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ABSTRACT
This study introduces a risk-based IT audit framework for evaluating the quality of On-the-Job Training (OJT) in undergraduate computing programs and presents its preliminary psychometric evaluation. The study combines eight constructs in one forty-three item KPI-Driven OJT Evaluation Instrument, anchored on the COSO Enterprise Risk Management 2017 Internal Control – Integrated Framework (COSO, 2017), the Industry 4.0 readiness construct (COSO, 2017), BADIR analytics methodology, and the Experiential Learning Theory (Kolb, 1984). It was validated with three consecutive cohorts of Notre Dame of Marbel University in Region XII, Philippines, student-trainees, Bachelor of Science in Computer Science (BSCS) and Bachelor of Science in Information Technology (BSIT). From a population frame of N = 99 across School Years 2023–2024, 2024–2025, and 2025–2026, sixty-four respondents (n = 64; response rate 64.65%) provided valid consent and complete responses. The deployment yielded an overall Cronbach’s alpha of 0.928, with most constructs demonstrating acceptable reliability estimates for exploratory deployment research. The BSCS-specific Industry 4.0 subscale (I4CS) returned an unsatisfactory alpha of 0.248, interpreted as a content-validity signal reflecting placement heterogeneity across multiple CC2020 competency domains. Construct means ranged from 4.30 (Monitoring Activities) to 4.62 (Control Environment) on a five-point scale, with the criterion variable Overall OJT Program Quality (OQ) at 4.57 (SD = 0.46). One-way ANOVA detected no significant inter-cohort differences in KPI achievement (F(2, 61) = 1.31, p = .278) or OJT Quality (F(2, 61) = 1.00, p = .374), indicating temporal stability across the three school years. Pearson correlations confirmed statistically significant medium-to-large associations among the COSO ERM constructs, while KPI-Driven Performance demonstrated the strongest positive association with Overall OJT Quality (r = 0.84, p < .001). The findings demonstrate the feasibility of applying COSO ERM principles as a structured and psychometrically supported framework for audit-grade OJT quality evaluation in Philippine computing education.
The instrument is provided as an open-access evaluation framework for future replication and validation in Philippine higher education institutions.
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1. INTRODUCTION
On-the-Job Training (OJT) is one of the graduation requirements of all Bachelor of Science in Computer Science (BSCS) and Bachelor of Science in Information Technology (BSIT) programs in the Philippines (Commission on Higher Education [CHED], 2017). Although OJT is a key component of graduate employability and Industry 4.0 readiness, the assessment of the quality of OJT in schools has been based on narrative supervisor assessments, a completion rubric, and program-specific checklists, with none having a theory-based measurement framework. The 2020 Computing Curricula joint task force (Computing Curricula 2020, hereafter CC2020) explicitly called for assessment tools that connect OJT outcomes to program-specific competency areas in the BSCS and BSIT pathways (CC2020 Task Force, 2020), but such tools remain underdeveloped in the Philippine setting.  
Industry 4.0, defined by Schwab (2017) as the merging of the cyber-physical systems, artificial intelligence, and the Internet of Things, has changed the expectations of employers with respect to computing graduates. The Philippine IT-Business Process Management (IT-BPM) industry projected a 1.1 million-worker shortfall in Industry 4.0-ready talent by 2028 (IT and Business Process Association of the Philippines [IBPAP], 2022), and Region XII (SOCCSKSARGEN) faces additional structural constraints due to its predominantly rural economic base. Notre Dame of Marbel University (NDMU), the leading private higher education institution in the South Cotabato province, graduates approximately ninety BSCS and BSIT students for three academic years and places all of them in OJT programs. There is a gap in the literature and in program evaluation at NDMU in that a measure of OJT quality is not psychometrically validated. To the authors’ knowledge, this is the first Philippine computing-education study to operationalize enterprise IT-audit governance principles as psychometric constructs for OJT quality evaluation.
Existing internship and OJT evaluation studies in computing education have primarily focused on satisfaction, employability, or isolated competency outcomes rather than integrated governance-oriented quality assurance frameworks. Furthermore, current OJT assessment tools in Philippine computing education remain weakly aligned with enterprise risk management principles, Industry 4.0 competency mapping, and psychometric validation standards. This gap limits the ability of higher education institutions to conduct audit-grade evaluation of internship quality and Industry 4.0 readiness.
The purpose of this study is to address this gap through the development, validation, and deployment of a KPI-Driven OJT Evaluation instrument based on four theories. The Committee of Sponsoring Organizations of the Treadway Commission Enterprise Risk Management 2017 Internal Control – Integrated Framework (COSO, 2017) includes five of the eight constructs measured by the instrument: Control Environment, Risk Assessment, Control Activities, Information & Communication, and Monitoring Activities. The BADIR analytics methodology provides the KPI-driven performance assessment construct (Maheshwari, 2014). Kolb’s (1984) Experiential Learning Theory anchors the criterion variable, Overall OJT Program Quality. This four-theory integration represents the first application of enterprise IT-audit principles within the Philippine computing-education context.
Collectively, these frameworks position OJT not merely as a training requirement but as a governance-sensitive educational environment requiring structured monitoring, competency alignment, risk-aware supervision, and measurable performance outcomes. Accordingly, the present study conceptualizes OJT quality as a governance-sensitive and competency-driven educational process rather than merely a procedural internship requirement. The integration of COSO ERM, BADIR analytics, CC2020 competency mapping, and experiential learning theory therefore enables a multidimensional evaluation model for computing internships.
Three research questions guide the study: (1) Does the proposed KPI-Driven OJT Evaluation Instrument demonstrate adequate internal consistency reliability when deployed across three independent cohorts? (2) Are there statistically significant differences in KPI achievement and OJT Quality scores across the three sequential cohorts? (3) Which COSO ERM, KPI-driven, and Industry 4.0 constructs demonstrate statistically significant associations with Overall OJT Program Quality? (4) How does the psychometric performance of the BSCS-specific Industry 4.0 subscale (I4CS) compare with that of the BSIT-specific subscale (I4IT), and what content-validity implications does this divergence have for the program-specific branching design of the instrument?  Answers provide empirical defensibility of the instrument and generate evidence-based recommendations that guide program improvement in the OJT program at NDMU and serve as guidance for program replication in the computing-education sector in the Philippines.
2. MATERIALS AND METHODS
2.1 Research Design
The study employed a three-year sequential cohort design with a single deployed measurement at the conclusion of each cohort’s OJT cycle (Singer & Willett, 2003). The longitudinal architecture covers three sequential school years — SY 2023–2024 (Cohort I), SY 2024–2025 (Cohort II), and SY 2025–2026 (Cohort III) — corresponding to the three most recent BSCS and BSIT graduating cohorts of Notre Dame of Marbel University. The instrument was deployed once per cohort upon completion of OJT, producing a between-subjects comparison across the three school years. Cross-sectional and inferential analyses were conducted on the pooled deployment sample, while reliability re-estimation was conducted on the full sample to confirm the psychometric properties established at the pilot stage.
2.2 Population and Sample
The target population comprised all BSCS and BSIT student-trainees of NDMU who completed or were completing their OJT requirement during the three-year study window. The total population frame was N = 99 (Cohort I = 23, Cohort II = 35, Cohort III = 41). Following the small-population census recommendation of Memon et al. (2020) for populations of N ≤ 200, complete enumeration was adopted as the sampling strategy.
After the data-collection window closed, sixty-seven submissions were received. Three respondents declined informed consent and were systematically excluded under the Data Privacy Act of 2012 (Republic Act 10173) and the National Ethical Guidelines for Health and Health-Related Research of the Philippine Health Research Ethics Board (2017), yielding a qualified analytical sample of n = 64. The achieved overall response rate of 64.65% meets contemporary benchmarks for organizational and educational survey research, falling within the recent average response rates documented by Holtom et al. (2022). The inverse Slovin recalibration yielded a margin of error of 7.50%, which falls within the bounds explicitly accepted by Memon et al. (2020) for educational and exploratory research in small institutional populations.
Table 1
Composition of the Qualified Analytical Sample (n = 64)
	Cohort
	BSCS
	BSIT
	Total

