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ABSTRACT 
This study examined the explanatory structure and predictive reproducibility of an end-of-program administrative score used 
to assess graduate preparedness in vocational education. A cross-sectional secondary analysis was conducted using 450 de-
identified learner records collected from four anonymized polytechnic-style institutions during the 2023–2024 academic year. 
The outcome was a 0–100 composite score analyzed continuously and as three prespecified categories: low (<60), moderate 
(60–79), and high (≥80). Candidate predictors comprised practical skills, digital competence, soft skills, internship intensity, 
project performance, and an industry–education integration index treated as an institution-linked contextual proxy. Pearson 
correlations, heteroskedasticity-consistent ordinary least-squares regression, criterion-overlap sensitivity analysis, and 
leakage-controlled model development were applied. Six algorithms were compared against a majority-class baseline using a 
stratified 70:30 development-test split. Bootstrap intervals, ordinal-error measures, and probability-calibration indices were 
used to quantify uncertainty and performance. The full regression model explained 76% of outcome variance (adjusted R² = 
0.75), whereas the reduced model retained an adjusted R² of 0.58 after removal of predictors susceptible to shared rubric 
content. In the untouched test partition (n = 135), the back-propagation neural network achieved an accuracy of 0.904 and a 
macro-F1 of 0.903; all 13 errors occurred between adjacent categories. These findings indicate a coherent within-system scoring 
structure and strong reproducibility across analytical approaches. However, they do not establish causal effects, transportability 
across institutions, fairness, operational utility, or prediction of subsequent labor-market outcomes. The model should therefore 
be restricted to low-stakes auditing, data-quality review, and identification of borderline records pending prospective multi-
institutional evaluation. 
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1. INTRODUCTION 

Vocational education operates within labor markets 
increasingly shaped by digital transformation, artificial 
intelligence, changes in occupational structures, and 
growing demand for technical and interpersonal 
competencies [1]–[3]. Conditions require programmed 
evaluation to extend beyond completion rates and 
certification outcomes. Evaluation must also determine 
whether graduates possess capabilities that are relevant 
to occupational performance. Contemporary scholarship 
conceptualizes employability as a multidimensional 
configuration of occupational competence, digital 
capability, transferable skills, career resources, 
adaptability, and opportunities to apply learning in 
authentic settings [4]–[7]. From this relational 
perspective, graduate preparedness is shaped not only by 
individual attributes but also by curriculum design, 
workplace exposure, assessment practices, institutional 
resources, and labor-market conditions. 

Conceptual differentiation between employability, 
work readiness, and employment outcomes is necessary 
for valid program evaluation. Employability refers to the 
capabilities, resources, and opportunities that support 
entry into, participation in, and progression through 
employment. Work readiness concerns preparation for 
immediate occupational performance, whereas 
employment outcomes represent realized results such as 
job acquisition, retention, earnings, occupational 
alignment, and employer-evaluated performance. These 
constructs differ in scope, temporal position, and 
evidentiary requirements, although they are frequently 
treated as interchangeable in educational research [8], [9]. 
Such conflation creates jingle-jangle problems and 
weakens evaluative and causal interpretations [10], [11]. 
Consequently, a program-generated readiness score 
cannot be interpreted as evidence of labor-market 
success unless it has been validated against independent 
and preferably prospective employment criteria [12], [13]. 

Several educational domains may contribute to 
preparation for occupational performance. Practical 
competence supports the accurate and safe execution of 
job-related tasks. Digital competence facilitates 
information processing, communication, content 
production, and technology-mediated problem solving. 
Transferable skills support teamwork, professionalism, 
communication, and adaptation across occupational 
contexts [5], [7]. Internships, work-integrated learning, 
and applied projects may connect these domains by 
requiring learners to apply disciplinary knowledge under 
authentic constraints. Their effectiveness, however, 
depends on task authenticity, placement quality, 
supervision, feedback, assessment design, and curricular 
integration rather than duration alone [14], [15]. Ratings 
produced by placement supervisors or project assessors 
may therefore represent performance within an 
educational context rather than subsequent performance 
in employment. Systematic evidence similarly indicates 

that employability programs tend to produce more 
consistent improvements in proximal capabilities and 
self-perceptions than in independently verified labor-
market outcomes, which remain influenced by labor 
demand, recruitment practices, field of study, and 
socioeconomic resources [16]. 

These conceptual distinctions become critical when 
administrative records are used for programmed 
monitoring. The archive examined in this study contains a 
completion rating ranging from 0 to 100, derived from 
placement-supervisor judgements, capstone-defense 
information, and an internal readiness rubric. Practical-
skills, soft-skills, and project-performance scores were 
recorded as separate variables within the same 
administrative system. Separate database fields, however, 
do not establish construct distinctiveness or 
measurement independence. Shared rubric content, 
raters, assessment occasions, and institutional contexts 
may produce criterion contamination or common-method 
covariance, thereby increasing observed associations 
without demonstrating that each indicator independently 
accounts for readiness [12], [17]. Validity concerns the 
defensibility of an intended score interpretation rather 
than the magnitude of a correlation or regression 
coefficient alone. Sensitivity analysis is therefore required 
to determine whether the multivariable association 
pattern remains stable after excluding indicators with the 
greatest potential for overlap with the administrative 
outcome. 

Machine-learning classification does not resolve 
deficiencies in target definition or construct validity. A 
flexible classifier may accurately reproduce low, 
moderate, and high administrative readiness categories 
because it learns the structure of the rubric from which 
those categories were generated. Such internal 
reproducibility does not constitute evidence of 
employment forecasting. Predictive estimates may also be 
inflated when outcome-related information is included 
among the predictors or when preprocessing, feature 
selection, and hyperparameter optimization incorporate 
observations that should remain outside model 
development [18]. When transportability beyond the 
development sample is claimed, data partitioning must 
also account for clustering by institution or program [19]; 
a defensible analytical design therefore requires 
preprocessing to be restricted to the development data, 
candidate models to be compared with interpretable 
baselines, and final performance to be evaluated in an 
untouched held-out partition [20]–[23]. Overall accuracy 
alone is insufficient for evaluating multiclass readiness 
classification. Assessment should include class-specific 
discrimination, probability ranking, calibration, 
uncertainty, and the substantive distance between 
observed and predicted categories [24], [25]. This 
requirement is particularly relevant when the outcome is 
ordinal because an error between adjacent categories 
differs substantively from an error between the lowest and 
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highest categories. Explainability methods may support 
model auditing by indicating how predictor values 
contribute to individual predictions. Post-hoc 
explanations, however, cannot correct an invalid target, 
remove predictor–target contamination, or substitute for 
comparison with transparent baseline models [26]–[28]. 
The measurement level of contextual variables imposes a 
separate inferential constraint. An industry–education 
integration index may appear to vary at the learner level 
when a single institutional value is repeated across all 
learners within the same program. When each institution 
is represented by only one programmed track, institution, 
track, and contextual score are structurally confounded. 
Under these conditions, record-level coefficients cannot 
identify an independent institutional effect. The 
contextual index can be analyzed as an institution-linked 
proxy, but its coefficient cannot be interpreted as 
evidence that institutional integration causes individual 
readiness. 

Subgroup performance comparisons require 
equivalent caution. Differences in accuracy, macro-F1, 
calibration, or ordinal error across programmed groups 
may reflect subgroup sample size, outcome prevalence, 
assessment practices, feature distributions, or unequal 
educational opportunities rather than model fairness. 
Bias in educational analytics may originate from construct 
definitions, historical labels, feature availability, 
optimization criteria, and deployment [29], [30]. Fairness 
assessment therefore requires clearly identified protected 
attributes, prespecified fairness criteria, adequate 
subgroup sample sizes, and analysis of the consequences 
associated with model-supported decisions. Descriptive 
differences across programmed groups are insufficient to 
establish fairness or support fairness certification [31]–
[34]. Existing employability analytics research frequently 
prioritizes predictive accuracy while giving less attention 
to the interpretation of the prediction target, predictor–
target overlap, the measurement level of contextual 
variables, calibration, ordinal misclassification, and the 
inferential limits of subgroup comparisons. 
Generalizability, transparency, and ethical risks have 
been examined within the broader predictive learning 
analytics literature [35]. These concerns, however, are 
rarely integrated with employability construct validity and 
sensitivity to rubric contamination within a single 
analytical framework. This omission creates a risk that 
technically adequate classification performance will be 
interpreted as evidence of labor-market prediction, causal 
determinants, institutional effects, model fairness, or 
operational utility, despite the absence of data capable of 
supporting those claims. 

