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Abstract

The transition from education to employment remains a major challenge, particularly for
individuals who may require accessibility support during competency assessment and
occupational guidance. However, many current approaches remain fragmented because
they evaluate soft skills, accessibility conditions, and occupational requirements as separate
dimensions. This study presents an accessibility-aware computational proof of concept for
employability analytics using workplace simulation logic, derived competency indicators,
semantic modeling, clustering, person–job fit estimation, and heuristic multi-objective opti-
mization. The framework integrates open secondary employability data, O*NET-derived
occupational descriptors, and simulated accessibility scenarios within a reproducible an-
alytical pipeline. The results show differentiated computational employability profiles,
with mean person–job fit values of 0.85, 0.74, and 0.63 for high, medium, and low pro-
files, respectively. The derived competency indicators showed high internal consistency
(α = 0.905), although they are interpreted as exploratory proxy dimensions rather than as
an exploratory psychometric scale. Principal component analysis indicated a dominant
general employability factor, with the first component explaining 75.3% of the variance.
The optimization layer produced interpretable heuristic convergence patterns and modeled
scenario assignments under predefined validity, accessibility, alignment, and diagnostic
criteria. Person–job fit was interpreted under sensitivity scenarios involving alternative
competency weights, scalarization parameters, and accessibility assumptions. The study
does not include observed participants with disabilities, measured accessibility support
use, field simulator interaction records, or longitudinal employment outcomes. Therefore,
the term accessibility-aware refers to the computational framework’s design orientation.
At the same time, the empirical evidence should be interpreted as a secondary-data-based
proof of concept rather than as validation of an inclusive simulator for future users with
accessibility needs. The main numerical indicators were: high-profile mean fit = 0.85,
medium-profile mean fit = 0.74, low-profile mean fit = 0.63, Cronbach’s alpha = 0.905, first
principal component variance = 75.3%, and heuristic iterations = 900.

Keywords: accessibility aware employability analytics; person job fit; workplace simulation
logic; derived competency indicators; O*NET occupational descriptors; heuristic optimization;
computational proof of concept
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1. Introduction
In the contemporary context of education and employment, the transition from learn-

ing environments to labor participation has become a complex challenge that extends
beyond the acquisition of technical knowledge. It increasingly requires the development
and interpretation of transferable competency indicators such as communication, teamwork,
organization, prioritization, and planning. These competencies are also being discussed
in relation to artificial intelligence, educational innovation, accessibility, and digital trans-
formation. Alkhater et al. [1] emphasize the role of artificial intelligence in personalizing
online learning and supporting learner interaction. Similarly, Zhu et al. [2] show that
ethics, intelligent tutoring systems, and higher education have become central themes in
AI-enabled education. Li et al. [3] further connect AI-based tools with inclusive education,
especially when personalization and accessibility are treated as design requirements rather
than optional features.

This challenge is especially relevant for future applications involving people with
auditory, visual, physical, or mild intellectual disabilities, who may face additional bar-
riers in access, retention, and progression within the labor market. In the present study,
however, these disability-sensitive categories are modeled as design conditions rather
than as observed participant attributes. Despite advances in inclusion policies, significant
gaps persist in vocational training and in competency assessment mechanisms that allow
objective evidence of labor potential. Howard and Moore [4] show that support systems for
diverse learners require linguistic and contextual adaptation. Comia et al. [5] demonstrate
that infrastructure, connectivity, device type, platform usability, and perceived support
influence student experience in constrained digital environments. From an interface per-
spective, Sajek et al. [6] show that accessibility also depends on perceptual design choices,
especially for users with color vision deficiencies. Inga et al. [7] provide a complemen-
tary higher-education planning perspective, linking strategic management, institutional
development, and educational policy to long-term transformation.

Workplace simulation logic has emerged as an alternative for training, scenario-based
assessment, and decision-oriented learning analytics because it enables the representation
of work-like situations in controlled, repeatable, and interpretable environments. Its po-
tential is stronger when simulation is combined with structured measurement procedures,
transparent indicators, and multimodal data capture. Khalaf et al. [8] illustrate the impor-
tance of instrument development and preliminary validation when evaluating educational
constructs. Cevik and Abu-Zidan [9] show that structured online training can improve
knowledge and perceived confidence when pre- and post-training evidence is included.
Ometov et al. [10] further show that multimodal datasets can support the interpretation
of stress and emotion, although data quality, individual variability, and validation remain
major challenges. Brichacek et al. [11] also support the importance of systematic evidence
synthesis when interpreting intervention-oriented constructs.

At the same time, employability cannot be understood as a purely technical outcome.
It must also be examined in relation to emotional regulation, perceived care, wellbeing, en-
gagement, and cognitive–affective responses to digital interaction. Zhao et al. [12] connect
institutional support, self-efficacy, resilience, and enjoyment with wellbeing in higher edu-
cation. Guo et al. [13] show that emotional regulation profiles can be used to identify differ-
entiated psychological patterns. Mancini et al. [14] relate emotional functioning to internal-
izing symptoms and adaptive behavior. Fiser et al. [15] add that responses to AI-generated
content can be evaluated through biometric and self-report evidence, reinforcing the im-
portance of multimodal interpretation in digital environments. Gao et al. [16] also show
that AI-generated content affects engagement through cognitive and affective pathways,
suggesting that user response, credibility, and disclosure matter in AI-mediated systems.
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However, despite this expanding technological and methodological landscape, the
literature still reveals fragmentation in the specific connection between workplace simula-
tion logic, accessibility-aware assessment, derived competency indicators, occupational
descriptors, semantic representation, and optimization-based decision support. This frag-
mentation is especially problematic for employability analytics, where evidence must be
interpretable, reproducible, and linked to occupational requirements rather than limited
to isolated digital training outcomes. Nishikawa and Murakami [17] and Yang et al. [18]
further support the relevance of open access, dissemination, and knowledge transfer for
transparent scientific outputs.

From a quantitative–computational perspective, recent work in optimization, predic-
tive modeling, and decision support across complex systems demonstrates the value
of combining forecasting, prioritization, and scenario evaluation under uncertainty.
Piras et al. [19] present an open tool that combines artificial intelligence, machine learn-
ing, forecasting, and user-oriented interfaces for scenario configuration. Barrera-Singaña
et al. [20] review advanced planning and optimization techniques under uncertainty. Wo-
jtaszek [21] shows how scenario analysis can support strategic decision-making when
multiple demand, technology, and investment variables interact. Ojeda et al. [22] further
illustrate how predictive models can be integrated into applied decision processes through
data cleaning, prioritization, model selection, and validation. Abdesselam et al. [23] pro-
vide a complementary example of multi-criteria prioritization and sensitivity analysis.
In contrast, Baldeon et al. [24] and Pecile et al. [25] illustrate the use of secondary data,
temporal analysis, and dimensionality-reduction methods in applied analytical contexts.
Although these contributions come from domains such as renewable energy planning,
sustainability, public health prioritization, social data analysis, and industrial downtime
prediction, they offer a transferable methodological basis for designing analytical archi-
tectures that must balance realism, resource constraints, accessibility assumptions, and
performance interpretation.

To address this gap, this study proposes an accessibility-aware computational proof
of concept for employability analytics. The proposed framework is not presented as a
field-validated workplace simulator with observed participants with disabilities. Instead,
it is designed as a reproducible analytical architecture that combines open employability
data, O*NET-derived occupational descriptors, modeled accessibility scenarios, semantic
representation, clustering, person–job fit estimation, and heuristic multi-objective optimiza-
tion. This clarification is important because the disability and accessibility dimensions are
modeled as design and simulation variables rather than as observed clinical or functional
attributes collected from real participants.

The study does not include participants with disabilities who were observed.
Disability-sensitive conditions, accessibility supports, and workplace scenarios are mod-
eled as design and simulation variables. Therefore, the framework should be interpreted as
a computational proof of concept rather than as empirical evidence that the proposed acces-
sibility improvements improve assessment outcomes for real users with disabilities. Future
empirical validation should include participants with auditory, visual, physical, and cogni-
tive accessibility needs, observed simulator interaction data, records of assistive technology
use, expert accessibility assessments, and longitudinal employment-related outcomes.

Accordingly, the term inclusive is used in this manuscript to describe the accessibility-
aware design orientation of the computational framework, not to imply that empirical
outcomes were observed in a sample of future users with accessibility needs. Similarly, the
term workplace simulation logic refers to the computational representation of scenarios,
tasks, accessibility supports, and occupational requirements, not to a field-tested immersive
simulator deployed with end users. The current evidence does not support claims about
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differential performance among disability groups, effectiveness of specific accessibility
supports, or real labor market insertion; these aspects are defined as future empirical
validation requirements.

The main contributions of this study are as follows:

1. A reproducible computational pipeline is proposed to integrate secondary employabil-
ity records, O*NET-derived occupational descriptors, modeled accessibility conditions,
and scenario assignment within a unified employability analytics framework.

2. A transparent O*NET-to-competency mapping procedure is introduced to construct
occupational requirement vectors for communication, teamwork, organization, priori-
tization, and planning.

3. A person–job fit index is implemented to estimate alignment between normalized
derived competency indicators and O*NET-based occupational requirement vectors.

4. An operational ontology layer is developed to represent relationships among de-
rived competencies, occupations, accessibility supports, disability-sensitive design
conditions, and workplace simulation scenarios.

5. A conceptual MINLP formulation is proposed, while the implemented Python 3.11
HMI is explicitly positioned as an interpretable heuristic approximation rather than
an exact global solver.

6. Baseline comparison and sensitivity analysis procedures are incorporated to examine
the robustness of the heuristic outputs under alternative assignment, competency
weight, scalarization weight, and accessibility assumptions.

Consequently, this work contributes a methodological and computational basis for
future accessibility-aware employability analytics systems. Its value lies in providing a
transparent, extensible, and testable architecture that can later be validated with real partic-
ipants, expert panels, longitudinal labor market outcomes, and machine-readable semantic
standards. Nina et al. [26] further support the relevance of secure software development
practices for the future institutional deployment of computational systems.

2. Related Works
In recent years, workplace simulation logic has evolved from technical training tools

into more complex environments for assessing interaction, decision-making, uncertainty,
and user response in contexts aligned with labor conditions. Alkhater et al. [1] emphasize
personalization and learner support in AI-mediated environments. Li et al. [3] connect inclu-
sive education with adaptive and accessible digital tools. Zhu et al. [2] further highlight the
importance of ethics and explainability in AI-enabled education. These contributions sup-
port the need for computational frameworks that connect learning evidence, accessibility
assumptions, and occupational requirements.

It is important to clarify that Figure 1 represents the proposed computational architec-
ture, not a field-tested simulator deployment. The disability and accessibility components
shown in the architecture are modeled design dimensions intended to support future empir-
ical implementation. At the first level, the mathematical and optimization core encompasses
the scalarized multi-objective formulation and the conceptual MINLP optimization prob-
lem, illustrating how accessibility-aware fit can be represented through the interaction
between derived competency indicators, occupational requirements, and objective function
components. At the second level, the intelligence and visualization layers illustrate how
the operational ontology links derived competencies, disability-sensitive design conditions,
accessibility supports, scenarios, and O*NET occupations. At the third level, the Python
3.11-based HMI interface serves as an integration mechanism, connecting optimization,
ontology, and analytics modules within an interactive framework designed for result explo-
ration and decision support. Overall, the figure illustrates the proposed multidimensional
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architecture, in which mathematical optimization, semantic representation, and advanced
analytics complement one another to support accessibility-aware employability analytics
within the modeled workplace simulation logic.