	Cohort I (SY 2023–2024)
	7
	9
	16

	Cohort II (SY 2024–2025)
	12
	10
	22

	Cohort III (SY 2025–2026)
	4
	22
	26

	Total (n)
	23
	41
	64



2.3 Instrument
For the purpose of this study, the KPI-Driven OJT Evaluation Instrument had eight constructs using a 5-point Likert scale with total of forty-three substantive items, two demographic items (cohort and program) and four open-ended response items. The instrument employed program-specific branching: BSCS respondents answered the I4CS items, while BSIT respondents answered the I4IT items. The eight constructs, with their theoretical anchors are:
1. Control Environment (CE) — 5 items — COSO ERM Component 1 (governance, ethics, supervisory competence, pre-deployment readiness)
2. Risk Assessment (RA) — 5 items — COSO ERM Component 2 (task-skill alignment, duration sufficiency, resource access)
3. Control Activities (CA) — 6 items — COSO ERM Component 3 (procedures, instructions, performance standards, security, issue resolution)
4. Information & Communication (IC) — 5 items — COSO ERM Component 4 (feedback clarity, expectations, communication channels)
5. Monitoring Activities (MA) — 5 items — COSO ERM Component 5 (institutional and host-organization monitoring, issue tracking)
6. Industry 4.0 Shared (I4S) — 4 items — Schwab (2017) digital readiness applicable to all programs
7. Industry 4.0 BSIT-specific (I4IT) and BSCS-specific (I4CS) constructs — 4 items each — anchored on CC2020 program-dominant competencies.
8. KPI-Driven Performance (KPI) — 5 items — BADIR analytics indicators (competency improvement, knowledge application, theory-practice integration, reflection, performance improvement)
9. Overall OJT Quality (OQ) — 5 items — criterion variable anchored on Kolb (1984) experiential learning outcomes
These items were scored on a five-point Likert scale (1 = Strongly Disagree; 5 = Strongly Agree).   The instrument contained thirty nine shared Likert items plus one four-item program-specific Industry 4.0 branch (I4CS for BSCS respondents or I4IT for BSIT respondents), resulting in forty-three total substantive items answered per respondent. The instrument was previously validated in a pilot study of eighteen respondents, returning an overall Cronbach’s alpha of 0.939, resulting in ten item changes to the instrument before it could be deployed on the present participants. Of note, the pilot-stage I4CS subscale (BSCS respondents only, n = 7) already returned a below-threshold reliability estimate, which informed the decision to flag this subscale for additional monitoring during the deployment phase.  
The nature of work (NW) was dealt with as a contextual moderating variable instead of a psychometric construct. The variable captured the operational exposure of student trainees on a number of OJT task domains like programming, technical support, documentation, networking, multimedia, and administrative tasks. The NW indicators were not tested for internal consistency, but rather analyzed descriptively and contextually, due to the possibility of respondents selecting multiple task categories. The variable was maintained to facilitate the interpretation of subgroups, the qualitative–quantitative triangulation and the explanation of the outcomes of the KPIs and OJT Quality.
2.4 Procedure
The Google Form was coded with mandatory and  informed consent, conditional branching for program-specific items, and automatic timestamp capture. The deployment link was sent via the distributed institutional email channels of the Department of Computer Studies of NDMU   communications to alumni from Cohorts I and II. The data-collection window remained open from May 1, 2026 to May 15, 2026. Reminders were sent at 24-hour and 48-hour intervals following the recommendations of Wu et al. (2022) for online survey response-rate enhancement.
After data collection, the dataset was cleaned and anonymized in compliance with the Data Privacy Act of 2012. Non-consenting respondents were systematically excluded, email addresses removed, and respondent identifiers pseudonymized (R1–R64). Reverse-coded item RA-4R was recoded as RA-4 to maintain directional consistency within the Risk Assessment construct.
2.5 Statistical Analysis
All analyses were performed in Python 3.11 using the pandas, NumPy, and SciPy.stats libraries within the Google Colab Jupyter Notebook environment (Harris et al., 2020; McKinney, 2010; Virtanen et al., 2020). Cronbach’s coefficient alpha (Cronbach, 1951) was computed for each construct and for the overall instrument to evaluate internal consistency reliability. Following Barbera et al. (2021), reliability estimates of α ≥ 0.70 were interpreted as acceptable, while a relaxed threshold of α ≥ 0.65 was acknowledged for four-item scales (Bujang, Omar, & Baharum, 2018). Descriptive statistics, including means and standard deviations, were calculated for all construct scores. Item-total correlations and mean inter-item correlations (MIC) were additionally examined for the BSCS-specific Industry 4.0 subscale (I4CS) to evaluate item-level consistency.
Inferential analyses were conducted to examine inter-cohort and program-level differences as well as relationships among the study constructs. One-way analysis of variance (ANOVA) was used to test differences in KPI-Driven Performance (KPI) and Overall OJT Quality (OQ) across the three sequential cohorts. Independent-samples Welch’s t-test was performed to compare BSCS and BSIT respondents on KPI scores. Pearson product-moment correlations were computed to assess bivariate relationships among the COSO ERM, Industry 4.0, KPI, and OJT Quality constructs. Effect sizes were interpreted using eta squared (η²) for ANOVA and Cohen’s d for t-tests following Cohen’s (1988) benchmarks. Statistical power for the three-group ANOVA at medium effect size (f = 0.25, α = .05) was approximately 0.50; therefore, cohort comparisons were interpreted as exploratory.
Prior to inferential testing, statistical assumptions were examined to determine the suitability of parametric procedures. Normality was assessed using the Shapiro–Wilk test, homogeneity of variance through Levene’s test, and multicollinearity using Variance Inflation Factor (VIF) analysis. Residual diagnostics were also examined to evaluate independence and distributional assumptions. Shapiro–Wilk results indicated no substantial deviations from normality for most constructs (p > .05), while Levene’s test supported homogeneity of variance across cohorts (p > .05). VIF values ranged from 1.12 to 2.34, indicating no severe multicollinearity concerns. Diagnostic results overall indicated no major assumption violations requiring nonparametric alternatives.
Exploratory Factor Analysis (EFA) using Principal Component Analysis with Varimax rotation was conducted to examine the preliminary construct structure of the deployment dataset and assess potential common method bias (Hair et al., 2019). Sampling adequacy was evaluated using the Kaiser–Meyer–Olkin (KMO) statistic (Kaiser, 1974) and Bartlett’s Test of Sphericity (Bartlett, 1954). Harman’s single-factor test (Harman, 1976; Podsakoff et al., 2003) was additionally employed as a diagnostic procedure for common method bias. The first unrotated factor accounted for less than 50% of the total variance, suggesting that common method bias was not a serious concern in the dataset. Because the respondent-to-item ratio remained below conventional confirmatory thresholds, the resulting factor structure was interpreted as preliminary and exploratory rather than definitive evidence of latent construct dimensionality.
2.6 Qualitative Analysis
In addition to the quantitative analysis, qualitative data were collected through four open-ended questions included in the deployed instrument. A deductive thematic analysis approach (Braun & Clarke, 2006) was employed, guided by the conceptual framework of the study.
Responses were coded using a framework-aligned coding scheme corresponding to the eight constructs: Control Environment, Risk Assessment, Control Activities, Information & Communication, Monitoring Activities, Industry 4.0, KPI Performance, and Overall OJT Quality.
Data were analyzed in three steps: (1) initial coding of responses into construct-aligned categories, (2) identification of recurring themes across respondents, and (3) extraction of representative statements to illustrate each theme.
 Trustworthiness of the qualitative interpretation was strengthened through coding audit trails, iterative construct alignment, and triangulation with quantitative findings following Lincoln and Guba’s (1985) credibility framework.  
This approach enabled triangulation of quantitative findings with respondent narratives to strengthen the validity of the study.
2.7 Ethical Considerations
The study was conducted in accordance with the Philippine National Ethical Guidelines for Health and Health-Related Research (PHREB, 2017) and the Data Privacy Act of 2012 (Republic Act No. 10173). All respondents were eighteen years of age or older. Informed consent was obtained through the mandatory consent item embedded at the start of the Google Form. Respondents who declined consent were excluded; non-respondents were not contacted for second-stage data collection. Personally identifiable information (email addresses and names) was either removed or pseudonymized in the analytical dataset, and the linkage table mapping anonymized identifiers to real names is held in an encrypted off-line file accessible to the corresponding author alone.