The present study analyses de-identified 
administrative records from 450 final-year learners 
enrolled in engineering, information technology, business 
services, and health-support programmed during 2023–
2024. The analysis addresses four research questions: 

1) What pooled bivariate and multivariable associations 
exist between five learner-level indicators, one 
institution-linked integration proxy, and the 
administrative readiness rating? 

2) Does the multivariable association pattern remain 
stable after indicators with the greatest susceptibility 
to criterion overlap are excluded? 

3) How do six candidate classifiers perform in an 
untouched held-out partition across class-label, 
probability-ranking, calibration, and ordinal-error 
criteria? 

4) How do the held-out performance metrics of the 
selected models vary descriptively across the four 
institution–track groups? 

The study evaluates the concurrent structure and 
internal reproducibility of an archived administrative 
readiness rating. Its contribution lies in integrating 
construct interpretation, contamination-sensitive 
association analysis, leakage-controlled classification, 
calibration assessment, ordinal-error evaluation, and 
cautious subgroup comparison within a single analytical 
design. The scope of inference remains restricted to the 
available administrative data and the assessment system 
through which those data were generated. The analysis 
does not identify causal determinants, verify prediction of 
subsequent employment, estimate independent 
institutional effects, certify model fairness, or establish 
operational utility. 

 
 

2. LITERATURE REVIEW 

2.1. Employability, Work Readiness and Employment 
Outcomes 

Employability is a multidimensional and relational 
construct rather than a fixed stock of individual skills. 
Occupational competence, transferable capability, digital 
competence, adaptability, and career identity acquire 
value through social and cultural resources, institutional 
opportunity structures, and labor-market conditions. This 
position is shared by the psycho-social model of 
employability, the graduate-capital perspective, and later 
relational formulations [4]–[6], [36]. In vocational 
education, employability therefore concerns both what 
learners can perform and whether educational 
arrangements enable those capabilities to be transferred 
into authentic work settings. 

Employability, work readiness, and employment 
outcomes occupy different conceptual and temporal 
positions. Employability refers to resources and 
opportunities supporting entry into, participation in, and 
progression through work. Work readiness denotes 
preparation for immediate occupational performance, 
including task, behavioral, and organizational 
expectations at transition. Employment outcomes are 
external events such as job acquisition, retention, 
earnings, occupational alignment, and employer-
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evaluated performance [8]–[10]. Treating these 
constructs as interchangeable creates a jingle-jangle 
problem that weakens cross-study comparison, score 
interpretation, and causal inference. 

This distinction bounds the interpretation of the 
archived outcome examined in the present study. The 
dependent variable is an end-of-program administrative 
readiness composite derived from placement-supervisor 
judgement, capstone-defense information, and an 
internal rubric. It is concurrent with the candidate 
indicators and does not constitute an independent 
observation of later employment. Contemporary validity 
theory locates validity in a proposed interpretation and 
use, supported by evidence concerning content, response 
processes, internal structure, relations with other 
variables, generalizability, and consequences [12], [13], 
[37]. The score can therefore be interpreted as a 
programmed-defined indicator of completion-stage 
readiness, not as verified labor-market employability. 
 
2.2. Vocational Capability Domains 

Practical competence is central to vocational education 
because occupational capability must be demonstrated 
through performance rather than inferred solely from 
declarative knowledge. Practice-proximal assessment 
commonly covers task accuracy, safety, troubleshooting, 
process handling, completion quality, and adaptation to 
situational constraints. Large-scale vocational 
assessment similarly prioritizes authentic tasks, domain-
specific reasoning, and transfer into occupational action 
[38]. Practical-skills ratings should consequently relate to 
readiness, although the association may be inflated when 
practical performance also contributes to the final 
administrative rubric. 

Digital competence is now a cross-occupational 
requirement. DigComp 2.2 defines it through information 
and data literacy, communication and collaboration, 
digital-content creation, safety, and problem solving [39]. 
Digital work also requires cognitive, social, and self-
regulatory capability rather than software operation alone 
[40]. Artificial intelligence, data-intensive production, 
platform-mediated services, and digitally supported 
assessment are further reshaping vocational systems [1], 
[3]. Although recent evidence associates digital 
employability skills with workforce readiness, 
conclusions remain dependent on measurement and 
design [2]. Digital competence is therefore treated as a 
concurrent learner-level signal, not a demonstrated 
causal determinant. 

Soft skills support communication, teamwork, 
professionalism, adaptability, self-management, and 
problem resolution. Reviews consistently position these 
attributes within employability while reporting 
differences among student, educator, and employer 
priorities [7], [41]. Their meaning remains situated: 
communication and collaboration are enacted through 
particular tasks, teams, organizational norms, and 

assessment conditions. Practical, digital, and soft skills 
should therefore be conceptualized as an integrated 
capability profile rather than independent additive 
commodities [4], [5]. Correlations among them may 
reflect genuine capability convergence, common 
assessment conditions, or both; regression coefficients 
cannot be translated directly into intervention effects. 
 
2.3. Experiential and Institutional Readiness Factor 

Work-integrated learning connects classroom 
preparation with authentic tasks, organizational routines, 
professional relationships, and external feedback. 
Internships may integrate disciplinary, social, and 
professional learning. Still, their value depends on task 
authenticity, supervisory quality, progressive 
responsibility, feedback, learner agency, assessment 
alignment, and curricular integration rather than duration 
alone [14], [15]. Internship intensity measured in months 
is therefore an exposure indicator, not a direct measure of 
placement quality. Its association with readiness may also 
reflect placement selection, employer resources, prior 
learner advantage, or programmed requirements. 

Evidence from employability interventions supports 
this qualification. Work-integrated learning more 
consistently improves proximal capabilities and perceived 
employability than independently verified labor-market 
outcomes [16]. Digital literacy and career knowledge may 
also mediate the relationship between workplace learning 
and perceived employability [42]. Internship exposure is 
thus theoretically relevant, but additional placement time 
cannot be assumed to cause improved employment 
without prospective measures of placement quality, task 
complexity, supervision, and post-placement outcomes. 

Capstone and applied-project performance provide 
integrative evidence because projects combine 
disciplinary knowledge, planning, digital tools, 
communication, collaboration, timeliness, and 
implementation. Project performance may therefore 
contribute information beyond isolated competence 
scores. In the archive, however, capstone-defense 
information also contributed to the readiness composite, 
creating criterion proximity. The project coefficient may 
reflect both genuine transfer of learning and shared 
measurement, which requires an overlap-sensitive model. 

Industry-education integration operates at the 
contextual level. Employer participation, shared 
infrastructure, joint curriculum design, workplace 
mentoring, feedback, and integrated assessment may 
improve programmed relevance and authenticity. 
Vocational-modernization research likewise treats 
sustained institutional collaboration as necessary for 
aligning curricula, staff capability, equipment, artificial 
intelligence, and occupational demand [1], [3]. The 
archived index contains only four institution-level values, 
each linked to one vocational track. Institution, track, 
assessment culture, and integration score are therefore 
structurally confounded. The index can describe 
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contextual differentiation, but its record-level coefficient 
cannot identify an independent institutional effect. Such 
inference would require multiple institutions per track, 
multiple tracks per institution, and clustered or multilevel 
analysis. 
 
2.4. Readiness Ratings, Construct Validity and Criterion 

Overlap 

Administrative records are useful for programmed 
monitoring because they are routinely generated, 
inexpensive, and connected to educational practice. Their 
meaning nevertheless depends on the construct map, 
item content, scoring rules, rater processes, weighting, 
thresholds, and intended decisions. Separate database 
fields establish technical separation, not construct 
distinctiveness. When practical skills, soft skills, project 
performance, and the final composite share content, 
raters, occasions, or settings, observed relationships 
combine trait covariance with method covariance [17], 
[43], [44]. 

Criterion contamination occurs when information 
embedded in a predictor also forms part of the criterion, 
producing a partly circular association and weakening 
claims of independent explanation or prediction [12], [45]. 
This risk is highest for practical skills, soft skills, and 
project performance. A sensitivity model that removes 
these fields can determine whether a coherent 
association remains beyond the most criterion-proximal 
measures. A reduction in explained variance would 
indicate substantial shared information, but it would not 
partition genuine capability from common measurement. 
That distinction would require item-level construct 
mapping, independent or blinded raters, temporal 
separation, and a multitrait-multimethod design. 

