularly strong discriminative power (mean MDISC=2.02), 

suggesting items within this domain effectively differentiate between varying competency levels. This finding 

holds significant implications for formative assessment applications, as highly discriminative items enable 

precise identification of learners requiring targeted interventions. The balanced difficulty distribution across 

items, coupled with careful elimination of extreme-difficulty items, ensures comprehensive competency 

spectrum coverage from foundational awareness through advanced integration capabilities. 

This study advances digital competency assessment methodologies by moving beyond the limitations of 

traditional measurement approaches. Previous studies [11],[14] predominantly utilized Classical Test Theory 

(CTT) or unidimensional Item Response Theory (IRT), which typically generate a single continuous score to 

rank individuals. While useful for summative purposes, these methods often mask the multidimensional 

complexity of digital competence. In contrast, the G-DINA approach employed in this research provides a fine-

grained diagnostic profile for each student, identifying specific mastery patterns (e.g., mastery of Digital 

Pedagogy but deficits in IT Content Knowledge) [65]. This diagnostic granularity aligns with recent 

recommendations in educational measurement [58],[84] shifting the focus from merely evaluating performance 

to diagnosing underlying cognitive structures for targeted intervention 

The content validity evidence, operationalized through Aiken's V coefficients approaching 1.00 with 

expert consensus, establishes strong alignment between assessment items and theoretical competency 

constructs. This rigorous expert validation process, involving educational technology specialists and 

psychometricians, ensures items authentically represent vocational IT educator competency requirements 

rather than generic digital competence [93]. The iterative refinement process, systematically eliminating 22 

problematic items through combined psychometric criteria, demonstrates commitment to measurement quality 

over comprehensive content coverage, a critical distinction for diagnostic precision. 

The G-DINA model's exceptional classification accuracy represents a substantial advancement in 

educational measurement precision for digital competency assessment. The test-level classification accuracy 

of 93.71% substantially exceeds typical Cognitive Diagnostic Model benchmarks of 80-90% reported in 

educational assessment literature [58][59],[63] This performance validates the instrument's capacity to reliably 

classify examinees into discrete attribute mastery profiles, enabling confident diagnostic inference for 

instructional decision-making. 
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Attribute-level classification accuracies exceeding 96% for all four competency dimensions, IT Content 

Knowledge (97.12%), Digital Pedagogy (99.74%), Digital Professionalism (99.46%), and Digital Social 

Engagement (96.39%), demonstrate remarkable diagnostic precision. The exceptionally high accuracy for 

Digital Pedagogy (99.74%) suggests items within this dimension possess optimal discriminative properties and 

minimal attribute overlap, facilitating unambiguous classification. The relatively lower accuracy for Digital 

Social Engagement (96.39%), while still excellent, may indicate greater construct complexity or potential 

attribute interdependence requiring further theoretical refinement. 

The Q-matrix empirical validation through Proportion of Variance Accounted For methodology 

confirmed theoretical item-attribute specifications for most items (PVAF > 0.90), with only three items 

receiving modification recommendations. This high level of Q-matrix correspondence between theoretical 

cognitive model and empirical response patterns provides critical validity evidence supporting the underlying 

competency structure. The saturated G-DINA model's superior performance relative to restricted alternatives 

(DINA, DINO, ACDM) in likelihood ratio tests justifies flexible attribute interaction modeling rather than 

imposing restrictive compensatory or conjunctive constraints. 

Item-level fit evaluation revealed 87.5% of items (28 of 32) demonstrated excellent fit based on adjusted 

p-values exceeding 0.05, confirming consistency with model assumptions. This high proportion of well-fitting 

items indicates appropriate item construction and minimal model-data misfit that could compromise 

classification validity. The G-DINA framework's capacity to accommodate diverse attribute interaction 

patterns, including conjunctive, compensatory, and hybrid relationships proves particularly valuable for 

modeling complex multidimensional competencies where attributes may interact non-uniformly across items. 

The model's excellent absolute fit indices (RMSEA₂=0.011, SRMSR=0.060) substantially surpass 

conventional acceptability criteria (RMSEA < 0.05, SRMSR < 0.08), indicating minimal discrepancy between 

observed response patterns and model-predicted probabilities. This close model-data correspondence provides 

essential evidence that diagnostic classifications accurately reflect examinees' true attribute mastery states 

rather than measurement artifacts or model misspecification. 

The systematic gender differences in digital competency mastery, with female pre-service teachers 

consistently demonstrating superior attribute mastery probabilities across all four dimensions, contradicts 

prevalent stereotypes associating males with technology proficiency [94]. This finding aligns with emerging 

international evidence documenting diminishing or reversed gender gaps in educational technology contexts, 

particularly within teacher preparation programs [34]. The consistent female advantage across IT Content 

Knowledge, Digital Pedagogy, Digital Professionalism, and Digital Social Engagement suggests systematic 

rather than domain-specific competency differences. 