3. RESULTS
3.1 Reliability of the Deployed Instrument
Cronbach’s coefficient alpha was computed for each of the eight constructs and for the full thirty-nine-item shared instrument administered across all respondents (Table 2). The KPI-Driven OJT Evaluation Instrument demonstrated satisfactory-to-strong reliability estimates across most retained constructs, with acceptable overall internal consistency for exploratory deployment research (α = .928). Risk Assessment (RA) and Industry 4.0 Shared (I4S) demonstrated marginal but analytically usable reliability for exploratory deployment research, while the BSCS-specific Industry 4.0 subscale (I4CS) returned unsatisfactory internal consistency.

The program-specific I4CS subscale (BSCS, n = 23) returned an unsatisfactory alpha of 0.248, indicating substantial item heterogeneity and weak internal consistency among the four retained indicators. Accordingly, the I4CS construct should not be interpreted as a psychometrically stable latent dimension and is retained primarily for exploratory contextual interpretation. Short multidimensional scales are known to produce artificially deflated alpha coefficients when domain breadth exceeds latent unidimensional assumptions (Edelsbrunner et al., 2025).

Item-level diagnostics for the I4CS subscale revealed weak inter-item convergence, with a mean inter-item correlation (MIC) of approximately .08, below the recommended .15–.50 range for short scales (Clark & Watson, 1995). Item-total correlations also varied substantially across the four retained indicators, suggesting limited coherence as a unified construct.





Table 2
Cronbach’s Alpha for the Deployment Sample (n = 64)
	Construct
	k
	n
	α
	Interpretation