Converting a continuous 0-100 score into low, 
moderate, and high categories introduces further 
measurement loss. Categorization removes within-band 
variation, creates instability near thresholds, and may 
imply unsupported qualitative distinctions [46]. The 
continuous score should therefore be retained for 
association analysis, while classification errors should be 
evaluated by ordinal distance because adjacent and non-
adjacent errors have different substantive consequences. 
 
2.5. Machine-Learning Validation and Model Evaluation 

Machine-learning models can represent nonlinearities 
and interactions, but they cannot repair an ambiguous 
target. High accuracy may arise because a classifier 
reproduces the competence structure, thresholds, and 
institutional practices used to generate administrative 
bands. Such performance demonstrates internal 
reproducibility within the archive; it does not establish 
prospective employment prediction, transportability, or 
external validity. 

Internal estimates are vulnerable to leakage and 
model-selection bias. Leakage arises when validation or 
test information influences imputation, scaling, feature 

selection, tuning, or construction. At the same time, 
repeated optimization on the same validation data can 
produce optimistic performance even without explicit 
target leakage [18], [47]. Preprocessing must be 
estimated within training data, hyperparameters selected 
without test outcomes, transparent baselines retained, 
and final metrics calculated once in an untouched held-
out partition [20], [21]. When observations are clustered, 
resampling must reflect the dependence structure and 
intended generalization claim [19]. 

No single metric adequately evaluates multiclass 
ordinal prediction. Accuracy can obscure minority-class 
failure, whereas macro-F1 weights class-specific 
precision and recall equally. One-versus-rest ROC-AUC 
and precision-recall AUC evaluate probability ranking, 
with precision-recall curves being particularly informative 
under imbalance [48]. Calibration should be examined 
through the Brier score, calibration intercept, calibration 
slope, and a defined calibration-error measure [25], [49]–
[51]. Weighted kappa and absolute ordinal distance 
distinguish adjacent from non-adjacent errors [52]. 
Uncertainty intervals and paired comparisons are 
required before numerical differences are interpreted as 
algorithmic superiority. 

Comparisons among ordinal or regularized 
regression, support-vector machines, random forests, 
gradient boosting, and neural networks should therefore 
be framed as internal comparative evaluation. Greater 
complexity does not guarantee better out-of-sample 
performance [51]. Transparent baselines may be 
preferable when discrimination is similar, but 
interpretability or calibration is stronger. TRIPOD+AI and 
PROBAST+AI support transparent reporting of 
development, validation, bias, and applicability [22], [24], 
but they do not convert an administrative rating into an 
externally validated endpoint. 
 
2.6. Explainability, Subgroup Analysis and Governance 

Permutation importance and SHAP can support model 
auditing by quantifying performance dependence and 
decomposing individual predictions [53], [54]. Agreement 
among standardized regression coefficients, permutation 
importance, and aggregated SHAP values may indicate a 
stable predictor ordering. These methods remain 
descriptive; they do not establish causal effects, construct 
validity, or intervention targets. Post-hoc explanations 
may instead create unwarranted confidence when target 
definition, provenance, or deployment context is weak 
[26], [28], [55]. 

Subgroup differences in accuracy, macro-F1, 
calibration, or ordinal error may reflect sample size, 
outcome prevalence, feature distributions, assessment 
practices, resources, or model instability. They do not 
constitute a fairness audit. Fairness assessment requires 
protected attributes, a prespecified fairness construct, 
adequate subgroup information, and explicit analysis of 
benefits, burdens, and decision consequences [29], [31], 
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[32], [56]. Because the four archived groups 
simultaneously represent institutions and tracks, 
descriptive variation cannot separate model behavior 
from contextual or measurement differences. 

Educational prediction is a sociotechnical process. 
Bias may enter through construct definitions, historical 
labels, opportunity structures, feature availability, 
missingness, objectives, thresholds, interfaces, and 
human responses [56], [57]. Governance should therefore 
define purpose, acceptable and prohibited uses, human 
review, documentation, access controls, uncertainty 
communication, and mechanisms for correcting records. 
Model cards can formalize these boundaries [58]. Under 
the available evidence, classification is defensible only for 
low-stakes internal auditing, mentoring, curriculum 
review, and identification of records requiring additional 
review; it is not defensible for selection, certification, 
graduation, or restriction of opportunity. 
 
 

3. MATERIALS AND METHODS 

3.1. Study Design, Analytical Objectives and Reporting 
Framework 

A cross-sectional secondary analysis was conducted using 
de-identified administrative records generated through 
routine end-of-programs monitoring during the 2023–
2024 academic year. The readiness outcome and all 
learner-level indicators were recorded within the same 
administrative measurement window; no temporal 
separation existed between predictor measurement and 
outcome ascertainment. The analysis therefore estimated 
concurrent associations and the internal reproducibility 
of archived readiness categories. It did not constitute a 
prospective prediction study, an intervention evaluation, 

a quasi-experiment, a causal mediation analysis, or 
validation against realized labor-market outcomes. 

Four prespecified analytical objectives structured 
the analysis. First, the cohort composition, missing-data 
pattern, continuous readiness distribution, and three 
administrative readiness bands were described. Second, 
pooled bivariate and multivariable associations were 
estimated, followed by a sensitivity analysis that excluded 
indicators with the greatest potential for criterion overlap. 
Third, six candidate classifiers were compared with a 
majority-class baseline in a single untouched internal test 
partition. Fourth, model reliance, robustness, and 
institution–track-specific outputs were examined as 
secondary diagnostics.  

STROBE guided reporting for observational studies, 
TRIPOD+AI for prediction-model reporting, and 
PROBAST+AI for risk-of-bias and applicability assessment 
[22], [24]. PROBAST was also consulted to maintain 
continuity with established prediction-model appraisal 
principles [59]. These frameworks were adapted because 
they were developed primarily for epidemiological and 
clinical prediction research rather than vocational-
education analytics. Their use structured the reporting of 
leakage control, validation, and interpretation; it did not 
convert the administrative readiness rating into a clinical 
or externally validated endpoint. 
 

3.2. Setting, Data Source, Unit and Eligibility 

The source archive included final-year learners from four 
anonymized polytechnic-style vocational institutions. 
Each institution contributed one vocational track—
Engineering, Information Technology, Business Services, 
or Health-Support creating a one-to-one correspondence 
between institution and track. Consequently, between-
track variation could not be separated from between-
institution variation. 

 

 

Figure 1. Record derivation and distribution of the final analytic sample across the four institution–track groups 

 
The sampling frame comprised a census of 512 end-of-
program monitoring records. Eligibility required a record 
to represent a final-year learner, contain a valid 
institution–track code, and include the archived readiness 
outcome at the end of the monitoring period. Exclusions 

were applied before imputation and modelling: 38 records 
lacked the archived readiness outcome, 16 represented 
withdrawals before end-of-cycle archiving, and eight were 
duplicate or test records. The final analytic sample 
consisted of all 450 eligible learner records. Figure 1 
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summarizes record derivation and the distribution of the 
analytic sample across the four institution–track groups. 

No a priori sample-size calculation was performed 
because the complete eligible archive, rather than a 
sampled subset, was analyzed. Statistical precision was 
represented using confidence intervals and internal 
resampling. Census inclusion does not establish adequate 
information for stable subgroup, fairness, or external-
validation claims; those claims depend on event counts, 
class balance, model complexity, and the intended use of 
predictions [60]. 

 

3.3. Outcome, Candidate Indicators and Measurement 
Boundaries 

The primary outcome was an archived 0–100 
employability-readiness composite generated by 
programmed staff from placement-supervisor judgement, 
capstone-defense information, and a final readiness 
rubric. The continuous rating was used in descriptive, 
correlational, and linear-regression analyses. 
Prespecified institutional thresholds were retained 
without re-estimation for classification: low (<60), 
moderate (60–79), and high (≥80). These categories 
represented administrative programmed-completion 
bands. They did not measure job acquisition, retention, 

earnings, occupational alignment, employer-rated 
productivity, or career progression. 

Six candidate indicators were available. Practical 
skills, digital competence, soft skills, internship intensity, 
and project performance varied at the learner level. The 
industry–education integration index was recorded once 
for each institution and then assigned to every learner 
record within that institution. Although the index 
appeared in 450 rows, it contributed only four unique 
contextual values. Associations involving this index were 
therefore interpreted as record-weighted descriptive 
summaries rather than independent learner-level or 
institution-level effects. 