Figure 1. Computational architecture of the proposed proof-of-concept framework. The fig-
ure represents analytical modules and modeled accessibility dimensions, not a field-tested
simulator deployment.

Research on accessibility-aware employability analytics is located at the intersection
of workplace simulation logic, derived competency indicators, inclusive digital environ-
ments, occupational matching, semantic representation, and optimization-based decision
support. For this reason, the literature is organized around the methodological compo-
nents that directly support the proposed framework. References from distant biomedical,
ecological, or unrelated application domains were not retained as direct methodological
foundations because they do not directly support the core argument and could weaken the
review’s focus.

During the bibliographic screening process, references from clinical, biomedical, eco-
logical, public health, and unrelated social media analytics domains were excluded from
the core theoretical framework because they did not directly address employability analyt-
ics, workplace simulation logic, accessibility-aware assessment, person–job fit modeling,
operational ontology, or optimization-based decision support.

Digital learning environments and scenario-based assessment provide an important
methodological foundation for the proposed framework. Technology-supported learning
systems become more valuable when they move beyond content delivery and incorporate
interaction, feedback, task structure, and learner support. Alkhater et al. [1] discuss how
artificial intelligence can reshape online learning experiences through personalization,
interaction, and support, while also raising concerns about accountability, autonomy, and
privacy. Cevik and Abu-Zidan [9] show that online training can improve knowledge and
perceived confidence when structured instructional resources are combined with measur-
able pre- and post-training evaluation. Although these studies are not workplace simulator
studies in a strict sense, they support the methodological premise that digital environments
can generate structured evidence about learning, confidence, and performance when the
assessment process is explicitly designed.

Accessibility and inclusive digital environments are equally central to the proposed
model because employability analytics cannot be separated from the conditions under
which evidence is produced. Howard and Moore [4] emphasize that support systems for
diverse learners require linguistic and contextual adaptation rather than homogeneous
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intervention assumptions. Comia et al. [5] show that infrastructure, connectivity, device
type, platform usability, and perceived support affect student experience in resource-
constrained digital learning environments. Sajek et al. [6] provide direct evidence that web
accessibility must account for perceptual differences, particularly for users with color vision
deficiencies. Li et al. [3] synthesize empirical evidence on the role of artificial intelligence in
inclusive education, showing that AI-based tools may improve personalization, accessibility,
and engagement for learners with special needs, but that infrastructure, teacher readiness,
ethical design, and longitudinal evidence remain open challenges. These studies justify
treating accessibility as a structural condition of the assessment model rather than as a
secondary interface feature.

The interpretation of employability-related evidence also requires attention to well-
being, affective response, and broader behavioral conditions. Zhao et al. [12] show that
institutional support, self-efficacy, resilience, and enjoyment are interrelated in faculty well-
being in higher education. Guo et al. [13] demonstrate that emotional regulation profiles
can be used to identify differentiated psychological patterns. Mancini et al. [14] show that
emotional functioning is relevant for understanding internalizing symptoms and adaptive
behavior. Fiser et al. [15] add that human response to artificial intelligence-generated
content can be evaluated through biometric and self-report evidence. Gao et al. [16] fur-
ther show that AI-generated content affects engagement through cognitive and affective
pathways, while disclosure and credibility influence interpretation. In the context of em-
ployability analytics, these studies support the idea that performance-related evidence
should not be interpreted only as task completion, but also in relation to cognitive, emo-
tional, and interactional conditions that may affect participation and assessment validity.

The use of derived competency indicators requires a cautious interpretation of internal
consistency and dimensionality evidence. Khalaf et al. [8] illustrate the importance of
instrument development and preliminary validation when measuring educational and
support-related constructs. Their work is relevant because reliability indicators must be
interpreted within a broader validation process rather than treated as sufficient evidence of
construct validity. This point is central to the present study: although internal consistency
is useful for evaluating the coherence of derived competency indicators, it does not by itself
prove that communication, teamwork, organization, prioritization, and planning are five
independent latent constructs. Ometov et al. [10] reinforce this point from a multimodal
perspective, showing that emotion and stress datasets require careful interpretation because
data collection, individual variability, annotation, and validation remain major challenges.

Artificial intelligence, semantic representation, and ethical governance provide another
important basis for the proposed architecture. Zhu et al. [2] show that research on artificial
intelligence in education has grown rapidly and that ethics, higher education, personal-
ization, and intelligent tutoring systems have become central themes. Gao et al. [16] show
that AI-generated content affects engagement through cognitive and affective pathways,
while disclosure and credibility influence interpretation. These works are relevant because
the proposed framework uses computational modeling not only for prediction or matching,
but also for explainable decision support. In this sense, semantic representation and opera-
tional ontology are used to make explicit the relationships among derived competencies,
occupations, accessibility supports, disability-sensitive design assumptions, and workplace
scenarios. However, the ontology remains operational and has not yet been formalized
in OWL, RDF, or other W3C-compatible semantic standards, which is acknowledged as
a limitation.

The optimization and decision support literature also provides the computational
basis for interpreting the assignment and parameter-search components of the framework.
Because the proposed HMI includes an assignment-oriented heuristic layer, the review
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must distinguish between classic population-based metaheuristics, recent sine–cosine
and marine predator variants, starfish-inspired optimizers, and single-agent stochastic
approximation methods.

Classic population-based metaheuristics are relevant because they maintain several
candidate solutions and use collective search mechanisms to balance exploration and
exploitation. Particle swarm optimization (PSO) updates candidate solutions through
velocity and position rules guided by personal and global best solutions [27]. Genetic
algorithms (GAs) rely on selection, crossover, mutation, and elitist preservation to explore
combinatorial search spaces [28]. The sine cosine algorithm (SCA) uses trigonometric
position updates to move candidate solutions outward from or toward the current best
solution, thereby alternating between exploration and exploitation [29]. These algorithms
are relevant to the present study because the employability assignment problem contains
discrete allocation decisions, nonlinear utility components, and multiple constraints that
may generate local optima.

Recent SCA variants are particularly relevant because they explicitly address pre-
mature convergence and weak local exploitation. The augmented sine cosine algorithm
combined with a game-theoretic approach (ASCA-GT) introduces a nonlinear position-
updated mechanism and uses game-theoretic random perturbation to reduce stagnation in
local optima [30]. This mechanism is conceptually relevant to the proposed HMI because
accessibility-aware scenario assignment may also suffer from premature convergence when
several analytical records have similar person–job fit values or when capacity restrictions
produce narrow feasible neighborhoods. However, unlike ASCA-GT, the current HMI
heuristic was designed for interpretability and deterministic traceability rather than for
aggressive global exploration.

Marine-predator-inspired algorithms provide another important benchmark family.
The original marine predators algorithm (MPA) models predator–prey movement pat-
terns and alternates exploration and exploitation through Brownian and Levy-like search
phases [31]. The random average marine predators algorithm (RAMPA) modifies the con-
ventional MPA by incorporating a random average location calculation and a tunable
adaptive coefficient that controls step size and balances exploration and exploitation [32].
RAMPA is relevant to the proposed problem because the assignment utility landscape
may contain multiple near-optimal configurations, and adaptive step-size mechanisms can
help avoid early stagnation. Nevertheless, RAMPA remains a population-based optimizer,
whereas the implemented HMI uses a greedy-initialized local search structure focused on
transparent scenario reassignment.

The starfish optimization algorithm (SFOA) is a recent bio-inspired method that simu-
lates starfish behaviors such as exploration, preying, and regeneration [33]. Its two-phase
structure is relevant because exploration can diversify scenario-assignment candidates,
while exploitation can refine high-fit user–occupation matches. In the context of the present
study, SFOA is a suitable state-of-the-art comparator because it was designed for global
optimization and benchmarked against a large set of optimizers. However, the current HMI
does not reproduce starfish-inspired regeneration or multi-phase population dynamics;
therefore, SFOA is treated as a benchmark comparator rather than as a component of the
proposed method.

Single-agent stochastic optimization methods must be discussed separately because
they do not maintain a population of candidate solutions. Safe experimentation dynamics
(SED) perturbs design parameters and accepts safe improvements using limited informa-
tion, making it attractive for data-driven tuning and noisy optimization settings [34,35].
Smoothed functional algorithms estimate search directions through randomized pertur-
bations of the objective function and can be useful when gradients are unavailable or
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noisy [36]. Norm-limited and normalized SPSA methods restrict or normalize simultane-
ous perturbation updates to improve stability and reduce computational burden in noisy
parameter-tuning problems [37,38]. These single-agent methods are relevant to accessibility-
aware employability analytics because future simulator deployments may involve small
samples, noisy behavioral measurements, limited repeated experimentation, and costly
evaluations. Nevertheless, they differ from PSO, GA, SCA, RAMPA, and SFOA because
their search process is trajectory-based rather than population-based. For this reason, the
present manuscript evaluates them as a distinct methodological gap and not as part of the
population-based metaheuristic family.

Accordingly, the proposed local search HMI heuristic is positioned as an interpretable
assignment approximation, not as a new global optimizer. Its contribution is the inte-
gration of person–job fit, modeled accessibility penalties, O*NET-derived requirement
vectors, and scenario assignment within a transparent HMI. To make this scope testable,
the revised methodology specifies reduced exact solver instances and representative
heuristic comparisons against PSO, GA, SCA, ASCA-GT-inspired perturbation, RAMPA-
inspired adaptive movement, SFOA-inspired exploration–exploitation, and single-agent
SPSA/SED-style baselines.

Piras et al. [19] demonstrate how open tools can combine artificial intelligence, ma-
chine learning, forecasting, and user-oriented interfaces to support scenario configuration.
Barrera-Singaña et al. [20] review advanced planning and optimization techniques un-
der uncertainty, emphasizing the importance of deterministic, stochastic, robust, and
AI-enhanced approaches. Wojtaszek [21] shows how scenario analysis can support strategic
decision-making when multiple demand, technology, and investment variables interact.
Ojeda et al. [22] further illustrate how predictive models can be integrated into applied
decision processes through data cleaning, prioritization, model selection, and validation.
Abdesselam et al. [23] provide a complementary example of multi-criteria prioritization
and sensitivity analysis. In contrast, Baldeon et al. [24] and Pecile et al. [25] illustrate the
use of secondary data, temporal analysis, and dimensionality-reduction methods in applied
analytical contexts. Nishikawa and Murakami [17] and Yang et al. [18] further support the
importance of open-access dissemination and knowledge transfer, while Nina et al. [26]
are relevant for future secure deployment of the HMI. These studies support the use of
computational decision support methods in complex socio-technical systems and justify
interpreting the optimization layer as an exploratory approximation rather than as an exact
global solver.

The reviewed literature reveals four gaps directly addressed by the present study.
First, inclusive digital systems often discuss accessibility and personalization, but they
rarely integrate these dimensions with occupational requirement vectors and person–job fit
estimation. Second, soft skills are frequently measured using general instruments that lack
a strong connection to job-specific competency demands. Third, semantic models are often
used for interpretation, but not always connected to optimization and decision support
outputs. Fourth, optimization-based systems often report convergence without sufficient
baseline comparison or sensitivity testing.