	Control Environment (CE)
	5
	64
	.755
	Acceptable

	Risk Assessment (RA)
	4
	64
	.671
	Acceptable for exploratory deployment

	Control Activities (CA)
	6
	64
	.820
	Good

	Information & Communication (IC)
	5
	64
	.802
	Good

	Monitoring Activities (MA)
	5
	64
	.837
	Good

	Industry 4.0 Shared (I4S)
	4
	64
	.655
	Marginal but usable

	Industry 4.0 BSCS (I4CS)
	4
	23
	.248
	Very Low Internal Consistency

	Industry 4.0 BSIT (I4IT)
	4
	41
	.616
	Marginal but usable

	KPI-Driven Performance (KPI)
	5
	64
	.870
	Good

	Overall OJT Quality (OQ)
	5
	64
	.837
	Good

	Overall Instrument
	39
	64
	.928
	Excellent


Note. Interpretation thresholds follow Barbera et al. (2021): α ≥ 0.90 Excellent; 0.80 ≤ α < 0.90 Good; 0.70 ≤ α < 0.80 Acceptable. The relaxed threshold of α ≥ 0.65 is used for the scales consisting of four items as per Bujang, Omar, and Baharum (2018). RA-4R was reverse-coded during preprocessing and analyzed as RA-4. Relaxed reliability thresholds for four-item scales followed Bujang et al. (2018).
3.2 Construct-Level Descriptive Statistics
The mean and standard deviation of the constructs are reported in Table 3. The mean scores of all eight constructs were above the scale midpoint (3.0), and the highest construct mean score was obtained for Control Environment (M = 4.62, SD = 0.44), while the lowest was for Monitoring Activities (M = 4.30, SD = 0.67). The criterion variable, Overall OJT Quality, gave M = 4.57 (SD = 0.46), with 4.57 representing an average rating of “Agree” to “Strongly Agree” of the respondents' rating of the quality of their OJT experience.
Of particular note, the I4CS subscale (BSCS, n = 23) returned a construct mean of M = 4.41 (SD = 0.47) — the second-highest across all constructs — despite its unsatisfactory internal consistency (α = .248). This combination of high mean scores and low item interrelatedness is consistent with a scenario in which respondents across heterogeneous placement environments are each rating their respective Industry 4.0 exposures favorably, but against different referents, producing high but incoherent item responses. This finding is discussed further in Section 4.3.
The five COSO ERM constructs demonstrated moderate positive intercorrelations, supporting the   framework’s proposition that the components are distinct yet operationally interconnected.

 Table 3
Construct-Level Descriptive Statistics (n = 64)
	Construct
	M
	SD
	n

	Control Environment (CE)
	4.62
	0.44
	64

	Risk Assessment (RA)
	4.43
	0.49
	64

	Control Activities (CA)
	4.46
	0.49
	64

	Information & Communication (IC)
	4.56
	0.46
	64

	Monitoring Activities (MA)
	4.30
	0.67
	64

	Industry 4.0 Shared (I4S)
	4.40
	0.57
	64

	Industry 4.0 BSCS (I4CS)
	4.41
	0.47
	23

	Industry 4.0 BSIT (I4IT)
	3.93
	0.75
	41

	KPI-Driven Performance (KPI)
	4.51
	0.49
	64

	Overall OJT Quality (OQ)
	4.57
	0.46
	64



3.3 Inter-Cohort Comparison
One-way ANOVAs were used to determine inter-cohort differences in the two outcome constructs of substantive interest, KPI achievement and OQ. The omnibus test did not find significant differences between the three cohorts for KPI, F(2, 61) = 1.31, p = .278. The cohort means clustered narrowly around the grand mean: Cohort I, M = 4.38 (SD = 0.47); Cohort II, M = 4.64 (SD = 0.43); Cohort III, M = 4.48 (SD = 0.53). The omnibus ANOVA also failed to reveal any significant differences for OQ, F(2, 61) = 1.00, p = .374. Cohort means: Cohort I, M = 4.46 (SD = 0.44); Cohort II, M = 4.67 (SD = 0.39); Cohort III, M = 4.55 (SD = 0.52). The observed effect size was small (η² = .04). 
These findings suggest temporal stability in KPI achievement and Overall OJT Quality across the three observed cohorts.
3.4 Inter-Construct Correlations
Pearson product-moment correlations among the eight construct scores are presented in Table 4. Statistically significant medium-to-large positive correlations were observed between Control Environment and Overall OJT Quality (r = .61, p < .001), between Monitoring Activities and Overall OJT Quality (r = .58, p < .001), and between KPI achievement and Overall OJT Quality (r = .84, p < .001). The five COSO ERM constructs demonstrated moderate positive intercorrelations (r = .19 to .63), consistent with the framework’s theoretical proposition that the five components are conceptually distinct but operationally interconnected (COSO, 2017). The Industry 4.0 constructs demonstrated comparatively weaker correlations with OQ (r = .21, p = .096; r = .19, p = .124, respectively), suggesting that Industry 4.0 readiness as currently measured is loosely coupled with respondents’ holistic evaluations of OJT quality.
Table 4
Pearson Correlations Among Eight Construct Scores (n = 64)
	
	CE
	RA
	CA
	IC
	MA
	I4S
	KPI
	OQ

	CE
	—
	.58**
	.52**
	.48**
	.55**
	.10
	.34**
	.61**

	RA
	
	—
	.59
	.40
	.43
	.06
	.38
	.41*

	CA
	
	
	—
	.57**
	.46**
	.15
	.42**
	.44**

	IC
	
	
	
	—
	.63**
	.16
	.38**
	.44**

	MA
	
	
	
	
	—
	.21
	.48**
	.58**

	I4S
	
	
	
	
	
	—
	.32**
	.21

	KPI
	
	
	
	
	
	
	—
	.84**

	OQ
	
	
	
	
	
	
	
	—


Note. * p < .05; ** p < .01 (two-tailed). Construct codes: CE = Control Environment; RA = Risk Assessment; CA = Control Activities; IC = Information & Communication; MA = Monitoring Activities; I4S = Industry 4.0 Shared; KPI = KPI-Driven Performance; OQ = Overall OJT Quality.
3.5 Program-Level Comparison (BSCS vs. BSIT)
Welch’s independent-samples t-test was conducted to compare BSCS (n = 23) and BSIT (n = 41) respondents on the KPI achievement score. The test detected no significant difference between the two programs, t(45.7) = −0.03, p = .980, with BSCS M = 4.50 (SD = 0.38) and BSIT M = 4.51 (SD = 0.54). The effect size was negligible (d = .01). The substantive equivalence of the two programs on perceived KPI achievement supports the use of program-pooled analyses for the COSO ERM, KPI, and OQ constructs and validates the program-specific branching design of the Industry 4.0 subscales.
3.6 Exploratory Factor Analysis Adequacy
Exploratory Factor Analysis (EFA) using Principal Component Analysis with Varimax rotation was conducted to examine the underlying construct structure of the deployment-stage dataset. The Kaiser-Meyer-Olkin (KMO) Measure of Sampling Adequacy yielded a value of 0.654, indicating acceptable sampling adequacy for exploratory factor analysis. Bartlett’s Test of Sphericity was statistically significant (χ² = 1773.34, p < .001), suggesting that the correlation matrix was sufficiently patterned and appropriate for factor extraction procedures. Because of the moderate sample size and several observed cross-loadings, the factor analytic findings should be interpreted as provisional exploratory evidence rather than definitive confirmation of latent construct stability.
Harman’s single-factor diagnostic test further indicated that the first unrotated factor explained 28.18% of the total variance, which is below the commonly referenced 50% threshold for common method bias. This suggests that common method bias was not a serious concern in the deployment dataset.
Principal component extraction with Varimax rotation indicated a predominant multi-factor solution in which the five COSO ERM constructs loaded on distinguishable components, while the I4CS items dispersed across multiple components without a dominant loading pattern — providing factor-analytic corroboration for the subscale's low internal consistency.
Because the respondent-to-item ratio remained below conventional confirmatory thresholds, the factor structure should be interpreted as preliminary and exploratory rather than as definitive evidence of latent construct dimensionality. The EFA findings are therefore intended primarily to support initial construct adequacy and future instrument refinement. The extracted multi-factor solution accounted for approximately  67.42% of total variance.  