Potential measurement overlap was specified before 
interpretation. Practical-skills, soft-skills, and project-
performance ratings could share rubric content, assessors, 
assessment occasions, or settings with the readiness 
composite. Separate database fields were not treated as 
evidence of construct independence. Validity concerns 
the defensibility of an intended score interpretation, and 
common measurement sources may inflate observed 
associations [12], [13], [17]. Table 1 therefore 
distinguishes the recorded content of each variable from 
its permissible analytical interpretation.

 
Table 1. Operational definitions, scoring, and analytical boundaries of the archived variables (N = 450 units) 

Variable Role and scale Archived content Analytical role and boundary 

Employability readiness Outcome; 0–100; low <60, 
moderate 60–79, high ≥80 

Placement-supervisor judgement, 
capstone defense, and final readiness 
rubric 

Continuous outcome and derived 
classification target; not an independent 
employment outcome 

Practical skills Learner-level; 0–100 Task accuracy, safety, 
troubleshooting, and equipment 
handling 

Association and classification indicator; 
possible rubric overlap 

Digital competence Learner-level; 0–100 Information processing, 
communication, content creation, 
safety, and problem solving 

Association and classification indicator 

Soft skills Learner-level; 0–100 Communication, teamwork, 
professionalism, and adaptability 

Association and classification indicator; 
possible rubric overlap 

Internship intensity Learner-level; 0–12 months Duration of structured workplace 
learning 

Association and classification indicator; 
duration does not measure placement 
quality 

Project performance Learner-level; 0–100 Quality, timeliness, collaboration, and 
applied implementation 

Association and classification indicator; 
possible rubric overlap 

Integration index Institution-linked proxy; 0–100 Employer involvement, feedback, joint 
assessment, resources, and 
curriculum linkage 

Exploratory indicator only; four values 
with complete institution–track 
confounding 

 
3.4. Data Extraction and Integrity Checks 

Eligibility was resolved before data transformation. 
Withdrawal, duplicate, and test records were identified 
from the archived status field. Range checks applied the 
documented limits of 0–100 to the readiness, competence, 
project, and integration scores and 0–12 months to 
internship intensity. Track codes were checked against 
the four admissible categories. No eligible record was 
removed solely because it contained an extreme but in-

range predictor value. Potentially influential observations 
in the linear model were evaluated using Cook’s distance 
rather than deleted automatically [23], [61]. 

The readiness outcome was complete after eligibility 
exclusions. Predictor missingness ranged from 1.3% to 
3.1%. Little’s MCAR test was used only to assess whether 
the observed pattern was inconsistent with missing 
completely at random; a non-significant result was not 
treated as proof of the MCAR mechanism  [62]. For 
association analyses, the archived workflow used multiple 
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imputation by chained equations with 20 imputations and 
predictive mean matching for continuous variables, 
consistent with established guidance for flexible 
multivariable imputation [63], [64]. Pooled imputed 
estimates were compared with complete-case estimates 
as a robustness analysis. 
 

 

Figure 2. Analytical workflow and leakage-control logic. 
Preprocessing for supervised models is estimated 
only from training data or training folds. 

 
Classification preprocessing was isolated from evaluation 
data. Imputation parameters were estimated within the 
development partition or the current cross-validation 
training fold and were then applied unchanged to the 
corresponding validation or test records. Standardization 
parameters were handled identically for algorithms 
requiring scaled inputs. Held-out outcomes were not used 
to estimate imputation, scaling, feature-processing, or 
tuning parameters, and readiness bands were not 
included as imputation predictors. This separation was 
imposed to prevent test-to-training information leakage, 
which can produce optimistic performance estimates [18]. 
 
3.5. Descriptive and Bivariate Association Analyses 

Continuous variables were summarized using the mean, 
standard deviation, observed minimum, and observed 
maximum. Missingness was reported as a count and 
percentage for each variable. Institution–track 
composition and readiness bands were summarized using 
frequencies and percentages. The continuous readiness 
distribution was displayed in five-point intervals, with the 
prespecified administrative thresholds superimposed 
rather than estimated from the observed data. 

Pearson product–moment correlations were used as 
the primary bivariate association estimates. Bias-
corrected and accelerated 95% bootstrap confidence 
intervals were generated from 5,000 archived resamples 
to reduce dependence on normal-theory interval 
assumptions [65]. Family-wise multiplicity across the 21 
unique pairwise correlations in the seven-variable matrix 
was controlled using Holm’s sequential adjustment [66]. 
Spearman rank correlations were calculated as a 
sensitivity analysis for monotonic associations and 
potential non-normality. Correlations involving the 
integration index were retained only as descriptive 

record-weighted values because the index contained four 
independent contextual values. 
 
3.6. Multivariable Association Model and Criterion-

Overlap Sensitivity 

Ordinary least squares regression was used to estimate 
the association between the continuous readiness rating 
and practical skills, digital competence, soft skills, 
internship intensity, project performance, and the 
integration index. The full model was specified as follows: 
 

��ᵢ = �� + ����ᵢ + ����ᵢ + ����ᵢ + ����ᵢ + ����ᵢ
+ �����ⱼ + �ᵢ 

(1) 

 
In this expression, ER denotes the administrative 
readiness rating; PS, practical skills; DC, digital 
competence; SS, soft skills; II, internship intensity; PP, 
project performance; and IEI, the integration value 
assigned to institution j. Because IEI varied across only 
four institutions and institution was identical to track, β₆ 
was interpreted as a descriptive record-level coefficient 
rather than an independently identified contextual effect. 

Inference used HC3 heteroskedasticity-consistent 
standard errors because of their improved finite-sample 
performance under leverage and heteroskedasticity [67]. 
Models reported R², adjusted R², omnibus F statistics, 
standardized coefficients, and variance-inflation factors. 
Residual normality, heteroskedasticity, and influential 
observations were assessed using the Shapiro–Wilk test, 
Breusch–Pagan test, and maximum Cook’s distance, 
respectively, as descriptive diagnostics rather than 
automatic acceptance criteria. 

A prespecified sensitivity model excluded practical 
skills, soft skills, and project performance because of their 
potential overlap with the outcome, while retaining digital 
competence, internship intensity, and the integration 
index. Changes in adjusted R² and coefficient ranking 
were examined. Any reduction in adjusted R² indicated 
sensitivity to removing overlapping information, not 
variance caused by contamination. Because the archived 
unstandardized coefficients were inconsistent with the 
reported means and the original output was unavailable, 
unstandardized slopes, intercepts, standard errors, and 
confidence intervals were omitted. 
 
3.7. Data partitioning, leakage control and model 

development 

The three classification bands contained 78 low-, 201 
moderate-, and 171 high-readiness records. A stratified 
random split with seed 42 allocated 70% of records to 
development (n = 315: 55 low, 140 moderate, and 120 
high) and 30% to an internal held-out test partition (n = 
135: 23 low, 61 moderate, and 51 high). The test partition 
remained inaccessible during imputation fitting, 
standardization, hyperparameter selection, early 
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stopping, threshold modification, and model selection. It 
was used only for final evaluation. 

Hyperparameters were tuned within the 
development partition using five-fold stratified cross-
validation. Macro-F1 was the principal tuning criterion 
because it assigns equal influence to each class and 
reduces dominance by the moderate-readiness class. 
Preprocessing was re-estimated within every training fold. 
This fold-specific procedure prevented validation-fold 
information from influencing imputation or scaling [18]. 
Institution–track structure was not used to define cross-
validation folds in the archived analysis. The held-out 
assessment therefore represents a random internal split 
rather than leave-one-institution-out or transportability 
validation. Structured resampling would be required to 
support claims about performance in a new institution 
[19]. 
 

3.8. Candidate classifiers and tuning specifications 

The comparison panel comprised a majority-class 
reference and six candidate classifiers representing 
ordinal, regularized linear, kernel, ensemble-tree, 
boosting, and neural-network approaches. The 
proportional-odds model preserved the ordering of the 
outcome [68]. Elastic-net multinomial regression 
provided a regularized linear comparator. The radial-
basis-function support-vector machine represented 
nonlinear decision boundaries in a scaled feature space 
[69]. Random Forest and XGBoost represented bagged 
and boosted tree ensembles, respectively  [26]. The back-
propagation neural network used two fully connected 
hidden layers with rectified linear activations, dropout, L2 
regularization, and a SoftMax output layer, consistent 
with established neural-network regularization 
procedures [70], [71]. Table 2 specifies the retained 
architecture and hyperparameter grids. 

