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Abstract

Aligning academic transcripts with occupational competency requirements remains chal-
lenging because course labels and job-skill terms are semantically ambiguous, role-specific,
and difficult to explain. This paper proposes the Ontology Framework for Multi-level Com-
petency Mapping (O4CM), a semi-automated framework integrating a Large Language
Model (LLM) ensemble, Human-in-the-Loop (HITL) verification, Sentence-BERT (SBERT)
semantic representation, the Path Consistency Index (PCI), and Total Accumulated Compe-
tency Score/Normalised Total Accumulated Competency Score (TACS/NTACS) ranking.
O4CM was evaluated on a historical job-posting corpus and anonymised transcripts from
five university programmes through ablation, sensitivity analysis, baseline comparison,
and expert-labelled validation. The LLM ensemble reached high consensus for 21 of 22 Oc-
cupational Information Network (O*NET) knowledge-domain mappings (95.45%), each
of which was subsequently expert-verified. In a computing-only expert-aligned analysis,
the full framework most closely matched expert rankings across three data-domain roles.
Within this dataset, ontology-path evidence can support more transparent competency
ranking for educational advising and exploratory recruitment screening.

Keywords: ontology-based competency mapping; job type-conditioned ranking; ontology
induction; Path Consistency Index; human-in-the-loop verification

1. Introduction
The alignment between university education and labour-market requirements has

become a pressing concern in knowledge-intensive industries. In data-domain occupa-
tions such as Data Scientist, Data Analyst, and Data Engineer, employers increasingly
require specific technical and analytical competencies rather than broad academic attain-
ment alone [1]. This challenge is becoming more acute as artificial intelligence reshapes
technically intensive occupations and may contribute to more selective early-career hiring
patterns [2]. Consequently, student-to-job matching requires methods that can determine
whether transcript-level learning evidence corresponds to the specific competency require-
ments of a target role rather than relying only on broad indicators such as degree title,
programme label, or cumulative GPA.

Researchers have sought to move beyond the grade point average (GPA) metric by
framing graduate selection as a person–job fit problem in which semantic representations
of job requirements are aligned with representations of candidate qualifications [1]. Early
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methods relied on keyword overlap and bag-of-words similarity, which are computa-
tionally inexpensive. However, these methods operate purely at the surface of text and
cannot resolve semantic equivalences when academic course names and job-posting skill
terms belong to different terminological conventions. The development of dense sentence-
embedding models—notably, Sentence-BERT [3]—substantially improved matching quality
by encoding meaning rather than vocabulary. Nonetheless, high cosine similarity between
a course and a knowledge node does not guarantee structural coherence within a knowl-
edge hierarchy, nor does it reflect how strongly that node is demanded by the specific
occupation under consideration. Ontological knowledge representation offers a principled
way to address this limitation: by organising domain knowledge into explicitly defined
hierarchical structures, ontologies allow a course to be evaluated not only against the node
it most resembles but also against the broader semantic context defined by the skill group
and job category in which that node is embedded [4]. Constructing such ontologies manu-
ally, however, is labour-intensive and difficult to sustain as labour-market requirements
evolve. Although Large Language Models (LLMs) can support semi-automated ontology
construction, fully automated generation remains risky because Natural Language Genera-
tion (NLG) models may produce fluent but unfaithful or unverifiable outputs; such risks
can be further affected by decoding and inference choices that may increase the likelihood
of hallucinated content [5]. Therefore, semi-automated frameworks that combine LLM
scalability with the semantic rigour of human-expert oversight represent a promising and
increasingly active research direction.

Against this background, the present study identifies three inter-related technical
problems that are frequently addressed in isolation but are rarely integrated within a single
end-to-end competency-matching pipeline. The first is semantic surface ambiguity: A
course may achieve high similarity relative to a knowledge node due to incidental vo-
cabulary overlap while remaining misaligned with the underlying competency that the
node represents in practice. For instance, courses such as Human Relations, Calculus 1,
and Lanna Studies can exhibit strong leaf-level similarity relative to computing-related
knowledge nodes, even though they do not develop computing competency, which can
propagate false positives when hierarchical context is not verified. The second problem is
role indiscrimination: Conventional matching approaches often treat data-domain jobs as
a single category and therefore struggle to differentiate candidates across closely related
roles such as Data Scientist, Data Analyst, and Data Engineer, despite meaningful differ-
ences in the competencies emphasised by these positions. The third problem is a lack of
transparency: Numerical ranking scores provide limited insight into which courses and
competency areas drive the final decision. Because black-box decision-support systems can
be difficult for users and stakeholders to understand, insufficiently explained rankings may
raise concerns about accountability and fairness in high-stakes settings such as academic
advising and graduate recruitment [6,7].

These issues motivate a framework that combines ontology-guided structure, multi-
level verification to suppress surface-level drift, job-type-conditioned scoring, and traceable
evidence-based explanations.

Prior work has made important advances but leaves these problems collectively unad-
dressed. Studies on skill extraction from job postings [8] and on résumé-to-job matching [1]
have demonstrated the feasibility of large-scale semantic alignment using dense represen-
tations, but these approaches operate with flat, non-hierarchical skill structures and remain
vulnerable to surface ambiguity. Ontology-based competency modelling frameworks [4]
have shown that structured knowledge representations improve matching reliability, yet
they typically depend on manually curated ontologies that are costly to maintain. The re-
liability of LLM-induced ontology structures under systematic ensemble validation and
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HITL oversight has not been empirically characterised, and the contributions of individual
framework components to overall performance have rarely been assessed through rigorous
ablation analysis. Evaluation methodologies in the literature are also inconsistent: many
studies report aggregate similarity or ranking correlation metrics without determining
whether a framework correctly discriminates among semantically adjacent job roles or pro-
duces outputs that practitioners can act upon [9]. Furthermore, the use of transcript-based
academic evidence as structured input to ontology-grounded competency matching has
not been studied in Southeast Asian higher education contexts, where curriculum diversity
across engineering, business, science, and arts faculties provides an initial cross-domain
test bed for discrimination between computing-oriented and non-computing curricula,
while more difficult near-boundary curricula remain to be evaluated in future work.

To address these gaps, this study proposes a semi-automated, ontology-grounded
framework for student-to-job competency matching. Practically, the proposed framework
provides a principled, data-driven mechanism for aligning student records with job-market
requirements. Methodologically, the Path Consistency Index (PCI) and Total Accumulated
Competency Score (TACS) mechanisms extend existing embedding-based approaches by
incorporating multi-level ontological verification and job-side structural relevance signals,
yielding more discriminative rankings than the flat-SBERT baseline evaluated in this study.
With respect to explainability, black-box ranking systems can provide limited insight into
how particular recommendations are produced, which is a central concern in explainable
AI [7].

The framework is also designed to be extensible across domains: the Occupational
Information Network (O*NET) knowledge taxonomy [10], the LLM ensemble protocol,
and the TACS and NTACS scoring formulations may be adapted to other academic systems
and occupational categories, provided that an appropriate seed taxonomy, domain-specific
job-posting corpus, and expert validation process are available.

In summary, we consider the following to be our main contributions:

1. We propose a semi-automated Ontology framework for multi-level Competency
Mapping (O4CM), a semi-automated ontology-grounded framework that integrates
LLM-assisted ontology induction; expert validation; multi-level structural verification
via the PCI; and job-conditioned competency scoring operationalised by the raw TACS
and its normalised ranking score, the Normalised Total Accumulated Competency
Score (NTACS).

2. We evaluate the framework’s structural consistency, semantic representation design,
and discriminative performance through ontology validation; semantic representation
diagnostics; PCI-based group separation; systematic ablation analysis; and com-
parison with four reference methods spanning GPA ranking, keyword matching,
flat Sentence Bidirectional Encoder Representations from Transformers (flat SBERT)
matching, and knowledge-node-only ontology matching.

3. We demonstrate the framework’s capacity to produce interpretable ranking outputs
through semantic traceability maps, which decompose each candidate’s competency
score into course-level and skill-group-level evidence contributions.

A positioning of O4CM relative to related approaches, together with a detailed discus-
sion of the three gaps that motivate the present work, is provided in Section 2.4.

Several limitations of the present study should be noted. First, the empirical evaluation
is based on a single Thai university and a static job-posting corpus, limiting generalisa-
tion claims. Second, the current framework addresses three data-domain roles and one
contrasting arts domain; broader occupational coverage remains to be explored in future
work. Third, despite HITL verification, LLM-generated augmentation can still introduce
semantic drift [11], and the quality of the induced ontology depends on the availability of
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suitable seed taxonomies and qualified domain experts. Fourth, the framework currently
uses a structural relevance definition for IFc,k rather than raw demand frequency; hybrid
formulations have not yet been explored.

The remainder of this article is organised as follows. Section 2 reviews related work
on skill extraction from job postings and identifies the specific gaps that motivate the
present framework. Section 4 presents the proposed five-phase semi-automated ontology
framework for competency mapping. Section 5 reports the empirical evaluation. Section 6
interprets the findings in relation to prior literature and discusses practical implications for
educational counselling and talent acquisition. Section 7 summarises the main contribu-
tions, acknowledges limitations, and outlines directions for future research.

2. Related Work
2.1. Competency-Based Student-to-Job Matching and Skill Extraction

Candidate-to-job matching has been approached through several theoretical frame-
works, including collaborative filtering and bilateral recommendation theory [12], auto-
mated profile ranking using multi-criteria scoring [13], and ontology-based semantic skill
extraction [1]. Collaborative filtering approaches model matching as a preference-prediction
problem but require historical rating data and cannot account for the structural content
of academic credentials. Keyword-based and profile-ranking systems support structured
candidate evaluation yet rely on surface-form overlap that cannot resolve semantic equiva-
lence between course evidence and occupational knowledge requirements [13]. GPA-based
screening [12] ignores individual course content entirely and cannot differentiate candidates
by occupational relevance. Ontology-based competency frameworks define the mapping
between demonstrated knowledge and target-occupation requirements as a multi-level
alignment problem where structured competency evidence discriminates qualified appli-
cants more reliably than unstructured CV parsing [13] and ontology-anchored representa-
tions substantially improve skill-to-taxonomy alignment over surface-form matching [1].
A recent systematic review of job recommender systems covering 76 studies confirms that
ontology and semantic web approaches represent a well-established methodology in this
domain [14].

Skill extraction grounds competency modelling in Information Extraction (IE) and
labour-market analytics [15]. Named Entity Recognition (NER) transforms unstructured
job advertisements into structured skill and qualification entities, but three persistent chal-
lenges limit reliability: vocabulary mismatch, polysemy, and granularity variation [16,17].
Standardised taxonomies such as O*NET [18] and ESCO [19] address these through syn-
onym resolution and hierarchical classification, providing reusable knowledge layers that
enable consistent cross-source skill normalisation.

2.2. Ontology- and Embedding-Based Competency Representation

Ontology-based competency frameworks offer formal, machine-interpretable repre-
sentations of knowledge and skills that support interoperability and systematic competency
assessment [20]. However, many existing models rely on manual ontology engineering,
which is costly and difficult to scale [20]. Standardised taxonomies mitigate this by pro-
viding reusable semantic anchors, with O*NET [18] and ESCO [19] being the most widely
adopted in recruitment and educational contexts.

Semantic similarity methods have evolved from sparse lexical representations such
as TF-IDF to dense static word embeddings and, more recently, contextual language rep-
resentations. Word2Vec introduced efficient architectures for learning continuous word
vectors capturing syntactic and semantic regularities from large-scale corpora [21]. BERT
advanced language representation learning through deep bidirectional Transformer en-
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coders that produce context-dependent representations [22], but standard BERT is not
optimised for large-scale pairwise similarity search because sentence pairs must be jointly
encoded for comparison. Sentence-BERT (SBERT) addresses this through a Siamese bi-
encoder architecture that generates fixed-size sentence embeddings that are comparable via
cosine similarity [3], enabling scalable similarity without pairwise overhead [23]. However,
a flat SBERT approach applied directly to student course records and job-skill atoms has
three limitations: it ignores hierarchical ontology relationships, omits job-type-specific
relevance signals, and degrades on short course or skill labels that lack sufficient semantic
context. These limitations motivate hierarchical path verification as a mechanism that is
complementary to embedding-based matching.

2.3. LLM-Assisted Ontology Construction, HITL Verification, and Explainable Ranking

Large language models (LLMs) support knowledge graph construction and ontology
induction through triple extraction, relation inference, and schema alignment [24]. Their
application to competency framework mapping has been demonstrated by Jemal et al. [25],
who show that LLM-based approaches can align heterogeneous competency frameworks
by exploiting the semantic generalisation capabilities of large language models. However,
LLM use in ontology construction is limited by stochastic outputs, hallucination risks [5],
and weak global structural consistency. Constrained prompt templates address these limita-
tions by enforcing machine-readable outputs and definition-grounded mapping decisions,
and ensemble agreement across multiple models serves as a preliminary consensus signal
that reduces model-specific variation [26]. However, because high cross-model agreement
does not necessarily imply semantic correctness [5], ensemble consensus is not sufficient as
a standalone acceptance criterion.

HITL verification is widely used in knowledge engineering to ensure that machine-
generated structures are semantically appropriate, contextually grounded, and suitable
for downstream use [5]. In LLM-assisted ontology construction, expert review is partic-
ularly important because generated mappings may be fluent and internally consistent
while still being misaligned with domain-specific meaning or professional practice. Dual
expert perspectives—from industry professionals with competency-assessment experience
and academic experts in curriculum design—are especially valuable for preserving both
professional relevance and pedagogical validity.

Explainable AI (XAI) is important in AI-assisted recruitment and educational assess-
ment because automated matching systems must provide transparent and accountable
justifications for their recommendations [6]. Model-level explanation methods such as LIME
and SHAP [27,28] estimate feature contributions in predictive models but do not produce
traceable semantic links among educational records, skills, knowledge domains, and job
requirements. In recruitment contexts, heterogeneous resume formats and non-standard
document structures complicate information extraction, automatic matching, and candi-
date ranking [29], while in educational contexts, heterogeneous curricular documents and
course descriptions make interpretable course–skill–job alignment difficult [30]. Therefore,
ontology-based frameworks that surface explicit multi-level links between course content,
intermediate skill groups, and job-relevant knowledge domains offer a principled path
towards structural explainability that goes beyond feature-level attribution.

2.4. Positioning of the Present Study

The reviewed literature reveals three gaps that collectively motivate the present work.
At the structural level, to the best of our knowledge, no prior framework integrates multi-
level hierarchical path verification with LLM ensemble induction under formal majority
voting and HITL escalation that includes expert review across all agreement tiers, includ-

https://doi.org/10.3390/make8070183

https://doi.org/10.3390/make8070183


Mach. Learn. Knowl. Extr. 2026, 8, 183 6 of 58

ing unanimous outputs. At the scoring level, existing approaches rarely unify job-type-
conditioned structural relevance weighting, transcript evidence, and auditable competency
decomposition within a single ranking pipeline. At the evaluation level, component-level
ablation and cross-domain discrimination beyond a single contrasting pair remain under-
explored, particularly in Southeast Asian higher education contexts.

The proposed O4CM framework addresses these gaps through three contributions.
First, it constructs a three-level ontology backbone (L1: job categories; L2: skill groups; L3:
O*NET knowledge domains) via a semi-automated process in which an LLM ensemble
proposes candidate mappings and a dual-panel HITL gate provides the final acceptance
decision, replacing both fully manual engineering and unchecked LLM automation. Sec-
ond, it introduces the Path Consistency Index (PCI) as a continuous structural alignment
score that verifies each course record’s locked path from L3 through L2 to L1 and combines
it with a job-type-conditioned Importance Factor (IF) to produce a normalised compe-
tency score (NTACS) that reflects both academic quality and job-side structural relevance
simultaneously. Third, it provides a course-level semantic traceability map that links
each ranking decision back to specific ontology paths and job-posting evidence, going be-
yond feature-level attribution to structural explainability. Compared with flat embedding
approaches [11], which apply SBERT cosine similarity directly to O*NET labels without hi-
erarchical verification or job-type conditioning, O4CM’s multi-level path structure captures
curriculum–occupation alignment at multiple semantic granularities.

Table 1 summarises how O4CM differs from representative prior approaches along
four key dimensions.

Table 1. Comparison of O4CM with representative prior approaches across four framework dimen-
sions. ✓ = fully present;△ = partial or implicit; × = absent.

Approach Hierarchical Path Verification HITL Quality Gate Job-Conditioned Scoring Traceability

Flat SBERT matching [11] × × × ×
Manual ontology [4] ✓ × × △
LLM-only ontology construction [25] △ × × ×
O4CM (proposed) ✓ ✓ ✓ ✓

3. Datasets
This section describes the two datasets used in the experimental evaluation: job-

posting corpora for characterisation of labour-market demand and anonymised student
transcripts for representation of academic competency evidence.

3.1. Job-Posting Corpora

Two sets of job postings were used: a primary data-domain corpus for competency
mapping and evaluation and a small Visual Arts set serving as a negative control.

3.1.1. Data-Domain Corpus

The primary corpus consists of 5715 postings across three data-domain roles: Data
Scientist, Data Analyst, and Data Engineer. The postings originate from Indeed.com and
were obtained as a publicly released dataset on Kaggle [31], reflecting the United States
labour market circa 2018. Because this Indeed-sourced Kaggle dataset is historical and
platform-specific, the derived IFc,k values should be interpreted as corpus-conditioned
structural relevance signals rather than indicators of current or general labour-market
demand. The corpus also predates recent AI- and LLM-era job requirements. Some
core technical terms for these roles, such as python,SQL, and machine learning, remain
recognisable in contemporary data-domain job descriptions; however, newer AI- and
LLM-related vocabulary, including generative AI, prompt engineering, vector databases,
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and recent MLOps practices, is not covered by this historical corpus. Accordingly, when
current labour-market alignment is required, the O4CM pipeline should be re-run on a
more recent and domain-specific job-posting corpus, with the resulting ontology mappings
and IFc,k values subject to corpus-specific validation.

The original creator did not publish a data card, so their search strategy and dedupli-
cation procedure cannot be verified; this lack of documentation also means that platform-
specific and source-selection bias in the original collection process cannot be ruled out.
At the O4CM processing stage, the Phase 1 pipeline performs its own deduplication before
downstream mapping (Algorithm 1). The dataset attributes recorded for each posting are
detailed in Table 2.

Algorithm 1: Preparation of Job-Skill and Course Atoms (Phase 1)
Input: Job postings J ; student transcripts T
Output: Job-skill atoms Ajob; course atoms Astud

Initialise Ajob ← ∅, Astud ← ∅;
foreach posting j ∈ J do

Parse skills field→ skill_list;
Remove stop words, duplicates, special characters;
foreach skill s ∈ skill_list do
Ajob ← Ajob ∪ {(Job_IDj, Job_Typej, s)};

foreach transcript t ∈ T do
foreach course record r ∈ t do
Astud ← Astud ∪ {(Stu_ID, Course, Credits, Grade)};

Remove duplicate entries from Ajob and Astud;
return Ajob, Astud;

Table 2. Attributes of the job-posting dataset.

Attribute Description

Job_ID Unique identifier assigned to each job posting.

Job_Title Title of the advertised position.

Link URL reference to the original job posting.

Queried_Salary Salary information provided in the posting, where available.

Job_Type Occupational category used for grouping, such as Data Scientist,
Data Analyst, or Data Engineer.

Skill Raw skill field extracted from the posting; subsequently decomposed
into atomic skill units during preprocessing.