3.7 Qualitative Findings
Qualitative responses from the 64 respondents were analyzed by conducting a framework-guided thematic analysis. The findings mostly support the quantitative findings, especially in relation to the Monitoring Activities, the development of the KPI's and the Exposure to Industry 4.0.

Table 5:
Summary of Major Qualitative Themes and Construct Alignment
	Theme
	Representative Statement
	Linked Construct

	Monitoring inconsistency
	There was minimal monitoring from the school during my OJT
	Monitoring Activities (MA)

	Skill and competency improvement
	I learned how to solve real-world problems and improved my coding skills
	KPI Performance (KPI)

	Positive supervision
	My supervisor guided me well and clearly explained tasks
	Control Environment (CE)

	Limited advanced technology exposure
	We used basic tools but not advanced technologies like AI
	Industry 4.0 (I4)

	Experiential learning value
	The OJT gave me real-world experience that improved my confidence
	Overall OJT Quality (OQ)



Monitoring Activities (MA).
One consistent finding from respondents was the lack of consistent monitoring during OJT. Several respondents indicated limited institutional follow-up, which is consistent with the lowest mean score recorded for Monitoring Activities (M = 4.30). Example response: “There was minimal monitoring from the school during my OJT.”
KPI Performance (KPI).
There was a high frequency of improvements in problem-solving, technical skills and adaptability. The narratives back the high KPI mean (M = 4.51). Example response: “I learned how to solve real-world problems and improved my coding skills.”


Control Environment (CE).
Positive supervision and structured environments were frequently mentioned, which resulted in a high Control Environment score (M = 4.62). Example response: “My supervisor guided me well and clearly explained tasks.”
Industry 4.0 Exposure (I4).
There were mixed reactions about the exposure to Industry 4.0. A few respondents reported that they had meaningful access to digital tools, and others that they had limited access, which is consistent with the weaker correlations found for this construct. Example response: “We used basic tools but not advanced technologies like AI.”
The Nature of Work assignments also contextualized the Industry 4.0 findings. Respondents assigned primarily to routine administrative or support-oriented functions reported lower exposure to advanced digital tools and Industry 4.0 practices, whereas those engaged in programming, systems development, networking, or technical operations described stronger competency development and higher perceived KPI gains. These qualitative patterns provide a plausible contextual explanation for the weaker inferential association observed between the Industry 4.0 constructs and Overall OJT Quality despite their relatively high descriptive means.

Overall OJT Quality (OQ).
The overall quality rating of OJT was high (M = 4.57) with the general respondents characterizing OJT as valuable and beneficial. Sample answer: "The OJT experience provided practical experience which helped build my confidence. In summary, the qualitative findings provide context for the quantitative findings and discuss specific areas for program improvement in this study, particularly in the monitoring process and integration of Industry 4.0.



4. DISCUSSION
4.1 Theoretical Implications
The results empirically verify the theoretical suggestion that the principles of enterprise IT-auditing, which were first developed in the area of financial-reporting in the enterprises, can be translated to the area of evaluation of educational programs. The COSO ERM five-component architecture proved particularly robust: all five the COSO ERM components demonstrated acceptable reliability, while the Risk Assessment construct returned marginal but analytically usable reliability for exploratory deployment analysis. The Control Environment construct, theoretically central to the COSO ERM framework, had the strongest correlation with the criterion variable (r = .61, p < .001), in line with the concept of the theoretical centrality of the construct. 
The results are consistent with previous internship-evaluation research that highlights the importance of the supervisory structure, organizational climate and reflective learning in competency development (e.g., Kolb, 1984; CC2020 Task Force, 2020). Other research on how structured supervisory structures and organized practices affect student competency development and training quality in higher education has found similar positive effects (Hora, Parrott, & Her, 2020).
The successful translation of COSO ERM's five-component architecture to the OJT evaluation context advances a nascent but growing body of scholarship applying enterprise risk management principles to higher education governance (Mikes & Kaplan, 2013; Power, 2009). Prior applications of COSO ERM in educational settings have focused primarily on financial compliance and institutional risk registers (Huber, 2011); the present study extends this domain by operationalizing the five ERM components as quality-assurance constructs in program-level evaluation. The KPI–OQ correlation (r = .84, p < .001) in particular suggests that BADIR-aligned performance analytics, when embedded within an ERM structure, function as a robust predictor of experiential learning quality — a finding that has direct implications for how Philippine HEIs may design audit-grade OJT monitoring systems under CHED Memorandum Order No. 25 (2017) and PAASCU Level III accreditation criteria. The findings contribute to the emerging international discourse on Industry 4.0 competency governance and digitally aligned work-based learning evaluation frameworks in higher education. 

4.2 Methodological Implications
The achieved sample of n = 64 from a population of N = 99 (response rate 64.65%) demonstrates that complete-enumeration sampling in small institutional populations can yield preliminary yet reliable and analytically usable deployment data even when classical sampling-error benchmarks (Slovin’s formula at e = .05; Krejcie & Morgan, 1970) are not strictly satisfied. The recalibrated margin of error of 7.50% remains within the bounds Memon et al. (2020) accept for educational research in small institutional populations. This finding has direct implications on the replication in other similarly sized instruments in other Philippine higher education institutions of comparable size, where the size of the population frames in single-program OJT cohorts typically range between 30 and 100 student-trainees per cohort.
Therefore, these results should be considered exploratory but methodologically informative for the evaluation of OJT in institutions and preliminary deployment of the instrument.
The small effect sizes found in comparisons between cohorts and between programs also indicate a negligible difference, at best, in the magnitude of the differences.
4.3 Practical Implications
The deployment of the KPI-Driven OJT Evaluation Instrument at Notre Dame of Marbel University generated several actionable findings for OJT program management. First, the Monitoring Activities construct returned the lowest mean score (M = 4.30) and the highest variability (SD = 0.67) among the COSO ERM constructs, indicating inconsistency in institutional and host-organization monitoring practices during OJT implementation. These findings suggest that monitoring remains the most heterogeneous and comparatively weakest operational dimension of the current OJT system. Targeted improvements directed toward institutional monitoring frequency, issue tracking, and corrective follow-up mechanisms — particularly items MA-3 and MA-5 — are therefore recommended for the SY 2026–2027 OJT cycle.

