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Abstract—Labour-market analyses of automation and artificial
intelligence frequently rely on occupational databases such as
O*NET and ESCO to characterise the task content of work and
model technological substitution or exposure. Yet less attention
has been paid to how these data infrastructures represent different
dimensions of human expertise. This study uses embedding-
based semantic similarity analysis to conduct a representational
audit of three widely used occupational taxonomies. Drawing
on the Human-Centred Resilience Model (HCRM), the study
examines four capability domains: cognitive–technical judgement,
embodied–sensorimotor calibration, trust-calibrated interpersonal
engagement, and situated adaptive decision-making. Behavioural
anchor statements operationalising the four pillars are compared
with descriptors from three occupational representation systems,
namely O*NET Work Activities, ESCO skills, and national
vocational training standards, across three occupations: electrician,
dog groomer, and massage therapist. Consistently, O*NET
descriptors show the strongest alignment with the capability
pillars, followed by vocational standards and ESCO descriptors.
A sensitivity analysis confirms that this ordering is robust to the
choice of aggregation rule and embedding model. The adaptability
pillar shows weaker alignment than cognitive and interpersonal
capabilities. Qualitative inspection indicates a more abstract
representation of adaptability rather than explicit descriptions
of real-time behavioural adjustment. These findings reveal a
systematic representational asymmetry in occupational taxonom-
ies: situated adaptive decision-making is consistently encoded
in a more compressed and abstract form than cognitive and
interpersonal capabilities, suggesting that automation exposure
estimates derived from such taxonomies may not fully capture
the tacit and context-dependent dimensions of human expertise
that are most difficult to replicate computationally.

Keywords-occupational taxonomies; semantic embeddings; auto-
mation research; artificial intelligence; tacit knowledge.

I. INTRODUCTION

Artificial intelligence and automation research frequently
relies on structured occupational taxonomies as an empirical
foundation for estimating labour-market exposure and task
automatability. Systems such as O*NET in the United States
and ESCO in Europe provide standardised, machine-readable
descriptors of occupational skills, abilities, and work contexts.

In previous work, the Human-Centred Resilience Model
(HCRM) was developed to conceptualise dimensions of capabil-
ities hypothesised to resist automation, particularly in embodied
and relational service roles [1]. The model originally comprised
three pillars:
1) Embodied Dexterity and Skilled Movement,
2) Agency and Adaptability, and
3) Emotional Labour.

These dimensions capture forms of expertise associated with
tacit knowledge, embodied coordination, and interpersonal
interaction that are often difficult to formalise computationally.

When the HCRM was empirically examined in subsequent
work [2], the Adaptability pillar produced weaker differentiation
than anticipated for occupations expected to rely heavily on
situational flexibility and real-time adjustment.

This discrepancy prompted a methodological question. If
occupational taxonomies serve as empirical inputs for automa-
tion modelling, it becomes important to understand whether
they adequately represent the dimensions of work on which
such models rely. The present study, therefore, asks: to what
extent do occupational representation systems capture tacit,
situational, and embodied forms of expertise?

Despite the widespread use of occupational taxonomies in
automation modelling, relatively little research has examined
how the internal representational structure of these datasets may
shape the capability profiles derived from them. The present
study addresses this question through a representational audit
of three major sources of occupational description:
1) O*NET (United States) [3]
2) ESCO (European Skills, Competences, Qualifications and

Occupations) [4]
3) National vocational standards from six European countries,

used as comparatively detailed descriptions of occupational
practice.

Recent advances in sentence embedding models allow the
quantitative evaluation of semantic similarity between concep-
tual constructs and textual descriptors across large corpora.
Using embedding-based semantic similarity analysis, the study
evaluates the extent to which these representation systems align
with theoretically defined human-centred capability pillars.
Rather than redefining the core premises of the HCRM,
this research refines its operationalisation for measurement
purposes. Specifically, the original adaptability construct is
decomposed into analytically distinguishable components that
capture different aspects of situated action and decision-making.

The aim of the study is not to critique existing taxonomies
normatively, but to quantify how different dimensions of human-
centred work are represented within widely used occupational
description systems. By examining where representational align-
ment is strong and where it is weak, the analysis contributes
to a more systematic understanding of the data foundations on
which empirical automation assessments are built. To the best
of the author’s knowledge, this study represents one of the
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first systematic attempts to evaluate occupational taxonomies
through embedding-based representational auditing, assessing
how conceptual capability constructs align with the descriptor
structures of widely used labour-market datasets.

The remainder of this paper is organised as follows. Sec-
tion II presents the state of the art in automation research
and occupational taxonomy use. Section III introduces the
theoretical foundations of the HCRM and the empirical anomaly
that motivated the present study. Section IV situates the repres-
entational audit within the broader context of occupational
taxonomy use in automation modelling and describes the
three representation systems examined. Section V presents
the four-pillar capability framework used as the basis for the
analysis. Section VI describes the data sources and corpus
preparation procedures. Section VII details the embedding-
based methodology. Section VIII reports the results of the
representational audit across occupations and capability pillars.
Section IX discusses the findings in relation to tacit knowledge,
automation modelling, and human-centred work. Section X
presents the conclusions and directions for future research.

II. RELATED WORK

Empirical studies estimating automation exposure frequently
rely on occupational databases to approximate the task structure
of work. For example, influential early estimates of compu-
terisation probabilities trained machine-learning classifiers on
O*NET task characteristics and “bottleneck variables” describ-
ing perceptual, creative, and social capabilities [5]. Subsequent
studies have continued to rely on similar occupational represent-
ations when estimating the exposure of occupations to digital
technologies or artificial intelligence [6] [7]. More recently,
assessments of Large Language Model (LLM) exposure have
used O*NET Detailed Work Activities to approximate the task
structure of occupations [8]. Beyond these landmark studies,
more recent work has examined the labour-market effects
of artificial intelligence through task-displacement and task-
reinstatement frameworks [9], and through direct assessment
of the skills and activities most exposed to AI capabilities [10].
Across this body of work, O*NET remains the dominant
empirical input for approximating occupational task structures
in the United States, while ESCO fulfils a comparable role in
European labour-market research [4].

However, occupational taxonomies are not neutral mirrors of
real work; they are representational infrastructures designed to
render labour markets legible to statistical and computational
analysis by translating complex work practices into standardised
descriptors. In order to standardise occupational descriptions
across sectors and regions, these systems represent certain
aspects of work with high granularity while compressing or
simplifying others. Consistent with theories of routine-biased
technological change [11] and longstanding observations about
the difficulty of formalising tacit knowledge [12], occupational
databases may tend to privilege formally articulated, context-
stable cognitive activities. By contrast, work that depends on
embodied coordination, adaptive judgement under uncertainty,
or the relational dynamics of emotional labour may be only

partially captured. These structural tendencies have been
documented empirically: Handel [13] identified redundancy
between importance and level scales, construct overlap, and
substantial abstraction in item wording as specific measurement
limitations of the O*NET content model — properties that
are particularly consequential when fine distinctions between
structured cognitive and tacit capabilities are required.

Because automation models frequently rely on these struc-
tured representations to approximate occupational capability
profiles, any systematic representational imbalance may in-
fluence how automation potential is assessed. In particular,
forms of expertise that are difficult to codify, such as tacit
sensorimotor skill, situated decision-making, and relational
coordination, may be underrepresented in the data structures
used to model technological substitution. Whether and how
these representational properties systematically vary across
occupational databases, and what this means for automation
modelling, has received limited direct empirical attention.
The present study addresses this gap through an embedding-
based representational audit of three widely used occupational
description systems.

III. BACKGROUND: THE HUMAN-CENTRED RESILIENCE
MODEL

The theoretical point of departure for the present rep-
resentational audit is the HCRM, introduced in previous
work examining the resilience of embodied service and craft
occupations in the context of automation [1] [2]. The HCRM
was developed to explain why some occupations, particularly
those in the leisure, care, and skilled service economy, appear
to retain value despite rapid advances in automation. Examples
include wellness practitioners, pet care professionals, and
skilled tradespeople, which share characteristics with the
occupations analysed in the present study. These roles often
combine physical skill, interpersonal interaction, and situational
variability, characteristics that are difficult to formalise within
conventional task-based automation frameworks.

Conceptually, the model draws on Self-Determination The-
ory [14] and Bourdieu’s concepts of symbolic capital [15]
and cultural distinction [16]. From the perspective of Self-
Determination Theory, occupations that support autonomy, com-
petence, and relatedness can generate intrinsically motivated
forms of work for practitioners while also shaping demand, as
clients often value services that provide meaningful interaction,
personalised attention, and opportunities for human connection.
At the same time, Bourdieu’s concepts of symbolic capital
and distinction help explain how scarcity, authenticity, and
embodied expertise may increase the perceived value of certain
forms of human work as automated services become more
widespread.

In its original formulation, the HCRM proposed that the
resilience of these occupations arises from the combined
presence of three capability domains:
1) Embodied Dexterity and Skilled Movement
2) Agency and Adaptability
3) Emotional Labour
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The key theoretical insight of the model was that resilience does
not emerge from any single attribute in isolation, but rather
from the interaction of these dimensions during real-world
task execution, particularly in occupations that require close
interaction with people, animals, or physical environments.