Company Name of the organisation that published the posting.

Description Full textual description of the role, including responsibilities and
requirements.

The posting counts and skill density across the three target categories are summarised
in Table 3.

Seniority was not explicitly annotated as a separate field in this Indeed-sourced Kaggle
dataset; postings were grouped into the three target job types using the existing Job_Type
label, with each posting contributing equally, regardless of seniority level. Table 4 details the
ten most frequent job titles and skill items in the corpus. Title-level inspection shows that
senior, principal, and lead variants account for a measurable share of postings, with Data
Scientist (715), Data Analyst (405), and Data Engineer (391) being the most frequent baseline
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designations. The skill distribution highlights a strong concentration on programming and
data-platform competencies, which serve as the job-side evidence for ontology mapping
and structural relevance estimation.

Table 3. Job-posting dataset statistics by job-type category.

Job Type Total Postings Mean Skills/Job Max Skills/Job Min Skills/Job

Data Scientist 2543 8.49 20 1
Data Analyst 1793 4.49 20 1
Data Engineer 1379 10.84 20 1
Visual Arts (contrast) 10 8.10 16 5

Total 5725

Table 4. Ten most frequent job titles and skill items in the posting corpus. Job titles indicate the
presence of specialist and senior-role variants within the target categories.

Job Title Count Skill Item Count

Data Scientist 715 Python 3325
Data Analyst 405 SQL 3104
Data Engineer 391 Machine Learning 2297
Senior Data Scientist 205 R 2234
Senior Data Engineer 136 Hadoop 1714
Senior Data Analyst 86 Spark 1531
Big Data Engineer 80 Java 1480
Principal Data Scientist 62 Tableau 1236
Lead Data Scientist 49 Data Mining 1059
Sr. Data Scientist 45 Hive 966

3.1.2. Visual Arts Negative-Control Corpus

A set of ten Visual Arts postings was collected directly by the research team from
artjobs.com and th.jobsdb.com during the preparation of this study, covering Asia and
global listings. All postings are in English, consistent with the encoding assumptions of
the SBERT model and LLM ensemble used in Phases 1 and 2. This self-collected Visual
Arts corpus serves as a small negative-control sample for assessing whether the framework
assigns lower structural relevance to an occupational domain that is intentionally unrelated
to the data-domain roles. Together, the two corpora yield 5725 postings and 44,679 job–skill
atoms after Phase 1 preprocessing.

3.2. Student Transcript Dataset

The student transcript dataset comprises undergraduate records from a university
in Thailand, capturing the academic history of 430 students. In total, the dataset contains
50,040 individual course enrolment records. All records were fully anonymised prior to
analysis to comply with ethical research standards. This dataset serves as the empirical
basis for evaluating the student-to-job matching framework, providing computing-oriented
profiles, together with an intentionally contrasting arts-oriented profile for evaluation.

To ensure consistent semantic mapping and performance evaluation, each enrolment
record captures specific academic and demographic details. These fields include bilingual
course identifiers, credit weights, and achieved grades, which collectively form the raw
inputs for the subsequent competency scoring. The complete schema of the extracted
attributes is detailed in Table 5.
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Table 5. Attributes of the student transcript dataset.

Attribute Description

std_id_pri Anonymised unique identifier assigned to each student.
credit The credit unit weighting of the enrolled subject.
grade_en The letter grade achieved by the student in the subject.
id_sub Unique subject code or identifier.
subject_name The official name of the subject in Thai.
subject_name_en The translated name of the subject in English.
major_name The academic programme or major of the student.
faculty_name The faculty under which the student is enrolled.

The students in this dataset are drawn from five distinct academic programmes. Four
of these are computing-related disciplines (Computer Engineering, Business Information
Systems, Computer Science, and Information Technology), forming the positive group
expected to demonstrate strong alignment with data-domain job requirements. In contrast,
the Visual Arts programme is included as a negative control group. This arts-focused
curriculum provides a negative-control contrast for the framework, examining its ability to
assign low structural similarity relative to academically dissimilar profiles when semantic
and hierarchical evidence is weak. Table 6 outlines the curricular orientation and group
assignment of each programme.

Table 6. Academic programme descriptions and group assignments.

Programme Group Curricular Orientation

B.Eng. Computer
Engineering Positive

Engineering-faculty programme emphasising hardware systems, software
development, and applied engineering principles; broadest curriculum in the
sample with the widest elective range.

B.B.A. Business
Information Systems Positive

Business-faculty programme with substantial computing content (39.5% of
147 subjects), including data-domain courses such as Python Programming, Big
Data Analytics, Data Mining, and Artificial Intelligence; classified in the positive
group on the basis of its computing and information-systems orientation.

B.Sc. Computer Science Positive Science-faculty programme with a structured theoretical and applied computing
foundation; highly standardised curriculum with minimal elective variation.

B.Sc. Information
Technology Positive Practice-oriented programme emphasising applied systems and IT management;

compact and focused subject inventory with low within-programme variability.

B.F.A. Visual Arts Control

Arts-faculty programme centred on studio practice, design theory, and creative
arts disciplines; minimal overlap with computing and data-domain knowledge;
included as a negative control to examine whether the framework assigns lower
structural similarity to academically dissimilar profiles.

Beyond the curricular differences, the dataset exhibits variations in academic perfor-
mance and enrolment volume across the groups, which influenced the methodological
design. Table 7 summarises the student counts, mean enrolled courses, and GPA statistics
per programme. Two observations are particularly relevant. First, the B.F.A. Visual Arts
group has the highest mean GPA in this dataset. A GPA-only evaluation would therefore
tend to favour this group, despite its weaker alignment with data-domain competency
requirements. This highlights the need for a job-conditioned competency score rather
than a purely grade-based ranking. Second, programmes differ in the number of courses
taken per student. This variation in transcript evidence volume motivates the use of a nor-
malised job-conditioned competency score to support fairer comparisons across candidates.
The formal ranking score is defined in Section 4.7.3.
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Table 7. Transcript dataset statistics by academic programme. GPA is reported on a 4.0 scale. The four
computing programmes form the positive group (N = 311); Visual Arts forms the negative control
group (N = 119).

Programme Number of Students Mean of Enrolled Courses per Student Mean GPA

B.Eng. Computer Engineering 146 52.79 2.74
B.B.A. Business Information Systems 71 48.06 2.81
B.Sc. Computer Science 33 45.48 2.93
B.Sc. Information Technology 61 43.62 2.92

B.F.A. Visual Arts (control) 119 48.45 3.24

In the full transcript dataset, the four computing programmes define the positive
group, and Visual Arts defines the control group. The empirical evaluation reported in
Section 5 uses subsets drawn from these groups; the subset composition and selection
criteria are specified in Section 5.1.

4. Methodology
This section describes the methodology of the proposed semi-automated framework

for multi-level semantic knowledge extraction and competency mapping. The framework
integrates LLM-assisted induction, ontology engineering, HITL verification, semantic
representation, and structural scoring to support traceable student-to-job matching.

4.1. Key Concepts and Notation

Four core concepts underpin this framework.
Ontology: A formal knowledge representation that defines concepts, properties, and hi-

erarchical relationships, supporting logical inference and cross-class relations [32]. Unlike
a taxonomy (simple parent–child hierarchy), an ontology enables auditable path-based
reasoning. Here, knowledge domains, skill groups, and job categories form a three-level
rdfs:subClassOf hierarchy.

Large Language Model (LLM): A neural model trained on large text corpora to gener-
ate structured natural language outputs [5]. An ensemble of five LLMs proposes candidate
ontology mappings; all outputs are subject to HITL verification before materialisation.

Sentence-BERT (SBERT): A Siamese bi-encoder that produces fixed-length sentence
embeddings for efficient cosine-similarity computation [3]. The all-MiniLM-L6-v2 variant
embeds both ontology node descriptions and transcript course records.

Human in the Loop (HITL): A design pattern in which human experts review and
correct machine-generated outputs at critical decision points [5]. HITL verification is the
final acceptance gate for every LLM-proposed mapping before ontology materialisation,
including unanimous-agreement cases.

4.2. Framework Overview

The proposed framework, denoted as the Ontology Framework for Multi-level Com-
petency Mapping (O4CM), is organised as a five-phase pipeline. Figure 1 presents the
workflow and illustrates how the output of each phase is validated and propagated to the
subsequent stage.

The semi-automated design pairs LLM-driven concept induction, which is scalable
but hallucination-prone [5], with HITL verification, which is intended to improve semantic
appropriateness and auditability.

As illustrated in Figure 1, the five sequential phases are: atomic unit extraction
(Phase 1), LLM-assisted ontology construction (Phase 2), semantic augmentation and
SBERT encoding (Phase 3), PCI-based structural verification (Phase 4), and job-aware
competency scoring (Phase 5).
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Figure 1. Overview of the O4CM framework. Solid arrows indicate the primary flow of data
and processing across the five phases, whereas dashed arrows indicate the conceptual connections
between framework components, outputs, and the stated research contributions.

4.3. Phase 1: Atomic Unit Extraction and Preprocessing

Phase 1 converts the heterogeneous inputs described in Section 3—namely, job postings
and student transcript records—into standardised atom-level records for ontology-based
mapping. The preprocessing procedure consists of three main operations: duplicate records
are removed to avoid inflated frequency counts, non-informative special characters and
formatting artefacts are removed to reduce textual noise, and credit values in the transcript
records are converted into numeric form to support weighted competency scoring in
later phases.

Table 2 lists the job-posting attributes. Skill fields stored as string representations of
arrays are parsed and expanded into skill atoms as displayed in Figure 2, with each atom
occupying a single row for consistent counting and mapping.

Atomic Unit Extraction: Before and After

Before (raw data):
• Job_ID: J1029
• Job_Type: Data Scientist
• Skill: [’Python’, ’SQL’, ’Machine Learning’, ’TensorFlow’]

After (atomic unit extraction): The posting is expanded into individual skill atoms;
each record contains exactly one skill:
• (J1029, Data Scientist, Python)
• (J1029, Data Scientist, SQL)
• (J1029, Data Scientist, Machine Learning)
• (J1029, Data Scientist, TensorFlow)
Rationale: Unrolling ensures that each skill becomes a single independently compa-
rable unit, enabling consistent frequency counting, semantic similarity computation,
and ontology mapping in subsequent phases.

Figure 2. Illustrative example of atomic unit extraction applied to a single job-posting record. The raw
Skill field is parsed and expanded so that each extracted skill atom occupies one row for downstream
similarity computation and ontology mapping.
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4.4. Phase 2: Semi-Automated Bottom-Up Ontology Construction

Phase 2 constructs the ontology backbone that enables multi-level semantic mapping
between job requirements and student learning evidence. Building on the atomic and
standardised units produced in Phase 1, this phase follows a bottom-up strategy that
begins with well-defined knowledge anchors and progressively induces higher-level group-
ings and relations. The objective is to reduce manual ontology engineering effort while
preserving semantic clarity, structural consistency, and traceability.

In this study, ontology construction is anchored to the O*NET knowledge taxon-
omy [10], which provides standardised knowledge definitions suitable for occupational
competency analysis. The scope is restricted to 22 O*NET knowledge domains that cor-
respond to the selected occupational scope and support the computer–art contrast used
in the evaluation. These domains form the seed layer (L3) and serve as fixed semantic
anchors for the induction of skill-group structures (L2) and the assignment of these groups
to job-level categories (L1). The output of this phase is a validated three-level Web Ontology
Language class hierarchy linking knowledge domains, skill groups, and job categories
through explicit subclass assertions.

4.4.1. Ontology Construction with LLM Assistance

Ontology construction is implemented as a semi-automated induction process. LLMs
are used to propose candidate skill-group structures and mapping assertions under strict
output constraints. These outputs are not treated as final ontology assertions. Instead,
ensemble agreement is used as a preliminary consensus signal, while HITL verification
serves as the final acceptance gate before any mapping is materialised into the ontology.

The workflow consists of three primary tasks:

• Skill-Group Induction: The 22 O*NET knowledge domains and their definitions are
provided to the LLMs to induce candidate skill groups and concise descriptions. These
groups provide the intermediate layer (L2) between knowledge domains (L3) and job
categories (L1) but are not treated as final ontology commitments until their associated
mappings pass HITL review.

• Knowledge-to-Skill Mapping (L3 → L2): Each O*NET knowledge domain is assigned
to one relevant induced skill group through definition-grounded classification. This
task is the central semantic decision point because it links the fixed O*NET knowledge
anchors to the induced skill-group structure and therefore receives the main ensemble-
agreement and expert-validation analysis.

• Skill-to-Job Category Assignment (L2 → L1):Each validated skill group is assigned
to exactly one job category (:Computer_Job or :Art_Job) using a forced-choice se-
mantic dominance criterion. The decision uses the skill-group definition, its assigned
knowledge-domain members, and the definitions of the two target job categories.

For ontology materialisation, entities across all three layers are modelled as classes
rather than individual instances. Hierarchical subsumption is therefore represented using
rdfs:subClassOf rather than rdf:type. This modelling choice treats the hierarchy as an
analytical competency taxonomy rather than a realist claim that knowledge domains are
literally skills. It also supports clear semantic separation and enables PCI-based auditing of
the locked path from knowledge domains to skill groups and job categories.

Therefore, the resulting mappings should be interpreted as controlled analytical
assignments designed for traceable competency mapping, not as complete representations
of all possible relationships among knowledge domains, skills, and job categories.
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4.4.2. Prompt Design and Constraints

Because prompt design directly influences the induced ontology structure, prompts
are engineered to reduce ambiguity and enforce structured outputs suitable for ontology
materialisation. To control output variability, the prompts enforce single-label classification
and require decisions to be grounded in the provided definitions rather than keyword
matching. For the L2 → L1 assignment, extension grounding is applied by providing
the LLMs with the knowledge domains already assigned to each skill group as concrete
semantic evidence for classification. Outputs must conform to a machine-readable template.
For example, the L3 → L2 mapping is constrained to the following RDF-style triple format:

(Knowledge_Name, :belongs_to_skill, Skill_Group_Name)

The relation expressed as :belongs_to_skill is used only as an intermediate parsing
label in the LLM output. After HITL verification, accepted mappings are converted into
rdfs:subClassOf axioms for ontology materialisation and downstream path auditing.

This enables deterministic parsing and conversion into ontology axioms with minimal
manual reformatting. The objectives, inputs, constraints, and output schemas for the three
induction tasks are described above.

4.4.3. LLM Ensemble and Majority Voting

To minimise model-specific bias and stochastic variation, Phase 2 employs an ensemble
of five LLMs: GPT-5.4, GPT-5.3, Gemini 3 Pro, Claude Opus 4.6, and Claude Sonnet 4.6.
Each model receives the identical prompt templates described in Section 4.4.2 and is
executed independently for every mapping decision.

Majority voting is used to estimate preliminary cross-model consensus and to prioritise
cases for expert review. Final acceptance, however, requires HITL verification for all
mappings. This voting step serves as a consensus signal rather than an automatic acceptance
mechanism, helping to identify low-consensus or malformed outputs that require closer
inspection. This design is motivated by the known risk of model-specific errors and
hallucinated outputs in LLM-generated content [5].

Each preliminary majority outcome is classified into one of three agreement tiers
reflecting the degree of cross-model consensus:

• Unanimous (5/5): All five models agree, indicating high observed cross-model agree-
ment.

• High Majority (4/5): Four models agree, with one dissenting label recorded for inspec-
tion.

• Simple Majority (3/5): Three models agree, indicating a weaker consensus signal; all
such cases are automatically escalated for mandatory HITL review.

HITL review is also triggered when two or more models produce malformed outputs
and no majority can be determined. Under HITL review, a domain expert examines all
five candidate labels against the relevant O*NET definitions and assigns a final expert-
confirmed label with a documented justification. Only mappings that have passed HITL
verification, informed by the ensemble agreement results, are converted into OWL/RDF
subclass assertions. The quantitative outcomes of this protocol are reported in Section 5.3.

For clarity and reproducibility, Table 8 summarises the full ensemble configuration,
the majority voting rule, and the HITL escalation criteria, together with the exception-
handling logic for malformed outputs.
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Table 8. LLM ensemble and majority-voting protocol for Phase 2. All models use the structured
prompt templates described in Section 4.4.2. Empirical outcomes are reported in Section 5.3.

Component Configuration Decision Rule Exception Handling

Model ensemble

Five LLMs: GPT-5.4, GPT-5.3, Gemini 3 Pro,
Claude Opus 4.6, and Claude Sonnet 4.6.
Each model is prompted independently with
identical inputs.

No model is assigned a privi-
leged weight; all five votes are
treated equally.

If a model returns a system error,
the response is excluded, provided
≥3 valid responses remain; other-
wise, the case is escalated to HITL
review or rerun using the same
prompt template.

Majority voting
Applied to the two classification tasks:
knowledge-to-skill mapping and skill-to-
job assignment.

Record the preliminary majority label
with ≥3/5 agreement and classify
the outcome as Unanimous (5/5),
High Majority (4/5), or Simple Major-
ity (3/5).

If ≥2 outputs are malformed and no
majority can be reached, escalate to
HITL review.

HITL escalation
Triggered for detailed review by: (i) any
simple majority (3/5) outcome or (ii) voting
failure from ≥2 malformed outputs.

A domain expert reviews all candi-
date labels against O*NET defini-
tions and assigns the final expert-
confirmed label with a documented
justification.

All HITL decisions are logged to
support reproducibility auditing and
prompt refinement.

4.4.4. Human-in-the-Loop Verification Protocol

Because LLM-induced structures are treated as candidate drafts rather than final
ontology assertions, HITL verification is applied at the end of Phase 2. The verification
confirms that the ensemble-generated mappings (Section 4.4.3) are semantically appropriate
for the target domain and structurally consistent for downstream ontology-based reasoning.

Critically, unanimous consensus (5/5 agreement) among the five LLMs is not treated
as a sufficient condition for accepting a label without expert inspection. Therefore, HITL
verification is applied at every agreement tier, and unanimous decisions are reviewed with
the same procedural rigour as ambiguous majority cases. Verification is conducted by
two expert review panels comprising ten members in total, selected through purposive
sampling on the basis of domain expertise, as shown in Figure 3.

Figure 3. Human-in-the-loop verification workflow.

The first panel consists of five HR professionals from the computer and technology
sector, each with over ten years of experience in recruitment and talent management. Their
primary responsibility is to validate the industry relevance of the skill-to-job assignments,
ensuring the ontology reflects contemporary hiring practices and professional competency
standards. During review, each member assessed whether a proposed mapping (i) correctly
matched the functional meaning of the knowledge domain to the corresponding skill group,
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(ii) was consistent with the professional skill vocabulary used in industry job postings,
and (iii) did not inflate structural similarity for courses unrelated to computing work.

The second panel comprised five senior university lecturers with over 15 years of
experience in computer science education and curriculum design. They assessed the
pedagogical integrity of the knowledge-to-skill mappings in terms of semantic fit, domain
relevance, and hierarchical consistency, ensuring that transcript-derived evidence was
interpreted appropriately within an educational context. Their review criteria included
whether a mapping (i) aligned with standard curriculum taxonomy in computer science
and information technology programmes, (ii) correctly reflected the learning outcomes
of the assigned knowledge domain, and (iii) preserved the intended separation between
computing-oriented and arts-oriented competency paths.

The verification process is summarised in Table 9. Both panels reviewed the initial
LLM assertions independently. Discrepancies and possible instances of semantic drift
were recorded in a central revision log. Where inter-panel disagreement remained, a joint
discussion was conducted to reach a documented final decision, supporting an ontology
structure that is both academically grounded and professionally relevant.