Second, the Industry 4.0 constructs revealed important variability across deployment environments. The BSIT-specific Industry 4.0 construct (I4IT) returned the comparatively lower construct mean (M = 3.93, SD = 0.75), while the BSCS-specific Industry 4.0 construct (I4CS) demonstrated weak internal consistency (α = .248). The weaker inferential relationship between the Industry 4.0 constructs and Overall OJT Quality (r = .19, p > .05) further suggests that technology-oriented exposure remains inconsistently distributed across OJT environments. These findings indicate a potential content-validity concern in which the BSCS-specific subscale may not yet capture a unified competency domain among trainees deployed across heterogeneous operational settings. Additional item-level diagnostics suggest that the weak psychometric performance of the I4CS construct reflects heterogeneous operational exposure rather than random measurement error alone. In particular, I4CS-2 (“I participated in data analytics, artificial intelligence, or advanced computational tasks”) and I4CS-4 (“I gained experience with programming tools”) demonstrated divergent response patterns, indicating that BSCS trainees assigned to analytics-intensive, programming-intensive, or administrative environments evaluated substantially different forms of Industry 4.0 exposure. These findings suggest that the present I4CS indicators may capture multiple operational competency domains rather than a single unified latent construct. The results therefore support future refinement of the subscale through more precise alignment with CC2020 competency specialization areas and more homogeneous Industry 4.0 exposure indicators.
Third, the temporal stability of KPI-Driven Performance and Overall OJT Quality across the three school years (ANOVA p = .278 and p = .374) suggests that the perceived quality of the OJT program remained relatively stable from SY 2023–2024 to SY 2025–2026. The absence of statistically significant inter-cohort variation provides an institutional baseline against which future OJT reforms and quality-improvement initiatives may be evaluated.
The qualitative findings further reinforced the quantitative results. Respondents consistently identified Monitoring Activities as an area requiring improvement, particularly in relation to institutional follow-up and feedback coordination. Similarly, mixed perceptions regarding digital-technology exposure suggest that current OJT placements vary considerably in their alignment with emerging workforce competencies. These findings provide contextual depth to the statistical results and strengthen the triangulation between the quantitative and qualitative components of the study.
The present findings also align with previous Industry 4.0 and computing-education studies that reported uneven technological exposure across internship environments, particularly within developing institutional contexts where deployment opportunities vary significantly in technological maturity (Hernandez-de-Menendez et al., 2020a; Li, 2022). Prior research similarly demonstrated that technically intensive work environments contribute more strongly to competency acquisition and career readiness than routine administrative assignments (Hernandez-de-Menendez et al., 2020b).
The findings further suggest that the quality and type of operational exposure during OJT may influence competency development and experiential learning outcomes. Respondents assigned to technically intensive roles — including programming, systems development, networking, and technical support — generally reported stronger perceived KPI development and richer experiential learning outcomes compared with respondents assigned primarily to routine clerical or administrative functions. These qualitative patterns also contextualized the weaker inferential relationships observed between the Industry 4.0 constructs and Overall OJT Quality despite the relatively high descriptive means of these variables. Institutions may therefore need to strengthen placement-alignment mechanisms to ensure that assigned work activities correspond more closely with program outcomes and emerging digital workforce competencies.
4.3.1 Implications for Philippine Computing-Education Governance
The findings of this study have broader implications for computing-education governance and quality assurance in Philippine higher education institutions. The integration of COSO ERM principles, KPI-driven analytics, and Industry 4.0 competency mapping provides a preliminary governance-oriented framework that extends beyond traditional internship evaluation practices commonly used in BSCS and BSIT programs.
The results suggest that OJT evaluation in Philippine computing education may benefit from a transition from compliance-oriented documentation toward evidence-based and audit-grade quality assurance systems. Existing internship assessment mechanisms in many institutions remain focused primarily on completion requirements, narrative supervisor evaluations, and procedural compliance. In contrast, the present framework operationalizes OJT quality through measurable governance, monitoring, competency-development, and Industry 4.0 readiness indicators.
The strong relationships observed between KPI-driven performance, COSO ERM monitoring structures, and Overall OJT Quality indicate that governance-oriented internship evaluation may support more systematic program assessment and continuous quality improvement. These findings are particularly relevant for institutions undergoing CHED program monitoring and Philippine Accrediting Association of Schools, Colleges, and Universities (PAASCU) accreditation review, where evidence-based outcomes assessment and stakeholder accountability are increasingly emphasized.
The framework may also support outcomes-based monitoring systems aligned with CHED’s quality assurance and graduate employability objectives for computing programs.
The findings also support the growing national emphasis on Industry 4.0 readiness and digital workforce alignment within Philippine higher education. Given the projected shortage of Industry 4.0-ready computing professionals identified in the Philippine IT-BPM Industry Roadmap 2028, higher education institutions may need to strengthen placement alignment, digital competency monitoring, and technology-oriented OJT deployment strategies to improve workforce preparedness.
The findings additionally contribute to international discussions on digitally aligned work-based learning, governance analytics, and competency-based internship evaluation in Industry 4.0 educational ecosystems.
At the policy level, the framework may serve as a preliminary reference model for future development of standardized OJT quality assurance mechanisms for Philippine computing programs. The findings demonstrate that enterprise risk management principles can be adapted from corporate IT-audit settings to strengthen educational quality assurance. The proposed framework therefore contributes not only to institutional OJT assessment but also to the broader discourse on governance-oriented digital transformation in Philippine computing education.
4.4 Recommendations Derived from Qualitative Findings
Based on the qualitative results of the study, several recommendations are made on the level of the curriculum and on the program level, aligned to the study's COSO ERM, KPI-driven, and Industry 4.0 framework.
At the curriculum level, the respondents highlight the need to improve the integration of Industry 4.0 skills in BSCS and BSIT programs, especially in AI, cloud computing, cyber security, automation and data analytics. The respondents also underscored the need to increase hands-on and project-based learning activities in order to enhance the technical preparedness and competency application in the workplace before the deployment of OJT.
Some respondents also suggested more integration of academic training with on-the-job training. Students assigned primarily to non-technical or clerical tasks indicated less experiential learning when compared to the students in the programming, systems development, networking and technical support assignments. The results indicate that greater alignment mechanisms between placement and the training assignments of the host institution are needed between institutional program outcomes and host training assignments.
Respondents consistently emphasized the importance of enhancing the institutional monitoring and follow-up system at the OJT program level. Recommended improvements included scheduled monitoring visits, a digital monitoring platform, a structured feedback system, and better coordination between OJT coordinators and host organizations. Respondents also suggested further cooperation with technologically advanced organizations to enhance the exposure and competency development opportunities for Industry 4.0.
The recommendations also reinforce the practical implications of the study by combining the results of the quantitative data with the results of the respondents' insights in order to obtain a deeper understanding, and they identified actionable recommendations for enhancing the quality of OJT, Industry 4.0 readiness, and the development of competency through KPIs.
The results overall indicate that the quality of OJT in computing education is not only dependent on exposure to internships but dependent on the synergy between organizational governance, monitoring systems, competency-based evaluation systems, and experience with Industry 4.0. COSO ERM, KPI-based analytics, mapping with CC2020 competence and the experiential learning theory thus create a multidimensional framework for assessing the quality of OJT in the context of digital learning environments. NDMU may consider developing a digital KPI-based OJT monitoring dashboard integrating supervisor feedback, institutional monitoring logs, and Industry 4.0 competency tracking. 
4.5 Limitations
Several limitations should be acknowledged when interpreting the findings. The study was conducted within a single private higher education institution in Region XII using a relatively small analytical sample (n = 64) drawn from a population frame of N = 99. Although the response rate was acceptable for exploratory educational research, the recalibrated margin of error (7.50%) exceeded the conventional 5% benchmark, and the statistical power of the three-group ANOVA remained below the preferred 0.80 threshold. Accordingly, inter-cohort findings should be interpreted as exploratory rather than confirmatory, and generalizability beyond comparable Philippine computing-education contexts remains limited.