A. Empirical Anomaly and Measurement Challenge

Initial empirical testing of the HCRM using occupational
data revealed a counterintuitive pattern. While the embodied
skill and emotional labour dimensions broadly aligned with
theoretical expectations, the Agency and Adaptability pillar
did not clearly distinguish HCRM occupations from a broader
comparison group [2]. At the aggregate level, the comparison
group even produced slightly higher overall alignment scores
on the adaptability dimension than the occupations expected
to rely most strongly on situational flexibility.

This result was surprising because many leisure, care, and
personal service roles rely on continuous, real-time judgement
exercised in situ, including responding to non-verbal cues,
adapting techniques to client preferences or animal behaviour,
and operating in variable, often unpredictable environments.
Such contexts require ongoing judgement and situational
adjustment rather than reliance on predetermined task scripts.

This empirical pattern raised an important methodological
question: whether the concept of adaptability was inadequately
represented in the occupational taxonomies used for measure-
ment. In particular, descriptors in databases such as O*NET
and ESCO appeared to represent adaptability primarily through
descriptors of cognitive planning, evaluation, and problem-
solving, rather than through descriptions of real-time behavi-
oural adjustment in dynamic environments.

B. Increasing Construct Resolution

To enable a more precise representational analysis of
occupational datasets, this study refines the operationalisation
of the HCRM. Rather than altering the theoretical foundations
of the model, the original Agency and Adaptability pillar is
analytically decomposed into two distinct components grounded
in the literature on expertise, decision-making, and adaptive
performance in complex environments [17] [18] [19].

This decomposition yields a four-pillar capability framework:
1) Cognitive–Technical Judgement — The application of

structured knowledge, formal rules, and analytical reasoning
in diagnosing problems and determining solutions.

2) Embodied–Sensorimotor Calibration — Skilled physical
performance based on continuous integration of tactile,
spatial, and tool-mediated feedback.

3) Trust-Calibrated Interpersonal Engagement — The capacity
to establish and maintain cooperative, trust-based interac-
tions with clients or stakeholders during service delivery.

4) Situated Adaptive Decision-Making — The ability to adjust
actions dynamically in uncertain or evolving environments,
selecting among multiple possible courses of action without
relying on predetermined scripts.

These pillars define the capability constructs used to exam-
ine how occupational taxonomies represent different forms

of expertise. Fig. 1 illustrates the conceptual structure of
the HCRM and the four capability pillars derived from its
three foundational domains: embodied dexterity and skilled
movement, agency and adaptability, and emotional labour.

Figure 1. Human-Centred Resilience Model (HCRM) showing the
decomposition of the original three-pillar structure into four capability

domains.

IV. FROM HCRM TO REPRESENTATIONAL AUDIT OF
OCCUPATIONAL TAXONOMIES

Automation modelling and algorithmic labour-market ana-
lysis rely heavily on occupational description systems that trans-
late work into structured task, skill, and capability descriptors.
Such approaches use formalised descriptions of occupational re-
quirements as inputs to empirical automation models to estimate
technological substitution or exposure [5] [6] [7] [8] [10]. The
validity of these assessments, therefore, does not only depend
on model design but also on the representational properties of
the occupational data on which they rely.

A. Standard Taxonomies: O*NET and ESCO

The dominant occupational representation systems in this
domain are O*NET in the United States and ESCO in the
European Union. O*NET provides a large survey-based archi-
tecture covering knowledge, skills, abilities, work activities,
and work contexts [3]. However, the database also exhibits
several measurement challenges, including redundancy between
importance and level scales, overlap across constructs, and
substantial abstraction in item wording [13]. These properties
are particularly relevant in the present context because the ana-
lysis focuses on fine distinctions between structured cognitive
descriptors and more tacit, situated capabilities.

ESCO, by contrast, provides a multilingual ontology
linking occupations to standardised skill and competence
descriptors [4]. Its primary function is more to support interop-
erability among labour-market, education, and policy systems
than survey-based measurement. Although its architecture
differs from O*NET’s, ESCO similarly relies on standardised,
context-independent descriptors designed to make occupational
characteristics machine-readable and comparable across labour-
market systems.

When labour-market and automation studies use such data-
bases as empirical inputs or feature spaces — as seen in
influential models of computerisation probability [5] and recent
assessments of Large Language Model exposure [8] — they
also inherit the representational assumptions embedded in these
systems. If an occupational taxonomy primarily represents work
through abstract, standardised, or decontextualised descriptors,
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then downstream models may reflect those abstractions rather
than the full situational complexity of occupational practice.

B. Comparative Reference Corpus: National Vocational Stand-
ards

To evaluate the representational coverage of standard tax-
onomies, this study introduces a third source of occupational
description: national vocational standards from six countries:
Austria, Belgium, France, Germany, Hungary and the Neth-
erlands. Unlike statistical or policy taxonomies, vocational
standards are training- and qualification-oriented documents
developed to specify the competencies, procedures, safety re-
quirements, and learning outcomes associated with professional
practice. In competence-based vocational education systems,
training regulations typically define occupational competences
and performance requirements in terms of observable learning
outcomes linked to workplace activities [20] [21] [22].

Vocational standards should not be treated as direct records
of practice. However, because these documents are designed
to guide training, assessment, and certification of practitioners,
they often include detailed descriptions of procedures, materials,
tools, and performance criteria that reflect how work is expected
to be carried out in practice.

C. The Representational Audit

The present study, therefore, conducts a representational audit
comparing O*NET, ESCO, and national vocational standards
across three service and craft occupations.

The audit covers three occupations selected because they
rely heavily on embodied skill, interpersonal coordination, and
situational variability: electrician, dog groomer, and massage
therapist. These occupations are described in detail in Sec-
tion VI.

V. PILLAR FRAMEWORK FOR REPRESENTATIONAL
ANALYSIS

To operationalise the capabilities associated with human-
centred service and craft work, the HCRM is translated here
into four analytically distinct but interrelated capability domains.
These pillars capture different forms of expertise through which
skilled practitioners engage with technical systems, physical
environments, and other people in the course of work. While
occupational taxonomies tend to privilege structured cognitive
tasks and discrete work activities, research on tacit knowledge,
expertise, embodied cognition, and situated action suggests
that many forms of skilled performance emerge through the
dynamic integration of perception, action, and social interaction
in context [12] [18] [19] [23] [24]. This perspective is also
reflected in Rasmussen’s Skill–Rule–Knowledge framework,
which distinguishes between embodied skill-based behaviour,
rule-guided action, and knowledge-based reasoning in complex
work environments [17]. These traditions collectively emphasise
that skilled performance cannot be fully understood as the
execution of isolated tasks; it emerges from the coordinated
interaction of cognitive judgement, embodied action, and social
engagement within dynamic contexts.

The four pillars, therefore, represent complementary di-
mensions of human capability: cognitive–technical judgement,
embodied–sensorimotor calibration, trust-calibrated interper-
sonal engagement, and situated adaptive decision-making.
Table I summarises the four capability pillars used in the
representational analysis and the primary forms of expertise
associated with each domain.

TABLE I. CAPABILITY PILLARS USED IN THE REPRESENTATIONAL
ANALYSIS

Pillar Capability
Domain

Core Capability Mechanisms

P1 Cognitive–
Technical
Judgement

Diagnosis of technical problems, inter-
pretation of standards, rule-based and
knowledge-based reasoning

P2 Embodied–
Sensorimotor
Calibration

Skilled bodily movement, tactile feed-
back, coordination of tools, materials,
and physical environments

P3 Trust-
Calibrated
Interpersonal
Engagement

Interpretation of verbal and non-verbal
cues, emotional regulation, and mainten-
ance of cooperative interaction

P4 Situated
Adaptive
Decision-
Making

Real-time adjustment to evolving con-
ditions, selection among action paths,
integration of situational cues

A. Cognitive–Technical Judgement

Cognitive–Technical Judgement refers to the capacity to un-
derstand technical systems, diagnose faults, interpret standards,
and apply structured domain knowledge under operational con-
straints. This pillar captures forms of rule-based and knowledge-
based reasoning commonly required in technical occupations,
where practitioners must interpret signals, diagnose problems,
and apply established procedures or technical standards [17].

In labour-market research, such structured forms of problem-
solving align closely with task-based approaches to work, which
conceptualise occupations as bundles of tasks that require
different combinations of cognitive and manual capabilities [25].
Within this framework, technological change has been shown
to substitute for tasks that can be expressed through explicit
procedural rules while complementing more complex problem-
solving activities [11].

This pillar, therefore, corresponds closely to the kinds of
structured cognitive activities typically captured in occupational
taxonomies such as the O*NET content model, including
analysing information, interpreting technical documentation,
and determining solutions to technical problems [3].