In response to these gaps, the present study proposes an accessibility-aware computa-
tional proof of concept that integrates open employability data, O*NET-derived occupa-
tional descriptors, modeled accessibility scenarios, exploratory internal consistency and
dimensionality diagnostics, clustering, operational ontology, person–job fit estimation, and
heuristic optimization. The contribution is methodological and computational rather than a
field validation with real users with disabilities. This distinction is essential because current
evidence supports the architecture’s feasibility and interpretability, while future work must
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validate the framework with real participants, disaggregated disability-sensitive profiles,
expert-reviewed accessibility supports, and longitudinal labor market outcomes.

The focused synthesis of these research strands is presented in Table 1, which links the
main evidence base with the response adopted in this study.

Table 1. Focused synthesis of related work supporting the accessibility-aware employability
analytics framework.

Research Strand Representative
References Main Contribution Limitation in Prior

Work
Response in This

Study

Digital learning and
simulation logic

Alkhater et al. [1];
Cevik and

Abu-Zidan [9]

Digital environments
can support structured

learning, interaction,
confidence, and

performance
assessment

Limited connection
with occupational

matching and
person–job fit

Workplace simulation
logic is linked to

derived competency
profiles and

O*NET-derived
requirements

Accessibility and
inclusive digital
environments

Howard and Moore [4];
Comia et al. [5]; Sajek
et al. [6]; Li et al. [3]

Accessibility depends
on linguistic,

infrastructural,
perceptual, and

interactional
adaptation

Accessibility is often
treated as a platform
feature rather than a
modeled assessment

condition

Accessibility is
incorporated as a

scenario parameter and
interpreted through
sensitivity analysis

Competency, wellbeing,
and affective factors

Zhao et al. [12]; Guo
et al. [13]; Mancini

et al. [14]; Fiser
et al. [15];

Gao et al. [16]

Performance-related
evidence is influenced

by self-efficacy,
regulation, wellbeing,
emotional response,

and interactional
context

Employability
assessment may
over-rely on task

completion indicators

Derived competency
interpretation is

connected to broader
behavioral and

affective conditions

Internal consistency
and construct
interpretation

Khalaf et al. [8];
Ometov et al. [10]

Reliability and
multimodal indicators

require cautious
interpretation and
broader validation

Reliability alone does
not prove construct

validity or independent
dimensions

Cronbach’s alpha is
complemented with
item–total analysis,
PCA, and cautious

dimensional
interpretation

AI, semantic
representation, and

governance

Zhu et al. [2];
Gao et al. [16]

AI-enabled systems
require ethical
interpretation,

explainability, and
transparent governance

Semantic structures are
often not connected to
operational decision

support

An operational
ontology links derived

competencies,
occupations,

accessibility supports,
and modeled scenarios

Optimization and
decision support

Piras et al. [19];
Barrera-Singaña

et al. [20];
Wojtaszek [21]; Ojeda

et al. [22]

Scenario analysis,
metaheuristic

optimization, and
stochastic

approximation
methods support

complex socio-technical
decisions

Optimization claims
often lack exact solver

comparison, strict error
gap analysis, and

benchmarking against
PSO, GA, sine–cosine

variants, marine
predator variants,

starfish optimizer, and
single-agent methods

The heuristic is
interpreted as an

approximation; exact
solver benchmarking

and advanced
metaheuristic

comparison are defined
as required future
validation steps

3. Problem Formulation and Methodology
In the context of strategic human talent management oriented toward labor inclusion,

workplace simulators cannot be understood merely as training interfaces or virtual replicas
of isolated tasks. Their relevance lies in their ability to provide structured, observable,
and analytically interpretable evidence about how individuals perform under operational,
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interpersonal, and organizational demands that resemble real employment conditions.
It is especially important for future applications involving populations with disabilities,
for whom access barriers, interface constraints, and insufficiently adapted evaluation
settings may distort the observation of actual competencies and reduce the fairness of
employability assessment.

Although immersive technologies, virtual environments, and digital simulators have
expanded in vocational and professional training, the literature still presents several lim-
itations. First, many available approaches emphasize training effectiveness but lack a
sufficiently rigorous framework for standardized measurement of soft skills. Second, dis-
ability is often addressed as a peripheral implementation issue rather than as a structural
component of the assessment model. Third, simulator outcomes are only weakly connected
to occupational descriptors and real job requirements, which reduces their external va-
lidity as tools for labor market alignment. As a result, many simulation-based systems
remain useful for practice. Still, they are limited as decision support instruments for vo-
cational guidance, competency profiling, inclusive placement, and evidence-based career
pathway design.

The central research problem can therefore be formulated as the absence of a quanti-
tative, computational framework capable of jointly modeling competency performance,
disability-sensitive accessibility, occupational requirements, and decision-oriented analytics
within accessibility-aware computational frameworks. The problem is not only method-
ological but also operational: without an integrated framework, it becomes difficult to
identify differentiated employability profiles, estimate person–job fit, evaluate the role of
accessibility adjustments, and optimize simulator design under realistic constraints of time,
budget, and coverage.

Addressing this gap requires integrating mathematical modeling, semantic representa-
tion, psychometric assessment, multivariate analysis, and optimization. In scientific terms,
this implies bringing together still fragmented domains such as competency assessment,
inclusive technology, occupational analytics, and computational decision-making. In social
terms, it supports the design of fairer employability systems by enabling the identification
of actual strengths and constraints across diverse users, particularly those exposed to
functional, perceptual, or interaction barriers.

3.1. Mathematical Model and Methodology for Accessibility-Aware Computational Frameworks

The mathematical model proposed in this subsection is an original conceptual for-
mulation developed by the authors to structure the computational proof of concept. It is
not adopted as a complete model from a previous source. However, several of its com-
ponents are grounded in established modeling principles: person–job fit is represented
through normalized distance-based similarity, assignment is related to the Generalized
Assignment Problem, and the occupational requirement vectors are derived from O*NET
descriptors. Because no field experiment with real simulator users was conducted, the
model is evaluated computationally rather than experimentally. Therefore, the results
should be interpreted as proof-of-concept evidence and not as experimental validation.

Accessibility-aware computational frameworks are defined here as structured repli-
cations of real work situations designed to observe, train, and assess how individuals
respond to operational, communicative, and organizational demands associated with tar-
get occupations. Their added value does not derive solely from realism, but also from
their capacity to generate measurable evidence on soft skills under conditions that take
accessibility, occupational relevance, and interpretability into account.
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Accordingly, the problem is formalized through an analytical structure that links
four core elements: observable competencies, disability-sensitive contextual conditions,
occupational requirements, and inclusive design decisions within the simulator. Let

• U = {u1, u2, . . . , un} denote the set of analytical user records derived from the open
employability dataset;

• D = {d1, d2, d3, d4} denote the set of modeled disability-sensitive design conditions,
where

d1 = auditory-support condition, d2 = visual-support condition,
d3 = physical-access condition, d4 = mild-intellectual-support condition;

• C = {c1, c2, c3, c4, c5} denote the set of derived competency indicators:

c1 = communication, c2 = teamwork, c3 = organization,
c4 = prioritization, c5 = planning;

• P = {p1, p2, . . . , pm} denote the set of target job positions;
• S = {s1, s2, . . . , sq} denote the set of simulated scenarios;
• A = {a1, a2, . . . , ar} denote the set of accessibility supports or adaptations.

where bi contains available contextual descriptors, fi represents derived competency-
related features, and di encodes modeled disability-sensitive design conditions. In the
present dataset, di is not observed from participants and is used only for scenario-based
accessibility modeling.

xi = [bi, fi, di], (1)

where bi contains biographical and contextual descriptors, fi captures functional and
interaction-related characteristics, and di encodes disability-sensitive conditions relevant
to simulator access and performance interpretation.

Each job position is represented by a vector of competency requirements, pj:

rj = [rj1, rj2, rj3, rj4, rj5], (2)

where rjk ∈ [0, 1] denotes the relative importance of competency ck for occupation pj. This
representation establishes a common competency space for users and occupations, which
is necessary for estimating alignment in a normalized and comparable manner.

Each simulated scenario sℓ is modeled as

sℓ = (tℓ, eℓ, aℓ), (3)

where tℓ describes the tasks and critical events defining the scenario, eℓ denotes the observ-
able performance indicators, and aℓ specifies the set of activated accessibility supports.

3.2. Competency Performance Function

User performance in competency ck under scenario sℓ is defined as

yikℓ = f (ck, xi, sℓ, aℓ) + εikℓ, (4)

where f (·) is an evaluation function and εikℓ captures measurement error or unexplained
variability. This formulation emphasizes that the conceptual performance value depends
not only on the derived competency indicator itself, but also on the interactions among
record characteristics, the modeled scenario structure, and accessibility conditions.

The global competency score for user ui in scenario sℓ is then expressed as
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Yiℓ =
5

∑
k=1

wk yikℓ, (5)

where wk denotes the importance weight assigned to competency ck, subject to normal-
ization constraints. This aggregation allows the simulator to move from item-level obser-
vations to scenario-level competency summaries while preserving interpretable weights
across dimensions.

3.3. Person–Job Fit Index

To quantify the degree of alignment between a user’s competency profile and a target
occupation, a person–job fit index is defined as

Fitij = 1 −
∥ĉi − rj∥2√

5
, (6)

where ĉi = [ĉi1, ĉi2, ĉi3, ĉi4, ĉi5] is the derived competency vector of analytical record ui,
rj is the requirement vector of job position pj, and ∥ · ∥2 denotes the Euclidean norm.
The denominator

√
5 normalizes the maximum possible distance in the five-dimensional

competency space, which ensures that Fitij ∈ [0, 1]. Values closer to 1 indicate stronger
alignment between user competencies and occupational demands.

This index plays a central role in the framework because it provides the analytical
bridge between simulator-derived evidence and labor market interpretation. It trans-
forms normalized competency performance into an occupationally meaningful metric for
guidance, assignment, profiling, and optimization.

3.4. Inclusive Accessibility Component

Accessibility is modeled as a barrier-reduction mechanism rather than as a direct
performance bonus. Let ahiℓ ∈ {0, 1} indicate whether accessibility support ah is activated
for user profile ui in scenario sℓ, and let αh denote the relative effectiveness weight assigned
to support ah. The accessibility condition for user profile ui in scenario sℓ is summarized as

Acciℓ =
r

∑
h=1

αhahiℓ, (7)

where ∑r
h=1 αh = 1 and αh ≥ 0.

The accessibility-adjusted score is then defined as

Y∗
iℓ = Yiℓ − λBiℓ

(
1 − Acciℓ

)
, (8)

where Biℓ represents the modeled barrier intensity affecting user profile ui in scenario sℓ,
Acciℓ ∈ [0, 1] represents the level of accessibility support available in the scenario, and λ

regulates the magnitude of the accessibility correction. Unlike a multiplicative bonus, this
formulation does not automatically increase the observed score. Instead, it reduces the
penalty associated with modeled environmental or interaction barriers. When accessibility
support is absent, the barrier term has a stronger effect on the adjusted score. When
accessibility support is high, the modeled barrier penalty is reduced. Because Biℓ, αh,
and λ were not estimated from participants with disabilities in the present study, this
component is treated as a parametric simulation mechanism and evaluated through a
sensitivity analysis rather than as empirical evidence of measured accessibility effects. The
framework does not claim that a specific support produces a measured improvement in
real users. Future work should estimate these parameters using simulator interaction logs,
accessibility audits, expert panels, and observed performance data from participants with
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different accessibility needs. The modeled accessibility parameters and their limitations are
summarized in Table 2.

Table 2. Interpretation and limitations of the modeled accessibility parameters.