 
Table 2. Candidate classification models and retained implementation specifications 

Model Preprocessing or structure Archived tuning or fixed specification 

Majority baseline Most frequent development-set class No tuning 

Ordinal logistic Standardized inputs; proportional-odds model Maximum-likelihood estimation; proportional-odds assumption 
assessed 

Elastic-net multinomial Standardized inputs; multinomial loss l1_ratio: 0.10, 0.50, 0.90; C: 0.01, 0.10, 1, 10; maximum 
iterations: 5,000 

SVM (RBF) Standardized inputs; balanced class weights C: 0.10, 1, 10, 100; gamma: scale, 0.01, 0.10, 1 

Random Forest Fold-imputed inputs; scaling not required Trees: 300–1,000; depth: none, 5, 10; minimum leaf: 1, 3, 5; 
maximum features: sqrt or log2 

XGBoost multi:softprob objective; fold-imputed inputs Trees: 100–500; depth: 2–4; eta: 0.01–0.10; subsample and 
colsample: 0.70–1.00 

BPNN Six inputs; hidden layers 64→32; ReLU; 
dropout 0.20; L2 = 10⁻⁴; SoftMax output 

Adam optimizer; learning rate 10⁻³; batch size 32; maximum 200 
epochs; early-stopping patience 15; class-weighted loss 

 
The revision archive did not retain the exact software 
packages and versions, cross-validation fold identifiers, 
class-weight values, initialization states beyond the 
global split seed, or complete tuning logs. The model 
families, tuning grids, split rule, and evaluation sequence 
can therefore be reconstructed analytically. Exact 
numerical reproduction requires the original software 
environment, row-level data, and saved resampling 
indices. 
 
3.9. Held-out Validation, Ordinal Error and Calibration 

Each candidate classifier was evaluated once in the 135-
record held-out partition. Class-label performance was 
quantified using accuracy, macro precision, macro recall, 
macro-F1, and weighted-F1. Ranking performance was 
assessed using one-versus-rest macro-ROC-AUC and PR-
AUC. PR-AUC was retained because precision–recall 
summaries can be informative when class frequencies are 
unequal [48]. Ordinal agreement was assessed using 
linearly weighted Cohen’s κ and mean absolute ordinal 
distance (MAOD): 
 

���� =  (1/�) � |�ᵢ −  ŷᵢ| (2) 

 
The three readiness bands were coded in their natural 
order as 0, 1, and 2. The confusion matrix was reported as 
counts and row percentages so that direct low-to-high 
errors could be distinguished from adjacent-band errors. 
Performance interpretation considered discrimination, 
calibration, and error severity rather than overall accuracy 
alone [23], [25], [51]. 

Archived 95% confidence intervals were based on 
1,000 bootstrap resamples of the held-out set where 
retained values were available. Prediction-level files and 
the paired multiclass covariance implementation were 
unavailable. Pairwise significance tests between 
classifiers were therefore excluded, and point-estimate 
rankings were interpreted descriptively rather than as 
evidence of statistical superiority or equivalence. 

Archived calibration outputs comprised a multiclass 
Brier score, calibration slope, calibration intercept, and 
expected calibration error. These quantities were 
interpreted only within the held-out partition. The archive 
did not retain probability-level predictions, class-specific 



 

[ www.ijeedu.com ]                                                                                                    International Journal of Environment, Engineering and Education, Vol. 8, No. 3, pp. 360-379, 2026 
 

 

369 
 

 

calibration components, Brier-score normalization, ECE 
binning rules, or calibration code. Recalculation, 
calibration plots, temporal or external calibration, and 
decision-curve analysis were therefore not claimed. This 
interpretive boundary is consistent with the requirement 
to distinguish discrimination from calibration and 
applicability [22], [25]. 

 
3.10. Candidate Model Reliance and Monitoring 

For the classifier with the highest held-out point 
estimates, permutation importance was calculated as the 
reduction in held-out macro-F1 after permuting each 
predictor. At the same time, mean absolute SHAP values 
were used as a complementary summary of predictor 
contribution [54]. Both statistics were interpreted only as 
indicators of fitted-model dependence, not as causal 
effects, intervention targets, or evidence that changing a 
predictor would alter readiness. Post-hoc explanation 
cannot remedy an invalid or contaminated target, and 
interpretable baseline models remain necessary when 
predictions may inform consequential decisions [28]. 

Macro-F1 and class-specific true-positive rates were 
also summarized across the four institution–track groups. 
A maximum macro-F1 spread of 0.05 was treated as a 
descriptive signal for further investigation rather than a 
prespecified fairness threshold. Because subgroup cells 

were small, institution and track were inseparable, and 
protected attributes were unavailable, this analysis did 
not constitute a fairness audit or demonstrate the 
absence of bias [29], [31]. Responsible educational 
analytics additionally requires transparency, 
contestability, and evaluation of the consequences 
produced by labels and interventions [33]. 
 
 

4. RESULTS 

4.1. Sample Derivation and Data Completeness 

The analytic sample was derived from 512 end-of-program 
records. Before imputation and model estimation, 62 
records were excluded: 38 did not contain an archived 
readiness outcome, 16 corresponded to learners who 
withdrew before end-of-cycle outcome archiving, and 
eight were duplicate or test entries. The resulting analytic 
file contained 450 eligible learner records. Records were 
distributed across Engineering (n = 125), Information 
Technology (n = 115), Business Services (n = 110), and 
Health-Support (n = 100). Because one institution 
contributed one track, institution and track were 
structurally confounded; the group labels therefore 
denote institution-track strata rather than independently 
estimable institutional or disciplinary effects. 

 
Table 3. Data completeness and descriptive statistics for the analytic sample. 

Variable Missing (n) Missing (%) Mean SD Observed minimum Observed maximum 

Practical skills 6 1.30 76.35 14.28 35.00 98.00 

Digital competence 9 2.00 68.42 16.53 25.00 95.00 

Soft skills 7 1.60 71.18 11.95 40.00 94.00 

Internship intensity (months) 14 3.10 6.40 2.10 0.00 12.00 

Project performance 8 1.80 70.20 13.10 30.00 96.00 

Integration-index linkage 10 2.20 65.80 15.42 20.00 90.00 

Employability readiness 0 0.00 72.50 12.35 35.00 95.00 

 
The readiness outcome had no missing values in the 
analytic file. Predictor missingness remained limited, with 
missing counts ranging from six records (1.30%) for 
practical skills to 14 records (3.10%) for internship 
intensity. Little's MCAR test did not reject the null pattern, 
χ²(18) = 21.7, p = 0.24 [62]. Consistent with the inferential 
scope of the test, this non-significant result was 
interpreted as an absence of statistical evidence against 
MCAR rather than confirmation of the missingness 
mechanism. Tables 3 and 4 report the variable-level 
completeness and descriptive summaries used in the 
subsequent analyses. 
 
4.2. Cohort Profile and Readiness-band Distribution 

The continuous archived readiness rating averaged 72.50 
(SD = 12.35) and ranged from 35 to 95. Band classification 
placed 78 records (17.3%) in low readiness, 201 records 
(44.7%) in moderate readiness, and 171 records (38.0%) 

in high readiness. The combined moderate and high bands 
represented 372 records (82.7%), and the moderate band 
was the modal category. Figure 3 shows that the 
distribution crossed both predefined thresholds and was 
not concentrated within a single readiness segment. 

Among learner-level indicators scored on the 0-100 
scale, practical skills produced the highest mean (M = 
76.35, SD = 14.28). Digital competence produced the 
lowest mean and the largest dispersion (M = 68.42, SD = 
16.53). Soft skills averaged 71.18 (SD = 11.95), and 
project performance averaged 70.20 (SD = 13.10). 
Internship intensity averaged 6.40 months (SD = 2.10; 
observed range = 0-12). The record-weighted integration 
index averaged 65.80 (SD = 15.42), although this statistic 
reflected four institution-level values repeated across 
learner records. Institution-track representation was 
comparatively even, ranging from 22.2% to 27.8% of the 
cohort (Table 4 and 5). 
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Table 4. Distribution by institution–track group. 