B. Embodied–Sensorimotor Calibration

Embodied–Sensorimotor Calibration refers to the capacity to
perform skilled physical actions through continuous sensorimo-
tor adjustment, integrating tactile, spatial, and tool-mediated
feedback in real time. Skilled manual activity requires the
dynamic coordination of perception and movement, allowing
practitioners to adapt bodily actions to the constraints imposed
by tools, materials, and physical environments. Research in
ecological psychology emphasises that such behaviour emerges
from direct interaction with environmental affordances rather
than from explicit cognitive representations [26].
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Similarly, theories of embodied cognition highlight that
many forms of practical intelligence arise from the coupling of
perception and action within situated bodily experience [27].
In skilled work, this coupling enables practitioners to calibrate
force, position, timing, and movement patterns continuously
while responding to subtle environmental cues. Classical
research in motor control further demonstrates that complex
skilled movements are not executed through rigid programmes
but are dynamically organised through the coordination of
multiple degrees of freedom within the body–environment
system [28].

Taken together, these perspectives describe embodied skill
as adaptive sensorimotor regulation in which perception,
movement, and environmental feedback are tightly integrated
during task execution. Such capabilities are central to many
craft and service occupations, although they are often described
only indirectly in occupational taxonomies, which tend to
emphasise tasks and outcomes rather than the underlying
sensorimotor processes through which skilled performance
is achieved.

C. Trust-Calibrated Interpersonal Engagement

Trust-Calibrated Interpersonal Engagement (P3) refers to
the capacity to establish and sustain cooperative, trust-based
interactions with clients, colleagues, or other stakeholders in
physically co-present environments. This dimension includes
the ability to interpret verbal and non-verbal cues, regulate
emotional expression, and adjust communicative behaviour in
response to the expectations and affective states of others.

Research on emotional labour highlights that many service
occupations require workers to actively manage and coordinate
emotional displays to produce appropriate interpersonal exper-
iences for clients [29]. In such contexts, effective interaction
depends not only on technical competence but also on the
ability to sustain socially meaningful encounters through subtle
forms of relational coordination and affective regulation.

Sociological studies of face-to-face interaction further em-
phasise that social encounters rely on continuous mutual
monitoring and the maintenance of interactional trust between
participants [30]. Workers in client-facing occupations must
therefore continuously adjust their communicative behaviour,
tone, and attentional focus in order to sustain cooperative
engagement.

From a labour-market perspective, these interpersonal capab-
ilities form part of a broader category of social skills that have
become increasingly important in modern economies and are
associated with occupations involving collaboration, service
provision, and client interaction [31]. Such skills rely heavily
on situational awareness and tacit interpersonal knowledge,
making them difficult to fully capture in standardised occu-
pational descriptors that typically emphasise discrete tasks or
communication activities.

D. Situated Adaptive Decision-Making

Situated Adaptive Decision-Making refers to the capacity
to operate effectively in complex and uncertain environments

without predetermined scripts. It involves selecting among
multiple possible courses of action, revising strategies dynam-
ically, and integrating technical knowledge with situational
judgement in real time. In many forms of skilled practice,
effective performance does not depend solely on the application
of explicit rules but also on the ability to interpret evolving
environmental cues and adjust behaviour accordingly.

Research in cognitive systems engineering emphasises that
practitioners working in complex environments must continu-
ously coordinate multiple interacting constraints while adapting
their actions in response to changing conditions [17] [19].
Studies of situated action further demonstrate that real-world
activity frequently unfolds through ongoing interaction with
the environment rather than through the execution of pre-
specified plans [24]. Similarly, research on naturalistic decision
making and recognition-primed decision-making shows that
experienced practitioners often rely on recognition-based
judgement, rapidly identifying patterns in unfolding situations
and selecting feasible courses of action without explicitly
comparing alternatives [18]. Analyses of expertise further
emphasise that such adaptive behaviour relies heavily on tacit,
experience-based knowledge that cannot be fully articulated
through formal rules or procedures [12] [23].

To operationalise this pillar for empirical analysis, adapt-
ability is represented through behavioural anchor statements
describing real-time situational adjustment in dynamic en-
vironments, derived from the pillar’s conceptual definitions.
Examples of the behavioural anchors are shown in Table II.

VI. DATA SOURCES

This section describes the three occupational representation
systems used in the analysis and the procedures applied to
prepare each corpus for embedding-based comparison.

A. O*NET

Occupational descriptors were drawn from the O*NET
Database 30.2 [3] Work Activities taxonomy for the selected
occupations, with the analysis focusing on the Work Activities
component. Each Work Activities descriptor consists of a short
activity statement describing a generic work behaviour (e. g.,
“Monitoring and reviewing information from materials, events,
or the environment, to detect or assess problems.”). O*NET
provides structured occupational descriptions derived from
surveys of job incumbents and occupational experts.

In this study, the analysis focused on the 41 descriptors
contained in the O*NET Work Activities taxonomy. The
taxonomy consists of standardised activity categories applied
uniformly across occupations. Because these descriptors are
identical across occupations, the textual corpus used in the
embedding analysis remains constant for all three cases.

The importance and level scores associated with the Work
Activities taxonomy were not incorporated into the similarity
analysis, as the objective was to evaluate the semantic repres-
entational coverage of capability constructs, not the relative
weighting of activities within occupations.
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TABLE II. EXAMPLE BEHAVIOURAL ANCHOR STATEMENTS USED TO OPERATIONALISE THE HCRM CAPABILITY PILLARS

Pillar Behaviour Anchors
Cognitive–Technical
Judgement (P1)

Diagnoses technical problems using structured reasoning and technical knowledge. • Interprets technical
documentation, diagrams, or operational instructions. • Applies established procedures and standards to solve
technical problems. • Evaluates system behaviour to determine appropriate corrective actions. • Analyses technical
information to identify faults or system malfunctions. • Uses domain knowledge to determine appropriate technical
solutions. • Interprets signals, measurements, or system indicators to guide decision-making. • Applies formal
rules or procedures to complete technical tasks.

Embodied–Sensorimotor
Calibration (P2)

Adjusts hand movements in response to tactile or spatial feedback during manual tasks. • Coordinates bodily
movement and tool use to perform precise physical actions. • Continuously adjusts force, position, and timing
during manual work. • Uses tactile and spatial feedback to guide tool manipulation. • Calibrates bodily actions
while interacting with tools or materials. • Performs skilled manual actions requiring fine motor control. • Adjusts
physical technique based on subtle environmental cues. • Maintains precise bodily coordination while performing
physical tasks.

Trust-Calibrated Interper-
sonal Engagement (P3)

Establishes trust through clear and respectful communication with clients. • Interprets verbal and non-verbal cues
during interpersonal interaction. • Adjusts communication style in response to the emotional state of others. •
Maintains cooperative relationships with clients or colleagues. • Provides reassurance or explanation to reduce
uncertainty for clients. • Listens carefully and responds appropriately to client concerns. • Maintains calm and
professional interaction in emotionally charged situations. • Coordinates work activities through interpersonal
communication.

Situated Adaptive
Decision-Making (P4)

Adjusts actions in real time in response to changing environmental conditions. • Selects among multiple possible
courses of action based on emerging cues. • Revises task strategies when routine procedures prove insufficient.
• Adapts behaviour continuously while interacting with people, animals, or physical environments. • Responds
flexibly to unexpected events during task execution. • Integrates technical knowledge with situational judgement
in real time. • Modifies task execution as conditions evolve. • Navigates uncertain environments without relying
on predetermined scripts.

B. ESCO

The ESCO skill and competence descriptors used for
each occupation were extracted from ESCO v1.2.1 (ac-
cessed 8 Feb. 2026) [4]. Individual occupation concept
URIs and the full extracted descriptor sets are provided in
the supplementary repository: https://github.com/Ilona-woody/
Hcrm-representational-audit/tree/main/esco. ESCO provides a
multilingual classification of occupations, skills, competences,
and qualifications designed to support labour-market interoper-
ability across European policy and employment systems.

For each selected occupation, the associated skill and
competence descriptors listed in the ESCO ontology were
extracted and treated as individual textual descriptors for
embedding comparison.

C. National Vocational Standards

National vocational training and qualification documents
for the selected occupations were collected from official
national or regional sources in Austria, Belgium, France,
Germany, Hungary and the Netherlands. These documents
included qualification frameworks, curricula, competency stand-
ards, and training specifications describing the competencies,
performance criteria, and learning outcomes associated with
professional practice. Documents were chosen that provided
formal competency specifications for the selected occupa-
tions within national qualification frameworks or accredited
training programmes. The electrician vocational standards
corpus contains substantially more descriptors than the other
corpora, reflecting the higher level of procedural specification
in electrical installation standards.

Descriptor counts, therefore, differ across representation
systems because documentation practices differ, not because
the occupations differ in underlying capabilities.

To ensure comparability with O*NET and ESCO, only
content-bearing competency and task descriptions were retained.
Administrative, legal, and procedural sections that did not
describe occupational capability requirements were excluded.
For longer documents, only sections containing learning
outcomes, competence statements, performance criteria, or
task-relevant descriptions were extracted.

Each extracted segment was recorded with provenance
metadata, including issuing authority, year, regulatory level,
source URL, and language. Each extracted segment was
treated as a potential descriptor unit for subsequent se-
mantic analysis. Non-English source documents were translated
into English using a consistent machine-translation workflow
(DeepL) [32] [33] [34] [35]. The English translations were
then used for embedding-based comparison to enable cross-
language analysis using an English sentence-transformer model.
Full provenance metadata for all vocational standard docu-
ments used in the analysis, including issuing authority, year,
regulatory level, source URL, and language, is provided in
the supplementary repository: https://github.com/Ilona-woody/
Hcrm-representational-audit/tree/main/data.