Parameter Role in the Model Baseline Justification Limitation

Biℓ

Modeled barrier intensity
for user profile and

scenario

Represents hypothetical
environmental or

interaction barriers in the
simulated scenario

Not estimated from
observed users with

disabilities

Acciℓ
Availability of

accessibility supports

Represents the modeled
presence of subtitles,

screen reader support,
simplified navigation,

motor support, or
cognitive support

Does not measure actual
assistive technology

effectiveness

αh
Relative weight of each

accessibility support

Equal or scenario-defined
weighting used to avoid
unsupported empirical

claims

Requires expert elicitation
or empirical calibration

λ
Magnitude of barrier

correction

Varied through sensitivity
analysis to examine

robustness

Not calibrated with field
data

This formulation is intentionally parsimonious. It does not capture nonlinear interac-
tions among multiple disabilities, fatigue effects, time pressure, assistive technology learn-
ing curves, or interaction effects among accessibility supports. The purpose of the equation
is to provide an interpretable first-order barrier reduction mechanism for the computational
proof-of-concept. Future empirical versions should estimate nonlinear accessibility func-
tions using observed simulator data and should test interaction terms such as Biℓ × ahiℓ,
support combinations, scenario duration, and disability-specific accessibility profiles.

3.5. Multi-Objective Optimization Formulation

The construction and operation of accessibility-aware computational frameworks
can be formulated as a multi-objective optimization problem in which the design and
assignment decisions seek to maximize four complementary dimensions:

max Z = (Z1, Z2, Z3, Z4), (9)

where

Z1 = validity(S); (10)

Z2 = accessibility(S, D); (11)

Z3 = alignment(S, P, C); (12)

Z4 = diagnostic capacity(S, U). (13)

These objectives represent the extent to which simulated scenarios capture meaning-
ful competencies, the degree to which the simulator remains inclusive across disability
conditions, the strength of the correspondence between competency evidence and occupa-
tional requirements, and the usefulness of the resulting data for identifying profiles and
supporting decisions, respectively.

A scalarized form of the problem is written as

max F = β1Z1 + β2Z2 + β3Z3 + β4Z4, (14)
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subject to

5

∑
k=1

wk = 1, wk ≥ 0, (15)

r

∑
h=1

αh = 1, αh ≥ 0, (16)

Cost(S) ≤ B, (17)

Time(S) ≤ T, (18)

Coverage(D) ≥ δ, (19)

where B is the available budget, T is the maximum admissible simulation time, and δ is the
minimum inclusive coverage threshold.

In the baseline implementation, equal scalarization weights were used: β1 = β2 =

β3 = β4 = 0.25. This decision was adopted because no empirical or expert-derived
preference structure was available to justify unequal weights. Equal weighting reduces un-
supported developer bias but does not eliminate the need for robustness testing. Therefore,
alternative β configurations were examined through a sensitivity analysis, and future em-
pirical implementations should estimate or validate these weights using expert elicitation,
stakeholder preference modeling, or multi-criteria decision analysis procedures.

From a substantive viewpoint, validity ensures that scenarios capture the intended soft
skills under meaningful work-like conditions. Accessibility represents the extent to which
models support reducing barrier penalties and preserving comparability across analytical
records. Alignment links derived competency evidence with occupational requirements.
Diagnostic capacity ensures that the system generates interpretable patterns, differentiated
profiles, and actionable outputs. These four objectives jointly define the core decision
problem addressed by the HMI-based framework.

3.6. Sequential Methodological Procedure

Based on the previous model, the methodological procedure was organized as a
sequential, yet interconnected, process.

The first stage consisted of identifying representative workplace situations and the
competency demands they entail. This stage establishes the conceptual basis of the simu-
lator by linking occupational contexts to relevant soft skills and to potential accessibility
barriers. Although the HMI operationalizes this stage through structured datasets and pre-
defined scenario families, its analytical purpose remains the same: to ground the simulator
in realistic work demands rather than abstract competency labels.

The second stage focused on constructing the occupational requirement space. O*NET
descriptors were used to derive normalized requirement vectors rj for target occupations.
These vectors were mapped to the five competency dimensions used throughout the
model: communication, teamwork, organization, prioritization, and planning. This pro-
cedure created a shared competency space in which both users and occupations could be
represented consistently.

The third stage addressed user-level competency profiling. Individual competency
evidence was derived from an employability dataset containing soft-skill-related variables.
These variables were cleaned, normalized to the [0, 1] range, and transformed into user
competency vectors ĉi. In the implemented HMI, this stage supports not only direct fit
estimation but also clustering, profile visualization, principal component analysis, and
occupation-level matching.

The fourth stage incorporated inclusive design into the analytical core. Accessibility
features such as subtitles, screen readers, simplified navigation, motor support, and cog-
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nitive support were encoded in the simulator representation. It ensured that accessibility
was not treated as an external layer but as a measurable component that could affect the
validity of observed performance across diverse functional conditions.

The fifth stage involved scenario design and assignment. Scenarios such as interviews,
customer service, operational incidents, team coordination, and planning sprints were
modeled as structured contexts for eliciting competency evidence. Their purpose was
twofold: to approximate real workplace demands and to provide differentiated operational
spaces for assignment under the optimization model.

The sixth stage focused on the evaluation layer. Competency performance was esti-
mated through the function yikℓ, aggregated into weighted scores Yiℓ, and then adjusted
through the accessibility-aware score Y∗

iℓ. At this stage, the derived competency indica-
tors were examined through exploratory internal consistency, item-level, dimensionality,
and distributional analyses. In light of the updated HMI outputs, this validation should
be interpreted as exploratory and refinement-oriented rather than as final high-stakes
psychometric certification.

The seventh stage consisted of multivariate analytics and segmentation. Clustering,
profile line analysis, radar visualization, principal component analysis, correlation analysis,
and heatmap-based fit exploration were used to identify differentiated employability
structures. This stage is essential because it transforms raw competency measurements into
interpretable patterns that can support guidance and decision-making.

The eighth stage implemented the optimization layer in the HMI. Given the com-
plexity of the full formulation, the interactive system uses an iterative search strategy that
approximates the behavior of the multi-objective problem while preserving interpretability
of the current objective, the best objective, the relaxed bound, the scaled gap, the scenario
allocation, and the component-wise evolution of validity, accessibility, alignment, and
diagnostic capacity. This implementation is consistent with the theoretical formulation
and suitable for exploratory decision support, even though it does not claim exact global
optimization of the underlying MINLP.

An external interpretation stage was incorporated by comparing person–job fit dis-
tributions, occupational requirement structures, and scenario assignments. This stage
supports the model’s applied utility by showing how competency evidence, accessibility
adjustments, and occupational descriptors can be translated into recommendations relevant
to employability analysis.

3.7. Data Provenance, Sample Definition, and Operationalization

The empirical component of this study is based on a mixed analytical design that
combines open secondary data, derived occupational descriptors, and simulated accessi-
bility scenarios. No primary data were collected from real participants with disabilities,
and no field deployment of a workplace simulator was conducted. Therefore, the study is
interpreted as a computational proof of concept rather than as a clinical, organizational, or
longitudinal validation with real users.

The user competency profiles were derived from an open human resources employa-
bility dataset containing 3000 records and 26 work-related variables. The authors did not
collect the dataset, and it was not generated through the workplace simulator proposed
in this manuscript. It was used as a proxy for secondary data to test the computational
pipeline. The dataset includes employment status, job function, performance score, and cur-
rent employee rating. However, it does not contain an exploratory psychometric instrument
specifically designed to measure communication, teamwork, organization, prioritization,
and planning. Therefore, the five dimensions were treated as derived competency indi-
cators for computational modeling, not as a standardized or fully exploratory five-factor
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psychometric scale. Reliability coefficients, item–total correlations, and PCA were inter-
preted as exploratory diagnostics of internal structure, not as evidence of full construct
validity. The results support the use of these indicators for proof-of-concept modeling,
but they do not establish that communication, teamwork, organization, prioritization,
and planning are empirically independent latent constructs. The inclusion criteria were:
(i) records with complete values for the variables used in the selected competency mapping;
(ii) records belonging to the open employability dataset; and (iii) records compatible with
numerical normalization in the HMI pipeline. The exclusion criterion was the presence
of missing values in the variables required for the selected mapping. No records were re-
moved because the variables used in the final operational mapping were complete. The final
analytical sample size was n = 3000 records after excluding 0 incomplete records. Because
the open dataset does not contain verified disability status, disability type, accessibility
support use, clinical information, functional limitations, or simulator-based observations,
these dimensions were not analyzed as observed participant characteristics. Disability-
sensitive conditions and accessibility supports were modeled as simulation variables only.
Consequently, the empirical component of the study should be interpreted as a computa-
tional proof of concept based on secondary data, not as a field study with real participants
with disabilities.

Occupational requirement profiles were constructed from the O*NET database. O*NET
descriptors were mapped to the five competency dimensions of the study and normalized to
the [0, 1] range. This mapping created a common analytical space in which user competency
profiles and occupational requirement vectors could be compared through the person–job
fit index.

Accessibility supports were modeled as simulated scenario variables. These supports
included subtitles, screen-reader compatibility, simplified navigation, motor assistance,
and cognitive support. Their effects were not estimated from observed users. Instead, they
were incorporated into sensitivity analysis to examine how accessibility assumptions affect
score interpretation and scenario allocation. The provenance and empirical role of each
analytical component are summarized in Table 3.

Table 3. Data provenance and role of each analytical component in the proposed framework.

Component Source Type of Data Role in the Model Empirical
Limitation

Competency
profiles

Open
employability

dataset

Secondary open
data

Construction of
normalized user

competency
vectors ĉi

No verified
disability status or

simulator-based
observation

Occupational
requirements O*NET database Open occupational

descriptors

Construction of job
requirement

vectors rj

Mapping depends
on descriptor
selection and
aggregation
assumptions

Accessibility
supports

Model
specification

Simulated scenario
variables

Sensitivity analysis
and

accessibility-aware
score adjustment

Not estimated
from observed

users with
disabilities

Workplace
scenarios HMI design

Simulated
operational

contexts

Scenario allocation
and optimization

Not field-tested in
real workplaces

Person–job fit

Derived from
competency and

requirement
vectors

Computed index
Quantification of
user–occupation

alignment

Not exploratory
against

longitudinal
placement
outcomes
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In summary, the study uses a hybrid computational design. The competency records
are real secondary open data, the occupational requirements are derived from the open
O*NET database, and the accessibility supports, disability-sensitive conditions, and work-
place scenarios are simulated design variables. The person–job fit values and optimization
outputs are computed results derived from these inputs. Therefore, the results should not
be interpreted as direct observations from a deployed simulator or as empirical evidence of
employment outcomes for future users with accessibility needs.

3.8. Mapping from O*NET Descriptors to Derived Competency Indicators

The mapping from O*NET descriptors to the five derived competency indicators was
implemented as a transparent aggregation procedure. Each selected O*NET descriptor
was first normalized to the [0, 1] range. Then, descriptors conceptually associated with
each competency were grouped and averaged to obtain the corresponding requirement
value rjk for occupation pj and competency ck. Equal weights were used in the baseline
configuration to avoid introducing unsupported expert bias. Alternative weighting schemes
were examined through sensitivity analysis. The descriptor families used for this mapping
are summarized in Table 4.

Table 4. Reproducible mapping between O*NET descriptor families and the five derived competency
dimensions used in the person–job fit model.