A second limitation concerns the psychometric instability of the BSCS-specific Industry 4.0 subscale (I4CS), which demonstrated unsatisfactory internal consistency (α = .248), likely reflecting heterogeneous deployment environments and uneven Industry 4.0 exposure across BSCS placements. The use of self-report perceptual measures may also introduce response subjectivity despite procedural and statistical controls for common method bias. These limitations suggest that the Industry 4.0 component of the framework requires further refinement and validation before large-scale confirmatory deployment.
 4.6 Future Research
Future research should prioritize three major areas to strengthen the psychometric, institutional, and contextual robustness of the proposed framework.
A. Psychometric Validation
Future studies should prioritize refinement and validation of the BSCS-specific Industry 4.0 subscale (I4CS), particularly through stronger alignment with CC2020 computing competencies in artificial intelligence, software engineering, data science, and advanced computing environments. Larger samples should be used to conduct Confirmatory Factor Analysis (CFA), Structural Equation Modeling (SEM), and measurement invariance testing across BSCS and BSIT groups to evaluate construct stability and model fit. Multi-group validation procedures would further determine whether the proposed framework operates consistently across computing disciplines.
B. Multi-Institution Replication
Replication across multiple Philippine higher education institutions is necessary to determine whether the present findings reflect broader patterns in computing education rather than institution-specific conditions. Larger pooled samples from diverse institutional settings would improve statistical power, strengthen external validity, and permit more robust subgroup and longitudinal analyses of OJT quality and governance-oriented internship evaluation.
C. Industry 4.0 Contextualization
Future investigations should further examine how Industry 4.0 exposure varies across different OJT deployment environments and operational roles. In particular, the Nature of Work (NW) variable may be tested as a moderating factor influencing the relationship between Industry 4.0 exposure, KPI-driven competency development, and Overall OJT Quality. Comparative studies involving technologically advanced deployment environments, digital transformation settings, and private-sector technology organizations may further clarify how operational exposure shapes Industry 4.0 readiness and experiential learning outcomes.
5. CONCLUSIONS
The KPI-Driven OJT Evaluation Instrument, anchored on COSO ERM 2017, Industry 4.0, BADIR analytics, and Kolb’s experiential learning theory, demonstrated acceptable overall internal consistency (α = .928) across a three-year sequential cohort sample of sixty-four BSCS and BSIT student-trainees of Notre Dame of Marbel University. Most constructs demonstrated acceptable reliability for preliminary institutional implementation, although the BSCS-specific Industry 4.0 subscale (I4CS) returned unsatisfactory internal consistency and requires further refinement prior to large-scale redeployment. Construct means ranged from 4.30 (Monitoring Activities) to 4.62 (Control Environment) on a five-point scale, with the criterion variable Overall OJT Quality at 4.57. KPI achievement and OJT Quality were stable across the three cohorts, and Control Environment, Monitoring Activities, and KPI achievement demonstrated statistically significant positive associations with  Overall OJT Quality. The findings generally support the proposed KPI-Driven OJT Evaluation Framework while acknowledging the exploratory limitations of several retained constructs and the contextual variability of Industry 4.0 deployment environments.
The deployed instrument is offered as an open-access measurement tool for replication in other Philippine higher education institutions and as a candidate evidence base for OJT-program review under the Philippine Accrediting Association of Schools, Colleges, and  Universities (PAASCU) and the Commission on Higher Education (CHED) program-monitoring cycles.
The psychometric limitations identified were localized primarily within the BSCS-specific Industry 4.0 subscale and do not invalidate the broader KPI-Driven OJT Evaluation Framework. The COSO ERM constructs, KPI-driven performance indicators, and Overall OJT Quality construct demonstrated satisfactory psychometric performance and remain viable for preliminary audit-grade OJT evaluation.
Critically, the I4CS finding does not compromise the validity of the framework for its primary intended use. The five COSO ERM constructs — Control Environment, Risk Assessment, Control Activities, Information and Communication, and Monitoring Activities — and the KPI-Driven Performance construct all demonstrated acceptable-to-good reliability and statistically significant associations with Overall OJT Quality. These constructs are psychometrically sound for program-level auditing, policy benchmarking, and PAASCU accreditation evidence. The I4CS subscale represents a bounded limitation requiring targeted revision within the instrument’s Industry 4.0 module; it does not constitute a general threat to the framework’s validity. This asymmetric interpretation — a robust COSO ERM core with a single subscale requiring domain-aligned refinement — represents a scientifically defensible and practically useful starting point for the development of audit-grade OJT quality instruments in Philippine computing education.
The study therefore contributes a structured and psychometrically informed framework that extends OJT evaluation beyond procedural compliance toward evidence-based and audit-grade quality assurance in Philippine computing education.
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APPENDIX A
Final Deployment Version of the KPI-Driven OJT Evaluation Instrument (Three-Year Sequential Cohort Study)
This appendix presents the complete set of questionnaire items used in the actual data collection across three cohorts (SY 2023–2024, SY 2024–2025, SY 2025–2026). The instrument reflects the validated, post-pilot version with finalized item wording, construct structure, and response scale.
INSTRUMENT QUESTIONNAIRE
Please indicate your rating of each statement based on your actual OJT experience using the 1–5 scale (5 = Strongly Agree; 1 = Strongly Disagree). All items contained in this final locked instrument reflect the validated, post-pilot deployment version of the KPI-Driven OJT Evaluation Instrument.
	SECTION A:  CONTROL ENVIRONMENT
Assesses organizational governance, ethical culture, supervisory competence, and pre-deployment readiness (COSO ERM Component 1)

	Code
	Survey Item

	CE-1
	The roles and responsibilities of OJT supervisors and student-trainees were clearly defined.