Table III summarises the occupational representation systems
examined in the analysis, the type of data each provides, and
the textual unit used as the basis for embedding comparison.

TABLE III. OCCUPATIONAL REPRESENTATION SYSTEMS AND UNITS OF
ANALYSIS

Representation
System

Data Type Textual Unit Used in
Analysis

O*NET Work
Activities

structured task
descriptors

activity statement

ESCO Skills skills taxonomy skill labels

Vocational Stand-
ards

vocational train-
ing standards

competency
statements
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D. Corpus Preparation

Each corpus was segmented into descriptor-level textual units
to enable embedding-based comparison. Where documents
contained longer narrative passages, text was first divided
into sentence-level segments using punctuation and line-break
boundaries so that similarity scoring could later be performed at
the segment level while retaining the descriptor as the reporting
unit.

VII. METHOD

The empirical analysis implements an embedding-based
representational audit of occupational databases. Descriptor
texts from three representation systems, O*NET Work Activ-
ities, ESCO skills, and vocational standards (Regulatory and
Professional Documentation Corpus, RPDC), are embedded
using a transformer-based sentence embedding model. Beha-
vioural anchor statements operationalising the four human-
centred capability pillars are embedded in the same semantic
space. Representational alignment is then quantified using
cosine similarity between anchors and descriptor segments,
with descriptor-level scores defined by the highest observed
semantic correspondence. This procedure enables systematic
comparison of how strongly different occupational representa-
tion systems encode the capability constructs defined by the
HCRM. In this sense, the analysis evaluates the extent to
which occupational data infrastructures make human-centred
capabilities computationally visible.

A. Representational Approach

Embedding-based semantic similarity analysis provides a
method for examining how conceptual constructs are repres-
ented within textual corpora by mapping linguistic content
into high-dimensional vector spaces. In vector-space models
of language, words and sentences are represented as numerical
embeddings, with their relative positions capturing semantic
relationships between expressions [36]. Transformer-based
language models, such as BERT, generate contextual embed-
dings that encode linguistic meaning based on the surrounding
context [37]. Sentence-level models, such as Sentence-BERT
(SBERT), extend this approach by producing embeddings
optimised for semantic similarity comparisons between short
texts [38]. In such embedding spaces, semantically related ex-
pressions occupy nearby regions. Embedding-based techniques
have increasingly been applied in computational social science
to analyse conceptual relationships within textual corpora [39].

This study applies embedding-based semantic similarity
analysis to evaluate how occupational representation systems
encode the four theoretically defined pillars of human-centred
capability introduced in Section V. Sentence embeddings were
generated using the pretrained Sentence-Transformers model
all-MiniLM-L6-v2, a compact transformer architecture de-
signed for efficient semantic similarity and sentence-embedding
tasks [40]. The model produces 384-dimensional embeddings
optimised for semantic comparison.

Each representation corpus, comprising O*NET Work Activ-
ities, ESCO skills, and vocational standards drawn from

national training documents (hereafter the Regulatory and
Professional Documentation Corpus, RPDC), was converted
into descriptor-level textual units. Each pillar was operation-
alised using a set of behavioural anchor sentences derived
from the conceptual definitions of the four capability pillars,
as listed in Table II. The complete anchor sets are provided in
the supplementary repository: https://github.com/Ilona-woody/
Hcrm-representational-audit.

Semantic alignment between pillars and representation
systems was estimated using cosine similarity between pillar
anchor embeddings and descriptor embeddings. Each pillar
is represented by multiple anchor statements. Descriptor-level
pillar alignment is operationalised as the maximum cosine
similarity between any descriptor segment and any anchor
statement within that pillar, capturing the strongest semantic
correspondence within the descriptor. Where descriptors con-
tained longer narrative passages, they were segmented into
sentence-like units using punctuation and line-break boundaries.
Sentence embeddings were computed for these segments, and
the maximum similarity value across segments was retained
for the original descriptor. This procedure reduces semantic
dilution in longer descriptions that contain multiple behavioural
components.

Retaining the maximum similarity constitutes a presence-
sensitive detection strategy. The objective of the audit is to
determine whether construct-relevant capability content appears
anywhere within a descriptor, even when embedded within
broader narrative descriptions. Maximum similarity, therefore,
provides a conservative test of representational coverage: if a
representation system fails to produce strong similarity even
under this most permissive detection rule, this indicates that the
construct is likely compressed, abstracted, or omitted within
the representation.

For each pillar × representation system × occupation com-
bination, the resulting distribution of descriptor-level similarity
scores was summarised using mean, median, 10th percentile
(p10), and 90th percentile (p90) statistics. Cosine similarity
ranges from −1 to 1. Negative values indicate semantic
dissimilarity between descriptor and anchor embeddings and
are expected for descriptors unrelated to a given capability
domain. Standard deviation and range statistics were also
computed as robustness checks and are reported in Table V.
Mean similarity is used as the primary summary indicator of
overall representational density, while median and percentile
statistics are reported to assess distributional robustness and
the presence of high-alignment descriptors within each system.

ESCO descriptors frequently consist of short skill labels:
across the three occupational corpora examined, the median
descriptor length was 3–4 words for ESCO, compared with 14
words for O*NET Work Activities and 5–11 words for RPDC
vocational standards. Such short phrases contain substantially
less contextual information than longer task descriptions
and may therefore produce lower semantic similarity scores
independently of construct alignment. This compression of
contextual information is itself a representational feature
of ontology-based taxonomies and may systematically limit
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the extent to which tacit, situational, or embodied capab-
ilities can be expressed within such systems. The script
used to compute descriptor length statistics is provided in
the supplementary repository: https://github.com/Ilona-woody/
Hcrm-representational-audit/tree/main/scripts.

Because the O*NET descriptor set is identical across
occupations, O*NET similarity distributions remain constant
across cases; observed cross-occupation variation therefore
arises primarily from the RPDC and ESCO corpora.

B. Preprocessing and Unit of Analysis

Occupational representation systems differ substantially in
textual granularity. ESCO descriptors typically consist of short
skill labels, O*NET Work Activities are structured task descrip-
tions, and vocational standards often contain longer narrative
passages describing competencies, training requirements, or
performance criteria. To ensure comparability across sources,
all corpora were transformed into descriptor-level analysis units
prior to embedding.

Text was cleaned through whitespace normalisation and the
removal of empty or near-empty strings. O*NET Work Activit-
ies and ESCO skills were retained as individual descriptors re-
flecting their structured format. Vocational standard descriptors
were segmented as described in Section VI. Extremely short
fragments lacking meaningful lexical content were excluded.
For reporting purposes, similarity scores are recorded at the
descriptor level; however, for segmented descriptors, the repor-
ted value reflects the highest-scoring sentence-level segment
contained within that descriptor.

Vocational standards were collected from publicly available
national and regional training and qualification documents
across six countries and translated into English. Translation
was necessary to enable cross-corpus comparison within a
single embedding space, though minor linguistic nuances
in the original documents may be attenuated in translation.
Only sections describing occupational tasks, competencies, or
behavioural expectations were retained, while administrative
and regulatory sections were excluded.

The resulting descriptor sets served as the unit of analysis for
similarity computation. Descriptor counts, therefore, vary across
representation systems, reflecting differences in document
structure and descriptive granularity.

C. Anchor Construction and Use

Each pillar was represented by an anchor set comprising
short behavioural statements designed to capture the conceptual
content of the pillar (for example, real-time situated adaptive
decision-making in dynamic environments for Pillar 4). Mul-
tiple anchor statements were used for each pillar to capture
different behavioural expressions of the construct and reduce
dependence on any single phrasing. The same anchor sets
were applied across occupations and representation systems to
ensure comparability.

Anchors were finalised prior to running the cross-occupation
comparisons and were not tuned to individual corpora, ensuring
that similarity scores reflect representational alignment rather

than optimisation artefacts. Table II provides examples of the
anchor statements used for each pillar. The complete anchor sets
for all four pillars are provided in the supplementary repository:
https://github.com/Ilona-woody/Hcrm-representational-audit.

D. Analytical Objective and Interpretation

The objective of the analysis is to assess representational cov-
erage: the extent to which a representation system semantically
encodes the capability constructs defined by the four pillars.

Higher similarity scores indicate stronger semantic corres-
pondence between pillar anchors and the descriptors contained
in a representation system. Lower similarity scores may indicate
abstraction, compression, or omission of construct-relevant
content.

Because embedding similarity reflects semantic proximity
rather than causal importance, the results are interpreted as
indicators of representational emphasis and descriptive granu-
larity. The analysis is descriptive–comparative, not inferential,
focusing on systematic differences in representational coverage
through occupational databases. The quantitative similarity
analysis is complemented by qualitative inspection of high-
similarity descriptor matches retrieved from each representation
system.