Competency O*NET Descriptor Family O*NET Descriptors Used Aggregation Criterion

Communication Skills/Abilities
Speaking, Active Listening,
Writing, Oral Expression,
Written Comprehension

Normalized mean

Teamwork Skills/Work Styles

Social Perceptiveness,
Coordination, Cooperation,

Concern for Others, Assisting
and Caring for Others

Normalized mean

Organization Skills/Work Activities

Time Management,
Information Ordering,

Organizing, Planning and
Prioritizing Work,

Administrative Activities

Normalized mean

Prioritization Skills/Work Activities

Judgment and Decision
Making, Critical Thinking,

Monitoring, Evaluating
Information to Determine

Compliance with Standards

Normalized mean

Planning Skills/Work Activities

Complex Problem Solving,
Systems Analysis, Systems

Evaluation, Scheduling Work
and Activities, Developing
Objectives and Strategies

Normalized mean

For each occupation pj, the requirement value for competency ck was calculated as

rjk =
1

|Gk| ∑
g∈Gk

õjg, (20)

where Gk is the set of O*NET descriptors assigned to competency ck, and õjg is the normal-
ized value of descriptor g for occupation pj.

The mapping was implemented using equal weights within each competency group.
This decision was adopted to avoid introducing unsupported expert preference weights.
However, because descriptor selection and aggregation influence the resulting person–
job fit values, the mapping is treated as an explicit modeling assumption and should be
exploratory in future work by expert panels in occupational psychology, accessibility, and
human-resource management.
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3.9. NP-Hard Nature of the Problem

The conceptual formulation contains an NP-hard assignment substructure. The design
of the accessibility-aware computational framework involves both continuous and discrete
decisions, including selecting scenarios, activating accessibility supports, assigning analyti-
cal records to scenarios or occupational targets, and weighting competency and support
dimensions under multiple constraints.

In particular, the assignment component can be reduced to a Generalized Assignment
Problem (GAP). Consider a simplified formulation in which each user ui must be assigned
to one scenario sℓ, subject to capacity constraints:

max ∑
i,ℓ

xiℓviℓ

subject to

∑
ℓ

xiℓ = 1, ∀i, ∑
i

ciℓxiℓ ≤ Bℓ, xiℓ ∈ {0, 1}.

Here, xiℓ indicates whether user ui is assigned to scenario sℓ, viℓ denotes the utility
of that assignment, and Bℓ is the capacity of scenario sℓ. This simplified assignment
subproblem is equivalent to the Generalized Assignment Problem and is therefore NP-hard.
This reduction justifies the use of approximate methods for large interactive instances, but
it does not by itself validate the quality of the implemented local search solution.

The complete formulation is even more complex because it simultaneously incorpo-
rates multi-objective optimization, binary activation of supports, budget and time con-
straints, and nonlinear distance-based terms, such as the Euclidean distance in the definition
of Fitij. Consequently, the overall problem is a Mixed-Integer Nonlinear Programming
problem whose complexity increases rapidly with the sizes of U, S, A, and P.

For this reason, the HMI implementation is designed as an interpretable approxima-
tion framework rather than as an exact solver. However, the transition from the conceptual
MINLP to the implemented local search heuristic is a methodological simplification. The
current implementation does not provide a certified optimality gap, a strict approxima-
tion bound, or a computational proof of solution quality against an exact MINLP solver.
Its objective is therefore limited to providing analytically meaningful and computation-
ally tractable exploratory solutions for accessibility-aware scenario design, occupational
alignment, and decision support.

3.10. Heuristic Implementation, Benchmarking Protocol, and Stopping Criteria

The full conceptual formulation corresponds to a mixed-integer nonlinear problem
because it combines discrete scenario assignment, continuous weights, accessibility param-
eters, budget and time restrictions, coverage requirements, and nonlinear distance-based
person–job fit terms. However, the implemented HMI solves an operational approximation
designed for interpretability and exploratory decision support. The implemented solver
uses greedy feasible initialization followed by local reassignment search. This choice pre-
serves transparency, allows decision makers to inspect scenario allocation changes, and
provides computational tractability for interactive use.

To address the methodological concern that heuristic stabilization alone is insufficient
evidence of solution quality, the revised study defines two benchmarking layers. First,
reduced assignment instances must be solved with an exact mathematical programming
solver to estimate the optimality gap of the proposed heuristic under controlled conditions.
Second, representative heuristic and metaheuristic comparators must be implemented
using the same utility function, feasibility constraints, stopping criteria, and random seeds.
The benchmark therefore evaluates not only whether the proposed heuristic stabilizes, but
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also how close it is to exact solutions in reduced instances and how it compares against
alternative search strategies.

The implemented utility function combines normalized person–job fit, accessibility-
adjusted score, capacity feasibility, and small cost–time penalties. For a candidate assign-
ment x, the benchmark objective is expressed as

F(x) = β1Z1(x) + β2Z2(x) + β3Z3(x) + β4Z4(x)− ρCC(x)− ρTT(x)− ρVV(x), (21)

where Z1, Z2, Z3, and Z4 represent validity, accessibility, alignment, and diagnostic ca-
pacity components; C(x) and T(x) are normalized cost and time penalties; V(x) is a
feasibility-violation penalty; and ρC, ρT , and ρV are penalty coefficients. The baseline
scalarization used β1 = β2 = β3 = β4 = 0.25 because no empirical stakeholder preference
structure was available. Alternative scalarization configurations were examined through
sensitivity analysis.

For exact solver comparison, reduced benchmark instances are generated from the
same normalized competency and O*NET requirement matrices used by the HMI. The re-
duced instances include n ∈ {25, 50, 100} analytical user records, m ∈ {5, 10} occupational
targets, and capacity constraints proportional to the number of records. The exact model
retains binary assignment variables, capacity feasibility, scalarized utility, and cost–time
penalties. Nonlinear person–job fit values are precomputed as parameters, which allows
the reduced benchmark to be solved as a mixed-integer assignment model. The exact
solution is then used to compute the relative optimality gap:

Gap(%) = 100 × Fexact − Fheuristic
|Fexact|+ ϵ

, (22)

where ϵ is a small numerical constant used to avoid division by zero.
The second benchmarking layer compares the proposed heuristic against random

feasible assignment, greedy person–job fit assignment, clustering-based assignment, PSO,
GA, SCA, ASCA-GT-inspired perturbation, RAMPA-inspired adaptive movement, SFOA-
inspired exploration–exploitation, and a single-agent SPSA/SED-style stochastic perturba-
tion baseline. These algorithms were selected because they directly address the reviewer-
requested comparison families: PSO, GA, sine–cosine variants, marine predator variants,
starfish optimizer, and single-agent optimization methods. All benchmark methods use the
same utility function, input matrices, feasibility handling, and maximum iteration limit.

The stopping criterion is defined by a fixed maximum number of iterations, with
Imax = 900 in the full HMI implementation. For stochastic methods, each configuration
must be repeated 30 times using independent random seeds. The reported metrics are
best objective, mean objective, standard deviation, runtime, feasibility rate, and relative
gap with respect to the exact solution when available. Table 5 summarizes the corrected
optimization layer, and Tables 6 and 7 specify the benchmark outputs required for the final
resubmission package.

The implemented heuristic starts from an initial feasible assignment and iteratively
updates scenario allocation and weighting configurations to improve the scalarized objec-
tive function. The algorithm records the current objective, best objective, relaxed bound,
and scaled gap at each iteration to support convergence interpretation. These curves are
interpreted as heuristic stabilization indicators rather than as standalone proof of global
optimality, and they are therefore reported with an explicit benchmarking protocol and
sensitivity-analysis scope.
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Table 5. Technical details of the implemented HMI optimization layer after reviewer-driven correction.

Component Implementation Interpretation

Input data n = 3000 employability records and O*NET
occupational vectors

Secondary-data proxy for testing the
computational pipeline

Competency space Five normalized derived indicators Communication, teamwork, organization,
prioritization, and planning

Fit computation Normalized Euclidean similarity Person–job alignment between analytical records
and O*NET requirement vectors

Optimization type Greedy initialization plus local search heuristic Interpretable approximation of the conceptual
MINLP

Reduced exact benchmark Binary assignment model solved for
n ∈ {25, 50, 100} and m ∈ {5, 10}

Estimates relative gap against exact solutions in
small instances

Heuristic benchmark
Random, greedy, clustering, PSO, GA, SCA,

ASCA-GT-inspired, RAMPA-inspired,
SFOA-inspired, SPSA/SED-style

Compares objective quality, stability, feasibility,
and runtime

Maximum iterations Imax = 900 Fixed stopping criterion for heuristic
stabilization

Scalarization weights β1 = β2 = β3 = β4 = 0.25 Equal-weight baseline to avoid unsupported
preference bias

Stochastic repetitions 30 independent runs Enables mean, standard deviation, and
robustness reporting

Validation scope
Exact reduced-instance gap, heuristic

benchmarking, sensitivity analysis, clustering,
PCA, and fit analysis

Computational validation remains exploratory
until field validation is completed

Table 6. Reduced exact solver benchmarking protocol for the assignment component. The table
reports the reduced-instance validation design used to interpret the HMI heuristic without claiming
unsupported exact numerical optimality.

Instance Size Reference Model HMI Output Used Interpretation

E1 n = 25, m = 5 Reduced binary
assignment formulation

Best objective, relaxed
bound, and scaled gap
from the HMI history

Small-scale feasibility and
heuristic stabilization

check

E2 n = 50, m = 5 Reduced binary
assignment formulation

Best objective, relaxed
bound, and scaled gap
from the HMI history

Medium-small feasibility
and assignment stability

check

E3 n = 100, m = 5 Reduced binary
assignment formulation

Best objective, relaxed
bound, and scaled gap
from the HMI history

Larger reduced-instance
stability check

E4 n = 25, m = 10 Reduced binary
assignment formulation

Best objective, relaxed
bound, and scaled gap
from the HMI history

Sensitivity to a broader
occupational target set

E5 n = 50, m = 10 Reduced binary
assignment formulation

Best objective, relaxed
bound, and scaled gap
from the HMI history

Combined sensitivity to
sample size and target

diversity

3.11. Conceptual MINLP and Implemented Heuristic Approximation

The conceptual formulation defines a mixed-integer nonlinear structure because it com-
bines discrete assignment decisions, accessibility support activation, continuous weighting
parameters, budget and time constraints, coverage requirements, and nonlinear distance-
based person–job fit terms. However, the implemented HMI does not solve the full MINLP
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exactly. Instead, it implements an interpretable local search heuristic designed for ex-
ploratory decision support.

Table 7. Heuristic benchmarking scope for the proposed HMI assignment layer. The table distin-
guishes the implemented local-search HMI from external comparator families considered method-
ological references rather than executed solvers in the present proof-of-concept implementation.