Table 9. Human-in-the-loop verification protocol for validation of LLM-induced ontology structures
in Phase 2.

Checkpoint Objective Procedure Output Artefact

Semantic validation

Confirm that all mappings reflect the
intended meaning of their definitions
and that semantic drift is identified
and corrected.

Both panels independently review
knowledge-to-skill and skill-to-job
assignments, flagging incorrect or
ambiguous placements.

Approved mapping list and correction
log with documented rationale for
each revision.

Structural validation
Ensure that all ontology assertions are
logically coherent and suitable for
reasoning and path auditing in Phase 4.

Validated assertions are loaded into
Protégé [32]; panels check for
modelling inconsistencies and
structural misplacements.

Validated ontology snapshot and a
structured issue list with corrective
actions where applicable.

Correction and
traceability

Maintain transparent and reproducible
documentation of all manual edits
applied to LLM-generated outputs.

Each modification is recorded as an
explicit edit entry comprising the
original label, the revised label, and the
expert’s justification.

Traceable revision record supporting
reproducibility auditing and iterative
prompt refinement.

This design intentionally favours traceability and auditable hierarchy over full seman-
tic coverage. Consequently, the resulting mappings should be interpreted as controlled
analytical assignments rather than complete representations of all possible relationships
among knowledge domains, skills, and job categories.

At the conclusion of Phase 2, the framework produces a HITL-validated ontology
backbone linking O*NET-grounded knowledge nodes, LLM-induced skill groups with
explicit definitions, and skill-to-job category assignments. This backbone supports semantic
augmentation in Phase 3 and PCI-based multi-level path auditing in Phase 4.

The complete Phase 2 procedure, including ensemble-based induction, majority voting,
HITL verification, and ontology materialisation, is summarised in Algorithm 2.
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Algorithm 2: LLM-Ensemble Ontology Induction and HITL Validation (Phase 2)
Input: 22 O*NET knowledge domains K; LLM ensemble E = {LLM1, . . . , LLM5}
Output: HITL-validated ontology O with levels L1, L2, L3

// Step 1: Induce L2 skill groups
foreach LLMe ∈ E do

Propose skill groups SGe from K using constrained prompt;
SG ← MajorityVote(SG1, . . . ,SG5);
// Step 2: Map L3 → L2

foreach k ∈ K do
foreach LLMe ∈ E do

Assign k to one group in SG;
assignL3→L2

(k)← MajorityVote(. . .);

// Step 3: Map L2 → L1

foreach sg ∈ SG do
foreach LLMe ∈ E do

Assign sg to :Computer_Job or :Art_Job;
assignL2→L1

(sg)← MajorityVote(. . .);

// Step 4: HITL verification
foreach mapping m ∈ assignL3→L2

∪ assignL2→L1
do

Expert reviews m; corrects or confirms;
Record edit (original label, revised label, justification);

// Step 5: Materialise into ontology
Encode accepted mappings as rdfs:subClassOf axioms in O;
return O;

4.5. Phase 3: Semantic Augmentation and Node Representation

Because LLM-generated labels may vary in wording across runs, Phase 3 decouples
the human-readable label from the computational representation. Each ontology node
is represented by a node description, while each textual evidence unit is represented by
an augmented textual description. Together, these descriptions provide a controlled and
contextually enriched basis for embedding-based similarity computation. The validated
hierarchy from Phase 2 is then used alongside these representations for path auditing and
competency ranking in later phases.

4.5.1. Semantic Augmentation Process

Semantic augmentation is applied to three types of textual units: ontology nodes, job-
skill atoms, and student course records. For ontology nodes, O*NET knowledge domains
are grounded in their standardised definitions, while LLM-induced skill-group nodes
are represented using their HITL-validated descriptions. This separates stable external
reference definitions from induced intermediate concepts.

For job-side units, each extracted skill atom is augmented in the context of the full
job description to clarify its practical application and implied competency expectations.
For course-side units, course titles and descriptions are expanded into competency-oriented
statements that describe the knowledge and skills evidenced by each course. The augmen-
tation prompts instruct the LLMs to consider labour-market, educational, and information-
technology perspectives when expanding skills and course descriptions. This process
is intended to shift similarity computation from surface-level keyword overlap toward
functional meaning.
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4.5.2. Embedding-Based Node Representation

After augmentation, each ontology node is represented by a node description
(Dn), and each textual evidence unit is represented by an augmented textual descrip-
tion (Tu). These texts are encoded using SBERT [3]—specifically, the all-MiniLM-L6-v2
model—to produce fixed vector representations for subsequent similarity computation.
Equations (1) and (2) define the embedding functions for ontology nodes and evidence
units, respectively:

V⃗n = fSBERT
(

Dn
)
, n ∈ L1 ∪ L2 ∪ L3, (1)

V⃗u = fSBERT
(
Tu
)
, u ∈ U . (2)

In Equations (1) and (2), fSBERT(·) denotes the all-MiniLM-L6-v2 Sentence-BERT encoder,
Dn denotes the textual description used to represent ontology node n, and Tu denotes
the augmented textual description of an evidence unit (u). Set U includes both job-skill
atoms and student course records. For knowledge nodes (L3), Dn is derived from the
corresponding O*NET knowledge definition; for skill-group nodes (L2), it is derived from
the HITL-validated LLM description; and for job-category nodes (L1), it is derived from
the job-category definition used in Phase 2. Job-skill atoms are augmented using the skill
item and its job-posting context, whereas student courses are represented using course
descriptions expanded into competency-oriented statements.

At the conclusion of Phase 3, the framework produces two SBERT-based represen-
tation spaces: ontology-node embeddings ({V⃗n}) derived from node descriptions and
evidence-unit embeddings ({V⃗u}) derived from augmented textual descriptions. These
representations provide the computational basis for course-to-knowledge matching and
PCI-based hierarchical scoring in Phase 4 by enabling consistent cosine-similarity compar-
isons across ontology levels and evidence types.

Algorithm 3 summarises the complete Phase 3 procedure, including semantic aug-
mentation using the LLM ensemble and SBERT-based encoding of ontology nodes and
evidence units.

Algorithm 3: Semantic Augmentation and SBERT Encoding of Ontology Nodes
and Evidence Units (Phase 3)

Input: Ontology O; job-skill atoms Ajob; course atoms Astud; LLM
Output: Node embeddings {V⃗n}; evidence-unit embeddings {V⃗u}
// Embed all ontology nodes
foreach node n ∈ L1 ∪ L2 ∪ L3 do

Dn ← definition/description from O;
V⃗n ← fSBERT(Dn);

// Augment and embed job-skill atoms
foreach atom a = (Job_ID, Job_Type, s) ∈ Ajob do

Ta ← LLM(s + job context);
V⃗a ← fSBERT(Ta);

// Augment and embed student course records
foreach record r = (Stu_ID, Course, Credits, Grade) ∈ Astud do

Tr ← LLM(Course→ competency statement);
V⃗r ← fSBERT(Tr);

return {V⃗n}, {V⃗u} = {V⃗a} ∪ {V⃗r};
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4.6. Phase 4: Multi-Level Structural Scoring

Matching a course only to a knowledge node at L3 is insufficient because high leaf-
level similarity does not necessarily imply alignment with the corresponding skill group
(L2) or job category (L1). Therefore, Phase 4 evaluates each course along the locked ontology
path from L3 to L2 and L1. The resulting score is later used in Phase 5 to down-weight
matches that appear relevant at the knowledge level but lack support from higher levels of
the hierarchy.

4.6.1. Hierarchical Mapping Process

Hierarchical course positioning is performed in three steps: entry-point selection,
branch locking, and multi-level re-scoring.

• Step 1: Entry-point selection at L3. Given a course embedding (V⃗i), the entry node
(k∗ ∈ L3) is identified as the knowledge node with the highest cosine similarity relative
to the course. Equation (3) defines the top-1 selection rule and the corresponding
leaf-level similarity score (S3):

k∗ = arg max
k∈L3

cos
(
V⃗i, V⃗k

)
, S3 = cos

(
V⃗i, V⃗k∗

)
. (3)

Here, V⃗i is the embedding of course i as an evidence unit defined in Equation (2),
and V⃗k is the embedding of knowledge node k defined in Equation (1). The selected
node (k∗) serves as the starting point for all subsequent hierarchical checks.

• Step 2: Structural branch locking. Once k∗ is determined, the corresponding ontology
path is locked by retrieving its parent nodes directly from the ontology structure.
Equation (4) defines the parent retrieval for the L2 and L1 nodes:

g∗ = parentL2(k
∗), j∗ = parentL1(g∗), (4)

where g∗ denotes the skill-group node at L2 and j∗ denotes the job-category node at L1.
This locking step constrains consistency evaluation to a single well-defined hierarchical
path rather than comparing the course against all possible cross-level combinations.

• Step 3: Multi-level re-scoring. The course embedding (V⃗i) is re-evaluated against the
locked parent nodes to obtain cosine-based contextual support scores at the parent
levels. Equation (5) defines the parent-level similarity scores (S2 and S1):

S2 = cos
(
V⃗i, V⃗g∗

)
, S1 = cos

(
V⃗i, V⃗j∗

)
. (5)

Together, S1, S2, and S3 capture alignment across the locked hierarchical path.

4.6.2. Path Consistency Index

The three similarity scores obtained from the hierarchical mapping process are consol-
idated into a structural confidence measure called the PCI. As defined in Equation (6), the
PCI is the arithmetic mean of the level-wise similarity scores:

PCIi =
S1 + S2 + S3

3
. (6)

A high PCIi indicates that the course is not only similar to its matched knowledge node
at L3 but is also supported by the broader semantic context at the skill-group level (L2) and
job-category level (L1). When S3 is high but S1 and S2 are low, the course appears relevant
in isolation but lacks hierarchical support, which may indicate a semantic mismatch caused
by ambiguous course descriptions, broad elective content, or weak alignment with the
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intended job path. By down-weighting such cases, the PCI provides a more structurally
informed basis for competency assessment than leaf-level similarity alone.

The PCIi value is propagated to Phase 5 as a continuous weighting signal in the job-
conditioned scoring model so that courses with stronger hierarchical support contribute
more to the final competency score. Rather than hard filtering, the framework retains
courses with weak contextual support but assigns them a lower contribution than courses
with consistent alignment across all three ontology levels.

At the conclusion of Phase 4, each course is assigned a locked ontology path, level-
wise similarity scores (S1, S2, S3), and a continuous PCIi value. These outputs provide the
structural weighting signals used in Phase 5 to compute the final competency score.

Algorithm 4 summarises the complete Phase 4 procedure, including ontology-path
locking, level-wise cosine-similarity computation, and PCI calculation.

Algorithm 4: Ontology-Path Locking and Path Consistency Index Computation
(Phase 4)

Input: Node embeddings {V⃗n}; evidence-unit embeddings {V⃗u}; ontology O
Output: Locked paths P ; PCI scores {PCIu}
foreach evidence unit u ∈ Ajob ∪Astud do

// Lock best L3 node
k∗(u)← arg maxk∈L3 cos(V⃗u, V⃗k);

Retrieve locked path: k∗(u) subClassOf−−−−−−−→ sg∗(u) subClassOf−−−−−−−→ jc∗(u) from O;
// Level-wise similarities
S3 ← cos(V⃗u, V⃗k∗(u));
S2 ← cos(V⃗u, V⃗sg∗(u));

S1 ← cos(V⃗u, V⃗jc∗(u));

// Path Consistency Index
PCIu ← (S1 + S2 + S3) / 3;
P(u)← (k∗(u), sg∗(u), jc∗(u), S1, S2, S3, PCIu);

return locked paths P and scores {PCIu};

4.7. Phase 5: Data-Driven Scaling and Final Evaluation

Phase 5 integrates academic performance, structural alignment from Phase 4, and job-
side structural relevance signals into a job-conditioned competency score. Because grades
and credits come directly from student transcripts and PCIi is computed in Phase 4, this
phase first defines a job-side importance factor, then computes the Total Accumulated
Competency Score (TACS) and its normalised ranking variant.

4.7.1. Job Importance Factor

The job importance factor (IFc,k) quantifies the job-side relevance of knowledge node k
for job type c. It is derived from atomic job-skill records through a three-step procedure
that combines requirement share, job-type specificity, and within-job normalisation. This
design ensures that the factor reflects not only how frequently a node appears in a given
job type but also how distinctively that node characterises that job type relative to others.

Step 1: Requirement mass. For each job type (c) and knowledge node (k), the requirement
mass (mc,k) accumulates the job-side path consistency scores of all atomic job-skill records
(r) whose locked path passes through node k:

mc,k = ∑
r∈Rc,k

PCIr, (7)
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whereRc,k is the set of job-skill records of type c mapped to knowledge node k and PCIr

is the job-side path consistency score of record r. Nodes not observed in a given job type
are assigned mc,k = 0 rather than being excluded so that the full grid of job types and
knowledge nodes is preserved.
Step 2: Requirement share and job-type specificity. The requirement share (REQc,k) nor-
malises mc,k within job type c:

REQc,k =
mc,k

∑
k′∈Kc

mc,k′
, (8)

where Kc is the set of L3 nodes under the L1 category associated with job type c.

The job-type-specific emphasis (Specc,k) measures how much node k is over-represented
in job type c relative to its mean requirement share (REQk) across all job types (C):

REQk =
1
|C| ∑

c′∈C
REQc′ ,k, (9)

Specc,k = log

(
1 +

max
(
0, REQc,k − REQk

)
ε + REQk

)
, (10)

where ε > 0 is a small smoothing constant that prevents division by zero. A node with
REQc,k > REQk receives a positive specificity score; a node that appears equally across all
job types receives Specc,k ≈ 0.

Step 3: Normalised importance factor. The importance factor is the product of requirement
share and specificity, normalised within each job type so that the highest-weighted node
receives a value of one:

IFc,k =
REQc,k × Specc,k

max
k′

(
REQc,k′ × Specc,k′

) . (11)

Therefore, a high IFc,k indicates that knowledge node k is not only frequently observed
in job type c (high REQc,k) but also specifically emphasised by that job type relative to
others (high Specc,k). The factor is a dataset-conditioned structural relevance signal derived
from observed job-posting evidence and should not be interpreted as a claim about general
labour-market demand.

4.7.2. TACS Computation

For a target job type (c ∈ {Data_Scientist, Data_Analyst, Data_Engineer}), each
transcript record (i) is mapped to a knowledge node (k(i) ∈ L3) and assigned a structural
score (PCIi) from Phase 4. Equation (12) defines TACSc as the weighted accumulation of
job-conditioned competency evidence:

TACSc =
n

∑
i=1

(
Gi × Cri × PCIi × IFc,k(i)

)
, (12)

where Gi is the numeric grade of transcript record i, Cri is its credit weight, PCIi is the
student-side structural alignment score from Phase 4, IFc,k(i) is the job-side structural
relevance factor defined in Section 4.7.1, and n is the number of transcript records included
in the computation. This formulation captures accumulated job-conditioned competency
evidence prior to normalising for differences in transcript length and credit volume.
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4.7.3. Normalised TACS and Candidate Ranking

Because students differ in transcript length and credit volume, the raw TACSc is nor-
malised by the total relevance weight associated with the transcript records. Equation (13)
defines the normalised score (NTACSc) and its record-level relevance weight (wi):

NTACSc =

n

∑
i=1

(Gi × wi)

n

∑
i=1

wi

, wi = Cri × PCIi × IFc,k(i). (13)

where wi is the job-conditioned relevance weight of transcript record i that combines
learning intensity (Cri), student-side structural validity (PCIi), and job-side structural rele-
vance (IFc,k(i)). Unlike TACSc, which represents raw accumulated evidence, NTACSc sup-
ports fairer comparison across students by normalising against the total relevance weight.
Candidate ranking is based on NTACSc, while TACSc is retained as the un-normalised
accumulated score.

To complement this grade-sensitive ranking score, the framework also computes a
relevant volume measure that captures the breadth of structurally supported coursework
independently of grades. Equation (14) defines this volume:

RelVol =
n

∑
i=1

(Cri × PCIi). (14)

where RelVol measures the total credit volume supported by the locked ontology path,
regardless of grade performance or job-side relevance. It is used only as a supplementary
structural volume indicator.

4.7.4. Semantic Traceability and Explainability

To make ranking outcomes interpretable, the framework records a course-level
evidence-relevance signal that combines student-side structural alignment with job-side
structural relevance. Equation (15) defines this signal (Ei):

Ei = PCIi × IFc,k(i). (15)

where Ei represents the relevance of transcript record i to the target job type before grade
and credit weighting. Aggregating Ei, optionally weighted by course credits, by knowledge
node or skill group produces a semantic traceability map that explains which parts of a
student’s transcript provide the strongest semantic evidence for a target job type.

At the conclusion of Phase 5, the framework produces job-conditioned rankings,
normalised competency scores, relevant volume measures, and course-level traceability
signals for each target job type.

Algorithm 5 summarises the complete Phase 5 procedure, including job-type impor-
tance factor computation, TACS and NTACS calculation, candidate ranking, and semantic
traceability signal generation.

A complete worked example tracing Student A through all five phases of the O4CM
framework is provided in Appendix A.
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Algorithm 5: Job-Conditioned Competency Scoring and Candidate Ranking
(Phase 5)

Input: Locked paths Pjob, Pstud; PCI scores; grades Gi; credits Cri; small constant ε

Output: IFc,k; NTACSc(s) for all students s; ranked listsRc; traceability signals
{Ei}

// Step 1: Compute job-side Importance Factor
foreach job type c and node k do

mc,k ← ∑r∈Rc,k
PCIr;

REQc,k ← mc,k / ∑k′ mc,k′ ;
foreach node k do

REQk ← 1
|C| ∑c′ REQc′ ,k;

foreach job type c do

Specc,k ← log
(

1 + max(0, REQc,k−REQk)

ε+REQk

)
;

Normalise: IFc,k ← (REQc,k · Specc,k) / maxk′(REQc,k′ · Specc,k′);
// Step 2: Score and rank all students
foreach student s and job type c do

TACSc(s)← ∑i Gi · Cri · PCIi · IFc,k(i);
wi ← Cri · PCIi · IFc,k(i);
NTACSc(s)← ∑i(Gi · wi) / ∑i wi;
Ei ← PCIi · IFc,k(i) ; // traceability signal

foreach job type c do
Rc ← students sorted by NTACSc (descending);

return IFc,k, NTACSc,Rc, {Ei};

5. Results
The five-phase O4CM framework described in Section 4 is evaluated along three

dimensions: the reliability of the induced ontology backbone, the discriminative value of
semantic representation and PCI-based structural scoring, and the ranking behaviour and
interpretability of the final student-to-job matching output.

The results are organised around the three contributions stated in the Introduction.
Section 5.3 supports the first contribution by examining whether the LLM-assisted and
HITL-verified process produces a coherent ontology backbone for multi-level competency
mapping. Sections 5.4 and 5.5 support the second contribution by evaluating the design of
the semantic representation and the discriminative value of PCI-based structural scoring.
Sections 5.6 and 5.7 support the second and third contributions by analysing component-
level effects, job-conditioned ranking behaviour, and the traceability of ranking outputs to
course-level evidence.

5.1. Dataset and Experimental Setup

The evaluation draws on the datasets described in Section 3. The job-posting corpora
provide job-side evidence, while anonymised student transcript records provide academic
learning evidence. All experiments use the same HITL-validated ontology backbone from
Phase 2, the same semantic augmentation and SBERT representation process from Phase 3,
and the same PCI-based structural scoring procedure from Phase 4.