E. Robustness and Sensitivity Analysis

To assess the robustness of the main findings, two sensitivity
analyses were conducted. The first varied the aggregation rule:
in addition to the maximum cosine similarity used in the
primary analysis, mean similarity across all segment-anchor
pairs was computed for each descriptor. The second varied
the embedding model: a parallel analysis was conducted using
the larger all-mpnet-base-v2 model under maximum similarity
aggregation, alongside the primary all-MiniLM-L6-v2 model.

The core finding, that O*NET descriptors show the strongest
semantic alignment across all pillar–occupation combinations,
proved fully stable across all conditions tested: O*NET
remained the highest-scoring system in all 36 pillar–occupation–
condition combinations examined. The secondary ordering
of RPDC above ESCO showed minor variation only in the
dog groomer corpus under mean aggregation, consistent with
the two exceptions already noted in the main analysis and
attributable to the small margin of difference in that corpus.
These results indicate that the reported representational ordering
is not an artefact of the specific aggregation rule or embedding
model selected.

Table IV summarises the results across all three conditions.

VIII. RESULTS

The results are presented in five steps. First, Section VIII.A
compares how the three occupational representation systems
(RPDC, O*NET, and ESCO) align with the four capability
pillars across the selected occupations. Second, Section VIII.B
examines pillar-level representation patterns, analysing how
each capability dimension is captured by the systems. Third,
Section VIII.C focuses on Situated Adaptive Decision-Making
(Pillar 4), which exhibits a distinct cross-system representation
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TABLE IV. SENSITIVITY ANALYSIS: STABILITY OF REPRESENTATIONAL
ORDERING ACROSS AGGREGATION RULES AND EMBEDDING MODELS

Condition Model Aggregation O*NET
highest
(n/12)

Full order-
ing holds
(n/12)

Primary
analysis

all-MiniLM-L6-
v2

Maximum 12/12 10/12

Sensitivity 1 all-MiniLM-L6-
v2

Mean 12/12 9/12

Sensitivity 2 all-mpnet-base-
v2

Maximum 12/12 11/12

Note. O*NET highest = O*NET produces the highest mean similarity score
across all 12 pillar–occupation combinations. Full ordering holds = O*NET
> RPDC > ESCO across all 12 combinations. Deviations occur exclusively

in the dog groomer corpus, consistent with exceptions noted in the main
analysis. n = 12 (4 pillars × 3 occupations).

profile and therefore requires more detailed examination.
Fourth, Section VIII.D presents a qualitative inspection of
high-similarity descriptors for Pillar 4, providing interpretive
validation of the quantitative patterns. Fifth, Section VIII.E
summarises the representational patterns observed across
occupations and representation systems. Finally, Section VIII.F
reports a robustness and sensitivity analysis examining the
stability of the main findings across alternative aggregation
rules and embedding models.

O*NET similarity distributions are identical among occu-
pations because the same set of 41 O*NET Work Activity
taxonomy descriptors was used for all analyses. Consequently,
cross-occupation variation is driven by differences in the
occupation-specific corpora (vocational standards and ESCO
skills), while the O*NET alignment profile remains constant.
The electrician vocational standards corpus contains substan-
tially more descriptors than the other corpora, reflecting the
higher level of procedural specification in electrical installation
standards.

Fig. 2 shows the mean cosine similarity scores across pillars
and representation systems.

Table V summarises the similarity statistics for each pillar–
representation system combination for the three occupations.
The table reports mean similarity values, the number of
descriptors analysed in each corpus, and distributional statistics,
including median, standard deviation, and percentile values.
Across representation systems, similarity distributions showed
moderate dispersion (standard deviation typically between
approximately 0.07 and 0.12), indicating that the observed pat-
terns are not driven by a small number of extreme descriptors.

Across occupations and representation systems, several con-
sistent patterns emerge. First, descriptors associated with Trust-
Calibrated Interpersonal Engagement (Pillar 3) show strong
semantic alignment, particularly within the O*NET activity
taxonomy. Second, Cognitive–Technical Judgement (P1) also
exhibits relatively high alignment across systems, reflecting the
traditional emphasis of occupational classifications on proced-
ural and problem-solving tasks. Third, Embodied–Sensorimotor
Calibration (P2) is moderately represented by the systems and
is relatively more visible in RPDC, where procedural and
bodily techniques are described in operational detail. Finally,
Situated Adaptive Decision-Making (P4) shows a more uneven

Figure 2. Heatmap of mean cosine similarity scores across pillars and
representation systems.

representational profile across systems. While moderately
represented in O*NET activities, it exhibits comparatively
lower alignment in RPDC and ESCO descriptors. Overall, these
patterns suggest that existing occupational taxonomies capture
codified tasks, interpersonal interaction, and some forms of
procedural embodiment more readily than context-sensitive
adaptive behaviour.

The following subsections examine these patterns in greater
detail, beginning with cross-system comparisons and then
turning to pillar-specific differences.

A. Cross-System Representational Alignment

To evaluate how different occupational representation sys-
tems represent the four conceptual pillars, cosine similarity was
computed between pillar anchor embeddings and descriptor
embeddings extracted from three sources: vocational standards
(RPDC), O*NET Work Activities, and ESCO skills. The
analysis was conducted for three occupations representing
human-centred service and craft work: electrician, dog groomer,
and massage therapist.

Across the analysed occupation–pillar combinations, a
consistent ordering of representational alignment is observed:
O*NET > RPDC > ESCO. In most cases, O*NET descriptors
exhibit the highest semantic similarity to the pillar anchors,
vocational standards (RPDC) show intermediate alignment,
and ESCO descriptors produce lower similarity scores (see
Fig. 3a, 3b and 3c). This ordering holds for 10 of the 12 pillar–
occupation combinations analysed. Two minor deviations occur
in the dog groomer corpus: for Cognitive–Technical Judgement
(P1), ESCO (0.227) slightly exceeds RPDC (0.216), and for
Situated Adaptive Decision-Making (P4), ESCO (0.214) is
marginally higher than RPDC (0.202). These differences are
small in magnitude and do not alter the overall cross-system
pattern.
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TABLE V. SIMILARITY STATISTICS FOR PILLAR–SYSTEM COMPARISONS ACROSS OCCUPATIONS

Occupation Pillar System n Mean Median Std Min Max p10 / p90
Dog Groomer P1 RPDC 161 0.216 0.209 0.106 0.004 0.502 0.072 / 0.372

P1 O*NET 41 0.385 0.374 0.090 0.219 0.615 0.278 / 0.491
P1 ESCO 46 0.227 0.218 0.095 0.051 0.457 0.114 / 0.358
P2 RPDC 161 0.241 0.233 0.097 0.034 0.519 0.118 / 0.372
P2 O*NET 41 0.321 0.313 0.106 0.153 0.650 0.192 / 0.429
P2 ESCO 46 0.190 0.184 0.096 0.067 0.518 0.079 / 0.287
P3 RPDC 161 0.222 0.202 0.104 0.027 0.518 0.106 / 0.370
P3 O*NET 41 0.396 0.385 0.078 0.247 0.624 0.309 / 0.494
P3 ESCO 46 0.207 0.173 0.096 0.070 0.506 0.122 / 0.359
P4 RPDC 161 0.202 0.193 0.090 0.038 0.450 0.089 / 0.341
P4 O*NET 41 0.365 0.357 0.084 0.235 0.527 0.255 / 0.482
P4 ESCO 46 0.214 0.202 0.085 0.076 0.459 0.109 / 0.322

Electrician P1 RPDC 2341 0.307 0.299 0.122 0.001 0.743 0.150 / 0.467
P1 O*NET 41 0.385 0.374 0.090 0.219 0.615 0.278 / 0.491
P1 ESCO 41 0.251 0.242 0.106 0.093 0.554 0.125 / 0.390
P2 RPDC 2341 0.256 0.249 0.098 0.002 0.734 0.135 / 0.380
P2 O*NET 41 0.321 0.313 0.106 0.153 0.650 0.192 / 0.429
P2 ESCO 41 0.174 0.166 0.111 0.000 0.540 0.057 / 0.259
P3 RPDC 2341 0.247 0.245 0.109 −0.003 0.661 0.104 / 0.391
P3 O*NET 41 0.396 0.385 0.078 0.247 0.624 0.309 / 0.494
P3 ESCO 41 0.161 0.148 0.082 0.011 0.330 0.063 / 0.264
P4 RPDC 2341 0.255 0.254 0.100 −0.013 0.634 0.127 / 0.387
P4 O*NET 41 0.365 0.357 0.084 0.235 0.527 0.255 / 0.482
P4 ESCO 41 0.186 0.168 0.107 −0.016 0.443 0.076 / 0.329

Massage Therapist P1 RPDC 180 0.258 0.240 0.120 0.058 0.683 0.123 / 0.412
P1 O*NET 41 0.385 0.374 0.090 0.219 0.615 0.278 / 0.491
P1 ESCO 53 0.236 0.245 0.098 0.072 0.480 0.113 / 0.367
P2 RPDC 180 0.301 0.293 0.090 0.111 0.557 0.192 / 0.425
P2 O*NET 41 0.321 0.313 0.106 0.153 0.650 0.192 / 0.429
P2 ESCO 53 0.253 0.229 0.092 0.081 0.493 0.157 / 0.390
P3 RPDC 180 0.275 0.251 0.123 0.008 0.637 0.135 / 0.448
P3 O*NET 41 0.396 0.385 0.078 0.247 0.624 0.309 / 0.494
P3 ESCO 53 0.232 0.201 0.106 0.048 0.506 0.104 / 0.372
P4 RPDC 180 0.228 0.216 0.097 0.057 0.528 0.110 / 0.370
P4 O*NET 41 0.365 0.357 0.084 0.235 0.527 0.255 / 0.482
P4 ESCO 53 0.186 0.187 0.073 0.060 0.359 0.092 / 0.290

For example, in the electrician corpus, mean similarity values
for Pillar 1 (Cognitive–Technical Judgement) were 0.384 for
O*NET, 0.307 for RPDC, and 0.251 for ESCO. The same
ordering is observed for the remaining pillars and across the
other two occupations.