Method Status in This Study Comparable Criterion Interpretation

Random feasible assign-
ment

Baseline criterion Feasibility and assignment quality Lower-bound reference for
non-random assignment behavior

Greedy person–job fit as-
signment

Baseline criterion Person–job fit maximization Deterministic reference for fit-driven
allocation

Clustering-based assign-
ment

Baseline criterion Profile-based scenario allocation Segmentation reference using derived
competency profiles

PSO External methodological comparator Population-based search Future benchmark for global
exploration behavior

GA External methodological comparator Combinatorial population search
Future benchmark for selection,
crossover, and mutation-based

allocation

SCA/ASCA-GT-inspired External methodological comparator Sine–cosine and perturbation-based
search

Future benchmark for
exploration–exploitation balance

MPA/RAMPA-inspired External methodological comparator Adaptive movement search
Future benchmark for

predator–prey-inspired allocation
dynamics

SFOA-inspired External methodological comparator Starfish exploration–exploitation
search

Future benchmark for multi-phase
global optimization

SPSA/SED-style single-
agent

External methodological comparator Single-agent stochastic perturbation Future benchmark for low-information
noisy tuning

Proposed HMI heuristic Implemented in the Python HMI

Greedy initialization, feasible
reassignment, best objective, relaxed

bound, scaled gap, validity,
accessibility, alignment, and diagnostic

capacity

Interpretable assignment
approximation used in the proof of

concept

This distinction is central to the study’s scope. The MINLP formulation defines the
theoretical decision problem, whereas the heuristic provides a tractable computational
approximation for interactive analysis. Therefore, the convergence curves reported in
Section 4 should be interpreted as evidence of stabilization of the implemented heuristic,
not as proof of global optimality by themselves. In the revised manuscript, this limitation
is addressed by specifying reduced exact solver benchmarking and by requiring bench-
mark comparisons against representative population-based and single-agent methods. The
present proof-of-concept reports the implemented HMI convergence outputs and defines
the exact and metaheuristic comparisons as transparent benchmarking protocols for subse-
quent empirical and computational validation. Table 8 summarizes the distinction between
the conceptual optimization model and the implemented HMI solver.

3.12. Alignment Between the Conceptual Model and the Implemented HMI

To avoid overclaiming, Table 9 distinguishes between the conceptual mathematical
formulation and the component actually implemented in the Python-based HMI. The con-
ceptual model defines the full accessibility-aware employability analytics problem, whereas
the HMI implements a tractable approximation focused on competency normalization,
O*NET-based requirement construction, person–job fit estimation, clustering, operational
ontology visualization, and heuristic assignment.
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Table 8. Distinction between the conceptual optimization model and the implemented HMI solver.

Component Conceptual MINLP Implemented HMI Interpretation

Decision variables
Assignment, support
activation, weights,
coverage decisions

Assignment and
scenario parameters

Partial operational
approximation

Objective Multi-objective
scalarized function

Heuristic utility
function

Exploratory decision
support objective

Constraints
Budget, time,

coverage, weights,
assignment feasibility

Capacity, budget-time
penalties, feasible

assignment

Simplified tractable
constraints

Solver
Exact MINLP solver
required for global

optimality

Greedy initialization
plus local search

No global optimality
claim

Optimality gap
Requires exact

solution or certified
bound

Relaxed bound and
scaled gap only

Heuristic stabilization
indicator

Table 9. Alignment between the conceptual formulation and the implemented HMI.

Model Component Conceptual
Formulation

Implemented HMI
Component Interpretation

User profiles

Participants with
competency and

accessibility-related
characteristics

Analytical records from
the open employability

dataset

Secondary data proxy,
not observed simulator

users

Disability-sensitive
conditions

Disability-related user
and scenario conditions

Modeled design
categories for

accessibility analysis

Simulated, not clinically
observed

Competency scores Scenario-based soft-skill
performance

Normalized variables
mapped to five derived
competency indicators

Derived analytical
indicators

Occupational
requirements

Job-specific requirement
vectors

O*NET-derived
normalized requirement

vectors

Reproducible
occupational proxy

Accessibility correction Barrier-reduction
adjustment

Parametric scenario
mechanism based on λ,

Biℓ, and Acciℓ

Sensitivity-based, not
empirically estimated

Optimization Full MINLP with
constraints

Greedy initialization
plus local search

heuristic

Approximation, not
exact global
optimization

Validation Field and longitudinal
validation

Internal consistency,
PCA, clustering, fit
analysis, baseline

comparison, sensitivity
analysis, and heuristic

convergence

Exploratory
computational

evaluation

In the implemented HMI, the solved problem is the assignment of analytical user
records to O*NET-derived occupational targets under capacity and scenario-parameter
assumptions. The input consists of normalized derived competency indicators from the
open employability dataset and normalized occupational requirement vectors from O*NET.
The implemented solver is a greedy-initialized local search heuristic. Its outputs are
compared against simpler assignment baselines, including random assignment, greedy
person–job fit assignment, and clustering-based assignment. Therefore, the implemented
problem is an exploratory assignment and a fit estimation task, not the exact solution of the
full conceptual MINLP.
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4. Analysis of Results
The results are not disaggregated by disability type because the open employability

dataset does not include verified disability status, disability category, functional limitation,
or observed accessibility support use. Therefore, the disability-sensitive categories included
in the ontology and simulation layer are modeled design conditions rather than participant
groups. Consequently, the reported fit, clustering, and optimization outputs should not
be interpreted as empirical evidence of performance among people with auditory, visual,
physical, or mild intellectual disabilities.

The computational results indicate that the proposed framework behaves as an inte-
grated analytical system in which psychometric assessment, semantic representation, multi-
variate profiling, and optimization interact to evaluate inclusive employability. Rather than
functioning as isolated modules, the results show that competency patterns, accessibility-
sensitive adjustment, occupational alignment, and scenario assignment can be examined
within a common structure. The following analysis is organized around four complemen-
tary dimensions: the semantic coherence of the inclusive model, the internal behavior of
the derived competency indicators, the structural differentiation of employability profiles,
and the performance of the optimization model.

The profile-level results presented in Table 10 reveal significant differences in person–
job fit across the identified employability groups.

Table 10. Person–job fit results across computational employability profiles. The values represent com-
puted alignment between normalized derived competency vectors and O*NET-derived occupational
requirement vectors. They should not be interpreted as observed labor market placement outcomes.

Profile Mean Fit Std. Dev. Interpretation

High 0.85 0.04 Stronger and more stable occupational alignment
Medium 0.74 0.05 Intermediate occupational alignment

Low 0.63 0.06 Weaker and more heterogeneous occupational alignment

The high-performance profile reaches the highest mean fit and the lowest variability,
indicating a more stable computational alignment with occupational requirements. The
medium profile remains in an intermediate position, suggesting partial consolidation of
competencies but also greater heterogeneity in employability conditions. The low profile
exhibits the weakest fit and the highest dispersion, revealing broader competency gaps
and lower occupational alignment. Accessibility-related effects are not interpreted as
measured improvements because the dataset does not include observed disability status,
functional limitations, simulator interaction records, or recorded accessibility support use.
Instead, accessibility is examined through sensitivity analysis of modeled barrier and
support parameters. Therefore, results associated with accessibility should be interpreted
with caution and understood as scenario-based computational outputs, not as empirical
evidence of practical effectiveness in real-world settings.

The descriptive competency results shown in Table 11 remain consistent with
this interpretation.

Table 11. Average values of the derived competency indicators in the analyzed sample.

Derived Indicator Mean Std. Dev. Computational Level

Communication 0.78 0.06 High
Teamwork 0.75 0.05 Medium–High
Organization 0.72 0.07 Medium
Prioritization 0.70 0.06 Medium
Planning 0.68 0.08 Medium–Low
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Communication and teamwork remain the strongest competencies in the sample,
whereas organization, prioritization, and especially planning show more moderate levels
and greater variability. This pattern suggests that social interaction competencies are
relatively more consolidated, while higher-order organizational skills remain more uneven
and therefore more relevant for targeted intervention.

Figure 2 presents the operational ontology of the accessibility-aware model. The figure
illustrates that the framework is not limited to isolated competency indicators, but instead
links derived competencies, accessibility, disability-sensitive design conditions, scenarios,
O*NET occupations, and person–job fit within a coherent semantic structure. The centrality
of accessibility and disability-sensitive design nodes illustrates that functional diversity
is represented as a contextual, design-sensitive dimension rather than as an observed
participant attribute. At the same time, the ontology shows that scenarios and occupational
nodes are analytically connected to competencies, enabling explainable reasoning about
how user profiles interact with simulated tasks and labor market requirements.

Person-job fit

Accessibility

Disability-sensitive design

Modeled scenarios

O*NET occupations Derived indicatorsCommunication
Teamwork

OrganizationPrioritization

Planning

Auditory-support condition

Visual-support condition

Physical-access condition

Mild-intellectual-support condition

Subtitles

Screen reader

Simplified navigation
Motor support

Cognitive support

Interview

Customer service

Operational incident

Team coordination

Planning sprint

Urologists

Chief ExecutivesEducation Administrators, Kindergarten through Secondary

Neurologists

Sports Medicine Physicians

Preventive Medicine PhysiciansEmergency Management Directors

First-Line Supervisors of Police and Detectives

Obstetricians and Gynecologists

Hospitalists
Physical Medicine and Rehabilitation Physicians

Dentists, General

Ophthalmologists, Except Pediatric

Radiologists

Nursing Instructors and Teachers, Postsecondary

Core Indicator Occupation Access Condition Scenario

Figure 2. Operational ontology layer of the accessibility-aware employability framework. The
ontology is an interpretive NetworkX-based conceptual representation used for visualization and
decision support explanation. It has not yet been formalized in OWL, RDF, SKOS, SHACL, or other
W3C-compatible semantic standards.

Figure 3 shows the density distribution of the evaluated soft skills on a normalized
scale, together with the overall competency mean. Cronbach’s alpha is reported as a numer-
ical annotation because it represents an internal consistency statistic and not an additional
density curve. The distributions are concentrated in the medium-to-high region, and the
overlap among the curves suggests a shared employability structure across the five derived
indicators. However, because these indicators were obtained from secondary employability
variables rather than from a purpose-built psychometric instrument, the distributional
patterns should be interpreted as exploratory evidence for computational profiling.

The empirical reliability level shown in the figure (α = 0.905) indicates high internal
consistency among the five derived competency indicators. This result supports their use as
a coherent analytical structure within the proposed proof-of-concept framework. Neverthe-
less, Cronbach’s alpha is interpreted cautiously because high internal consistency may also
reflect shared variance, item redundancy, or the presence of a dominant general employ-
ability factor. Therefore, the reliability result is treated as evidence of internal coherence
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for exploratory computational modeling, not as definitive evidence that communication,
teamwork, organization, prioritization, and planning constitute five independent validated
psychometric dimensions.

Because the five competency dimensions were derived from a secondary employabil-
ity dataset rather than from a purpose-built psychometric instrument, the psychometric
analysis was interpreted as exploratory. Alpha-if-deleted analyses, item–total correlations,
correlation analyses, and principal component analyses complemented Cronbach’s alpha.
The PCA results showed that the first principal component explained 75.3% of the variance,
suggesting a dominant general employability factor. This result has direct implications
for the person–job fit analysis: the fit index may be influenced by a shared employability
structure rather than by five fully independent competency dimensions. Therefore, the
five-dimensional representation is retained for interpretability, occupational mapping, and
decision support visualization, but the manuscript does not claim confirmatory evidence of
five independent latent constructs. Future empirical versions of the framework should test
hierarchical or bifactor structures, exploratory and confirmatory factor models, convergent
and divergent validity, and external criterion validation using real employability outcomes.

0.0 0.2 0.4 0.6 0.8 1.0
Normalized scale

0

1

2

3

4

5

D
en

si
ty

Cronbach α = 0.926

Communication
Teamwork

Organization
Prioritization

Planning
Competency mean

Figure 3. Density distributions of soft skills on a normalized scale, including the competency mean
and overall Cronbach’s alpha.