Several theoretical explanations may account for observed gender patterns. Female students in teacher 

preparation programs frequently demonstrate higher academic engagement, more systematic learning 

approaches, and stronger intrinsic motivation for pedagogical skill development [95][96]. Educational 

technology research indicates female pre-service teachers often exhibit greater conscientiousness in technology 

integration coursework and more positive attitudes toward technology-enhanced pedagogy compared to male 

counterparts [97]. The gender differences were most pronounced in Digital Professionalism and Digital 

Pedagogy dimensions, suggesting female students may place greater emphasis on professional competency 

development and pedagogical applications rather than purely technical skill acquisition. 

The non-linear competency development trajectory, characterized by unexpected decline at semester three 

followed by substantial recovery and advancement in upper semesters, reveals critical insights into vocational 

IT teacher preparation program dynamics. This competency dip at the midpoint of preparation diverges from 

linear growth assumptions underlying many program evaluation frameworks and highlights the necessity of 

longitudinal competency monitoring rather than single-point assessment. 

Multiple factors may contribute to semester three competency decline. This transition period typically 

introduces advanced pedagogical coursework, field experience requirements, and increased academic rigor that 

temporarily challenge students' self-assessed competency and revealed performance. The Dunning-Kruger 

effect suggests that initial confidence in early program stages, based on limited knowledge, may give way to 

more accurate self-assessment and performance as students encounter complex authentic teaching challenges 

[98]. Additionally, semester three often represents peak cognitive load as students simultaneously manage 

advanced coursework, initial practicum experiences, and specialized content area requirements. 

The substantial competency recovery and advancement observed in semesters five and seven indicates 

effective program scaffolding and support systems enabling students to overcome mid-program challenges. 

This resilience pattern suggests that temporary competency plateaus or declines do not necessarily predict 

ultimate preparation outcomes but rather represent normative developmental stages requiring targeted support. 
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Programs demonstrating this recovery pattern likely possess effective advising systems, peer support networks, 

and instructional scaffolding facilitating competency consolidation following challenging transition periods. 

These findings suggest strategic intervention timing at semester three could prevent or mitigate 

competency decline and maintain continuous development trajectories. Potential interventions include 

enhanced advising and mentoring support during transition periods, structured peer collaboration facilitating 

knowledge consolidation, carefully sequenced coursework managing cognitive load, and explicit competency 

monitoring with early warning systems identifying at-risk students. Rather than viewing semester three decline 

as program failure, institutions should recognize this pattern as developmental opportunity requiring proactive 

support structures [99]. 

 

 
Figure 4. Digital Competence by Gender 

 

 
Figure 5. Digital Competence by Semester 
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4. CONCLUSIONS 

This study successfully developed and validated a comprehensive diagnostic assessment instrument for 

profiling digital competency of prospective vocational IT educators using the Generalized DINA model. The 

rigorous psychometric validation through multiple complementary approaches established robust evidence for 

instrument quality, with excellent reliability, strong structural validity, and superior item discrimination. The 

G-DINA model demonstrated exceptional classification accuracy, surpassing typical benchmarks and enabling 

confident diagnostic inference for educational decision-making. 

Systematic competency profiling revealed important patterns with significant implications for program 

development. Female pre-service teachers consistently demonstrated superior attribute mastery across all 

competency dimensions, contradicting prevalent technology proficiency stereotypes and suggesting effective 

program practices worthy of investigation and broader implementation. The non-linear development trajectory, 

characterized by semester three competency decline followed by substantial upper-semester recovery, 

identified critical transition points requiring targeted institutional support. 

Dimensional analysis highlighted both program strengths and improvement opportunities. Digital 

Pedagogy's consistent high mastery validates existing pedagogical training effectiveness, while IT Content 

Knowledge variability and Digital Social Engagement inconsistency indicate domains requiring enhanced 

curricular attention. Despite the robust psychometric validation, this study acknowledges several limitations 

that warrant consideration. First, the purposive sampling resulted in an uneven distribution regarding gender 

(70.7% male) and academic level (predominantly Semester 3), which reflects the current demographics of the 

study program but requires caution when generalizing findings to balanced populations. Second, the cross-

sectional design effectively identified competency differences across semesters but cannot fully isolate cohort 

effects from developmental changes; thus, future research should prioritize longitudinal tracking to validate 

the observed trajectory. Finally, while the classification accuracy was high, further investigations incorporating 

Differential Item Functioning (DIF) analysis are recommended to rigorously rule out potential measurement 

bias across demographic subgroups These findings generate evidence-based recommendations including 

strengthened foundational technical instruction, structured semester-three transition support, explicit digital 

social engagement integration, and continuous diagnostic monitoring enabling early intervention. 
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