The full transcript dataset contains 430 students and is used to compute course-level
ontology mappings and PCIi values. For group-level structural validation, a subset of
244 students is used, comprising 185 computing students and 59 Visual Arts students.
This subset provides the clearest contrast between computing-oriented and arts-oriented

https://doi.org/10.3390/make8070183

https://doi.org/10.3390/make8070183


Mach. Learn. Knowl. Extr. 2026, 8, 183 23 of 58

curricula for evaluation of ontology-path separation and is not used for parameter tuning.
Ablation and ranking analyses are conducted on a stratified 94-student subsample, compris-
ing 73 computing students and 21 Visual Arts students, to support controlled comparison
across methods and framework variants. All subsets are drawn from the same population
described in Table 7.

The evaluation reports four complementary types of evidence. The first concerns
ontology induction and expert validation. The second examines whether semantic rep-
resentations provide a richer basis for matching than surface labels. The third evaluates
whether PCI-based scoring separates contrasting academic groups under different ontol-
ogy paths. The fourth uses comparison methods, ablation variants, ranking measures,
and traceability evidence to analyse the behaviour of the final framework.

5.2. Comparison Methods and Ablation Variants

This subsection defines two types of experimental references. The comparison meth-
ods represent progressively stronger alternatives for student-to-job ranking, from grade-
only ranking to the full proposed framework. The ablation variants remove individual
components from the framework to test whether each component contributes to the final
ranking behaviour.

Comparison Methods

Five comparison methods are evaluated. These methods are not presented as full
competing systems from prior work. Rather, they serve as controlled reference points
that reflect increasing levels of ranking and matching complexity, moving from grade-only
ranking and lexical matching to embedding-based semantic similarity and the full proposed
framework. Table 10 summarises the five methods and highlights which components are
enabled in each variant, including semantic encoding, usage of an ontology structure,
multi-level PCI, job-side IFc,k weighting, and the final ranking basis.

Table 10. Comparison methods used in the ranking evaluation. ✓ indicates that the component is
applied, ◦ indicates partial application, and × indicates that the component is absent.

Method Semantic Encoding Ontology Structure Multi-Level PCI IFc,k Weighting Ranking Basis

M1: GPA Ranking × × × × Cumulative GPA
M2: Keyword Matching × × × × String overlap
M3: Flat SBERT ✓ × × × Flat cosine similarity
M4: L3-Only + IF ✓ ◦ × ✓ S3,i × IFc,k(i)
M5: Proposed Framework ✓ ✓ ✓ ✓ NTACSc

M1: GPA Ranking.

Candidates are ranked by cumulative GPA without considering the semantic content
or job relevance of individual courses. This method represents a conventional grade-based
reference strategy where academic performance is used as an aggregate indicator of student
achievement. However, GPA alone may obscure differences in learning patterns and
competency relevance that are important for job-specific evaluation [33].
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M2: Keyword Matching.

Competency alignment is estimated using normalised string overlap between course
names and job-skill terms. This method represents a surface-level lexical matching strategy
for job-requirement analysis. Although keyword-based search can identify explicit skill
terms in job texts, it relies on predefined keyword lists and must be manually updated
when new requirements appear [17]. Thus, M2 remains limited when courses and job
postings express the same competency using different wording.

M3: Flat SBERT.

Course and job-skill representations are encoded using the same SBERT model as the
proposed framework [3]. This method uses cosine similarity between sentence embeddings
as a flat semantic matching strategy, without ontology-based branch locking or multi-level
PCI scoring. Prior resume-screening research shows that SBERT can rank candidate pro-
files against job descriptions more effectively than keyword-based matching by capturing
contextual semantic similarity [34]. However, this type of matching remains structurally
flat: it compares textual representations directly but does not verify whether the matched
competency is coherent across knowledge, skill-group, and job-category levels. There-
fore, M3 isolates the contribution of semantic encoding before adding the ontology-based
verification mechanism proposed in O4CM.

M4: L3-Only + IF.

This method uses the top-matched knowledge node at L3 and applies the job-side
structural relevance factor (IFc,k) defined in Equation (11), but it does not use the full three-
level PCIi score. Each course is scored using the leaf-level similarity score (S3) defined in
Equation (3) rather than the full locked-path score. This framework-derived comparator
tests whether leaf-level matching is sufficient when the job-side relevance signal is retained.

M5: Proposed Framework.

The proposed framework combines augmented semantic representations, ontology-
based branch locking, PCI-based multi-level structural scoring, and job-side IFc,k weighting.
Candidate ranking is based on NTACSc as defined in Equation (13).

5.3. Ontology Induction and Expert Validation

This subsection reports the Phase 2 ontology induction results. The analysis focuses on
the degree of cross-model agreement during LLM-assisted induction and the role of HITL
validation in converting candidate mappings into an expert-confirmed ontology backbone.

The induction process covers three tasks: skill-group induction, Knowledge Domain
(L3)-to-Skill Group (L2) mapping, and Skill Group (L2)-to-Job Category (L1) assignment.
Figure 4 presents the validated ontology backbone used in the subsequent semantic aug-
mentation and PCI-based structural scoring phases. The validated L2 layer consists of
seven skill groups: Cognitive Skills, Technical Skills, Creative Skills, Communication Skills,
Social and Interpersonal Skills, Psychomotor Skills, and Affective Skills.

To summarize the materialized ontology backbone, Table 11 reports the number of
nodes and subclass links retained after HITL verification. The table reports the analytical
backbone used for scoring, not all auxiliary OWL entities contained in the ontology file.
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Figure 4. Expert-validated ontology structure produced by Phase 2, visualized in Protégé [32]. The
two root nodes form the L1 layer, seven skill-group nodes form the L2 layer, and 22 O*NET knowledge
domains form the L3 layer. Arrows denote subClassOf relations from child to parent nodes.

Table 11. Summary of the expert-confirmed ontology backbone produced in Phase 2.

Ontology Component Count Source Validation Status

Job categories (L1) 2 Defined by the study scope. HITL-confirmed.
Skill groups (L2) 7 LLM-induced from O*NET knowledge definitions. HITL-confirmed.
Knowledge domains (L3) 22 O*NET knowledge taxonomy. Used as fixed semantic anchors.
Knowledge-to-skill subclass links 22 LLM-proposed and expert-reviewed. Materialised after HITL verification.
Skill-to-job subclass links 7 LLM-proposed and expert-reviewed. Materialised after HITL verification.

5.3.1. LLM Ensemble Agreement

The five-model LLM ensemble produced candidate knowledge-to-skill mappings for
the 22 O*NET knowledge domains. Agreement was measured as the fraction of models
that assigned the same skill-group label to each knowledge node. Table 12 summarises the
observed agreement distribution.

Table 12. Agreement distribution of the five-model LLM ensemble for Knowledge Domain→ Skill
Group induction (N = 22).

Agreement Level Consensus Count Percentage (%) Interpretation

Unanimous 5/5 17 77.27 High observed agreement
High Majority 4/5 4 18.18 Strong but not unanimous agreement
Simple Majority 3/5 1 4.55 Ambiguous case requiring review

The ensemble produced high observed agreement, with 21 of 22 knowledge nodes
reaching at least 4/5 consensus. This corresponds to 21/22 = 95.45% of knowledge
domains achieving high-consensus agreement, which is the figure reported in the Abstract.
This result indicates that the prompt constraints produced consistent outputs for most
mappings. However, agreement is treated only as a preliminary signal. As shown by the
expert review cases below, even unanimous agreement may still require correction when
the assignment is not functionally aligned with the target domain.

5.3.2. HITL Validation Outcomes

Table 13 summarises how the LLM-generated candidate mappings were handled
during HITL validation. The purpose of expert validation was not to report model accuracy
against an external gold standard but to determine whether each candidate mapping was
acceptable for ontology materialisation.
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Table 13. HITL validation summary for LLM-induced knowledge-to-skill mappings.

Agreement Level Consensus Count Expert Review Action Final Validation Status

Unanimous 5/5 17 Reviewed for domain fit despite
full model agreement.

Mostly confirmed; one unanimous
case was corrected after
expert review.

High Majority 4/5 4 Reviewed with attention to the
dissenting label. HITL-confirmed after review.

Simple Majority 3/5 1 Escalated for detailed
expert judgement.

HITL-corrected or confirmed with
documented rationale.

The validation results show that LLM agreement is useful for prioritising review effort
but is not sufficient for final ontology acceptance. Therefore, all materialised mappings
were confirmed through expert review before being used in Phase 3 and Phase 4.

5.3.3. Representative Expert Correction Cases

Three representative cases illustrate why HITL review is necessary, even when LLM
outputs appear plausible.

Case 1: Sociology and Anthropology.

This node produced the lowest agreement among the 22 knowledge domains. Most
models associated it with Social_Interpersonal_Skills due to the surface association with the
term “social”, while other models favoured Cognitive_Skills. The expert panels assigned it
to Cognitive_Skills because, in computer-job contexts such as data science and UX research,
the domain functions primarily as an analytical framework for behavioural analysis and
user modelling.

Case 2: Administration and Management.

All five models assigned this domain to Cognitive_Skills, interpreting management
as abstract decision-making. The expert panels reassigned it to Technical_Skills because,
in technology-sector practice, this domain is often expressed through procedural and tool-
mediated competencies such as project management methods, Agile practice, Scrum, and IT
operations frameworks. This case demonstrates that unanimous LLM agreement does not
guarantee domain-correct placement.

Case 3: Philosophy and Theology.

This domain was judged to occupy a boundary between reasoning, ethics, and value-
oriented judgement. The expert panels placed it under Affective_Skills and assigned it to
the Art Job category. This placement prevents ethics-oriented or value-oriented transcript
evidence from inflating similarity to computer-job paths during structural scoring.

At the conclusion of this validation stage, the framework produces an expert-
confirmed ontology backbone that supports semantic augmentation in Phase 3 and PCI-
based structural scoring in Phase 4.

5.4. Semantic Representation Diagnostics

This subsection provides a diagnostic comparison of the text sources used for
embedding-based matching. The purpose is not to report a separate classification bench-
mark but to clarify why the proposed framework uses augmented evidence descriptions
and ontology-node definitions rather than surface labels alone.

As shown in Table 14, surface-label matching is vulnerable to lexical sparsity because
course titles and skill names often omit relevant competencies. Representing evidence units
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with augmented descriptions and ontology nodes with definitions provides richer semantic
context on both sides of the comparison. Table 15 illustrates this effect using representative
examples from the evidence and ontology layers.

Table 14. Diagnostic comparison of text-source configurations for semantic representation.

Configuration Text Sources Diagnostic Interpretation

Name × Name Evidence label matched against
ontology label. Compact but highly sensitive to surface-vocabulary mismatch.

Name × Definition Evidence label matched against
ontology definition.

Improves ontology-side context, but short evidence labels may
still under-represent meaning.

Description × Name Augmented evidence description
matched against ontology label.

Adds evidence-side context but remains constrained by short
ontology labels.

Description × Definition
Augmented evidence description
matched against
ontology definition.

Provides semantic context on both sides and is adopted in the
proposed framework.

Table 15. Illustrative examples of added semantic context from augmented descriptions and node
definitions.

Unit Type Surface Label Added Semantic Context

Academic course Data Structures
Study and practical training related to data representation; data structures and
design, including arrays, stacks, queues, linked lists, trees, and graphs; data
sorting; data searching; and algorithm analysis.

Job requirement SAS
A software suite that integrates advanced analytics, business intelligence, data
management, and predictive modelling to empower data-driven
decision-making.

Knowledge node Computers and
Electronics

Knowledge of circuit boards, processors, chips, electronic equipment,
and computer hardware and software, including applications
and programming.

These examples are used as diagnostic illustrations rather than independent perfor-
mance evidence. Together, the configuration comparison and illustrative examples support
the use of description-to-definition matching in the proposed framework.

5.5. PCI-Based Group Separation

This subsection evaluates whether the PCI-based structural score separates computing-
oriented and arts-oriented curricula under the two ontology root paths. The analysis uses
student-level credit-weighted PCI scores and compares the computing group with the
Visual Arts control group. This evaluation assesses group-level structural separation rather
than course-level classification accuracy.

For each student (s), the credit-weighted PCI score aggregates course-level PCIi values
using course credits as weights. Equation (16) defines the student-level score used in the
group comparison:

PCI(w)
s =

∑i∈Cs Cri · PCIi

∑i∈Cs Cri
, (16)

where Cs is the set of courses taken by student s. The Mann–Whitney U test is used to
compare student-level PCI distributions between the computing and Visual Arts groups
because it is a rank-based test for evaluating whether one independent sample tends to
produce larger values than another [35].

The positive group consists of 185 students from the four computing programmes,
while the control group consists of 59 students from the B.F.A. Visual Arts programme.
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Table 16 reports the group means, separation ratio, effect size, and significance level for
each ontology path. To facilitate interpretation, we report the Separation Ratio (SR), defined
as the ratio of the mean score of the computing group to the mean score of the Visual Arts
group. Under the Computer Job path, SR > 1 indicates the expected direction, whereas
under the Art Job path, SR < 1 indicates the expected direction.

Cohen’s d is reported as a descriptive effect-size measure to support interpretation of
group-separation magnitude.

Table 16. Mann–Whitney U test comparing the student-level credit-weighted PCI score defined in
Equation (16) between computing students (n = 185) and Visual Arts students (n = 59) under each
ontology path.

Ontology Path Mean Score, Computing Mean Score, Visual Arts SR Cohen’s d p-Value

Computer Job 0.2483 0.2185 1.136 +1.065 <0.001
Art Job 0.2147 0.3358 0.639 −2.005 <0.001

Both comparisons are significant, with large effects. Computing students achieve
higher scores on the Computer Job path, while Visual Arts students achieve higher scores
on the Art Job path. This bidirectional pattern supports the structural validity of the
ontology backbone and indicates that PCI-based scoring captures meaningful curriculum-
level differences between the two groups.

5.6. Ablation Study

The ablation study examines whether the major components of O4CM contribute to
discriminative behaviour. Three components are tested: semantic augmentation, PCI-based
multi-level structural scoring, and job-side IFc,k weighting. Four variants are evaluated by
removing one component at a time while keeping the remaining components fixed:

• V1 Full Framework: Augmented representations, three-level PCIi, and job-side IFc,k

are all retained.
• V2 Without Augmentation: Raw course names are matched against raw node labels,

while PCIi and IFc,k are retained.
• V3 Without PCI: Augmented representations are retained, but the three-level PCIi

score is replaced by the leaf-level similarity score (S3).
• V4 Without IF: Augmented representations and PCIi are retained, but IFc,k is set to 1

for all knowledge nodes.

Two complementary metrics are used to quantify the impact of each ablation on group
separation. The first is the IF-weighted relevant credit volume, which captures grade-free
structural alignment weighted by job-side relevance. Equation (17) defines RCVc as a
credit-normalised accumulation of path-consistent, job-relevant coursework:

RCVc =

n

∑
i=1

(
Cri × PCIi × IFc,k(i)

)
n

∑
i=1

Cri

, (17)

where Cri is the credit value of course record i, PCIi is the course-level path consistency
score from Phase 4, IFc,k(i) is the job-side importance factor for the mapped knowledge
node (k(i)), and n is the number of transcript records.
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The second metric is the grade-weighted competency score, which extends the pre-
vious measure by incorporating academic performance. Equation (18) defines GCSc by
additionally weighting each record by its numeric grade (Gi):

GCSc =

n

∑
i=1

(
Gi × Cri × PCIi × IFc,k(i)

)
n

∑
i=1

Cri

, (18)

where Gi denotes the numeric grade for course record i. Together, RCVc and GCSc separate
the contributions of structure and market relevance (RCV) from the additional influence of
academic performance (GCS), enabling a more interpretable ablation analysis.

For each variant and metric, SR is computed as in Section 5.5, using the ratio of mean
scores between the computing group and the Visual Arts group. The expected direction is
SR > 1 for the Computer Job path and SR < 1 for the Art Job path.

Table 17 shows that no single component maximises all outcomes. V2 produces
higher Computer Job separation than the full framework, but it weakens the Art Job
path, suggesting that raw labels may increase single-domain separation while reducing
negative-control cross-domain discrimination. Therefore, semantic augmentation is not
used solely to maximise separation on one path; rather, it helps reduce over-specialised
surface matching and supports more stable semantic ranking behaviour across the two
contrasting ontology paths evaluated in this study.

Table 17. Ablation study results. SR is the ratio of the mean computing student score to the mean
Visual Arts student score. For the Computer Job path, SR > 1 indicates the expected direction; for the
Art Job path, SR < 1 indicates the expected direction.

Variant Configuration
Computer Job Art Job

RCV SR GCS SR Cohen’s d RCV SR GCS SR

V1 Full Aug + PCI + IF 1.8633 1.6864 3.168 0.6267 0.5561
V2 Without Augmentation Raw + PCI + IF 2.1586 1.8997 4.113 0.6990 0.6179
V3 Without PCI Aug + S3 + IF 1.7993 1.6389 3.589 0.8891 0.7864
V4 Without IF Aug + PCI + IF = 1 1.2289 1.0962 5.461 0.5400 0.4824

The remaining ablations show complementary component effects. Removing IFc,k in
V4 substantially weakens Computer Job separation, indicating the importance of job-side
relevance weighting for data-domain ranking. Removing PCI in V3 mainly affects the
Art Job path, where the SR moves closer to the neutral value, indicating that multi-level
structural scoring is important in limiting cross-domain contamination. Overall, the full
framework provides the most balanced behaviour across both ontology paths, even though
it does not achieve the largest value on every individual metric.

5.7. Ranking Performance and Semantic Traceability

This subsection evaluates the final ranking behaviour of the proposed framework
against the comparison methods defined in Section Comparison Methods. The anal-
ysis considers group-level separation, retrieval performance, sub-type sensitivity, and
semantic traceability.

5.7.1. Group Separation Across Methods

SR quantifies how strongly each method separates the target group from the contrast
group. For data-domain job types, SR is computed as the mean score of computing students
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divided by the mean score of Visual Arts students. For the Visual Art job type, the ratio is
reversed so that an SR above one still indicates the expected direction. Cohen’s d is reported
as a descriptive effect-size measure comparing the target and contrast groups under each
method and job type. Table 18 reports the SR and Cohen’s d for all five methods across the
four job types.

Table 18. SR and Cohen’s d for each method across four job types.

Job Type M1: GPA
Ranking

M2: Keyword
Matching M3: Flat SBERT M4: L3-Only + IF M5: Proposed

Framework

Separation Ratio (SR)

Data Scientist 0.892 2.590 1.238 1.821 1.673
Data Analyst 0.892 2.590 1.238 1.876 1.723
Data Engineer 0.892 2.590 1.238 1.887 1.798
Visual Art 1.121 1.881 1.268 1.169 1.728

Cohen’s d

Data Scientist −0.990 +3.558 +5.566 +3.458 +3.187
Data Analyst −0.990 +3.558 +5.566 +2.320 +2.433
Data Engineer −0.990 +3.558 +5.566 +4.006 +3.984
Visual Art +0.990 +3.326 +7.357 +1.394 +6.982

Table 18 shows that GPA ranking fails data-domain directionality because Visual Arts
students have the highest mean GPA in the sample. Keyword matching and flat SBERT
achieve correct broad-domain separation in several cases, but they do not distinguish
among Data Scientist, Data Analyst, and Data Engineer requirements. The proposed
framework is not always the highest-scoring method on every individual metric, but it is
the only method that jointly satisfies the four operational criteria used in this evaluation:
domain discrimination, sub-type sensitivity, negative-control cross-domain discrimination,
and ontology-based interpretability.