The psychometric interpretation is strengthened by Figure 4a,b. The alpha-if-deleted
analysis shows that no single item produces a substantial increase in overall reliability
when removed, suggesting that the observed consistency is a property of the instru-
ment as a whole rather than a single clearly problematic competency. Likewise, the
item-total correlations remain positive and differentiated, supporting the idea that each
competency contributes meaningfully to the aggregate construct, although not to the
same extent. Together, these two figures indicate that the derived indicators are suffi-
ciently coherent for exploratory computational profiling, while also revealing room for
methodological improvement.
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Figure 4. Psychometric complement of the derived competency indicators: (a) alpha-if-deleted
analysis; (b) item–total correlations.

Figure 5 presents the percentile curves of the five competencies. All trajectories follow
a monotonic upward pattern, indicating that the instrument is sensitive to progressive
performance gradients rather than merely distinguishing between extreme groups. The
curves remain relatively close to one another, which is consistent with the shared structural
basis observed in the density distributions. At the same time, slight separation across
intermediate percentiles reveals differentiated developmental behavior, especially in pri-
oritization and planning. This result is important because it shows that the simulator can
capture both convergence at higher levels of performance and meaningful differences in
competency development at medium levels.

A clearer interpretation of inter-profile structure is provided by Figure 6a,b. The profile
lines show a consistent ordering from low to medium to high across all competencies,
confirming that the clustering solution is substantively interpretable rather than arbitrary.
The radar representation further suggests that high-profile analytical records show broader,
more balanced derived competency coverage, whereas low-profile analytical records remain
systematically lower across all five indicators. Medium-profile users occupy the expected
intermediate position and reveal a transitional structure rather than random overlap. These
patterns confirm that the proposed clustering identifies differentiated employability regions
in the competency space.

Figure 7 deepens this interpretation through principal component analysis. The projec-
tion shows a meaningful separation among low, medium, and high employability profiles
in reduced-dimensional space. The first principal component explains 75.3% of the variance,
while the second explains 15.9%, together capturing a substantial share of the data’s latent
structure. High-profile individuals occupy a comparatively compact region, consistent
with their lower variability and stronger fit performance. Low-profile individuals are more
dispersed and concentrated in a distinct region of the space, reflecting greater internal
heterogeneity and weaker alignment. The medium group occupies an intermediate position
and partially bridges the two extremes. The PCA supports the existence of a strong latent
employability structure, but it also shows that the five competency indicators should not
be interpreted as five independent latent constructs. Because the first principal component
explains 75.3% of the variance and the indicators are highly intercorrelated, the results
suggest a dominant general employability factor. For this reason, the manuscript does not
claim confirmatory evidence of a five-factor competency structure. The five dimensions
are retained only because they provide an interpretable bridge to O*NET occupational
descriptors and practical guidance categories. Future empirical work should test whether a
hierarchical model, with one general employability factor and five subordinate dimensions,
better represents the data.
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Figure 5. Percentile curves of the derived competency indicators across normalized values.
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Figure 6. Profile differentiation across competencies using (a) line-based and (b) radar-based
visual summaries.

The separation among profiles should be interpreted cautiously. Because the com-
petency dimensions were normalized and derived within the same analytical pipeline,
the resulting clusters may appear cleaner than would be expected in field data collected
from real workplace simulations. Therefore, cluster separation is interpreted as evidence of
internal computational structure, not as proof of naturally occurring employability groups.
Additional validation with external outcomes, such as training completion, placement,
retention, or supervisor-rated performance, is required before these profiles can be used for
decision-making.
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Figure 7. Principal component projection of employability profiles.

Figure 8 presents the correlation matrix among competencies and contextual vari-
ables. The matrix reveals a structured multivariate pattern rather than isolated pairwise
relations. Communication shows positive associations with prioritization and planning,
while organization is positively associated with planning, tenure, and age. Prioritiza-
tion presents one of the strongest positive links with current employee rating, suggesting
that this competency may play a particularly important role in observable employabil-
ity outcomes. By contrast, teamwork shows weaker or even negative associations with
some contextual variables, especially current employee rating, suggesting that its contri-
bution may be more context-dependent than those of the other competencies. Overall,
the matrix supports the interpretation that employability emerges from an interconnected
system in which cognitive, behavioral, and contextual dimensions interact rather than
operate independently.

The strongest occupational evidence is presented in Figure 9, which shows the person–
job fit heatmap across users and occupations. The figure reveals clear gradients of alignment
rather than random dispersion, indicating that the normalized competency vectors interact
meaningfully with the O*NET-derived requirement profiles. Several occupations display
consistently high fit values across broader sets of users, whereas others appear more
selective and require narrower competency combinations. This pattern supports the ex-
ploratory consistency of the fit index and suggests that the model can distinguish stronger
and weaker zones of occupational compatibility under the adopted O*NET mapping as-
sumptions. In practical terms, the heatmap offers a decision support view for vocational
guidance, simulator assignment, and employability-oriented intervention.
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Figure 8. Correlation matrix of soft skills and contextual variables.

Figure 10 complements the fit analysis by showing scenario allocation across low,
medium, and high profiles. The distribution of assigned analytical records is not uniform,
indicating that the optimization process is not simply matching users to occupations ab-
stractly but also organizing scenario exposure according to profile structure. It is relevant
to the simulator because it demonstrates that the decision framework can translate com-
petency heterogeneity into operational scenario assignment, thereby linking analysis and
intervention within the same system.

From the optimization perspective, Figure 11 shows the evolution of the objective func-
tion, the best objective, the relaxed bound, and the scaled gap. These curves indicate that
the implemented local search heuristic stabilizes in the operational HMI setting. However,
in response to the reviewer, the convergence curves are no longer interpreted as sufficient
evidence of solution quality. They must be read together with the reduced exact solver
benchmark and the heuristic/metaheuristic benchmark defined in Tables 6 and 7. This
correction is important because internal convergence does not by itself demonstrate global
optimality, strict error gap control, or superiority over PSO, GA, SCA, ASCA-GT, RAMPA,
SFOA, SED, smoothed functional algorithms, or norm-limited SPSA.

The revised interpretation therefore separates three levels of evidence. First, the
convergence curves show internal stabilization of the implemented HMI heuristic. Second,
exact reduced-instance benchmarking is required to estimate the relative gap with respect
to a certified assignment optimum. Third, external heuristic benchmarking is required
to compare objective quality, runtime, feasibility rate, and robustness against population-
based and single-agent alternatives. This distinction directly prevents overclaiming and
clarifies what the current HMI demonstrates computationally.
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Figure 9. Heatmap of person–job fit values across analytical user records and the same top-N O*NET
occupations selected by overall normalized requirement score.
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Figure 10. Modeled scenario allocation across computational employability profiles.
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Figure 11. Stabilization behavior of the implemented local search heuristic approximation. The
curves describe internal numerical behavior of the operational HMI heuristic. They should not be
interpreted as proof of exact MINLP optimality, certified error gap control, or superiority over PSO,
genetic algorithms, augmented sine–cosine variants, marine predator variants, starfish optimizer, or
single-agent stochastic approximation methods.

The benchmark families used to contextualize this interpretation are summarized in
Table 12.

Table 12. Benchmarking families added to address the reviewer’s optimization comparison request.

Method Family Examples Purpose of Comparison

Exact optimization for small
instances

Branch-and-bound,
branch-and-cut, exact

mixed-integer assignment
solvers

Estimate optimality gaps and
verify solution quality in
reduced benchmark cases

Classic assignment baselines
Random assignment, greedy

person–job fit assignment,
clustering-based assignment

Establish lower-bound and
simple deterministic reference

behavior

Population-based
metaheuristics

PSO, genetic algorithms,
augmented sine–cosine

variants, marine predator
variants, starfish optimizer

Evaluate
exploration–exploitation

balance, stability, and
objective quality under the

same constraints

Single-agent stochastic
approximation methods

Safe experimentation
dynamics, improved
smoothed functional

algorithms, norm-limited
SPSA

Evaluate performance under
noisy, expensive, or limited

objective evaluations

Implemented method Greedy initialization plus
local search heuristic

Provide an interpretable
assignment approximation to

be compared against exact
and heuristic baselines

Figure 12 decomposes the optimization objective into validity, accessibility, alignment,
and diagnostic components. Unlike earlier flatter versions, the figure now shows visible
differences among the four components, making the optimization target more interpretable.
Accessibility and alignment remain among the strongest contributors, which is consistent
with the model’s central purpose: to improve inclusive occupational matching under
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accessible simulation conditions. Validity and diagnostic capacity also continue to make
substantial and stable contributions, confirming that the system does not optimize inclusion
at the expense of measurement quality or analytical usefulness. The combined reading of
Figures 11 and 12 therefore supports the interpretation of internal heuristic stabilization
and component-level interpretability, but not global optimality, strict error gap control, or
superiority over alternative optimization algorithms.
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Figure 12. Evolution of scalarized objective components in the implemented heuristic: validity,
accessibility, alignment, and diagnostic capacity.

Figure 13 provides an occupation-level interpretation of the requirement space. The
bubble chart shows that the selected occupations are distributed within a narrow but
analytically meaningful band defined by planning and communication requirements. This
result reinforces the logic of the fit model, since it shows that occupational targets are not
arbitrary labels but structured requirement profiles within the same competency space
used to characterize users. Consequently, the computational framework can support future
user evaluation designs and the interpretation of where occupational opportunities are
concentrated under the adopted O*NET requirement assumptions.

Overall, the revised evidence supports the framework as a computational proof of
concept rather than as a field-validated accessibility-aware computational framework. The
results contribute at four interrelated levels. First, they show that employability assess-
ment can be represented through a coherent operational ontology. Second, they indicate
that the competency indicators form a reliable but highly interrelated structure that may
reflect a dominant general employability factor. Third, they show that person–job fit can
be computed transparently from normalized user profiles and O*NET-derived occupa-
tional vectors. Fourth, they demonstrate that heuristic optimization can support scenario
assignment, provided that its outputs are interpreted alongside baseline comparisons and
sensitivity analyses. These findings support the analytical potential of the framework while
also defining the empirical work still needed before it can be claimed as an exploratory
simulator for people with disabilities.
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Figure 13. Occupation-level distribution in the planning–communication requirement space.

The sensitivity-analysis protocol used to interpret these assumptions is summarized
in Table 13.

Table 13. Sensitivityanalysis protocol for person–job fit under alternative modeling assumptions. The
scenarios define how HMI outputs should be interpreted under alternative accessibility, competency
weight, and scalarization assumptions.

Scenario HMI Configuration Interpretation

Equal weights and low
accessibility intensity

Runtime sensitivity
configuration

Conservative accessibility
scenario

Equal weights and
medium accessibility

intensity

Runtime sensitivity
configuration

Baseline
accessibility-aware

configuration

Equal weights and high
accessibility intensity

Runtime sensitivity
configuration

Stronger modeled
barrier-reduction scenario

Communication-
prioritized weights

Runtime sensitivity
configuration

Interaction-intensive
occupations become more

selective

Planning-prioritized
weights

Runtime sensitivity
configuration

Organizational and
planning gaps become

more visible

Alternative scalarization
weights

Runtime sensitivity
configuration using β1, β2,

β3, and β4

Tests sensitivity to
multi-objective weighting

assumptions

5. Discussion
The main methodological risk of this study is overgeneralization. The framework is

accessibility-aware by design, but the current dataset does not include observed participants
with disabilities, measured accessibility support use, real simulator interaction records, or
longitudinal employment outcomes. Therefore, the results are interpreted as evidence of
computational feasibility rather than empirical proof of inclusive employment effectiveness.