At the same time, the similarity distributions vary system-
atically by pillar. Trust-Calibrated Interpersonal Engagement
(P3) generally achieves the highest alignment, especially within
O*NET, while Situated Adaptive Decision-Making (P4) tends
to be among the weaker represented dimensions in RPDC
and ESCO. In O*NET, however, P4 is not the weakest
pillar; it scores above Embodied–Sensorimotor Calibration
(P2). This indicates that existing occupational taxonomies do
not underrepresent all non-cognitive capabilities equally; rather,
they vary in how they represent the interpersonal, embodied,
and adaptive aspects of work (see Table V). Spanning systems,
the pillars therefore indicate distinct representational profiles:
cognitive–technical judgement and interpersonal engagement
exhibit relatively strong alignment, embodied calibration shows
moderate alignment, and situated adaptive decision-making
displays the most variable representation. Fig. 3a, 3b and 3c
visualise these differences by showing the mean similarity
values for each pillar for the three representation systems for
the selected occupations.

B. Pillar-Level Representation Patterns

The following subsections examine each capability pillar
individually in order to identify systematic differences in how
the dimensions are represented in occupational description
systems.

1) Cognitive–Technical Judgement (P1): Cognitive–
Technical Judgement was relatively well represented across
all systems. O*NET produced the highest similarity values
for this pillar in all three occupations, with a mean similarity
of approximately 0.385 in each case. RPDC corpora also
captured this dimension to a substantial degree, particularly for
electrician (0.307) and massage therapist (0.258), indicating
the presence of analytical and technical reasoning elements
in vocational descriptions. ESCO descriptors showed weaker
but still measurable alignment, ranging from 0.216 for dog
groomer to 0.251 for electrician.

Overall, the results indicate that structured cognitive and
technical judgement is comparatively well represented in the
language used by existing occupational description systems.

2) Embodied–Sensorimotor Calibration (P2): Embodied–
Sensorimotor Calibration showed moderate representation by
all sources, with greater variation across occupations than
observed for Pillar 1. O*NET produced the highest mean
similarity values overall for this pillar (approximately 0.321
across occupations), although within the O*NET profile, this

International Journal on Advances in Systems and Measurements, vol 19 no 1 & 2, year 2026, http://www.iariajournals.org/systems_and_measurements/ 139 
 

 

2026, © Copyright by authors, Published under agreement with IARIA - www.iaria.org 

 



was the lowest-scoring pillar relative to the other three. This
indicates that embodied skill is represented within O*NET, but
less strongly than cognitive, interpersonal, and adaptability-
related descriptors.

Vocational standards came close in occupations involving
more explicit bodily technique, particularly for massage ther-
apist, where RPDC achieved 0.301, compared with 0.321 for
O*NET. For the electrician and dog groomer, RPDC values
were lower (0.256 and 0.241, respectively), but remained above
or near ESCO. ESCO showed the weakest representation of
embodied skill overall, although the strength of this pillar
varied by occupation, from 0.174 for electrician to 0.253
for massage therapist. These results suggest that embodied
competence is represented across all three systems, but more
strongly where corpora contain explicit references to manual
technique, dexterity, bodily coordination, or physical handling.

3) Trust-Calibrated Interpersonal Engagement (P3): Trust-
Calibrated Interpersonal Engagement showed the strongest rep-
resentation in O*NET in all occupations. Mean similarity values
were approximately 0.396 for electrician, dog groomer, and
massage therapist (reflecting the identical O*NET descriptor set
across occupations), making Pillar 3 the highest-scoring O*NET
pillar in all three cases. RPDC also captured this dimension,
particularly for massage therapist (0.275), but less strongly for
electrician (0.247) and dog groomer (0.222). ESCO descriptors
showed weaker overall alignment, ranging from 0.162 for
electrician to 0.232 for massage therapist. These results indicate
that interpersonal coordination, communication, and related
social interaction descriptors are represented relatively strongly
in O*NET and, to a lesser extent, in vocational standards.

C. Representation of Situated Adaptive Decision-Making (P4)

Because adaptability showed a distinct cross-system pattern
of representation, Pillar 4 is analysed separately. Across all
three occupations, this pillar produced lower similarity values
than the cognitive and interpersonal pillars. Its relation to
embodied skill, however, differed across representation systems.
In O*NET, Pillar 4 (mean ≈ 0.365 across occupations) scored
higher than Pillar 2 (mean ≈ 0.321), whereas in RPDC it
was the lowest-scoring pillar for dog groomer and massage
therapist and slightly below Pillar 2 in the electrician corpus.
This indicates that adaptability is represented differently by the
systems: in O*NET, it aligns more closely with evaluative,
monitoring, and planning language, whereas in vocational
standards, it appears less prominently specified than embodied
competence. Table VI reports mean cosine similarity values
for Pillar 4 across occupations and representation systems.

TABLE VI. MEAN COSINE SIMILARITY VALUES FOR P4

Occupation RPDC O*NET ESCO
Electrician 0.255 0.365 0.186
Dog groomer 0.202 0.365 0.214
Massage therapist 0.228 0.365 0.186

O*NET still produced the highest values among the three
systems, but the representational profile of this pillar remained
below that observed for Pillars 1 and 3. Within RPDC, Pillar

4 was the lowest-scoring pillar for both dog groomer and
massage therapist, and slightly below embodied capabilities
(Pillar 2) for electrician. In ESCO, Pillar 4 was also among
the weakest represented dimensions, particularly for electrician
and massage therapist.

Fig. 4 presents the representation of Situated Adaptive
Decision-Making across occupations and representation sys-
tems. It shows mean cosine similarity for Pillar 4 only,
highlighting the comparatively weaker and more variable
representation of this dimension outside O*NET.

These results indicate that adaptability, when defined as
situated, non-scripted, real-time behavioural adjustment under
uncertainty, is less directly represented in existing occupa-
tional taxonomies than cognitive reasoning or interpersonal
coordination, and that its representation depends strongly on
the descriptive logic of the system considered.

D. Qualitative Inspection of High-Similarity Descriptors for
Pillar 4

To complement the quantitative similarity analysis shown
in Fig. 2–4, the top 15 descriptors per occupation and
representation system with the highest cosine similarity to Pillar
4 were examined qualitatively. This step provides interpretive
validation by allowing the semantic structure captured by the
embeddings to be examined directly in the descriptor language.
The descriptors reported here correspond to the highest-ranked
matches produced by the similarity computation. Qualitative
inspection of nearest neighbours is a common interpretive
step in embedding-based analyses, where retrieved matches
are examined to interpret the semantic structure captured by
vector similarity measures [40] [41]. Similar approaches have
also been used in computational analyses of occupational task
structures and automation exposure [42].

For all three occupations, O*NET retrieved highly similar
descriptors centred on analytical evaluation, monitoring, and
planning, including examples such as: “Using relevant inform-
ation and individual judgment to determine whether events
or processes comply with laws, regulations, or standards”,
“Monitoring and reviewing information from materials, events,
or the environment, to detect or assess problems”, “Analysing
information and evaluating results to choose the best solution
and solve problems”, “Identifying information by categorising,
estimating, recognising differences or similarities, and detecting
changes in circumstances or events”, “Developing specific goals
and plans to prioritise, organise, and accomplish your work”.

These examples suggest that O*NET primarily encodes
adaptability through descriptors of evaluation, information
processing, judgment, and planning.

Vocational standards showed a different pattern. In the elec-
trician corpus, high-similarity RPDC matches included more
explicit references to situational adjustment and troubleshoot-
ing, such as “Takes environmental conditions into account
(temperature, humidity, etc.)”, “Easily adapting behaviour or
working methods to changing situations and different people”,
“Technical understanding (e. g., analysing and troubleshooting
faults in electrical and electronic systems)”. In the dog groomer
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(a) Electrician (b) Dog Groomer (c) Massage Therapist

Figure 3. Mean cosine similarity scores for the four capability pillars across occupational representation systems for (a) electrician, (b) dog groomer, and (c)
massage therapist. Bars compare RPDC, O*NET, and ESCO descriptors.

Figure 4. Representation of Situated Adaptive Decision-Making (Pillar 4)
across occupations and representation systems. Bars represent mean cosine
similarity between pillar anchor sets and occupational descriptors extracted

from RPDC, O*NET Work Activities, and ESCO skills.

and massage therapist corpora, high-similarity RPDC matches
included descriptors such as “Reaction skills”, “Dealing with
change”, “Ability to work independently”, “Goal-oriented
working”.