5.7.2. Retrieval Performance and Ranking Consistency

Recall@K and Hit Rate@K evaluate whether relevant candidates appear near the top
of the ranked list. Recall@K measures the proportion of target-group students included in
the top K, while Hit Rate@K measures the percentage of top-K positions occupied by the
target group. Table 19 reports results for K ∈ {10, 20, 50}.

Table 19. Recall@K and Hit Rate@K for computing students on data-domain job types and for Visual
Arts students on the Visual Art job type. Hit Rate@K reports the percentage of top-K positions
occupied by target-group students.

Job Type K M1: GPA
Ranking

M2: Keyword
Matching M3: Flat SBERT M4: L3-Only + IF M5: Proposed

Framework

Recall@K—computing students (data-domain roles, all three job types identical)

Data-domain 10 0.068 0.137 0.137 0.137 0.137
(DS/DA/DE) 20 0.164 0.274 0.274 0.274 0.274

50 0.466 0.685 0.685 0.685 0.685

Recall@K—Visual Arts students (Visual Art job type)

Visual Art 10 0.238 0.476 0.476 0.000 0.476
20 0.381 0.952 0.952 0.333 0.952
50 0.762 1.000 1.000 1.000 1.000
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Table 19. Cont.

Job Type K M1: GPA
Ranking

M2: Keyword
Matching M3: Flat SBERT M4: L3-Only + IF M5: Proposed

Framework

Hit Rate@K—computing students (data-domain roles)

Data-domain 10 50% 100% 100% 100% 100%
(DS/DA/DE) 20 60% 100% 100% 100% 100%

50 68% 100% 100% 100% 100%

Hit Rate@K — Visual Arts students (Visual Art job type)

Visual Art 10 50% 100% 100% 0% 100%
20 40% 100% 100% 35% 100%
50 32% 42% 42% 42% 42%

Several semantic methods reach the maximum possible Recall@K for data-domain
roles because all top-K positions are occupied by computing students. In this setting,
Recall@K is bounded by the number of computing students in the 94-student ranking
subsample rather than by the top-K list alone. Thus, the main contrast is not data-domain
retrieval but the Visual Art path, where L3-only matching performs poorly while the
proposed framework remains robust. This supports the role of multi-level structural
scoring in reducing cross-domain contamination.

5.7.3. Sub-Type Sensitivity and Overall Criteria

Sub-type sensitivity is evaluated in terms of whether a method produces distinct
ranking behaviour across Data Scientist, Data Analyst, and Data Engineer roles. Methods
without job-side IFc,k weighting tend to produce identical or near-identical patterns across
the three data-domain roles, whereas methods using IFc,k preserve role-specific differences
derived from the job-side structural relevance analysis.

Spearman’s ρ is used as a supplementary summary measure of pairwise ranking
agreement between methods. Across the data-domain job types, the rankings produced
by M4 (L3-Only + IF) and M5 (proposed framework) show consistently high agreement
(ρ ≥ 0.994, p < 10−89). This indicates that M5 preserves much of the semantic ranking
structure produced by M4 while adding PCI-based structural safeguards. In contrast M1
(GPA ranking) shows weak or negative correlation with the semantic methods, suggesting
that grade-only ranking produces substantially different candidate orderings.

Table 20 summarises method performance across four criteria. Domain discrimination
is met when the expected SR direction is observed across job types. Sub-type sensitivity
requires distinct scores across the three data-domain roles. Cross-domain robustness is
assessed on the Visual Art path, and ontology-based interpretability is assessed in terms of
whether scores can be traced to ontology nodes and paths.

The proposed framework is the only method satisfying all four criteria in this evalua-
tion. This does not mean that it maximises every individual metric. Rather, its advantage
is that it combines acceptable domain discrimination, role-specific sensitivity, robustness
on the cross-domain Visual Art path, and traceable ontology-based interpretation within a
single scoring framework.

https://doi.org/10.3390/make8070183

https://doi.org/10.3390/make8070183


Mach. Learn. Knowl. Extr. 2026, 8, 183 32 of 58

Table 20. Summary of method performance across four operational criteria under the dataset and
target-role setting evaluated in this study. ✓ indicates that the criterion is met; × indicates failure;
△ indicates partial performance. The proposed framework is the only method satisfying all four
criteria in this evaluation.

Criterion M1: GPA
Ranking

M2: Keyword
Matching

M3: Flat
SBERT

M4: L3-Only +
IF

M5: Proposed
Framework

Domain discrimination × ✓ ✓ ✓ ✓
Sub-type sensitivity × × × ✓ ✓
Cross-domain robustness △ ✓ △ × ✓
Ontology-based
interpretability

× △ △ △ ✓

Criteria met 0/4 2/4 2/4 2/4 4/4

5.7.4. Semantic Traceability Analysis

Using the course-level evidence-relevance signal (Ei) defined in Equation (15),
the framework traces each ranking outcome back to course-level semantic evidence. Be-
cause Ei is computed before grade and credit weighting, it highlights the structural and
job-side relevance of each course independently of the student’s achieved grade.

For each student (s) and target job type (c), course-level evidence relevance is aggre-
gated by skill group to form a competency profile. Equation (19) defines the skill-group
profile value (Ps,c,g) as the credit-weighted mean evidence relevance within skill group g:

Ps,c,g =

∑
i : g∗(i)=g

Cri × Ei

∑
i : g∗(i)=g

Cri
, (19)

where g∗(i) = parentL2(k(i)) denotes the skill group assigned to course i through
the branch-locking step and Ei is the course-level evidence-relevance signal defined in
Equation (15). Each dimension of P⃗s,c represents the credit-weighted mean evidence rele-
vance within a skill group. Therefore, the profile explains which ontology areas provide
the strongest semantic evidence for the target job type before grade weighting.

Figure 5 presents Semantic Traceability Maps for four representative students from
B.Sc. Computer Science, B.B.A. Business Information Systems, B.Eng. Computer Engineer-
ing, and B.F.A. Visual Arts, evaluated against the Data Scientist job type.

The computing students’ profiles concentrate more strongly in Technical Skills and
Cognitive Skills, which is consistent with their computing-oriented curricula. The Visual
Arts profile places greater weight on art-oriented skill groups such as Creative Skills and
Affective Skills. This contrast illustrates how the framework connects ranking behaviour to
interpretable ontology-level evidence rather than only producing a numerical score.

Table 21 reports the five highest-ranked courses by credit-weighted evidence relevance
(Cri × Ei) for two contrasting students evaluated against the Data Scientist job type. The ta-
ble should be interpreted as an explanation of semantic evidence relevance, not as a full
decomposition of NTACSc, because Ei is defined before grade weighting.

Student A’s top courses map to knowledge nodes that are structurally relevant to the
Data Scientist path in the job-side analysis. Student B’s top courses map mainly to Fine
Arts and Communications and Media, yielding lower evidence-relevance values for the
Data Scientist path. This comparison illustrates how the framework provides traceable
course-level evidence alongside the ranking output.
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Figure 5. Semantic traceability maps for four representative students evaluated against the Data
Scientist job type. Each axis corresponds to one of the seven skill groups at L2, and the shaded area
reflects the credit-weighted mean evidence relevance (Ps,c,g) defined in Equation (19).

Table 21. Top-5 contributing courses by credit-weighted evidence relevance (Cri × Ei) for two
representative students evaluated against the Data Scientist job type. Cri denotes course credit, k(i)
denotes the mapped knowledge node at L3, PCIi denotes the Path Consistency Index, and Ei is the
pre-grade evidence-relevance signal defined in Equation (15).

Rank Course Name Mapped Knowledge Node (k(i)) Cri PCIi Ei

Student A: B.Sc. Computer Science (NTACSDS Rank 1 of 94)

1 Machine Learning Mathematics 3 0.481 0.342
2 Database Systems Computers and Electronics 3 0.463 0.319
3 Data Mining Mathematics 3 0.457 0.325
4 Algorithm Design Mathematics 3 0.445 0.316
5 Software Engineering Computers and Electronics 3 0.432 0.298

Student B: B.F.A. Visual Arts (NTACSDS Rank 76 of 94; top-ranked arts student)

1 Art History and Theory Fine Arts 3 0.361 0.094
2 Design Studio I Fine Arts 3 0.344 0.089
3 Creative Media Fine Arts 3 0.331 0.086
4 Visual Communication Communications and Media 3 0.298 0.071
5 Photography Fine Arts 3 0.287 0.074

Taken together, the results provide empirical support for the three contributions
stated in the Introduction. First, the LLM ensemble and HITL validation results show
that the semi-automated process can produce an expert-confirmed ontology backbone
suitable for downstream scoring. Second, the representation diagnostics and PCI-based
group separation results indicate that augmented descriptions and multi-level structural
scoring provide meaningful discrimination between contrasting academic profiles. Third,
the ablation, ranking, and traceability analyses show that the framework components
contribute complementary effects rather than uniformly improving every separation metric,
and the final ranking outputs can be traced back to course-level semantic evidence.

5.8. Sensitivity and Ranking Stability Analysis

To assess whether the rankings produced by the proposed framework depend on
specific design choices, we conducted a one-factor-at-a-time (OFAT) sensitivity analysis.
Starting from the original configuration as the baseline (B0)—Top-1 path locking, equal
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hierarchical weighting in the PCI, grade-weighted NTACS scoring, and credit-weighted
transcript evidence—we varied a single assumption at a time and measured how far the
resulting student ranking departed from B0. Agreement with the baseline ranking was
quantified using Spearman’s rank correlation (ρ), which captures changes in the overall or-
dering, and Top-10 overlap, which captures whether the highest-ranked candidates remain
in the same group. The analysis was performed independently for all four evaluated target
paths/domains (Data Scientist, Data Analyst, Data Engineer, and Visual Art), consistent
with the ranking results reported in Table 18.

This analysis evaluates ranking stability under the five one-factor-at-a-time assump-
tion changes (SA1–SA5) tested in this study. Therefore, it is distinct from and complemen-
tary of the ablation study (Section 5.6), the cross-method comparison (Section 5.7), and the
expert-labelled validation, which assess the framework’s comparative effectiveness and
discriminative value rather than its stability. To avoid confusion with the reference meth-
ods (M1–M5), sensitivity-analysis configurations are denoted SA1–SA5. SA1 (grade-free
ranking) quantifies the influence of grade evidence by replacing NTACS with a grade-free
relevant credit volume (RCV) score. SA2 (Top-3 path averaging) tests sensitivity to the L3

entry-point selection rule and sensitivity to candidate-path ambiguity. SA3 (leaf-weighted
PCI) and SA4 (job-weighted PCI) assess dependence on the equal hierarchical-level weight-
ing assumption in the PCI by emphasising the leaf level (L3) and job-category level (L1),
respectively. SA5 (equal course weighting) tests whether course-credit magnitudes drive
the results by replacing actual credits with an unweighted-course assumption. Table 22
lists each scenario with the single assumption modified relative to B0.

Table 22. Sensitivity scenarios and the modified assumption relative to the baseline (B0). Each
scenario modifies exactly one assumption; all other components are held fixed.

ID Factor Change from B0

SA1 Grade evidence Compare grade-weighted NTACS with the grade-free
IF-weighted relevant credit volume (RCV, Equation (17)).

SA2 L3 entry selection Replace Top-1 path locking with Top-3
candidate-path averaging.

SA3 PCI level weighting Re-weight PCI levels with (w1, w2, w3) = (0.25, 0.25, 0.50),
emphasising the leaf level (L3).

SA4 PCI level weighting Re-weight PCI levels with (w1, w2, w3) = (0.50, 0.25, 0.25),
emphasising the job-category level (L1).

SA5 Credit weighting Replace actual course credits with an
unweighted-course assumption.

Across all scenarios, only one factor is altered at a time, and all remaining compo-
nents are held fixed to the baseline, ensuring that any observed change in ranking can be
attributed to the tested assumption.

5.8.1. Sensitivity Analysis Results

Agreement with the baseline ranking is summarised in Tables 23 and 24, with Table 23
reporting Spearman’s rank correlation (ρ) and Table 24 reporting the corresponding Top-10
overlap. For the parameter-perturbation scenarios (SA2, SA3, and SA4) and the credit
scenario (SA5), high agreement indicates that the ranking is stable under the tested change.
Scenario SA1 is interpretive in a different sense: because RCV is a grade-free construct rather
than a perturbed version of NTACS, low or even negative agreement is expected by design
and should be interpreted as evidence of grade influence rather than as ranking instability.
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Table 23. Ranking agreement with the baseline (B0) under each sensitivity scenario, reported as
Spearman’s rank correlation (ρ; higher indicates greater stability).

Scenario Data Scientist Data Analyst Data Engineer Visual Art

B0 (reference) 1.000 1.000 1.000 1.000
SA2: Top-3 path averaging 0.967 0.939 0.963 0.990
SA3: Leaf-weighted PCI 0.999 0.999 0.999 0.999
SA4: Job-weighted PCI 0.999 0.999 0.999 0.999
SA5: Equal-course weighting 0.991 0.976 0.990 0.988
SA1: Grade-free ranking −0.101 −0.226 −0.096 0.409

Table 24. Ranking agreement with the baseline (B0) under each sensitivity scenario, reported as
Top-10 overlap with the baseline ranking (higher indicates greater stability among top candidates).

Scenario Data Scientist Data Analyst Data Engineer Visual Art

B0 (reference) 1.000 1.000 1.000 1.000
SA2: Top-3 path averaging 0.700 0.700 0.500 0.900
SA3: Leaf-weighted PCI 1.000 1.000 1.000 1.000
SA4: Job-weighted PCI 0.900 1.000 1.000 1.000
SA5: Equal course weighting 0.800 0.800 0.900 1.000
SA1: Grade-free ranking 0.200 0.100 0.300 0.400

To improve readability, we report ranking stability using two complementary agree-
ment measures. Spearman’s rank correlation (ρ) captures changes in the overall ordering of
candidates, while Top-10 overlap captures whether the highest-ranked candidates remain
largely unchanged. Table 23 reports ρ values for each scenario and target path, and Table 24
reports the corresponding Top-10 overlap values.

In both tables, higher values indicate greater stability for the parameter-perturbation
scenarios (SA2, SA3, SA4, and SA5), so low values are expected by design.

While ρ summarises global stability across the full ranking list, Top-10 overlap focuses
on stability at the decision-critical top end of the list. We therefore report Top-10 overlap
separately in Table 24.

Together, these two views distinguish scenarios that preserve the overall ordering
from those that mainly reshuffle the top-ranked candidates, which is particularly relevant
for shortlisting-based recruitment decisions.

5.8.2. Interpretation of Sensitivity and Ranking Stability

The ranking is highly stable with respect to hierarchical-level weighting. Re-weighting
the three PCI levels towards either the leaf level (SA3) or the job-category level (SA4) leaves
the ordering almost unchanged (ρ ≥ 0.998 across all target paths/domains, with Top-10
overlap of 0.90–1.00). This indicates that the rankings do not depend strongly on the
specific choice of equal level weighting in the PCI within the tested weighting alternatives.
Stability is also high for the credit assumption (SA5): replacing actual course credits with an
unweighted-course assumption preserves the ordering closely (ρ = 0.976–0.991), showing
that the rankings are not driven primarily by course-credit magnitudes. For the L3 entry-
point rule (SA2), the overall ordering remains stable (ρ = 0.939–0.990), although the Top-10
overlap is more variable (0.50–0.90). This indicates that averaging over the Top-3 candidate
paths preserves the global ranking while modestly reshuffling the top of the list, suggesting
that single-best (Top-1) path locking mainly affects the composition of the highest-ranked
candidates without substantially altering the broader ranking structure.

Scenario SA1 compares the grade-weighted ranking (NTACS) with the grade-free
relevant-credit-volume ranking (RCV). For the three data-domain roles, the two rankings
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are essentially uncorrelated or weakly negatively correlated (ρ between−0.226 and−0.096),
and the Top-10 overlap is small (0.10–0.30). This is expected and informative rather than
a sign of instability: NTACS and RCV measure different constructs. NTACS captures
the quality of learning, represented by grades and weighted by relevance, whereas RCV
captures the volume of relevant coursework, irrespective of grades. A student who has
taken many job-relevant courses (high RCV) need not be the same student who achieved
the highest grades in relevant courses (high NTACS), so the two orderings can diverge
substantially. The result confirms that grade evidence is a decisive factor in the NTACS
ranking by design, which is why the framework also reports RCV (Equation (17)) and the
relevant-volume measure (Equation (14)) as complementary, grade-independent indicators.
For the Visual Art path, the divergence is weaker (ρ = 0.409), indicating closer agreement
between grade-weighted and grade-free evidence than in the data-domain roles. This
may suggest that, in this path, the volume of relevant coursework and grade-weighted
achievement are more closely aligned.

Across the parameter-perturbation scenarios, the proposed ranking is generally stable,
with Spearman correlations ranging from 0.939 to 0.999. This indicates that the results are
not an artefact of a single arbitrary assumption regarding hierarchical weighting, the L3

entry-point rule, or course credits. The only factor that materially changes the ordering
is the inclusion of grade evidence, which reflects the intended grade-sensitive design of
NTACS and motivates the complementary grade-free measures retained in the framework.

5.9. Evaluation of Ranking Validity and Expert Agreement

This subsection evaluates the ranking validity of the proposed framework and the reli-
ability of the expert-based reference judgement. The evaluation is organised into four parts:
construction of the expert-based reference set, grade-free relevance-ranking performance,
grade-effect diagnostics, and expert-rating reliability and system–expert agreement.

Because employer hiring decisions, placement outcomes, and recruiter shortlisting
records were not available for the datasets used in this study, an expert-labelled reference
was constructed. This reference is not treated as an error-free ground truth. Rather, it serves
as an independent expert judgement for assessing whether the rankings produced by the
framework are reasonably aligned with human assessment of student–job fit.

It is important to note that this evaluation involves an expert activity separate from
the HITL ontology verification described in Section 4.4. The HITL stage used two pan-
els totalling ten members to validate LLM-proposed ontology mappings—a knowledge-
engineering task. The ranking-validation stage described here used a distinct panel of
five evaluators to rate student–job suitability from transcript evidence—a competency-
assessment task. The two panels serve different functions and were selected independently
on the basis of the expertise required for each task.

5.9.1. Construction of the Expert-Based Reference Set

The original ranking experiment included 94 students: 73 computing students (Com-
puter Engineering: 20; Business Information Systems: 21; Computer Science: 21; Informa-
tion Technology: 11) and 21 Visual Arts students. Because programme sizes were unequal,
proportional sampling would have resulted in very few Information Technology students
being included. To ensure sufficient representation across all strata and to prevent expert
survey fatigue from rating all 94 candidates, disproportionate stratified sampling was
applied: exactly nine students were drawn from each of the five programmes (Computer
Engineering, nine students; Business Information Systems, nine students; Computer Sci-
ence, nine students; Information Technology, nine students; Visual Arts, nine students),
producing a balanced expert-evaluation subset of 45 students. Each sampled student was
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matched to the full ranking pool by student ID so that framework-generated scores for the
45 candidates could be directly compared with expert ratings.