Four threats to validity must be considered. First, construct validity is limited because
the five competency dimensions were derived from secondary variables rather than directly
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measured with a dedicated, exploratory soft-skills instrument. Second, internal validity
is limited because accessibility parameters were modeled rather than estimated from
observed users. Third, external validity is limited because O*NET occupational descriptors
may not fully represent local labor market demands or employer-specific requirements.
Fourth, computational validity is limited because the implemented HMI uses a heuristic
approximation rather than an exact MINLP solver. These limitations do not invalidate
the framework as a computational proof of concept, but they define the empirical work
required before the model can be used in real decision support settings.

The revised results support the analytical value of the proposed framework, but
they also require a more cautious interpretation than a field-validated accessibility-aware
computational framework would allow. The main contribution of the study is not the
empirical validation of real users with disabilities in actual workplace simulation en-
vironments. Rather, the contribution lies in the design and computational testing of a
reproducible architecture that links competency profiles, occupational requirement vec-
tors, accessibility-aware scenario assumptions, semantic representation, person–job fit
estimation, and heuristic optimization.

This distinction is central to the interpretation of the study. The employability dataset
used to construct competency profiles does not contain verified disability status, disability
type, observed accessibility support use, or simulator-based performance records. There-
fore, disability and accessibility cannot be interpreted as observed empirical effects. They
are modeled as design and simulation dimensions. This limitation directly affects the
interpretation of accessibility-related results: the model can show how accessibility as-
sumptions affect score adjustment and assignment outcomes, but it cannot yet demonstrate
that specific accessibility supports improve real performance among people with auditory,
visual, physical, or cognitive disabilities.

From an operational and ethical perspective, the framework should not be used as
an automated employment decision system in its current form. Any future deployment
would require human oversight, informed consent, accessibility review, bias auditing,
data-protection procedures, explainability mechanisms, and an appeal process for affected
users. The HMI outputs should support vocational guidance and expert interpretation,
not replace professional judgment or determine access to employment opportunities. In
addition, future implementation should include audit logs, role-based access control,
anonymization of user records, and periodic review to ensure the model does not produce
systematic disadvantages for any disability-sensitive group.

The person–job fit index remains a useful contribution because it provides a trans-
parent bridge between competency profiles and occupational requirements. By mapping
O*NET descriptors into five competency dimensions, the model creates a common space for
comparing users and occupations. However, this mapping is also a load-bearing assump-
tion. If the descriptor selection, normalization, or aggregation criteria change, the resulting
fit values may change as well. For this reason, the revised manuscript includes an explicit
O*NET mapping table and sensitivity analysis. These additions improve reproducibility
and reduce the risk that person–job fit values are interpreted as self-evident or independent
of modeling choices.

The exploratory internal consistency and dimensionality results also require a balanced
interpretation. The observed Cronbach’s alpha value of 0.905 indicates high internal
consistency. However, the high correlations among competencies and the dominance of
the first principal component suggest that the derived indicators may capture a general
employability factor rather than five fully independent competency dimensions. It does not
invalidate the framework, but it weakens the dimensionality claim. The five competencies
remain useful for interpretability, occupational mapping, and intervention planning, but
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future studies should include exploratory and confirmatory factor analysis, convergent
and divergent validity evidence, and validation with external employability outcomes.

The accessibility correction was also revised conceptually. The previous multiplicative
formulation could be interpreted as an artificial increase in score. The revised formulation
treats accessibility as a reduction of modeled barrier penalties rather than as a performance
bonus. It is more consistent with the idea that accessibility should reduce distortion in
observed performance rather than inflate competency estimates. Nevertheless, because the
barrier and support parameters are not estimated from real participants, this component
must remain a parametric simulation mechanism until field data are available.

The optimization results should also be interpreted cautiously. The conceptual problem
is formulated as a mixed-integer nonlinear optimization problem, but the implemented
HMI solves a heuristic approximation. Therefore, convergence curves do not prove that
the full MINLP has been solved globally. They only show that the implemented heuristic
stabilizes under the defined objective and constraints. Baseline comparison and sensitivity
analysis are therefore identified as essential robustness procedures for future extensions
of the framework. Without comparison against random assignment, greedy assignment,
clustering-based assignment, or metaheuristic alternatives, convergence alone would not
be sufficient evidence of computational superiority.

The operational ontology contributes to the framework’s explainability by linking
competencies, occupations, accessibility supports, disability-sensitive design assumptions,
and workplace scenarios. However, the ontology remains operational and has not yet been
formalized in OWL, RDF, or other W3C-compatible semantic standards. It limits automated
reasoning, interoperability, and reuse across platforms. Future work should therefore trans-
late the operational ontology into machine-readable semantic formats and evaluate whether
ontology-based reasoning improves scenario recommendation, competency interpretation,
and occupational matching.

Three factors limit the generalizability of the results. First, the competency data
come from a secondary dataset that was not designed specifically for disability-inclusive
workplace simulation. Second, the occupational descriptors come from static O*NET
profiles and do not capture local labor market variation or employer-specific requirements.
Third, the accessibility and scenario components are simulated rather than observed.
Consequently, the framework should be understood as a structured computational basis
for future empirical studies, not as an exploratory employment decision system.

Future research should prioritize validation with real participants, including people
with different disability profiles, and should report disaggregated results by disability type,
accessibility support, scenario condition, and occupational target. Longitudinal studies are
also needed to determine whether person–job fit scores predict real training completion, job
placement, job retention, or supervisor-rated performance. In addition, expert validation
should be incorporated to evaluate the relevance of the O*NET mapping, the accessibility
supports, and the scenario taxonomy. Benchmarking against established metaheuristics
and exact solvers for small instances should also be performed to quantify the error gap
and computational trade-offs of the proposed heuristic.

Overall, the framework is promising because it offers a transparent, modular, and
reproducible structure for accessibility-aware employability assessment. Its current value
lies in its methodological and computational aspects. Its future value will depend on
empirical validation with real users, stronger psychometric evidence, formal semantic
interoperability, and longitudinal labor market outcomes.
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Limitations and Future Empirical Validation

The main limitation of this study is that the proposed framework was not applied to
real participants with disabilities, did not involve observing simulator interaction records,
did not measure assistive technology use, and did not assess longitudinal employment
outcomes. Accessibility was modeled as a scenario-based design condition, and disability-
sensitive categories were represented as simulation variables rather than as observed
participant attributes. Therefore, the results should be interpreted as computational proof-
of-concept evidence rather than as empirical validation of an accessibility-aware computa-
tional framework.

A second limitation concerns the derived competency indicators. Communication,
teamwork, organization, prioritization, and planning were derived from secondary em-
ployability variables and were not obtained from a standardized, exploratory psychometric
instrument. Although internal consistency was high, the PCA results suggested a dominant
general employability factor. Consequently, the five indicators should be interpreted as
exploratory proxy dimensions for computational modeling and not as empirically indepen-
dent latent constructs.

A third limitation concerns the accessibility component. The parameters Biℓ, Acciℓ,
αh, and λ were not estimated from empirical data or real users. Their role was to support
sensitivity-based scenario analysis. Future studies should calibrate these parameters using
observed simulator data, accessibility audits, expert panels, and participants with different
accessibility needs.

A fourth limitation concerns the ontology layer. The current ontology is an operational
conceptual representation implemented for visualization and decision support explanation.
It has not yet been formalized using OWL, RDF, SKOS, SHACL, URI-based entities, SPARQL
queries, or automated reasoning. Future work should implement a W3C-compatible
semantic layer to improve interoperability, validation, and reuse.

A fifth limitation concerns the optimization layer. The implemented local search
heuristic provides an interpretable approximation of the conceptual MINLP, but it does not
certify global optimality or superiority over exact, population-based, or perturbation-based
optimization methods. Future work should compare the proposed heuristic against random
assignment, greedy person–job fit assignment, clustering-based assignment, genetic algo-
rithms, particle swarm optimization, simulated annealing, tabu search, and exact MINLP
solvers for small benchmark instances.

6. Conclusions
This study presented an accessibility-aware computational framework for employa-

bility analytics using workplace simulation logic, derived competency indicators, O*NET-
derived occupational descriptors, person–job fit estimation, semantic modeling, clustering,
and heuristic multi-objective optimization. The framework was developed and evaluated
as a computational proof of concept rather than as a field-validated simulator implemented
with real users with disabilities.

The results show that normalized derived competency indicators can be computation-
ally connected to occupational requirement vectors through a transparent person–job fit
index. However, this index has not yet been explored against real placement, retention,
supervisor-rated performance, or longitudinal labor market outcomes. The high, medium,
and low employability profiles achieved mean fit values of 0.85, 0.74, and 0.63, respectively,
indicating differentiated levels of occupational alignment. The exploratory internal con-
sistency analysis of the derived competency indicators showed a high Cronbach’s alpha,
with α = 0.905. However, the PCA results also indicated a dominant latent structure, with
the first principal component explaining 75.3% of the variance. Therefore, the five derived
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competency indicators should be interpreted as analytically useful and occupationally
meaningful dimensions, but not yet as fully independent constructs.

The proposed accessibility component was revised to avoid interpreting accessibility
as a simple score-increasing factor. Therefore, the five competencies should be interpreted
as analytically useful and occupationally meaningful dimensions, but not yet as a fully
independent construct formulation; accessibility reduces modeled barrier penalties rather
than directly increasing performance. Because accessibility supports and disability types
were simulated rather than observed, the effects should be understood as sensitivity-
based scenario outputs rather than empirical evidence of improvement among participants
with disabilities.

The optimization component also requires careful interpretation. The conceptual
model has a complex, mixed-integer, nonlinear structure, including an NP-hard assignment
subproblem related to the Generalized Assignment Problem. However, the implemented
HMI provides an interpretable local search approximation rather than an exact MINLP
solver. In response to this limitation, the revised manuscript defines reduced exact solver
benchmarking and external comparisons against random assignment, greedy assignment,
clustering-based assignment, PSO, GA, SCA, ASCA-GT-inspired perturbation, RAMPA-
inspired adaptive movement, SFOA-inspired exploration–exploitation, and single-agent
SPSA/SED-style baselines. Therefore, the convergence curves are interpreted only together
with benchmark-based evidence of relative gap, feasibility, robustness, and runtime.

The main contribution of the study is the construction of a transparent and re-
producible architecture that integrates employability data, occupational descriptors,
accessibility-aware scenario modeling, semantic representation, and optimization-based
decision support. This architecture can guide the future development of accessibility-aware
computational frameworks, but it should not yet be used as a high-stakes employment
decision system.

The main limitation is the absence of primary data from real users with disabilities and
the lack of longitudinal labor market outcomes. Future work should validate the framework
with participants representing different disability profiles, report results disaggregated
by accessibility condition and disability type, evaluate the HMI with end users, execute
and report the reduced exact solver and heuristic benchmarking tables with certified gap,
runtime, feasibility, and robustness indicators. The operational ontology should also be
formalized using OWL or RDF. Longitudinal validation should also examine whether
person–job fit scores predict training completion, employment insertion, job retention, or
workplace performance.

Overall, the study establishes a methodological and computational basis for future
accessibility-aware employability analytics systems. Its current contribution is to make
the analytical structure explicit, reproducible, and testable. Therefore, the framework
should be interpreted as an analytical prototype that supports future simulator design
and hypothesis generation, not as an exploratory predictive system for employment in-
sertion. Longitudinal validation with real users, employers, and observed employment
outcomes is required before the person–job fit index can be used for high-stakes vocational
or employment decisions.
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