Institution–track group N = 450 Percent (%) 

Engineering 125 27.80 

Information Technology 115 25.60 

Business Services 110 24.40 

Health-Support 100 22.20 

 
Table 5. Distribution by administrative readiness band. 

Readiness band N = 450 Percent (%) 

Low (<60) 78 17.30 

Moderate (60–79) 201 44.70 

High (≥80) 171 38.00 

 

 

 

Figure 3. Distribution of the archived readiness rating. Bars reproduce the archived five-point frequency bins; background bands and 
dashed lines mark the predefined low (<60), moderate (60-79), and high (≥80) thresholds. 

 
4.3. Bivariate Association Structure 

All five learner-level indicators showed positive bivariate 
associations with the continuous administrative readiness 
rating, and every 95% BCa confidence interval excluded 
zero. Practical skills had the largest coefficient, r = 0.72, 
95% BCa CI (0.67, 0.76), followed by digital competence, 
r = 0.65, 95% BCa CI (0.59, 0.70). Internship intensity and 
project performance showed similar coefficients, r = 0.61, 
95% BCa CI (0.55, 0.66), and r = 0.60, 95% BCa CI (0.54, 
0.66), respectively. Soft skills produced the smallest 
learner-level coefficient, r = 0.54, 95% BCa CI (0.47, 0.60). 

Inter-indicator Pearson correlations ranged from 
0.36 to 0.52. The largest coefficient was observed 
between practical skills and project performance (r = 
0.52), while the remaining coefficients were below 0.50. 

This pattern indicates related but non-identical recorded 
indicators and aligns with the modest variance-inflation 
factors observed in the multivariable model. Spearman 
sensitivity estimates preserved the ordering of readiness 
associations and differed from the Pearson coefficients by 
no more than |Δr| = 0.03. 

The record-weighted association between the 
integration index and readiness was r = 0.58, 95% BCa CI 
(0.52, 0.64). The apparent precision of this coefficient 
should not be interpreted as information from 450 
independent contextual observations because the index 
contributed only four institution-level values and 
institution was completely confounded with track. Table 5 
and Figure 4 therefore present the integration-index 
coefficients as descriptive archive features rather than 
institution-level effect estimates.

 
Table 6. Pearson correlation matrix with 95% BCa CI bootstrap confidence intervals. 

Variable PS DC SS II PP IEI ER 

Practical Skills (PS) 1.00       

Digital Competence (DC) 0.48 
[0.41, 0.55] 

1.00      

Soft Skills (SS) 0.41 
[0.33, 0.48] 

0.39 
[0.31, 0.47] 

1.00     

Internship Intensity (II) 0.45 
[0.37, 0.52] 

0.42 
[0.34, 0.49] 

0.36 
[0.28, 0.44] 

1.00    

Project Performance (PP) 0.52 
[0.45, 0.58] 

0.46 
[0.38, 0.53] 

0.44 
[0.36, 0.51] 

0.40 
[0.32, 0.47] 

1.00   

Industry-education Integration Index (IEI) 0.43 
[0.35, 0.50] 

0.47 
[0.39, 0.54] 

0.38 
[0.30, 0.46] 

0.49 
[0.42, 0.56] 

0.41 
[0.33, 0.48] 

1.00  
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Variable PS DC SS II PP IEI ER 

Employability Readiness (ER) 0.72 
[0.67, 0.76] 

0.65 
[0.59, 0.70] 

0.54 
[0.47, 0.60] 

0.61 
[0.55, 0.66] 

0.60 
[0.54, 0.66] 

0.58 
[0.52, 0.64] 

1.00 

Note. Intervals were estimated from 5,000 archived resamples using the BCa method, which adjusts percentile limits for estimated bias and acceleration 
in the bootstrap distribution [72]. 

 

 

 

 

Figure 4. Bivariate and multivariable association structure. (A) displays the archived Pearson matrix; the dashed boundary marks the 
institution-linked integration index (IEI*); (B) displays standardized coefficients from the archived six-input model. 

 

4.4. Multivariable Regression, Model Diagnostics and 
Criterion-Overlap Sensitivity Analysis 

The full six-input ordinary least-squares model explained 
a substantial proportion of the observed variation in the 
concurrent readiness rating, R² = 0.76, adjusted R² = 0.75, 
F(6, 443) = 234.8, p < 0.001. Practical skills had the 
largest standardized coefficient (β = 0.35), followed by 
digital competence (β = 0.28), internship intensity (β = 
0.22), project performance (β = 0.19), soft skills (β = 0.17), 
and the integration index (β = 0.14). Variance-inflation 
factors ranged from 1.49 to 1.86. This range indicates 
limited variance inflation in the fitted coefficient 
estimates, although VIFs were interpreted contextually 
rather than against a rigid universal cut-off [73]. 

Archived diagnostics reported Shapiro-Wilk (W = 
0.992), (p = 0.21); Breusch-Pagan (χ² = 70.34), (p = 0.29); 
and maximum Cook's (D = 0.041). Inference was based on 
HC3 covariance estimation, a leverage-adjusted 
heteroskedasticity-consistent procedure developed to 
improve finite-sample performance [67]. Taken together, 
the diagnostics did not identify an assumption violation or 
influential record sufficient to overturn the adjusted 
pattern. These diagnostics do not resolve the common 
measurement-window and potential criterion-overlap 
concerns described in the Methods section. 

A prespecified criterion-overlap sensitivity model 
excluded practical skills, soft skills, and project 
performance because those indicators were most 
susceptible to shared rubric content or shared 
assessment processes with the readiness outcome. The 
reduced model retained adjusted R² = 0.58, representing 
an absolute decrease of 0.17 from the full model. Digital 
competence remained the leading retained coefficient (β 
= 0.34), followed by internship intensity (β = 0.27) and the 
integration index (β = 0.21). The retained ordering was 
coherent after the three overlap-prone indicators were 
removed, although the smaller explained proportion 
shows that the excluded fields contained substantial 
information about the archived rating. The decrease 
cannot be attributed entirely to contamination because 
the removed measures may also contain genuine 
capability information. 

Table 7 links the full and reduced coefficient 
patterns to their permissible interpretations. 
Unstandardized slopes, intercepts, standard errors, and 
confidence intervals are not reported because the 
archived unstandardized table failed internal arithmetic 
reconciliation and the original model output was 
unavailable. The integration-index coefficient remains a 
record-level descriptive quantity rather than an 
independently identified contextual effect.

 
Table 7. Archived standardized coefficients and criterion-overlap sensitivity. 

Predictor B (unstd.) S.E. β (std.) 95% CI for B p-value VIF Reduced-model β 

Practical Skills 0.30 0.030 0.35 [0.24, 0.36] < 0.001 1.86 — 

Digital Competence 0.21 0.027 0.28 [0.16, 0.26] < 0.001 1.74 0.34 

Internship Intensity 1.29 0.22 0.22 [0.86, 1.72] < 0.001 1.55 0.27 

Project Performance 0.18 0.031 0.19 [0.12, 0.24] < 0.001 1.62 — 
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Predictor B (unstd.) S.E. β (std.) 95% CI for B p-value VIF Reduced-model β 

Soft Skills 0.18 0.034 0.17 [0.11, 0.25] < 0.001 1.49 — 

Integration Index 0.11 0.029 0.14 [0.05, 0.17] < 0.001 1.71 0.21 

Model Summary R² = 0.76 Adj. R² = 0.75 F(6, 443) = 234.8 p < 0.001 Shapiro–Wilk 
W = 0.991 

BP test     
p = 0.18 

Adj. R² = 0.58 

Practical skills showed the largest adjusted association in 
the full model but, together with project performance and 
soft skills, was excluded from the reduced model because 
of potential criterion overlap. Digital competence and 
internship intensity retained positive coefficients, 
indicating associations that remained after removal of 
overlap-prone indicators. The integration index also 
remained positive but should be interpreted as 
exploratory because of its limited variation and complete 
confounding with institution–track membership. 
Accordingly, the coefficients represent concurrent within-
system associations rather than causal or externally 
generalizable effects. 
 