Four job postings were selected for expert evaluation—one per target job type—based
on the spread of NTACS scores across the 45 sampled students so that postings producing
meaningful variation in student–job fit were preferred: task A1 used posting P1 (Senior Data
Scientist), task A2 used posting P2 (Analyst, Imagery Analytics), task A3 used posting P3
(Principal Data Engineer), and task A4 used posting P4 (Art & Graphic Design Team
Leader). Each task generated 225 ratings, yielding 900 rating records in total.

The expert panel comprised five evaluators: three HR professionals from private-
sector companies with more than ten years of experience in recruitment and competency
assessment and two university career-guidance lecturers with relevant experience in stu-
dent employability. Each expert rated the suitability of each of the 45 candidates for each
selected job posting on a 1–5 scale.

5.9.2. Relevance-Ranking Performance

Table 25 reports the grade-free relevance-ranking performance of four methods: key-
word matching (M2), flat SBERT matching (M3), L3-only ontology matching with the impor-
tance factor (M4), and the grade-free variant of the proposed framework (M5: NonGrade).
The GPA baseline (M1) and the full NTACS score (M5: Full Framework) are excluded
from this table because they incorporate academic grade information and therefore do not
represent pure relevance scores.

Table 25. Relevance-ranking performance of grade-free methods (M2–M5: NonGrade). M1 and M5
(Full Framework) are excluded because they include grade information.

Job Type Method AUC Cliff’s δ Recall@20 HitRate@20 Mean Rank

Data Scientist M2: Keyword Matching 1.0000 1.0000 0.2740 1.00 37.0000
Data Scientist M3: Flat SBERT 1.0000 1.0000 0.2740 1.00 37.0000
Data Scientist M4: L3-Only + IF 0.5740 0.1481 0.2603 0.95 45.9452
Data Scientist M5: NonGrade 0.4442 −0.1115 0.2192 0.80 48.6712

Data Analyst M2: Keyword Matching 0.7776 0.5551 0.2192 0.80 41.6712
Data Analyst M3: Flat SBERT 1.0000 1.0000 0.2740 1.00 37.0000
Data Analyst M4: L3-Only + IF 0.9583 0.9165 0.2740 1.00 37.8767
Data Analyst M5: NonGrade 0.9667 0.9335 0.2740 1.00 37.6986

Data Engineer M2: Keyword Matching 1.0000 1.0000 0.2740 1.00 37.0000
Data Engineer M3: Flat SBERT 1.0000 1.0000 0.2740 1.00 37.0000
Data Engineer M4: L3-Only + IF 1.0000 1.0000 0.2740 1.00 37.0000
Data Engineer M5: NonGrade 1.0000 1.0000 0.2740 1.00 37.0000

Visual Art M2: Keyword Matching 0.8826 0.7652 0.6190 0.65 19.5714
Visual Art M3: Flat SBERT 1.0000 1.0000 0.9524 1.00 11.0000
Visual Art M4: L3-Only + IF 1.0000 1.0000 0.9524 1.00 11.0000
Visual Art M5: NonGrade 1.0000 1.0000 0.9524 1.00 11.0000

Five statistics are reported. AUC measures the probability that a randomly selected
target-group student receives a higher score than a randomly selected reference-group
student. Cliff’s δ provides a non-parametric effect size for group separation. Recall@20
measures the proportion of target-group students retrieved within the Top-20 ranked
students; HitRate@20 measures the proportion of Top-20 positions occupied by target-group
students; and Mean Rank is the mean-rank position of target-group students. For data-
oriented job types, computing students are the target group, and Visual Arts students are
the reference group; for the Visual Art task, the roles are reversed.

The results show strong grade-free separation for several job types. For Data Engineer,
all four grade-free methods achieved perfect separation. For Data Analyst, M5 (NonGrade)
produced an AUC of 0.9667 and Cliff’s δ of 0.9335—slightly higher than M4, which suggests
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that the ontology-based relevance structure is useful for this job type. For the Visual Art
task, M3, M4, and M5 (NonGrade) all achieved AUC = 1.0000, Cliff’s δ = 1.0000, and
HitRate@20 = 1.00.

The Data Scientist case warrants more cautious interpretation. Although M2 and M3
achieved perfect separation, M4 and M5 (NonGrade) produced weaker results, with M5
(NonGrade) yielding AUC = 0.4442 and Cliff’s δ =−0.1115. Diagnostic inspection indicated
that some data-science skill assignments were unexpectedly associated with the Mechanical
L3 node, suggesting a semantic nearest-node assignment issue rather than a failure of the
weighting mechanism itself. This case illustrates that O4CM is not presented as error-
free; rather, its ontology-based traceability makes failure cases diagnosable—the semantic
traceability map surfaces the specific L3 node responsible for the misalignment, enabling
targeted correction of the augmentation or path-locking step.

It should also be noted that the maximum achievable Recall@20 depends on the target
group size. For the 73 computing students, the maximum is 20/73 = 0.2740; for the
21 Visual Arts students, it is 20/21 = 0.9524. Therefore, Recall@20 should be interpreted
alongside HitRate@20 and Mean Rank.

5.9.3. Grade-Effect Diagnostics

Table 26 examines how including grades changes the student ranking. M5 (NonGrade)
is the grade-free ontology-based relevance score, while M5 (Full Framework) is the full
NTACS score that incorporates academic grades. The Spearman correlation between M5
(Full Framework) and M5 (NonGrade) indicates whether grades preserve the relevance-
based ordering; the correlation between GPA and M5 (Full Framework)indicates how
strongly the full score is driven by general academic performance.

Table 26. Grade-effect diagnostics comparing M5 (Full Framework) with M5 (NonGrade).

Job Type ρ(Full,NonGrade) ρ(GPA,Full) r(GPA,Full) Median Shift Mean Abs. Shift Median Abs.
Shift

Data Scientist 0.2105 0.9075 0.9072 +1.75 26.6064 21.50
Data Analyst −0.1239 0.8029 0.8149 −5.75 34.1170 34.25
Data Engineer −0.1765 0.9388 0.9355 +2.25 34.3191 31.00
Visual Art 0.4295 0.9805 0.9838 −2.00 22.6277 17.00

M5 (Full Framework) is strongly associated with GPA across all job types (Spearman
ρ = 0.80–0.98), which is expected because grades appear directly in the NTACS numerator.
In contrast, the correlation between M5 (Full Framework)and M5 (NonGrade) is weak or
negative for the three data-domain roles (ρ = −0.18 to 0.21), indicating that incorporating
grades substantially changes the relevance-based ranking. Shifts in mean absolute rank
ranged from 22.6 to 34.3 positions, confirming that many students change positions after
grades are added. Therefore, M5 (Full Framework) should be interpreted as a grade-
sensitive competency-quality score rather than a pure relevance score; M5 (NonGrade) is
more appropriate for evaluating grade-free ontology-based relevance.

5.9.4. Expert-Rating Reliability

Before comparing system-generated scores with expert ratings, the reliability of the
expert judgements was examined. Each of the four tasks involved 45 candidates rated by
5 experts, giving 225 ratings per task and 900 ratings in total. Table 27 reports ICC(2,k) under
a two-way random-effects absolute-agreement model, Krippendorff’s α, and Kendall’s W
for each posting and overall.

ICC(2,k) values ranged from 0.77 to 0.79 across all four postings, indicating that the
averaged expert rating is sufficiently reliable for use as an aggregated reference. However,
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Krippendorff’s α (0.39–0.42) reflects only low-to-moderate agreement in exact score assign-
ment among individual raters, and Kendall’s W (0.43–0.55) similarly indicates moderate
ranking concordance. These values indicate that while the aggregated mean rating is stable,
individual expert scores varied, which is consistent with the subjective nature of compe-
tency assessment across different professional backgrounds. Therefore, the mean expert rat-
ing is used as an aggregated independent reference, not as an error-free ground-truth label.

Table 27. Expert-rating reliability across four job postings.

Task Posting Job Type ICC(2,k) Kripp. α Kendall’s W

A1 P1 Data Scientist 0.7857 0.4126 0.4892
A2 P2 Data Analyst 0.7939 0.4167 0.5511
A3 P3 Data Engineer 0.7700 0.3852 0.5276
A4 P4 Visual Art 0.7711 0.3857 0.4305

5.9.5. External Validation Against Expert Ratings

After confirming the reliability of the aggregated expert ratings, each ranking
method was compared with the mean expert ratings for the 45 students in the expert-
evaluation subset. The merged validation dataset contained 180 candidate–posting pairs
(45 candidates × 4 postings) with no missing system scores.

Rank-based metrics were used: Spearman’s ρ and Kendall’s τ measure overall rank
agreement between system scores and expert mean ratings; NDCG@10 and NDCG@20
measure whether candidates with high expert ratings are placed near the top of the system-
generated ranking.

The external validation results for all ranking methods across the four job types are
summarised in Table 28.

Table 28. External validation against mean expert ratings for all methods across four job types. Bold
values indicate the highest-performing method for each metric within each job type.

Job Type Method Spearman’s ρ Kendall’s τ NDCG@10 NDCG@20

Data Scientist M1: GPA Ranking 0.6592 0.4885 0.8676 0.8782
Data Scientist M2: Keyword Matching 0.1531 0.1155 0.6729 0.7237
Data Scientist M3: Flat SBERT −0.0257 −0.0169 0.5423 0.6362
Data Scientist M4: L3-Only + IF 0.5266 0.3891 0.8183 0.8586
Data Scientist M5: NonGrade 0.4371 0.3274 0.7885 0.8506
Data Scientist M5: Full Framework 0.5534 0.4102 0.6830 0.7987

Data Analyst M1: GPA Ranking 0.6585 0.5121 0.9265 0.9190
Data Analyst M2: Keyword Matching 0.0608 0.0400 0.6933 0.7606
Data Analyst M3: Flat SBERT 0.0191 0.0273 0.5545 0.6634
Data Analyst M4: L3-Only + IF 0.1310 0.0850 0.5711 0.7092
Data Analyst M5: NonGrade 0.1103 0.0810 0.5632 0.6868
Data Analyst M5: Full Framework 0.6500 0.4859 0.9290 0.9190

Data Engineer M1: GPA Ranking 0.7267 0.5503 0.9011 0.9101
Data Engineer M2: Keyword Matching −0.0610 −0.0223 0.6090 0.6622
Data Engineer M3: Flat SBERT −0.1262 −0.0801 0.5177 0.6283
Data Engineer M4: L3-Only + IF 0.4382 0.2963 0.7472 0.7979
Data Engineer M5: NonGrade 0.4012 0.2659 0.7119 0.7767
Data Engineer M5: Full Framework 0.7082 0.5406 0.9014 0.9040

Visual Art M1: GPA Ranking 0.6946 0.5106 0.7379 0.8432
Visual Art M2: Keyword Matching 0.5768 0.4362 0.7951 0.8607
Visual Art M3: Flat SBERT 0.6401 0.4903 0.9878 0.9387
Visual Art M4: L3-Only + IF 0.2670 0.1237 0.9040 0.8497
Visual Art M5: NonGrade 0.2696 0.1375 0.9327 0.8711
Visual Art M5: Full Framework 0.7251 0.5356 0.7942 0.8710
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The results show that expert ratings were more strongly aligned with grade-sensitive
scores than with grade-free relevance scores in several job types. For Data Scientist, GPA
ranking produced the highest Spearman correlation (ρ = 0.6592), followed by M5 (Full
Framework) (ρ = 0.5534) and M4 (ρ = 0.5266). For Data Analyst, M1 and M5 (Full Frame-
work) showed very close rank agreement with expert ratings (ρ = 0.6585 and 0.6500 re-
spectively), and M5 (Full Framework) produced the highest NDCG@10. For Data Engineer,
M1, again, achieved the highest Spearman correlation (ρ = 0.7267), closely followed by M5
(Full Framework) (ρ = 0.7082). For Visual Art, M5 (Full Framework) achieved the highest
overall rank agreement (ρ = 0.7251), while M3 produced the highest NDCG@10 values.

Overall, these results indicate that expert judgements were not based solely on
transcript–job relevance. Experts also appear to have considered academic achievement,
which explains the alignment between GPA-sensitive scores and expert ratings. M5 (Non-
Grade) remains the most appropriate measure for evaluating grade-free ontology-based
relevance, while M5 (Full Framework) provides a grade-sensitive competency-quality score
that is more consistent with expert judgement in several scenarios. At the same time,
these analyses show that PCI, TACS, and NTACS provide complementary and traceable
competency-based evidence beyond GPA, keyword, and flat-SBERT baselines rather than
universally outperforming all simpler methods.

5.10. Expert-Aligned Ranking Within Computing Programmes

The full-cohort evaluation in Section 5.9 includes both computing-programme students
and Visual Arts students, which creates a broad programme-level contrast that may inflate
separation scores. To examine whether the framework retains meaningful agreement with
expert judgements under more demanding conditions, we conducted a computing-only
expert-aligned ranking analysis in which Visual Arts candidates and Visual Arts postings
were excluded.

5.10.1. Experimental Setting

The analysis retained only expert-rated candidates from Computer Engineering (CE),
Business Information Systems (BIS), Computer Science (CS), and Information Technology
(IT), spanning four closely related computing programmes. Only three data-domain job
postings were included: Data Scientist, Data Analyst, and Data Engineer. This resulted in
a restricted evaluation setting involving 36 computing candidates and 108 candidate–job
pairs, each evaluated against mean expert ratings. Rankings were compared against expert
judgements using Spearman’s ρ, Kendall’s τ, NDCG@10, and NDCG@20. M1 (GPA Rank-
ing) was excluded from this analysis because the primary question is whether ontology-
based relevance signals can distinguish among students from closely related disciplines.

5.10.2. Expert-Aligned Ranking Results

Table 29 reports the system–expert agreement for each method across the three data-
domain job types.

5.10.3. Interpretation of Computing-Only Expert Alignment

Across all three data-domain job types, M5 (Full Framework) achieved the strongest
agreement with expert judgements (ρ = 0.81, 0.70, and 0.72 for Data Scientist, Data An-
alyst, and Data Engineer, respectively; all p < 0.001). This pattern is consistent with the
full-cohort results and indicates that incorporating academic performance into ontology-
weighted scoring produces rankings that more closely reflect expert assessments, even
when the evaluation is restricted to computing-oriented programmes with partial curricu-
lar overlap.
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Table 29. System–expert agreement in the computing-only evaluation (36 candidates; CE, BIS,
CS, and IT programmes; three data-domain job types). The highest value per metric per job
type is bolded. M1 is excluded, as the question concerns ontology-based discrimination within
computing disciplines.

Job Type Method Spearman’s ρ Kendall’s τ NDCG@10 NDCG@20

Data Scientist M2: Keyword Matching −0.1415 −0.1097 0.6729 0.7249
Data Scientist M3: Flat SBERT −0.4728 −0.3262 0.5423 0.6373
Data Scientist M4: L3-Only + IF 0.5090 0.3727 0.8221 0.8573
Data Scientist M5: NonGrade 0.4965 0.3623 0.8448 0.8614
Data Scientist M5: Full Framework 0.8100 0.6354 0.8881 0.9325

Data Analyst M2: Keyword Matching −0.2349 −0.1717 0.7072 0.7783
Data Analyst M3: Flat SBERT −0.4277 −0.2897 0.5545 0.6634
Data Analyst M4: L3-Only + IF −0.2365 −0.1814 0.5716 0.6946
Data Analyst M5: NonGrade −0.2394 −0.1811 0.5640 0.6896
Data Analyst M5: Full Framework 0.7006 0.5409 0.9131 0.9311

Data Engineer M2: Keyword Matching −0.3814 −0.2720 0.6090 0.6635
Data Engineer M3: Flat SBERT −0.4996 −0.3605 0.5177 0.6295
Data Engineer M4: L3-Only + IF 0.1482 0.0987 0.6769 0.7567
Data Engineer M5: NonGrade 0.0695 0.0383 0.5813 0.7300
Data Engineer M5: Full Framework 0.7207 0.5296 0.8947 0.9046

Grade-free methods (M3, M4, and M5) produced weakly negative or near-zero Spear-
man correlations for Data Analyst and Data Engineer, suggesting that ontology-based
relevance signals alone are insufficient for fine-grained discrimination among students
from closely related disciplines when grades are excluded. The negative correlations for M3
across all three job types further indicate that flat semantic matching without hierarchical
structural weighting is not robust under this more demanding evaluation condition.

These findings should be interpreted cautiously. The expert subset comprises 36 candi-
dates drawn from a single institution, and caution is warranted in generalising to broader
settings. Accordingly, the computing-only analysis is offered as supporting evidence rather
than definitive proof of generalisability. Nevertheless, the results suggest that the frame-
work’s performance in the full-cohort evaluation cannot be attributed solely to obvious
programme-level contrasts: M5 (Full Framework) retains substantial agreement with expert
judgements when evaluated exclusively within closely related computing programmes
and data-domain occupations.

6. Discussion
6.1. Interpretation of Key Findings

The findings provide empirical support for O4CM as a prototype framework for
ontology-grounded student-to-job competency mapping within the dataset used in this
study. Rather than demonstrating universal superiority over all possible matching systems,
the results show that the proposed framework offers a coherent and traceable way to
integrate academic evidence, ontology-based structural alignment, and job-side relevance
signals into a single ranking pipeline.

First, the ontology induction results support the contribution of a semi-automated
ontology construction process. The results show that LLM-assisted construction can pro-
duce a usable ontology backbone when its outputs are treated as candidate structures
rather than final assertions. The five-model ensemble produced high observed agreement
for the knowledge-to-skill mapping task, with 21 of 22 knowledge domains reaching at
least 4/5 consensus. However, the expert correction cases also show that model agree-
ment is not equivalent to domain correctness. The unanimous case of Administration and
Management, which was reassigned from Cognitive_Skills to Technical_Skills after expert
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review, is particularly important. It indicates that even highly consistent LLM outputs
may still be functionally misaligned with the target professional context. This supports the
methodological decision to apply HITL verification across all agreement tiers, including
unanimous outputs.

Second, the semantic representation diagnostics and PCI-based group separation
results support the contribution of multi-level semantic and structural discrimination.
The diagnostic examples show why surface labels alone are insufficient: short course titles,
skill names, and ontology labels often omit the functional context needed for semantic
comparison. The PCI-based group separation analysis further shows that the locked-path
structural score captures meaningful curriculum-level differences between the two clearly
contrasting academic profiles that were evaluated. Computing students obtain higher
credit-weighted PCI scores on the Computer Job path, whereas Visual Arts students obtain
higher scores on the Art Job path, with statistically significant and large effects in both
directions. This bidirectional pattern supports the internal structural validity of the ontology
backbone and indicates that the PCI functions as more than a leaf-level similarity score.

Third, the ablation and ranking results support the contribution of a job-conditioned
and traceable scoring framework. The proposed framework does not maximise every indi-
vidual metric. This is expected because the goal is not to optimise separation on a single
path but to maintain balanced behaviour across job-conditioned ranking, negative-control
cross-domain discrimination, and traceability. Removing IFc,k weakens Computer Job
separation, indicating that job-side structural relevance is important in differentiating data-
domain competency evidence. Removing the PCI affects the Art Job path more strongly,
suggesting that multi-level structural scoring helps reduce cross-domain contamination in
the evaluated computing-versus-arts negative-control setting. Removing augmentation
improves some Computer Job separation values but weakens Art Job separation, imply-
ing that short labels may over-specialise one domain while reducing robustness across
contrasting paths.