Other RPDC matches combined broader professional charac-
teristics with technical or organisational language, for example,
references to analytical skills, individual treatment plans,
appointment coordination, and flexibility. All in all, these
descriptors acknowledge adaptability, but often do so through
a combination of broader professional attributes, technical
planning, and occupation-specific competence formulations
rather than by consistently explicit descriptions of real-time
behavioural adjustment.

ESCO descriptors were more compressed and typically
appear as short skill labels rather than process-oriented de-
scriptions. High-similarity examples included “handle customer
complaints”, “control animal movement”, “develop personalised
massage plan” and “manage a small-to-medium business”.
In some cases, ESCO also retrieved descriptors that were
relevant but highly condensed, such as “cope with challenging
circumstances in the veterinary sector” or “make decisions
regarding the animal’s welfare.” Largely, however, the ESCO
matches function primarily as categorical labels rather than
explicit descriptions of dynamic adaptive behaviour.

Overall, the qualitative inspection shows that all three repres-
entation systems capture aspects of adaptability but represent it
differently: O*NET through evaluative and planning language,
vocational standards through a mixture of occupation-specific
planning, adjustment, and broader professional formulations,
and ESCO through short categorical skill labels.

E. Summary of Representational Patterns

Across the three occupations, three consistent patterns
emerge. First, O*NET provides the strongest overall semantic
alignment with the four capability pillars, followed by RPDC
and then ESCO, a pattern stable across occupations and
distributional statistics. Second, Cognitive–Technical Judge-
ment and Trust-Calibrated Interpersonal Engagement show
comparatively strong alignment, while Embodied–Sensorimotor
Calibration shows moderate alignment with relatively stronger
representation in RPDC for occupations involving explicit
bodily technique. Third, Situated Adaptive Decision-Making
exhibits the most uneven representational profile, scoring below
cognitive and interpersonal pillars quantitatively and differing
in semantic form across systems, as confirmed by qualitative
inspection.

F. Robustness and Sensitivity Analysis

To assess whether the observed representational ordering
is robust to methodological design choices, two sensitivity
analyses were conducted as described in Section VII.E. Table IV
summarises the results across all three conditions. The finding
that O*NET descriptors show the strongest semantic alignment
proved fully stable: O*NET remained the highest-scoring
system across all 36 pillar–occupation combinations examined,
regardless of aggregation rule or embedding model. The
secondary ordering of RPDC above ESCO held in the large
majority of combinations and showed minor variation only in
the dog groomer corpus, consistent with the two exceptions
already documented in Section VIII.A and attributable to the
small margin of difference in that corpus.

These results indicate that the reported representational
ordering is not an artefact of the specific aggregation rule
or embedding model selected, and that the core findings are
robust to the methodological choices examined.
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IX. DISCUSSION

The following subsections interpret the empirical findings in
light of the theoretical literature on tacit knowledge, automation
modelling, and human-centred work, and consider implications
for occupational taxonomy design and AI labour-market
research.

A. Adaptability, Tacit Knowledge, and the Limits of Occupa-
tional Representations

This analysis was motivated by an unexpected finding in
the HCRM. Based on the theoretical and empirical literature,
occupations characterised by intensive interpersonal interaction,
embodied skill, and situational variability were expected to
exhibit high scores on adaptability. Professions such as electri-
cians, dog groomers, and massage therapists routinely operate
in environments that require real-time adjustment to changing
physical, social, and contextual conditions. Practitioners must
simultaneously interpret signals from clients, animals, or
physical environments while executing skilled manual tasks,
often in private, uncontrolled settings. Such contexts require
continuous decision-making without predetermined scripts
and involve the coordination of cognitive, embodied, and
interpersonal processes.

From the perspective of automation and expertise research,
such open-ended adaptive behaviour has long been recognised
as difficult to formalise computationally. Early discussions of
this challenge appear in the literature on artificial intelligence
and skill acquisition, particularly in the work of Dreyfus and
Dreyfus [23], who argued that expert human performance often
depends on tacit, context-sensitive judgment rather than explicit
rule-following. Similarly, Polanyi’s well-known observation
that “we know more than we can tell” highlights the central
role of tacit knowledge in skilled activity [12]. Within labour
economics, this insight has been reflected in discussions
of Polanyi’s paradox, which emphasises the difficulty of
automating tasks that rely on implicit knowledge and situational
judgement [43].

Similar observations appear in cognitive systems research
on human expertise. In the Skill–Rule–Knowledge framework,
Rasmussen [17] describes skilled performance as operating
through multiple levels of control, ranging from automatic
sensorimotor skill execution to rule-guided procedures and
analytical problem-solving. Importantly, experts flexibly shift
between these modes depending on the demands of the situation.
Such dynamic coordination between embodied action, pro-
cedural knowledge, and analytical judgement is characteristic
of many craft and service occupations, yet it is difficult to
capture within static occupational taxonomies that describe
work primarily through discrete tasks or procedural categories,
as illustrated by the present analysis.

Against this background, the HCRM framework led to the
expectation that occupations characterised by direct human
interaction and embodied service provision would display
particularly high scores on the adaptability dimension when
measured using O*NET adaptability-related indicators. Con-
trary to this expectation, the empirical analysis revealed slightly

lower adaptability scores for the selected occupations. This dis-
crepancy prompted a closer examination of the representational
systems used to describe work, specifically the occupational
taxonomies and databases that frequently underpin empirical
automation analyses.

The results of the present study suggest that the unexpected
HCRM finding may reflect a limitation of occupational repres-
entation systems, rather than an absence of adaptive capacity
in the occupations themselves. Across the three occupations
and representation systems examined (O*NET, ESCO, and
vocational standards), the pillar representing situated adaptive
decision-making generally showed lower semantic alignment
than the cognitive and interpersonal pillars and, in several cases,
was among the weakest represented dimensions.

Qualitative inspection of high-similarity descriptors further
illustrates how adaptability is represented in these systems. The
descriptors most closely aligned with the adaptability anchors
often emphasised evaluating information, monitoring condi-
tions, planning, or broad professional flexibility, rather than
explicit descriptions of real-time behavioural adjustment within
dynamic environments. While such descriptors capture aspects
of decision-making, they predominantly frame adaptability as
deliberative evaluation and planning rather than as real-time
behavioural adjustment within dynamic environments.

This distinction is theoretically significant. As Suchman [24]
demonstrated in her critique of classical AI planning models,
human expertise rarely relies on the execution of formal, pre-
specified cognitive scripts. Instead, action emerges through
ongoing interaction with the immediate conditions of the
environment, a phenomenon she describes as situated action.
Similarly, the ecological psychology tradition emphasises that
skilled behaviour emerges from the coupling between agents
and environmental affordances, enabling fluid adjustment to
changing constraints [26]. From this perspective, expertise
often manifests not as explicit problem solving but as situated
responsiveness embedded within continuous perception–action
loops.

The present findings, therefore, indicate that such forms of
situational adaptability may be compressed or indirectly rep-
resented within occupational taxonomies. Because taxonomies
must translate complex activities into discrete, standardised
categories, they tend to privilege formally articulated procedures
and explicit decision points. In the terminology of resilience
engineering, this reflects the well-known distinction between
work-as-imagined (formal procedures and plans) and work-as-
done (the situated, adaptive practices through which work is
actually carried out) [44].

B. Occupational Taxonomies and Automation Modelling

These representational dynamics are particularly relevant in
the context of labour-market automation research. Empirical
research on automation has increasingly emphasised that the
economic effects of new technologies depend not only on
their technical feasibility but also on how work is organised
into tasks within occupations [9]. This perspective builds
on the task-based framework in labour economics, which
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conceptualises occupations as bundles of heterogeneous tasks
rather than fixed job categories [25]. Within this framework,
occupational databases such as O*NET are frequently used to
approximate the task structure of work, providing the empirical
inputs for models estimating technological substitution, task
exposure, or augmentation potential. Many influential studies
estimating the susceptibility of occupations to automation rely
on occupational databases such as O*NET to characterise
task content and skill requirements. For example, Frey and
Osborne [5] used descriptors derived from the O*NET database
to train machine-learning classifiers estimating the probability
of computerisation across occupations. Related approaches
have been adopted in subsequent studies analysing the effects
of artificial intelligence, robotics, and digital technologies on
employment structures [6] [7] [10]. More recently, analyses of
generative AI exposure have relied on O*NET work activities
to approximate the task structure of occupations [8].

In such frameworks, occupational characteristics derived
from taxonomies function as empirical inputs to models
estimating automation risk. If certain dimensions of work
are under-represented or abstracted in these representations,
automation estimates may partly reflect the representational
structure of the taxonomy used to describe work, rather than
the full complexity of real-world work activities.

An important contrast emerged between embodied skill and
situated adaptability. As shown in the qualitative inspection
(Section VIII.D), adaptability in O*NET is primarily rep-
resented through abstract descriptors related to evaluation,
monitoring, and planning.