4.5. Held-out Classification Performance and Ordinal 

Agreement 

The stratified partition allocated 315 records to model 
development and retained 135 records for a single held-
out evaluation. The held-out set contained 23 low-
readiness, 61 moderate-readiness, and 51 high-readiness 
records. Every candidate classifier exceeded the majority-
class baseline on accuracy and macro-F1. Candidate-
model accuracy ranged from 0.848 for ordinal logistic 
regression to 0.904 for the BPNN, compared with 0.452 
for the baseline; macro-F1 ranged from 0.83 to 0.903, 
compared with 0.207 for the baseline. The improvement 
over the baseline was observed across ordinal, 
regularized linear, kernel, tree-ensemble, boosting, and 
neural-network model families. Because held-out class 
frequencies were unequal, macro-F1 was interpreted 

alongside accuracy so that performance in the largest 
class did not dominate the summary; this complementary 
reporting is consistent with established principles for 
evaluating discrimination under class imbalance [23], 
[48]. 

The BPNN produced the highest point estimates: 122 
of 135 records were classified correctly, yielding accuracy 
= 0.904, macro precision = 0.90, macro recall = 0.906, 
macro-F1 = 0.903, and weighted-F1 = 0.904. Its macro-
ROC-AUC was 0.94, and its PR-AUC was 0.92. Weighted κ 
was 0.872, and mean absolute ordinal distance was 0.096 
band units. Weighted κ incorporates the ordered severity 
of disagreement, allowing adjacent-band errors to 
contribute less than extreme-band errors under the 
specified weighting scheme [52]. XGBoost ranked second 
on the principal point estimates, with accuracy = 0.885 
and macro-F1 = 0.87; its accuracy was 0.019 lower and its 
macro-F1 was 0.033 lower than the BPNN point estimates. 

The archived 95% bootstrap interval for BPNN 
accuracy was (0.853, 0.948), compared with (0.832, 0.933) 
for XGBoost. These intervals overlapped substantially. 
Prediction-level outputs required for a paired comparison 
were not retained, and intervals were unavailable for 
several models. Model rankings based on a finite 
evaluation sample can be sensitive to selection variance 
and model-selection overfitting [47]. Accordingly, Table 8 
and Figure 4 support a descriptive point-estimate ranking, 
not a statistical claim that the BPNN was superior, 
equivalent, or uniquely optimal.

 
Table 8. Held-out model performance and ordinal error. 

Model Accuracy Macro-F1 Weighted-F1 Macro ROC-AUC PR-AUC Weighted κ Ordinal distance 

Majority baseline 0.452 0.207 0.281 0.50 NR 0.000* 0.548* 

Ordinal logistic 0.848 0.83 0.85 0.90 0.86 0.79 0.18 

Random Forest 0.854 0.84 0.85 0.89 0.86 0.82 0.16 

Elastic net 0.859 0.85 0.86 0.91 0.87 0.81 0.18 

SVM (RBF) 0.878 0.86 0.87 0.91 0.88 0.84 0.13 

XGBoost 0.885 0.87 0.88 0.92 0.89 0.86 0.10 

BPNN 0.904 0.903 0.904 0.94 0.92 0.872 0.096 

Note. N = 135. NR = not retained because the PR-AUC averaging convention for the constant baseline was unresolved. (*) Baseline κ and ordinal distance 
were deterministically derived from the held-out class counts and the rule assigning every record to the moderate class. Archived 95% bootstrap intervals 
were BPNN accuracy (0.853, 0.948), BPNN macro-F1 (0.85, 0.94), BPNN macro-ROC-AUC (0.90, 0.97), XGBoost accuracy (0.832, 0.933), and XGBoost 
macro-ROC-AUC (0.88, 0.96). 

 

4.6. BPNN Error Pattern and Archived Calibration 

The BPNN correctly classified 21 of 23 low-readiness 
records (91.3%), 55 of 61 moderate-readiness records 
(90.2%), and 46 of 51 high-readiness records (90.2%). 

Class-specific F1 values were 0.894 for low readiness, 
0.894 for moderate readiness, and 0.920 for high 
readiness. The proximity of these values indicates that the 
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aggregate macro-F1 was not driven solely by the largest 
class, namely the moderate-readiness band. 

All 13 misclassifications occurred between adjacent 
readiness bands. Two low-readiness records were 
classified as moderate; three moderate-readiness records 
were classified as low and three as high; and five high-
readiness records were classified as moderate. No low-

readiness record was classified as high, and no high-
readiness record was classified as low. This error pattern 
accounts for the small mean ordinal distance and 
indicates ordinal coherence within the held-out partition, 
without validating the institutional cut-points themselves 
(Table 9; Figure 5).

 
Table 9. BPNN held-out confusion matrix and class-specific performance. 

True band Predicted low Predicted moderate Predicted high Precision Recall F1 

Low (n = 23) 21 (91.3%) 2 (8.7%) 0 (0.0%) 0.875 0.913 0.894 

Moderate (n = 61) 3 (4.9%) 55 (90.2%) 3 (4.9%) 0.887 0.902 0.894 

High (n = 51) 0 (0.0%) 5 (9.8%) 46 (90.2%) 0.939 0.902 0.920 

 

 

 

Figure 5. Held-out candidate-model performance and BPNN error pattern. (A) accuracy and macro-F1 point estimates; accuracy 
intervals are drawn only for XGBoost and BPNN because no other archived intervals were available; (B) BPNN counts and row 
percentages. 

 
The archived calibration summary reported a multiclass 
Brier score of 0.092, a calibration slope of 0.98, a 
calibration intercept of 0.01, and an expected calibration 
error of 0.024. The Brier score summarizes overall 
probabilistic accuracy as a proper scoring rule [49], while 
the calibration intercept and slope jointly characterize 
weak calibration  [50]. Numerically, the archived point 
estimates are compatible with close apparent calibration 
in the held-out set, consistent with the principle that 
discrimination and calibration should be reported as 
distinct performance domains [23]. They were not 
independently auditable because probability-level 
predictions, class-specific components, the multiclass 
Brier normalization, and the ECE binning convention were 
not retained. The calibration results are therefore 
reported as archived summaries only and do not establish 
calibration in another cohort, external setting, or decision 
context. 
 
4.7. Model Reliance and Institution–Track Stability 

Permutation importance and mean absolute SHAP values 
produced the same predictor ordering for the fitted BPNN. 
Permutation importance measures the reduction in 
predictive performance after a predictor is disrupted [74], 

whereas SHAP decomposes fitted predictions into 
additive feature-attribution values [49]. Practical skills 
ranked first, with a 0.064 reduction in held-out macro-F1 
after permutation and mean |SHAP| = 0.182. Digital 
competence ranked second (0.052; 0.151), followed by 
internship intensity (0.041; 0.118), project performance 
(0.034; 0.098), soft skills (0.028; 0.082), and the 
integration index (0.021; 0.061). Agreement between the 
two summaries strengthens the description of which 
archived inputs the fitted model used. However, variable-
importance estimates remain model-specific and do not 
identify causal determinants or justified intervention 
targets [53] integration-index result remains additionally 
constrained by its four repeated contextual values. 

Held-out macro-F1 ranged from 0.87 to 0.92 across 
the four institution-track groups: Engineering, 0.91 (n = 
38); Information Technology, 0.92 (n = 34); Business 
Services, 0.87 (n = 33); and Health-Support, 0.89 (n = 30). 
The maximum observed spread was 0.05. Across groups, 
true-positive rates ranged from 0.87 to 0.95 for low 
readiness, 0.86 to 0.92 for moderate readiness, and 0.89 
to 0.93 for high readiness. Transparent model reporting 
supports disaggregated performance summaries while 
requiring explicit documentation of the evaluation setting, 

(A) (B)
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intended use, and unsupported applications [58]. The 
observed subgroup differences therefore describe only 
this single random test partition; each subgroup was 
small, and each track represented a different institution. 

The display is a descriptive stability check, not evidence of 
fairness, absence of bias, transportability, or deployment 
readiness (Table 10; Figure 6).

 
Table 10. Archived BPNN model-reliance outputs. 

Predictor Permutation importance (macro-F1 reduction) Mean |SHAP| Rank 

Practical skills 0.064 0.182 1st  

Digital competence 0.052 0.151 2nd  

Internship intensity 0.041 0.118 3rd  

Project performance 0.034 0.098 4th  

Soft skills 0.028 0.082 5th  

Integration index 0.021 0.061 6th  

 

 

 

 

 

Figure 6. Archived BPNN interpretation and descriptive institution-track stability. (A) and (B) Permutation-related macro-F1 reduction 
and mean absolute SHAP values; (C) Held-out macro-F1 by institution-track group. The integration index (*) is context-linked, 
and the subgroup display is not a fairness audit. 