6.2. Role of the Framework Components

The results clarify the distinct function of each major component in O4CM. Semantic
augmentation provides richer contextual evidence for embedding and supports inter-
pretability at the course and ontology-node levels. It is especially useful when course titles
or skill labels are too short to express the underlying competency. However, the ablation
results also show that augmentation should not be interpreted as a mechanism that always
increases numerical separation. Its main value is to provide richer and more balanced
semantic evidence, not to maximise one separation metric.

The PCI mechanism provides structural verification across the ontology path. A course
may be close to a knowledge node at L3, but this does not guarantee that it is also consistent
with the corresponding skill group at L2 or job category at L1. By averaging the level-wise
similarity scores across the locked path, PCIi provides a continuous structural confidence
weight. This design avoids hard exclusion of ambiguous courses while reducing their
contribution when higher-level contextual support is weak.

The job importance factor (IFc,k) plays a different role. In the current formulation, it
represents the mean job-side structural confidence of job-skill records mapped to knowledge
node k for job type c. It should therefore be interpreted as job-side structural relevance, not
the raw frequency of occurrence. This distinction is important because the framework does
not simply reward commonly appearing skill terms. Instead, it rewards knowledge nodes
whose job-side skill evidence is structurally supported by the ontology path.

Together, PCIi and IFc,k create a two-sided relevance mechanism. The former evaluates
how strongly a student’s course aligns with the ontology path, while the latter evaluates
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how strongly that knowledge node is supported by job-side evidence for a target job type.
This interaction is the main reason why NTACSc is more informative than GPA, keyword
overlap, or flat similarity alone.

6.3. Comparison with Simpler Matching Strategies

The comparison methods help position O4CM relative to common ranking and match-
ing strategies. GPA ranking provides a useful lower-bound reference because it reflects
academic performance without considering job relevance. In this dataset, the Visual Arts
control group has the highest mean GPA. As a result, GPA-based ranking fails the expected
direction for data-domain roles. This finding supports the argument that GPA alone is not
sufficient for job-specific competency assessment because it cannot distinguish whether
strong academic performance was achieved in job-relevant or job-irrelevant coursework.

Keyword matching performs better than GPA for broad domain separation, but its
identical separation values across Data Scientist, Data Analyst, and Data Engineer indicate
limited sub-type sensitivity. This limitation is consistent with the nature of lexical matching:
roles within the same broad domain often share surface vocabulary, even when they differ
in competency emphasis. Therefore, keyword matching can identify general data-domain
relevance but is less suitable for distinguishing closely related occupational sub-types.

Flat SBERT similarity improves over purely lexical matching by using dense seman-
tic representations [3]. However, the results show that semantic encoding alone is not
sufficient to satisfy all evaluation criteria for ontology-grounded competency mapping.
Without branch locking and multi-level PCI scoring, the method lacks an explicit mecha-
nism for checking whether a leaf-level match is also consistent with the broader skill and
job-category context. O4CM retains the benefit of SBERT-based semantic similarity while
adding ontology-based structural verification and job-side relevance weighting.

The L3-only comparator further clarifies the contribution of multi-level scoring. Be-
cause it uses the top-matched knowledge node and retains IFc,k, it is stronger than flat
SBERT. However, its weaker Visual Art performance suggests that leaf-level matching
can still allow for cross-domain contamination when higher-level ontology support is not
considered. The proposed framework addresses this by using the full locked path from L3

to L2 and L1.
Taken together, the comparison results show that no single simpler alternative satisfies

all four evaluation criteria simultaneously. GPA ranking fails in domain discrimination
for data roles. Keyword matching and flat SBERT achieve broad separation but cannot
distinguish sub-types (Data Scientist vs. Data Analyst vs. Data Engineer). The L3-only
method with IFc,k achieves sub-type sensitivity but degrades on the cross-domain path.
Only the proposed framework satisfies domain discrimination, sub-type sensitivity, cross-
domain robustness, and ontology-based interpretability in this evaluation. The external
validation results (Section 5.9.5) further show that M5 (Full Framework) aligns more
closely with expert judgement than keyword or flat SBERT methods in most job types,
while M5 (NonGrade) provides a grade-free relevance view that is not available from
simpler baselines.

One limitation of this evaluation is that it was conducted primarily on a computing–
arts contrast, which is a relatively easy discrimination task. The framework has not yet been
tested on near-boundary curricula such as Data Science, Software Engineering, Business
Analytics, and Human–Computer Interaction, where job-relevant knowledge domains
overlap more substantially and the expected benefit of multi-level structural scoring may
be less pronounced. Near-boundary testing is an important direction for future work and
would provide a more stringent practical comparison with simpler alternatives.
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6.4. Application-Oriented Significance

From an application perspective, the main value of O4CM is not only the final rank
order but also the structured evidence attached to each ranking decision. The framework
operates at the course-record level, which allows it to capture variation within the same
academic programme. This is important for programmes with flexible elective structures,
where two students may share the same major but accumulate different job-relevant com-
petency profiles.

The normalised score (NTACSc) is useful for candidate ranking because it reduces
sensitivity to transcript length and credit volume while preserving the effects of grades,
credits, student-side structural alignment, and job-side relevance. The supplementary
RelVolc score provides an additional view of the breadth of structurally supported course-
work, independent of grade performance. These two outputs can support different decision
needs: NTACSc for ranking and RelVolc for understanding the amount of relevant learning
evidence behind the score.

The Semantic Traceability Map extends the framework beyond black-box ranking.
By aggregating the course-level relevance signal (Ei) across knowledge nodes or skill groups,
the framework can show which parts of a student’s transcript contribute most strongly to
a target job type. This supports practical use cases in educational advising, curriculum
review, career guidance, and recruitment screening. For example, the framework can
identify whether a student is strong because of technical computing courses, cognitively
oriented analytical courses, or broader interdisciplinary coursework. Such evidence is
difficult to obtain from a single GPA score or an unstructured semantic similarity score.

6.5. Implications for Ontology-Grounded Competency Mapping

The study suggests that ontology-grounded matching is most useful when it is treated
as an auditable analytical framework rather than a fully automatic truth-generating system.
The ontology backbone in O4CM is constructed from O*NET knowledge domains, LLM-
induced skill groups, and expert-confirmed job-category assignments. This design provides
a controlled semantic structure for the mapping of student and job evidence while still
acknowledging that the resulting hierarchy is an analytical taxonomy rather than a complete
representation of all possible competency relationships.

The HITL results also show that expert review is not merely a quality assurance step ap-
plied after automation. It is a necessary part of the ontology construction process. The LLM
ensemble helps reduce manual workload by producing candidate structures and high-
lighting agreement patterns, but expert judgement is required to determine whether those
structures are appropriate for the target domain. This balance is important for framework-
oriented applications, where scalability and auditability must both be maintained.

6.6. Limitations

Several limitations qualify the scope of the present findings, and each is described
here in terms of how it may shape the observed results rather than merely listed.

First, the empirical evaluation is internal to a single Thai university. Because the
transcript records originate from one institution, the observed score distributions are partly
a product of local curriculum design, grading practices, course-naming conventions, and
programme structure. These institution-specific factors enter the pipeline directly: course
titles and descriptions drive the SBERT augmentation in Phase 3, while grades and credits
enter the NTACS numerator in Phase 5. Consequently, the absolute score ranges reported
here and, to some extent, the magnitude of the group separations may shift if the framework
is applied to an institution with different credit systems, grading scales, or curricular
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vocabulary. Therefore, the results should be read as evidence of internal feasibility rather
than as a generalisation claim across institutions or national education systems.

Second, the composition of the evaluated cohort influences the observed separation.
The four computing programmes were selected as the positive group, while Visual Arts
was selected specifically because it is academically distant from data-domain requirements.
This positive-versus-control design supports a clear negative-control test, but it does not,
on its own, demonstrate performance in programmes with intermediate or partial overlap.
The effect of cohort composition is compounded by a grading confound: the B.F.A. Visual
Arts group has the highest mean GPA in the sample (Table 7). Because GPA enters every
grade-sensitive score, this distribution works against the Visual Arts group under NTACS
and GPA ranking in the data-domain direction while favouring it on the Art Job path.
This is precisely why the framework also reports grade-free measures (RCVc and the
relevant-volume measure) as a GPA-independent view of competency evidence and the
grade-sensitive and grade-free results should be weighed together rather than in isolation.

Third—and most consequential for interpreting the validation—the computing-versus-
arts comparison is a relatively easy contrast. It establishes that O4CM can separate
clearly different academic profiles, but this is not equivalent to demonstrating that the
scoring mechanism is robust for difficult, near-boundary competency-mapping cases.
The computing-only analysis in Section 5.10 begins to probe this harder setting and is
informative about the framework’s discriminative ceiling. There, Information Technology
was separated consistently from the core computing programmes with medium-to-large
effects (mean |d| = 1.06), whereas Computer Engineering, Business Information Systems,
and Computer Science remained closely clustered (mean |d| = 0.24 for the CE/BIS/CS
pairs). This pattern is consistent with established curricular analysis: the ACM/IEEE-CS
Computing Curricula 2020 report documents substantial shared knowledge across the
core computing disciplines, as evidenced by its cross-disciplinary mapping of computing
knowledge areas, while characterising information technology as the discipline concerned
most directly with concrete technology components in organisational settings [36]. The clus-
tering of the computing-heavy Business Information Systems programme with Computer
Science and Computer Engineering rather than with Information Technology is consistent
with the substantial data-domain course content in its curriculum (Table 6). As noted in
Section 5.10.3, however, the present data cannot fully distinguish whether the low within-
core separation reflects genuine curricular overlap or a limit of the ontology’s discriminative
granularity, and near-boundary programmes such as Information Systems, Business Ana-
lytics, Software Engineering, Digital Media, Human–Computer Interaction, Computational
Design, and Applied Statistics would be required to resolve this question. Their absence
here bounds the strength of the validation. A further contributor at the dataset level is the
degree of enrolment overlap among the core computing programmes: students from CE,
BIS, and CS in this cohort share substantial course content, with programmes differing
mainly in course naming conventions rather than in the underlying competency coverage
reflected in transcripts. This structural similarity makes it difficult to demonstrate clear
programme-level discrimination experimentally within the current dataset and may under-
state the framework’s potential precision when applied to genuinely distinct curricula in
future evaluations.

Fourth, the job-side evidence is derived from a static and heterogeneous job-posting
corpus, and this affects the importance factor (IFc,k) that conditions every ranking. The data-
domain postings originate from an Indeed-sourced Kaggle dataset reflecting the United
States labour market circa 2018, whereas the Visual Arts negative-control postings were
collected separately by the research team from Asian and global listings during the prepa-
ration of this study. Two consequences follow. First, the 2018 vintage means that the corpus

https://doi.org/10.3390/make8070183

https://doi.org/10.3390/make8070183


Mach. Learn. Knowl. Extr. 2026, 8, 183 46 of 58

predates the recent expansion of AI- and LLM-related roles. Its most frequent skill terms re-
flect the data-platform and statistical-computing emphasis of that period—namely, Python,
SQL, Machine Learning, R, Hadoop, and Spark (Table 4)—whereas newer competency
vocabulary that has since become prominent in data-domain hiring, such as large language
models, generative AI, prompt engineering, vector databases, and MLOps, does not appear
in the corpus. Consequently, IFc,k reflects the skill emphasis of that period rather than
current demand. Second, the temporal, platform, and market gap between the two corpora
is a potential confound that we acknowledge directly: because the data-domain and Visual
Arts postings differ not only in occupational content but also in collection year, source
platform, and geographic market, part of the observed cross-domain separation could,
in principle, be attributed to corpus differences rather than to competency differences
alone. In addition, the original Indeed dataset was released without a data card, so its
search strategy and deduplication procedure cannot be independently verified, platform-
or source-selection bias cannot be ruled out, and seniority was not annotated as a separate
field. For these reasons the derived IFc,k values should be read as corpus-conditioned
structural relevance signals, not as estimates of general or current labour-market demand.

Fifth, IFc,k is currently defined as job-side structural relevance based on the mean path
consistency of mapped job-skill records rather than on raw demand frequency. This keeps
the score structurally consistent with the ontology, but it also means that the framework
deliberately does not reward a knowledge node simply because the associated skill terms
appear often. The practical implication is that IFc,k measures how well a node is structurally
supported by the ontology path, not how frequently the market demands it, and the two
need not coincide.

Finally, the semantic representation diagnostics in Section 5.4 are illustrative rather
than a separate classification benchmark. They justify the choice of description-to-definition
matching, but they do not independently quantify representation quality against an external
gold standard, so the contribution of the augmentation step is supported by ablation and
qualitative evidence rather than by a stand-alone accuracy measure.

6.7. Future Work

The limitations above translate into a set of prioritised directions for future research.
First, cross-institutional validation is the most immediate need. Evaluating the frame-

work on transcript data from multiple universities with different credit systems, grading
scales, and curriculum structures would clarify which aspects of O4CM performance are
specific to the present Thai-university context and which transfer more broadly, directly
addressing the single-institution constraint noted above.

Second, occupational and programme expansion towards near-boundary cases is
the strongest remaining test of the scoring mechanism. Programmes such as information
systems, business analytics, software engineering, digital media, human–computer interac-
tion, computational design, and applied statistics share partial competency overlap with
data-domain roles, which makes group separation harder to achieve and therefore more
informative than the computing-versus-arts contrast used here. Testing these cases, ideally
with individual-level expert-verified ground truth, would reveal whether the PCI mecha-
nism and the IFc,k formulation retain discriminative value once occupational boundaries
become less clearly defined and would resolve whether the low within-core separation
observed in Section 5.10 reflects real curricular overlap or a limit of the ontology’s discrimi-
native granularity.

Third, the job-posting corpus should be refreshed, and the temporal-market con-
found should be controlled. Re-running the pipeline on recent postings would capture
AI- and LLM-era competency vocabulary that the 2018 corpus omits, while assembling
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the contrasting domains from matched-vintage, matched-platform, and matched-market
sources would remove the collection-related differences that currently coexist with the
competency differences between corpora. This would strengthen the causal interpretation
of cross-domain separation and improve the currency of IFc,k.

Fourth, LLM augmentation quality control deserves dedicated investigation. Prior
work and our own results indicate that LLM-based augmentation can introduce seman-
tic drift and does not always improve ranking accuracy [11]; systematic prompt en-
gineering, post-augmentation validation, and fine-tuned domain-specific encoders are
candidate remedies.

Fifth, real hiring-outcome data should be incorporated where available. The current
evaluation relies on aggregated expert ratings, which are a useful but imperfect proxy;
linking framework-generated rankings to actual placement outcomes, employer feedback,
or longitudinal salary data would enable a more ecologically valid assessment of predic-
tive utility.

Sixth, the IFc,k formulation could be extended into a hybrid that combines its present
structural-quality definition with raw demand-frequency signals from the job-posting
corpora. Such a formulation may better track shifting market demand in dynamic occupa-
tional fields, although its behaviour under corpora of differing sizes and skill-frequency
distributions would need to be tested explicitly.

Finally, the semantic traceability map should be developed into an interactive decision-
support interface, allowing academic advisers, students, and HR practitioners to inspect the
course-level evidence behind each ranking, identify curriculum gaps relative to target job
types, and compare competency profiles across cohorts. This would strengthen the practical,
explainable value of O4CM as an application-oriented competency-mapping system.

Beyond these specific directions, three structural factors may systematically affect
O4CM’s functioning and should be treated as experimental controls or design variables in
future evaluations. First, the diversity of the programme mix directly shapes the range of
available student profiles: a cohort drawn from closely related programmes with similar
enrolment patterns will produce more similar competency representations, reducing the ob-
servable range of NTACS values and making group discrimination harder to demonstrate,
regardless of framework design. Second, the GPA distribution—and the grading-quality
standards that underlie it—differs across institutions; universities that grade more strin-
gently or more generously will shift the grade-sensitive scoring component in ways that
are independent of actual competency differences, and cross-institutional comparisons
should account for institutional grading norms when interpreting score-level differences.
Third, the design of the job-posting source—including the platform, geographic market,
collection period, seniority mix, and deduplication strategy—introduces variation in IFc,k

that propagates into every ranking; assembling job-posting corpora under controlled col-
lection conditions is therefore a prerequisite for attributing framework performance to
competency structure rather than to data artefacts. These three factors serve as a structural
checklist for future replication and comparative studies of O4CM and related competency-
mapping frameworks.

7. Conclusions
This paper introduced O4CM, a semi-automated ontology-grounded framework for

multi-level competency mapping. Three findings emerge from this evaluation: (1) LLM
ensemble induction with HITL verification can produce a scalable and auditable ontology
backbone within the evaluated dataset—21 of 22 O*NET knowledge domains reached
≥4/5 consensus, yet HITL correction remained necessary, even for unanimous outputs,
demonstrating that model agreement is not a sufficient proxy for domain correctness;
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(2) PCI-based multi-level structural scoring achieved bidirectional group separation be-
tween computing and arts curricula in the evaluated negative-control setting, outperform-
ing leaf-level cosine similarity in cross-domain discrimination; and (3) the NTACS scoring
framework aligns with aggregated expert judgement (ICC(2, k) = 0.78) while offering
grade-free complementary measures, providing a possible path for institutions where
academic grades are absent or unsuitable.

These findings help to address a gap that existing embedding-based methods [11]
and manually curated ontologies [4] leave unresolved: individually traceable, job-type-
conditioned candidate rankings derived from structured academic transcripts. The seman-
tic traceability map can support explainable evidence inspection for academic advising and
exploratory early-career recruitment screening, areas where transparency and accountabil-
ity are increasingly mandated [6]. Practically, O4CM is designed to be extensible across
domains: replacing the O*NET seed taxonomy with a healthcare, engineering, or business
knowledge taxonomy may allow for adaptation without retraining the SBERT encoder itself,
but this still requires domain-specific corpus collection, LLM ensemble re-execution, HITL
re-validation, and empirical revalidation of discriminative performance before deployment.

The study is limited to a single institution and three data-domain roles; the expert ref-
erence relies on aggregated ratings rather than verified hiring outcomes, and LLM augmen-
tation can still introduce semantic drift [11] despite HITL safeguards. Cross-institutional
validation across diverse curricula and occupational families remains the most immediate
priority for future research. Beyond academic validation, O4CM has potential implications
for educational and recruitment platforms: universities and accreditation bodies could
use the NTACS scores and semantic traceability maps as supplementary evidence for
curriculum-gap analysis against the job-posting evidence captured in the target corpus,
potentially supporting programme design and graduate employability planning discus-
sions; recruitment platforms could similarly consider the job-type-conditioned ranking as
an auditable, explainable screening layer that complements—rather than replaces—existing
keyword-based filters, providing course-level evidence to support rather than determine
candidate-screening discussions in validated use settings.
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The following abbreviations are used in this manuscript:

AI Artificial Intelligence
BERT Bidirectional Encoder Representations from Transformers
BIS Business Information System
CE Computer Engineering
CS Computer Science
CV Curriculum Vitae
DA Data Analyst
DE Data Engineer
DS Data Scientist
ESCO European Skills, Competences, Qualifications and Occupations
GCS Grade-Weighted Competency Score (GCSc)
GPA Grade Point Average
HITL Human-in-the-Loop
IE Information Extraction
IF Job Importance Factor (IFc,k)
IT Information Technology
KG Knowledge Graph
LIME Local Interpretable Model-agnostic Explanations
LLM Large Language Model
NER Named Entity Recognition
NTACS Normalised Total Accumulated Competency Score (NTACSc)
O4CM Ontology Framework for Multi-level Competency Mapping
O*NET Occupational Information Network
OWL Web Ontology Language
PCI Path Consistency Index
RCV IF-Weighted Relevant Credit Volume (RCVc)
RDF Resource Description Framework
RelVol Relevant Volume Measure
SBERT Sentence-BERT
SHAP SHapley Additive exPlanations
SR Separation Ratio
TACS Total Accumulated Competency Score (TACSc)
TF-IDF Term Frequency–Inverse Document Frequency
VA Visual Arts
XAI Explainable Artificial Intelligence

Appendix A. Worked Example: Student A Traced Through the
O4CM Framework
Appendix A.1. Purpose and Scope

This appendix traces a single student—hereafter referred to as Student A—through all
five phases of the O4CM framework, from transcript preprocessing (Phase 1) to the final
ranked score (Phase 5), using actual course records and figures reported in the manuscript.
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The goal is to give readers enough detail to reproduce or independently verify the scor-
ing process.