In the original HCRM analysis, the embodied dexterity
pillar produced the strongest differentiation for the selected
occupations. This suggests that although O*NET represents
manual activity through general descriptors, such as manual
dexterity and finger dexterity, these indicators still capture
core aspects of skilled manual work and therefore contribute
to higher scores for occupations involving hands-on practice.
By contrast, adaptability in O*NET is largely represented by
cognitive descriptors related to problem-solving, planning, and
decision-making. This formulation may favour professional
occupations and may partly explain why the expected adapt-
ability advantage did not appear for the selected service and
craft occupations.

In vocational standards, by contrast, embodied skill was
often more strongly represented than adaptability, while situated
real-time adjustment remained weakly specified. This diver-
gence indicates that different representation systems privilege
different aspects of work: survey-based taxonomies more
readily represent abstract decision processes, whereas training-
oriented documents more readily encode physical technique
than unscripted behavioural adaptation.

Taken together, these findings suggest that situated adapt-
ability is one of the capability domains most vulnerable to
under-specification in occupational taxonomies. Many service
and craft occupations rely on adjustment to evolving biological,
interpersonal, and physical conditions that cannot be fully
specified in advance. Such adaptive processes have historically

posed major challenges for automation. Robotics research has
long recognised the difficulty of replicating human adaptability
in unstructured environments, an asymmetry famously captured
by Moravec’s paradox, which observes that high-level reasoning
is computationally easier than sensorimotor interaction with
complex physical environments [45] [46]. Despite major
advances in machine learning and robotics, the real-time
coordination of perception, action, and social interaction in
dynamic environments remains a central technical challenge.

From this perspective, the representational structure of
occupational taxonomies becomes particularly important. If
adaptive work practices are primarily represented through
abstract cognitive descriptors, occupations that rely heavily
on embodied or situational adaptation may appear more
amenable to automation than they are under real deployment
conditions. This does not invalidate taxonomy-based automation
research; rather, it suggests that such models should be
interpreted with awareness of the representational assumptions
embedded in their input data. The structure of occupational
representation systems may influence how automation risk
is estimated, highlighting the importance of examining how
human capabilities are encoded in the datasets used to model
technological change.

C. Implications for Human-Centred Work and AI Integration

More broadly, these findings contribute to ongoing debates
about the resilience of human-centred service occupations in
the context of artificial intelligence and technological change.
Occupations involving close physical proximity, interpersonal
trust, and real-time interaction with unpredictable environments
occupy a distinctive position within the contemporary labour
market. Such roles often require workers to coordinate technical
skill, social communication, and embodied responsiveness
simultaneously.

In many service contexts, practitioners must continuously
interpret subtle signals, such as a client’s discomfort, an
animal’s behavioural cues, or constraints imposed by the
physical environment, while adapting their actions accordingly.
These adaptive processes are frequently acquired through exper-
ience rather than formal instruction and may therefore remain
only partially codified in occupational standards, consistent
with longstanding insights on the role of tacit knowledge in
professional practice [47] [48]. The present analysis suggests
that such forms of situated adaptability may therefore be only
indirectly represented within existing occupational taxonomies.

These observations do not imply that such occupations
are immune to technological change. Rather, they suggest
that the interaction between artificial intelligence and human-
centred work may be better understood through augmentation
frameworks than simple substitution models. Recent labour-
economic analyses increasingly emphasise that digital tech-
nologies may restructure tasks within occupations rather than
eliminate occupations entirely [49]. In this perspective, AI
systems may automate certain cognitive components of work
while increasing the relative importance of human capabilities
that remain difficult to formalise computationally.
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Accordingly, in many HCRM-type occupations, AI techno-
logies are likely to function primarily as complementary tools
supporting planning, documentation, scheduling, or inform-
ation retrieval, leaving situational judgement and embodied
interaction relatively more dependent on human practitioners.
Understanding how occupational representation systems cap-
ture, or fail to capture, these capabilities is therefore important
for designing AI systems that complement rather than attempt
to replace human expertise. In this sense, the HCRM provides
a framework for identifying capability domains that may
remain under-specified in occupational datasets. The present
analysis constitutes an initial step toward a broader empirical
programme examining how human-centred capabilities are
encoded and measured within the data infrastructures used to
model technological change in labour markets.

D. Limitations

This study provides an exploratory analysis of how occu-
pational taxonomies represent different dimensions of human
work and encode occupational capabilities in datasets com-
monly used to model automation risks. The empirical analysis
was limited to three occupations and three representation sys-
tems. Expanding the range of occupations would help determine
whether the observed representational patterns generalise across
broader segments of the labour market.

A further limitation concerns the institutional and geograph-
ical scope of the occupational representation systems examined.
The analysis combines O*NET, which reflects the structure of
the U.S. labour market, with ESCO and national vocational
standards drawn primarily from European training frameworks.
While these datasets represent some of the most widely used
occupational taxonomies in labour-market research, they may
not fully capture how skills and competencies are defined in
other institutional or cultural contexts. In particular, vocational
training systems outside Europe and North America may
structure occupational knowledge differently.

The embedding-based methodology employed in this study
estimates semantic similarity between textual descriptors and
conceptual anchor sets, but does not analyse the full structural
organisation of occupational taxonomies. A sensitivity analysis
reported in Section VIII.F confirms that the core findings are
robust to the choice of aggregation rule and embedding model,
though the scope of this robustness check remains limited to
the conditions examined.

X. CONCLUSION AND FUTURE WORK

This study examined how occupational representation sys-
tems encode different dimensions of human work, with
particular attention to situational adaptability. The analysis
was motivated by an unexpected finding in the HCRM:
occupations characterised by highly variable interpersonal and
physical environments did not exhibit the anticipated high
scores on the adaptability pillar. Because occupations such
as electricians, dog groomers, and massage therapists require
continuous real-time adjustment to changing circumstances, this

discrepancy prompted a closer examination of the occupational
representational systems used to describe work activities.

Using embedding-based semantic similarity analysis, the
study compared three widely used occupational representation
systems: O*NET Work Activities, ESCO skills, and national
vocational training standards. Across all three occupations, a
consistent pattern emerged. O*NET descriptors exhibited the
strongest semantic alignment with the conceptual capability
pillars, vocational standards showed intermediate alignment,
and ESCO descriptors generally produced lower similarity
values, with minor exceptions in the dog groomer corpus. At
the same time, the pillar representing non-scripted adaptive
decision-making showed a weaker alignment than the cognitive
and interpersonal pillars and was among the weaker represented
dimensions across the examined representation systems.

Qualitative inspection of high-similarity descriptors further
clarified this pattern. Adaptability in occupational taxonomies is
typically represented through abstract cognitive processes, such
as analysing information, evaluating outcomes, or planning
actions. While these descriptors capture important aspects of
decision-making, they tend to frame adaptability primarily
as deliberative reasoning rather than as situated behavioural
adjustment within dynamic environments. In many service
and craft occupations, however, expertise manifests through
continuous perception–action coordination in response to
evolving physical, biological, and interpersonal conditions.

Taken together, the findings point to a representational
asymmetry in occupational description systems. Dimensions
of work that can be explicitly articulated, such as analytical
reasoning, planning, and communication, are comparatively
well represented, whereas tacit and situational forms of adaptive
expertise appear more weakly specified. Because many labour-
market automation studies rely on occupational taxonomies
to operationalise task content, these representational asym-
metries may influence automation exposure estimates for any
occupation containing tacit, situational, or context-dependent
components of expertise, not only those characterised by highly
interpersonal or embodied work, though the present analysis
focuses on three illustrative cases from this domain.

Importantly, the results should not be interpreted as evidence
that existing taxonomies are inadequate. Systems such as
O*NET provide rich and systematically structured descriptions
of work activities and remain indispensable resources for
labour-market research and policy analysis. Rather, the findings
highlight the inherent difficulty of representing certain forms of
human expertise, particularly those grounded in tacit knowledge,
embodied interaction, and context-sensitive judgement, within
standardised classification frameworks.

More broadly, the study contributes to emerging discussions
on the data infrastructures underlying automation research. A
sensitivity analysis confirmed that the core representational
ordering is robust to the choice of aggregation rule and embed-
ding model, supporting the reliability of the findings within the
scope of the present study. As artificial intelligence systems
perform an expanding range of cognitive tasks, understanding
how occupational capabilities are represented in the datasets

International Journal on Advances in Systems and Measurements, vol 19 no 1 & 2, year 2026, http://www.iariajournals.org/systems_and_measurements/ 144 
 

 

2026, © Copyright by authors, Published under agreement with IARIA - www.iaria.org 

 



used to model technological change becomes increasingly
important. Embedding-based representational audits, such as
the one presented here, offer a systematic method for examining
how different dimensions of human work are encoded in
occupational databases and for identifying capability domains
that may remain underspecified in existing representations of
work.

Future research should extend this representational audit to
a broader range of occupations and occupational databases,
including taxonomies from labour-market regimes outside
Europe and North America. Complementary methodological
approaches, such as network analysis, ontology comparison, and
multi-modal observational datasets including task recordings
and sensor-based studies of manual work, could provide
additional insight into how embodied and situated capabilities
are formally represented and organised within occupational
systems. Extending embedding-based audits across multiple
labour-market datasets may contribute to a more systematic
understanding of how occupational knowledge is encoded
in the data infrastructures that increasingly inform economic
forecasting and AI capability assessment.
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