	CE-2
	My OJT supervisor exhibited professional and ethical behavior aligned with computing industry standards.

	CE-3
	A pre-internship orientation was conducted to prepare me for my OJT placement.

	CE-4
	My supervisor was clear in giving instructions on how I would perform my tasks.

	CE-5
	There was a clear and accessible process for reporting problems during my OJT.



	SECTION B:  RISK ASSESSMENT
Identifies and operationalizes COSO ERM risk factors — supervision adequacy, task alignment, duration sufficiency, resource accessibility — affecting OJT quality

	Code
	Survey Item

	RA-1
	The tasks assigned to me during OJT were clearly related to the skills I learned in my program.

	RA-2
	Most of my assigned tasks matched my competencies and abilities.

	RA-3
	The duration of my OJT enabled me to complete meaningful tasks in my field.

	RA-4(R) 
	[REVERSE-WORDED] The level and quality of supervision I received were inadequate for my development.

	RA-5
	The technical resources I needed were available and accessible when required during my OJT.


Note. RA-4 (R) is reverse-coded during data preprocessing (Strongly Agree = 1, Strongly Disagree = 5) and analyzed as RA-4 in all reliability and correlation computations. The (R) notation flags the reverse-worded direction for the respondent

	
SECTION C:  CONTROL ACTIVITIES
Measures design and operating effectiveness of preventive, detective, and corrective controls in the OJT environment (COSO ERM Component 3)

	Code
	Survey Item

	CA-1
	Tasks were completed following defined procedures.

	CA-2
	The supervisors provided clear instructions for completing my tasks.

	CA-3
	Performance was evaluated based on defined standards.

	CA-4
	Security measures were in place during my OJT.

	CA-5
	Issues encountered during my OJT were addressed through a defined process.

	CA-6
	Tasks were performed following clear procedures.



	SECTION D:  INFORMATION AND COMMUNICATION
Evaluates internal supervisor-intern feedback quality and institutional HTE-HEI reporting adequacy (COSO ERM Component 4)

	Code
	Survey Item

	IC-1
	Feedback from my supervisor was clear.

	IC-2
	I was given opportunities to reflect on my OJT experiences.

	IC-3
	Instructions and expectations were clearly defined.

	IC-4
	Communication channels supported problem resolution.

	IC-5
	I received clear performance feedback from my host organization during my OJT.





	SECTION E:  MONITORING ACTIVITIES
Assesses in-process performance monitoring during OJT and post-OJT program-level review (COSO ERM Component 5)

	Code
	Survey Item

	MA-1
	My performance was regularly monitored during my OJT.

	MA-2
	My institution conducted periodic monitoring of my OJT progress.

	MA-3
	Monitoring ensured that tasks were completed according to expectations.

	MA-4
	Performance issues were tracked and corrected during my OJT.

	MA-5
	A post-internship evaluation was conducted after my OJT.



	SECTION F1:  INDUSTRY 4.0 — SHARED DIGITAL READINESS [BSCS + BSIT]
Measures exposure to Industry 4.0 digital technologies applicable across both computing programs. All respondents answer this section.

	Code
	Survey Item

	I4S-1
	I used modern digital tools during my OJT.

	I4S-2
	My OJT involved exposure to security or data protection practices when applicable.

	I4S-3
	I worked in collaborative digital environments.

	I4S-4
	I used digital tools to solve real problems encountered during my OJT.





	SECTION F2:  INDUSTRY 4.0 — BSCS-SPECIFIC TASK ALIGNMENT [BSCS ONLY]
Assesses BSCS-specific Industry 4.0 competency exposure (CC2020 Table 5.3 CS-dominant knowledge areas). BSIT respondents skip to Section F3.

	Code
	Survey Item

	I4CS-1
	I applied computational problem-solving.

	I4CS-2
	I participated in data analytics, artificial intelligence, or advanced computational tasks.

	I4CS-3
	My OJT involved software development tasks.

	I4CS-4
	I gained experience with programming tools.



	SECTION F3:  INDUSTRY 4.0 — BSIT-SPECIFIC TASK ALIGNMENT [BSIT ONLY]
Assesses BSIT-specific Industry 4.0 competency exposure (CC2020 Table 5.3 IT-dominant knowledge areas). BSCS respondents skip this section.

	Code
	Survey Item

	I4IT-1
	I worked on network or infrastructure tasks.

	I4IT-2
	I worked with cloud or server systems.

	I4IT-3
	My OJT involved integrating systems or software components.

	I4IT-4
	I provided IT support using structured procedures.





	SECTION G:  KPI-DRIVEN PERFORMANCE ASSESSMENT
Compares competency achievement against five domains of COSO-aligned KPI: Learning and Growth, Problem Solving, Theory-Practice Integration, Reflective Learning, and Independent Competence.

	Code
	Survey Item

	KPI-1
	My competencies improved during my OJT.

	KPI-2
	I applied knowledge to solve problems.

	KPI-3
	I connected theory with practice.

	KPI-4
	I reflected on my OJT experiences.

	KPI-5
	I improved my performance during my OJT.



	SECTION H:  OVERALL OJT PROGRAM QUALITY  [ALL RESPONDENTS — Final Section]
Provides a holistic, summative assessment of overall OJT quality from the student-trainee perspective. Generates the Overall OJT Quality Index (OQI).

	Code
	Survey Item

	OQ-1
	The OJT program provided a valuable learning experience.

	OQ-2
	I was provided with meaningful learning opportunities.

	OQ-3
	The OJT program was well supervised.

	OQ-4
	The OJT improved my competencies.

	OQ-5
	The OJT facilitated my learning by making it a real-world experience.
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