Student A’s profile:

• Degree programme: B.Sc. Computer Science;
• Target job type: Data_Scientist (DS);
• Framework outcome: NTACSDS Rank 1 of 94 students.

Data sources: The worked example uses five representative course records for Student A
to illustrate the Phase 4 and Phase 5 calculations. These records are used for explana-
tory purposes to demonstrate the scoring pipeline, including ontology-path locking, PCIi

computation, evidence relevance (Ei), relevance weighting (wi), and NTACSDS ranking.
The level-wise similarity scores (S1, S2, and S3) underlying each PCIi are produced in-
ternally by the framework. A complete worked example tracing Student A through all
five phases of the O4CM framework is provided in Appendix A, while a detailed step-by-
step decomposition for one representative course (Statistics for Science) is presented in
Appendix A.5.
Scope: The calculations use the five top-contributing courses. In practice, NTACSc is
computed over the full transcript; these five courses illustrate every step and account for
the largest share of Student A’s score.

Appendix A.2. Worked Example for Phase 1: Atomic Unit Extraction and Preprocessing

Appendix A.2.1. Role of Phase 1 in the Worked Example

Phase 1 converts raw transcript records into clean, standardised atom-level tuples.
Three operations are applied: duplicate records are removed, non-informative special
characters are stripped, and credit values are converted to numeric form. Each course
becomes one atom carrying four fields: Stu_ID, Course, Credits, Grade.

Appendix A.2.2. Student A’s Transcript Atoms

Table A1 lists the five courses traced in this example, together with their concise
descriptions. All carry three credits and form part of the B.Sc. Computer Science curriculum.

Table A1. Atomic transcript records for Student A selected for the worked example illustrating the
Phase 4 and Phase 5 computations. Cri denotes the course credits; Gi denotes the numeric grade .

i Course Cri Brief Description

1 Statistics for Science 3 Probability, random variables, distributions, sampling, hypothesis
testing, ANOVA, chi-squared test, and regression analysis.

2 Fundamental Computer Science 3
Computer evolution, Boolean logic, hardware/software architecture,
operating systems, data storage, I/O devices, networks,
and introductory flowcharting and programming.

3 Computer Programming 3 Programming fundamentals: data types, variables, expressions, control
structures, arrays, procedures, file I/O, and problem-solving practice.

4 Web Programming 3 Web application development covering front-end and back-end
programming, client-server architecture, and data-interface design.

5 Cloud Computing 3 Cloud service models, deployment architectures, distributed computing,
and cloud-based storage and infrastructure.

After Phase 1, each record is a clean tuple ready for ontology mapping. The box below
illustrates the transformation for course 1.

https://doi.org/10.3390/make8070183

https://doi.org/10.3390/make8070183


Mach. Learn. Knowl. Extr. 2026, 8, 183 51 of 58

Phase 1 Output for Student A (course i = 1)

Before:

(A001, Statistics for Science, 3 credits, A)

After:

(A001, Statistics for Science, Cri=3, Gi)

Credit value is numeric; no duplicates remain; formatting artefacts removed.

Appendix A.3. Worked Example for Phase 2: Semi-Automated Bottom-Up Ontology Construction

Appendix A.3.1. Role of Phase 2 in the Worked Example

Phase 2 constructs the three-level ontology backbone linking student course evidence
to job requirements:

• L1 (Job Categories, 2 nodes): Computer_Job, Art_Job
• L2 (Skill Groups, 7 nodes): Cognitive Skills, Technical Skills, Creative Skills, Commu-

nication Skills, Social and Interpersonal Skills, Psychomotor Skills, Affective Skills
• L3 (Knowledge Domains, 22 nodes): O*NET knowledge taxonomy

A five-model LLM ensemble proposes Knowledge-to-Skill (L3 → L2) and Skill-to-Job
(L2 → L1) mappings. A human expert (HITL) is the final acceptance gate before any
mapping is materialised as an rdfs:subClassOf axiom. A total of 21 of 22 knowledge
domains reached at least 4/5 LLM consensus.

Appendix A.3.2. Ontology Paths Relevant to Student A

The five courses map to two L3 knowledge domains. Table A2 shows the locked
three-level path for each.

Table A2. Expert-validated ontology mappings for the two L3 knowledge domains relevant to
Student A’s courses. All rdfs:subClassOf links were confirmed during the Phase 2 Human-in-the-
Loop verification process.

L3 Knowledge Domain L2 Skill Group L1 Job Category

Mathematics Cognitive Skills Computer_Job
Computers and Electronics Technical Skills Computer_Job

Both paths terminate at Computer_Job, consistent with the HITL-validated ontology
(Figure 3 in the main manuscript). Statistics for Science, Computer Programming, and Web
Programming lock to the Mathematics path; Fundamental Computer Science and Cloud
Computing lock to the Computers and Electronics path.

Appendix A.4. Worked Example for Phase 3: Semantic Augmentation and Node Representation

Appendix A.4.1. Role of Phase 3 in the Worked Example

Phase 3 decouples human-readable labels from computational representations by
augmenting three types of textual unit and encoding, all with SBERT (all-MiniLM-L6-v2):

1. Ontology nodes (L1–L3): O*NET definitions for L3 nodes; HITL-validated descriptions
for L2 nodes.

2. Job-side atoms: Each skill atom is expanded in the context of its job posting to clarify
competency expectations.
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3. Course atoms: Course titles and descriptions are rewritten as competency-oriented
statements.

Encoding produces 384-dimensional fixed vectors:

V⃗n = fSBERT
(

Dn
)
, n ∈ L1 ∪ L2 ∪ L3; V⃗u = fSBERT

(
Tu
)
, u ∈ U .

Appendix A.4.2. Augmented Descriptions for Student A’s Courses

Table A3 shows the augmented description (Tu) used for each course. Augmenta-
tion shifts similarity computation from surface-level keyword overlap toward functional
competency meaning.

Table A3. Semantic augmentation applied to Student A’s five courses (Phase 3). Augmented
descriptions (Tu) are input to SBERT (all-MiniLM-L6-v2) for vector encoding.

Course Augmented Description (Tu)

Statistics for Science

This course develops competency in statistical reasoning and quantitative data analysis, covering
probability, inference, hypothesis testing, regression, and ANOVA. These skills directly support
model validation, uncertainty quantification and evidence-based decision-making in data
science roles.

Fundamental
Computer Science

This course builds foundational knowledge of computer systems, including Boolean logic,
hardware and software architecture, operating systems, data storage, and networking.
The practical exposure to algorithm design and programming installation provides a structural
grounding in how computational systems are organised and operated.

Computer
Programming

This course develops competency in structured and procedural programming, covering data
types, control flow, arrays, procedures, and file I/O. The algorithmic problem-solving skills
gained in this coursesupport the implementation of computational pipelines and automated
data workflows.

Web Programming
This course builds competency in Web application development, covering front-end and
back-end programming, client-server logic, and data interface design. These programmatic and
structural skills are applicable to the deployment of data-accessible services in computing roles.

Cloud Computing
This course develops knowledge of cloud service models, deployment architectures,
and distributed computing infrastructure. The technical skills involved in cloud storage and
resource management are directly relevant to data engineering and systems-integration roles.

The O*NET definition for Mathematics (L3) serves as Dn for that node, and the HITL-
validated description of Cognitive Skills (L2) serves as its parent node. After Phase 3, every
node and every course atom has a 384-dimensional embedding ready for cosine-similarity
computation in Phase 4.

Appendix A.5. Phase 4: Multi-Level Structural Scoring (PCI)

Appendix A.5.1. Role of Phase 4 in the Worked Example

Phase 4 assigns each course a locked ontology path and a Path Consistency Index
(PCIi) measuring alignment across all three ontology levels. Three steps are applied to
each course:

Step 1—Entry-point selection at L3: The course embedding (V⃗i) is compared against all
22 L3 node embeddings. The best-matching node (k∗) and its leaf-level similarity (S3)
are recorded:

k∗ = arg max
k∈L3

cos
(
V⃗i, V⃗k

)
, S3 = cos

(
V⃗i, V⃗k∗

)
. (A1)
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Step 2—Branch locking: Parent nodes are retrieved from the validated ontology.

g∗ = parentL2
(k∗), j∗ = parentL1

(g∗). (A2)

Step 3—Multi-level re-scoring: The course embedding is re-scored against both par-
ent nodes.

S2 = cos
(
V⃗i, V⃗g∗

)
, S1 = cos

(
V⃗i, V⃗j∗

)
. (A3)

Path Consistency Index:

PCIi =
S1 + S2 + S3

3
. (A4)

A high PCIi indicates alignment at both the leaf level (S3) and the higher ontology
levels (S2 and S1). A course with a high S3 but low S2 and S1 is retained but down-weighted.

Appendix A.5.2. WorkingComputation: Statistics for Science (i = 1)

Statistics for Science achieves k∗ = Mathematics. The locked path is

Statistics for Science
S3−−→ Mathematics (L3)

S2−−→ Cognitive Skills (L2)

S1−−→ Computer_Job (L1).

Table A4. Level-wise cosine similarity scores and the resulting Path Consistency Index (PCI) for
Statistics for Science (i = 1, Student A). The aggregate PCI1 = 0.481 is computed from the three
level-wise cosine similarity scores shown in this table.

Course S3 S2 S1 PCIi = (S1 + S2 + S3)/3

Statistics for Science 0.582 0.456 0.405 (0.582 + 0.456 + 0.405)/3 = 0.481

S3 = 0.582 reflects the close match between the augmented Statistics description and
the O*NET Mathematics definition. S2 = 0.456 confirms contextual support from Cognitive
Skills, and S1 = 0.405 confirms partial alignment with Computer_Job. The consistency
across all three levels means PCI1 = 0.481 reflects genuine hierarchical support rather than
an isolated leaf-level coincidence.

Appendix A.5.3. PCI Values for All Five Courses

The same procedure is applied to every course in the transcript. Table A5 summarises
the locked ontology paths and the corresponding PCIi values for the five representative
courses selected for this worked example.

Table A5. Locked ontology paths and corresponding Path Consistency Index (PCIi) values for the
five representative courses used in the worked example. The PCIi values are those obtained from the
Phase 4 ontology-path locking procedure.

i Course L3 Node k∗ Cri PCIi

1 Statistics for Science Mathematics 3 0.481
2 Fundamental Computer Science Computers and Electronics 3 0.463
3 Computer Programming Mathematics 3 0.457
4 Web Programming Mathematics 3 0.445
5 Cloud Computing Computers and Electronics 3 0.432
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Courses 1, 3, and 4 lock to Mathematics via Cognitive Skills. Courses 2 and 5 lock to
Computers and Electronics via Technical Skills. PCIi ranges from 0.432 to 0.481, reflect-
ing consistent hierarchical support across all five records.

Appendix A.6. Phase 5: Job-Conditioned Scoring and Candidate Ranking

Appendix A.6.1. Role of Phase 5 in the Worked Example

Phase 5 combines the student-side structural scores (PCIi) from Phase 4 with a job-side
structural relevance factor (IFc,k) derived from job-posting evidence, producing TACS,
NTACS, and a course-level traceability signal (Ei).

Appendix A.6.2. Step 1: Importance Factor (IFc,k)

Requirement mass: For each job type (c) and L3 node k, PCI values of job-skill atoms
mapping to node k are aggregated:

mc,k = ∑
r∈Rc,k

PCIr. (A5)

Requirement share:

REQc,k =
mc,k

∑
k′∈Kc

mc,k′
, (A6)

where Kc is the set of L3 nodes under c’s L1 category.
Job-type specificity:

REQk =
1
|C|∑c′

REQc′ ,k, Specc,k = log

(
1 +

max(0, REQc,k − REQk)

ε + REQk

)
. (A7)

Normalised Importance Factor:

IFc,k =
REQc,k × Specc,k

max
k′

(
REQc,k′ × Specc,k′

) . (A8)

Appendix A.6.3. Deriving the Job-Type Importance Factor (IFDS,k)

For the worked example, the job-type importance factor is obtained by rearranging
the evidence-relevance equation defined in Equation (15). Solving for IFc,k(i) gives

IFc,k(i) =
Ei

PCIi
. (A9)

Using one representative course associated with each knowledge node:

• Mathematics (from Statistics for Science, i = 1):
IFDS,Math = 0.342/0.481 ≈ 0.711;

• Computers and Electronics (from Fundamental Computer Science, i = 2):
IFDS,C&E = 0.319/0.463 ≈ 0.689.

Mathematics (IF = 0.711) is the most job-specifically demanded node for Data Scientist,
consistent with the statistical and algorithmic nature of the role. Computers and Electronics
(IF = 0.689) reflects the programming and systems requirements.
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Cross-check via Computer Programming and Web Programming (both map to Math-
ematics): The calculations demonstrate the expected consistency across both courses,
yielding a comparable ratio of approximately 0.71 in both cases:

E3

PCI3
=

0.325
0.457

≈ 0.711,
E4

PCI4
=

0.316
0.445

≈ 0.710.

Both calculations confirm IFDS,Math ≈ 0.711

Appendix A.6.4. Step 2: Evidence-Relevance Signal Ei

Ei = PCIi × IFc,k(i). (A10)

Table A6 reproduces and verifies all five Ei values.

Table A6. Evidence-relevance signals (Ei) for the five representative courses used in the worked
example. The reference Ei values are those used by the framework, while the derived values are
independently recomputed from PCIi × IFc,k(i) to verify the consistency of the calculation.

i Course PCIi IFDS,k(i) Ei (Framework) Ei (Derived)

1 Statistics for Science 0.481 0.711 0.342 0.481× 0.711 = 0.342
2 Fundamental Computer Science 0.463 0.689 0.319 0.463× 0.689 = 0.319
3 Computer Programming 0.457 0.711 0.325 0.457× 0.711 = 0.325
4 Web Programming 0.445 0.711 0.316 0.445× 0.711 = 0.316
5 Cloud Computing 0.432 0.689 0.298 0.432× 0.689 = 0.298

Appendix A.6.5. Step 3: Relevance Weight (wi) and TACS

wi = Cri × PCIi × IFc,k(i). (A11)

Table A7. Relevance weights (wi) for Student A’s five top-contributing courses.

Course Cri PCIi IFDS,k(i) wi

Statistics for Science 3 0.481 0.711 3× 0.481× 0.711 = 1.026
Fundamental Computer Science 3 0.463 0.689 3× 0.463× 0.689 = 0.957
Computer Programming 3 0.457 0.711 3× 0.457× 0.711 = 0.975
Web Programming 3 0.445 0.711 3× 0.445× 0.711 = 0.949
Cloud Computing 3 0.432 0.689 3× 0.432× 0.689 = 0.893

Sum ∑ wi (top 5): 4.800

The raw TACS accumulates grade-weighted evidence over the full transcript:

TACSc =
n

∑
i=1

Gi × wi. (A12)

The high wi values, combined with Student A’s high grades (consistent with Rank 1
of 94), already position Student A at the top before normalisation.

Appendix A.6.6. Step 4: Normalised TACS (NTACSc) and Ranking

NTACSc =

n

∑
i=1

Gi × wi

n

∑
i=1

wi

, wi = Cri × PCIi × IFc,k(i). (A13)
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NTACSc is a credit-weighted grade average in which each course is weighted by
structural alignment (PCI) and job-side relevance (IF), not credits alone.

Numerical illustration: Using only the five courses above with Gi = 4 (top grade,
0–4 scale),

5

∑
i=1

Giwi = 4× 4.800 = 19.200,

5

∑
i=1

wi = 4.800,

NTACSDS (5-course) = 19.200/4.800 = 4.00.

Over the full transcript, Student A achieves the highest NTACSDS in the cohort: Rank 1
of 94.

Appendix A.6.7. Relevant Volume Measure

RelVol =
n

∑
i=1

Cri × PCIi. (A14)

For the five illustrative courses,

RelVol (top 5) = 3× (0.481 + 0.463 + 0.457 + 0.445 + 0.432) = 3× 2.278 = 6.834.

This grade-free indicator measures the total credit volume supported by the locked
ontology paths.

Appendix A.7. Semantic Traceability Map

Table A8 is the semantic traceability map for Student A: each row traces a course
through its locked ontology path to its contribution to the Data Scientist ranking.

Table A8. Semantic traceability for the five representative courses used in the worked example (Data
Scientist job type). The PCIi, IFc,k(i), and Ei values are those obtained in the worked example, while
the credit-weighted contributions (Cri × Ei) are computed directly from the corresponding course
credits and evidence-relevance scores.

Course L3 Node L2 Node Cri PCIi Ei Cri×Ei

Statistics for Science Mathematics Cognitive Skills 3 0.481 0.342 1.026
Fundamental Computer Science Comp. & Elec. Technical Skills 3 0.463 0.319 0.957
Computer Programming Mathematics Cognitive Skills 3 0.457 0.325 0.975
Web Programming Mathematics Cognitive Skills 3 0.445 0.316 0.948
Cloud Computing Comp. & Elec. Technical Skills 3 0.432 0.298 0.894

Total ∑ Cri × Ei (worked example): 4.800

A reader or advisor can follow any row (course→ L3 → L2 → L1) to verify why each
course receives its weight in the ranking.

Appendix A.8. Summary

Table A9. Phase-by-phase outputs for Student A (B.Sc. Computer Science, NTACSDS Rank 1 of 94).

Phase Operation Output for Student A

Phase 1 Atomic extraction
Five course atoms: Statistics for Science, Fundamental
Computer Science, Computer Programming, Web
Programming, and Cloud Computing (Cri = 3 for all).
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Table A9. Cont.

Phase Operation Output for Student A

Phase 2 Ontology induction
& HITL

Two L3 paths materialised: Mathematics→Cognitive
Skills→ Computer_Job; Comp. & Elec.→Technical
Skills→ Computer_Job.

Phase 3 SBERT augmentation
& encoding

All five course descriptions expanded into competency
statements and encoded as 384-dimensional vectors
(all-MiniLM-L6-v2).

Phase 4 Multi-level structural
scoring

Locked paths confirmed; PCIi: 0.481, 0.463, 0.457, 0.445,
0.432 (all ≥0.43, consistent hierarchical support).

Phase 5 Job-conditioned scoring
& ranking

IFDS,Math = 0.711; IFDS,C&E = 0.689. Weights wi: 1.026,
0.957, 0.975, 0.949, 0.893. Ei: 0.342, 0.319, 0.325, 0.316,
0.298. Full-transcript NTACSDS: Rank 1 of 94.

The consistency of high PCIi values (all ≥ 0.43) and high IF weights for the two
most-demanded knowledge nodes (Mathematics and Computers & Electronics) explains
Student A’s top-ranked position. Every weight in Equation (A13) traces back to a specific
course, a specific ontology path, and a specific job-posting evidence source.
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