 

5. DISCUSSION 

The program-completion readiness rating was reproduced 
with substantial accuracy from indicators generated 
within the same assessment system. All learner-level 
indicators were positively associated with the score, with 
practical skills and digital competence producing the 
strongest correlations. The full model explained 76% of 
variance, whereas the reduced model retained an 
adjusted R² of .58 after practical skills, soft skills, and 
project performance were removed because of criterion-
overlap concerns. All classifiers exceeded the baseline. In 
the held-out partition, the back-propagation neural 
network classified 122 of 135 records correctly, with an 
accuracy of 0.904 and a macro-F1 of 0.903. All errors 
occurred between adjacent categories, indicating 
preservation of ordinal structure. 

The indicators form a coherent concurrent 
association structure, while digital competence and 
internship intensity retain explanatory information after 
exclusion of the predictors closest to the criterion. The 
findings do not establish employability in the broader 
labor-market sense, which includes capabilities, 
adaptability, career identity, human capital, institutional 

opportunity, and labor-market conditions [4], [5], [36], 
[75]. The analysis therefore concerns reproduction of 
archived administrative construct rather than 
employment attainment, retention, employer-rated 
performance, or causal effects. 

The outcome combined placement-supervisor 
judgement, capstone-defense information, and an 
internal readiness rubric into three categories. Score 
validity requires evidence concerning content, response 
processes, internal structure, external relations, 
generalizability, and consequences of use [12], [13]. The 
analysis provides evidence of concurrent association and 
internal reproducibility, but not comprehensive 
employability validity. Practical skills, soft skills, and 
project performance may represent relevant capabilities 
while sharing raters, content, or assessment occasions 
with the outcome. The reduction in adjusted R² from 0.75 
to 0.58 after their exclusion is consistent with shared 
information, although it cannot distinguish substantive 
convergence from common-method effects or criterion 
contamination [43]–[45]. 

Practical skills showed the strongest overall 
association, including the largest correlation and full-
model standardized coefficient. This pattern accords with 

(A) (B) (C) 
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vocational education’s emphasis on demonstrated 
performance, but possible rubric overlap limits 
interpretation. Digital competence was more robust under 
sensitivity analysis. It retained the largest learner-level 
coefficient in the reduced model and remained highly 
ranked in permutation importance and mean absolute 
SHAP. This association is theoretically plausible because 
digital competence integrates information management, 
communication, collaboration, problem solving, and 
adaptability [40]. Internship intensity also remained 
positively associated with readiness, although duration 
alone does not capture placement quality, supervision, 
task authenticity, learner selection, or prior advantage 
[14], [15]. 

The integration index contained four institution-
level values repeated across 450 records, while institution 
was perfectly confounded with vocational track. Its 
coefficients and importance values therefore describe 
four institution–track contexts rather than independent 
institutional effects. Categorization of the readiness score 
also removed within-band information and increased 
instability near the 60 and 80 cut-points [46]. Adjacent-
category errors support ordinal coherence but do not 
validate these thresholds as educationally optimal or 
equitable. 

Several non-exclusive explanations remain 
compatible with the observed pattern. The indicators may 
represent convergent vocational capabilities, but three 
predictors may also share information with the criterion. 
Converting a continuous score into three ordered 
categories may have simplified classification. Contextual 
structure may have entered through institution, track, and 
assessment culture. Exclusion of records without 
archived outcomes and early withdrawals may also have 
narrowed the analytic spectrum. These explanations 
require temporally ordered measurements, independent 
raters, complete cohort follow-up, and external outcomes. 

The neural network produced the highest point 
estimates, but its 0.019 accuracy advantage over XGBoost 
does not establish statistical superiority. The 
development and test samples contained 315 and 135 
records, prediction-level outputs were unavailable, and 
confidence intervals overlapped. Flexible models may 
produce optimistic estimates when tuning, selection, and 
evaluation are incompletely separated or when model 
complexity is high relative to sample size [18], [22], [59], 
[60]. Machine-learning methods do not consistently 
outperform regression under low risk of bias [51]. 
Algorithm selection should therefore prioritize validated 
incremental performance, stability, interpretability, and 
decision consequences [76]. When performance is 
comparable, ordinal or regularized models may be 
preferable because their parameters and failure modes 
are more auditable. 

The neural network nevertheless demonstrated 
strong ordinal agreement. All 13 errors crossed one 
category boundary, weighted κ was 0.872, and mean 

absolute ordinal distance was 0.096. Several errors may 
therefore concern records near administrative thresholds 
rather than major ranking failures. Future studies should 
compare continuous, ordinal, and nominal formulations 
and report threshold distance, uncertainty, and 
borderline-decision consequences. Random record-level 
splitting is insufficient for transportability assessment 
because the same curriculum, assessors, and scoring 
culture may appear in both development and test data 
[19]. 

The statistics archived indicate low apparent 
calibration error in the held-out partition. These estimates 
remain provisional because probability-level predictions, 
class-specific components, binning procedures, and 
uncertainty intervals were unavailable. Calibration must 
be assessed separately from discrimination because 
stable ranking can coexist with inaccurate probabilities 
[23], [51]. 

Permutation importance and mean absolute SHAP 
ranked practical skills and digital competence as the main 
sources of model reliance. These measures do not identify 
causal determinants or intervention targets because they 
depend on the fitted model, predictor dependence, and 
background distribution [54], [55]. The model is suitable 
only for low-stakes auditing, threshold-sensitivity 
analysis, and secondary review. It should not 
independently determine progression, placement access, 
learner ranking, or employability status. 

The institution–track macro-F1 range of 0.87–0.92 
does not establish fairness. Each subgroup contained only 
30–38 held-out records; institution and track were 
inseparable, protected and intersectional groups were not 
assessed, and estimates came from one partition. Similar 
aggregate performance can coexist with unequal error 
rates, calibration, opportunity access, or error 
consequences. Fairness assessment should define the 
intended decision, affected groups, plausible harms, and 
remedies, then report subgroup sensitivity, specificity, 
predictive values, calibration, and ordinal error with 
uncertainty [29], [57]. 

The study used the complete eligible archive, 
separated association from classification, restricted 
preprocessing to development data, retained a held-out 
partition, and compared multiple algorithms with a 
baseline. Sensitivity analyses showed stable coefficient 
directions and limited variation across imputation 
strategies. These procedures strengthen analytical 
assessment. 

The principal limitations concern construct validity, 
causality, selection, transportability, fairness, and 
computational reproducibility. The outcome was not 
independently validated against labor-market criteria; 
several predictors may overlap with the criterion, 
institution and track were confounded, and excluded 
outcomes may have introduced selection bias. Missing 
software versions, fold assignments, prediction-level 
outputs, model logs, and fitted objects also restrict exact 
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reproduction. Future research should use temporally 
ordered measures, independent raters, explicit scoring 
rules, multiple institutions and tracks, and externally 
verified outcomes such as employment, retention, job–
qualification match, workplace performance, and job 
quality. Model development should be preregistered and 
evaluated through nested resampling, optimism 
correction, temporal validation, and external validation. 
Until validity, transportability, calibration, decision utility, 
governance, and subgroup safety are demonstrated, the 
model should remain an audit instrument rather than a 
consequential decision tool. 

 
 

6. CONCLUSION 

The archived readiness rating was strongly associated 
with concurrently recorded competency indicators and 
could be reproduced within the same administrative 
system. The full model explained 76% of the variance, 
with an adjusted R² of 0.75, while the reduced model 
retained an adjusted R² of 0.58 after removing indicators 
most susceptible to criterion overlap. In the held-out 
partition, the BPNN achieved 0.904 accuracy and 0.903 
macro-F1, with all 13 errors occurring between adjacent 
readiness categories. These results indicate a coherent 
internal scoring structure but do not establish 
employment prediction, causal effects, or neural-network 
superiority. 

The model is therefore appropriate only for low-
stakes auditing of scoring consistency, data quality, and 
borderline records. Consequential use would require 
prospective multi-institutional validation, independent 
employment and workplace outcomes, complete 
computational provenance, class-specific calibration, 
decision-utility assessment, and adequately powered 
fairness analyses. The principal contribution is the 
distinction between internal predictability and external 
validity: a readiness rubric may be highly reproducible 
within its originating system without being suitable for 
labor-market prediction or automated educational 
decisions. 
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