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Abstract

Objective. Objective evaluation of operational training remains challenging, particularly when
comparing physical training with virtual reality (VR) training. Behavioral and subjective meas-
ures capture performance and perceived workload but provide limited insight into the underlying
neurocognitive adaptation. This study proposes and validates a synthetic EEG-derived cognitive
training index (CTI) that integrates multiple training-sensitive neurometrics into a single com-
posite metric, with two aims: to validate CTI as an objective marker of training progression in a
physical training group, and to test whether VR-based training leads to neurocognitive adapta-
tion comparable to physical training when participants subsequently execute the task in the real
environment. Approach. Participants completed three repetitions of a realistic confined-space
industrial maintenance procedure structured into Entrance, Rolling shutter, and Pipe replacement
phases. Behavioral outcomes (execution time, procedural errors) and subjective workload NASA
Task Load Index (NASA-TLX) were collected after each trial. Wearable EEG was recorded con-
tinuously; six neurometrics were computed from cleaned EEG using band-specific Global Field
Power over predefined electrode sets. CTT was obtained via principal component analysis applied
at the trial level to the multivariate neurometric time series, followed by segment-wise analysis.
Temporal specificity of CTI was assessed through phase-randomized surrogate-data analyses.
Main results. Execution time decreased across trials (F = 14.82, p < .001, nzp = 0.35), procedural
errors decreased similarly (F = 10.31, p < .001, n?p = 0.27), and NASA-TLX declined (F = 11.94,
p < .001, n*p = 0.30). CTI increased significantly with training (F = 18.21, p < .001, n*p = 0.39)
and was selectively higher in learning-relevant phases (Entrance and Pipe replacement), while
remaining near baseline in the low-demand Rolling shutter phase. Surrogate analyses showed that
real CTI exceeded null expectations, supporting temporal specificity. Repeated-measures correla-
tions indicated significant negative associations between CTI and procedural errors (R = — 0.42,
p < .01) and between CTI and NASA-TLX (R = — 0.38, p < .01), while CTI was not significantly
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related to execution time (R = 0.18, p = .12). Significance. CTI provides a psychologically
grounded, multivariate EEG marker that tracks training progression and aligns with operationally
meaningful outcomes, namely procedural accuracy and perceived workload, rather than task speed
alone. This approach supports objective comparison of cognitive adaptation across training
modalities and provides a practical basis for neurophysiologically informed training evaluation

and future adaptive training systems.

1. Introduction

1.1. Training in operational environments

Training in complex and safety-critical operational
environments, such as industrial maintenance, avi-
ation, firefighting, emergency response, and surgical
procedures, is essential to ensure safety, minimize
human error, and enable workers to acquire the tech-
nical and cognitive skills required for high-stakes
performance. In such contexts, inadequate prepara-
tion can have severe consequences, including acci-
dents, operational downtime, and reduced reliabil-
ity of human—machine interaction. For these reas-
ons, identifying robust methods to evaluate train-
ing effectiveness is an increasingly important goal,
particularly as operational scenarios become more
complex, technologically mediated, and cognitively
demanding.

Traditional approaches to evaluating operational
training have focused primarily on behavioral met-
rics such as task completion time, movement effi-
ciency, procedural accuracy, and error rates [1, 2].
These measures remain indispensable, as they reveal
how well a trainee executes observable aspects of a
procedure. However, they offer only a partial picture
of the learning process because they do not capture
the internal cognitive dynamics that determine true
expertise, adaptability under pressure, or long-term
retention. Two individuals may exhibit similar beha-
vioral performance while relying on markedly dif-
ferent cognitive strategies, attentional resources, or
stress responses.

For this reason, behavioral outcomes are often
complemented by subjective questionnaires such
as the NASA Task Load Index (NASA-TLX) for
workload [3], SMEQ for mental effort [4], or pres-
ence and immersion scales in technology-mediated
environments [5, 6]. These tools have been widely
employed across domains, including industrial
training [7], medical simulations [8], and high-risk
scenarios [9, 10], and provide useful insights into a
trainee’s subjective experience. Nevertheless, subject-
ive reports suffer from recall bias, inter-individual
variability, and limited temporal precision, making
them unsuitable for continuous or adaptive training
systems.

The limitations of behavioral and subjective
measures become even more pronounced in con-
fined or hazardous environments, where training

in real-world conditions can be logistically difficult,
risky, or economically unfeasible. This is particu-
larly evident in industrial confined-space operations,
where access restrictions, safety requirements, and
environmental hazards often prevent extensive phys-
ical practice. As a result, many organizations increas-
ingly rely on Virtual Reality (VR) to simulate these
environments safely and repeatedly. Yet this shift
raises a fundamental question:Are skills learned in
VR comparable, cognitively and functionally, to those
acquired through traditional physical training?
Addressing this question requires objective,
operator-centered measures capable of quantifying
the internal mechanisms underlying skill acquisition.

1.2. Neurophysiological measures for training
evaluation

Neurophysiological monitoring, and EEG in partic-
ular, has emerged as a powerful tool to character-
izing cognitive states during operational tasks. EEG
offers high temporal resolution, can be deployed
with portable systems, and has well-validated mark-
ers associated with mental workload [11], attentional
engagement [12, 13], vigilance [14], and stress [15—
17], namely ‘neurometrics) i.e. neurophysiological
measures of human factors [18]. These neuromet-
rics have been applied successfully in aviation [19],
driving (20, 21], emergency medicine [22, 23], and
industrial settings [24-29], revealing how cognitive
resources are allocated, how attention stabilizes with
practice, and how stress evolves as individuals trans-
ition from novice to proficient operators.

Despite this progress, many training studies
aimed at assessing skill acquisition still rely on a
predominantly univariate interpretation of neur-
ometrics, evaluating each measure in isolation. In
this framework, neurometric changes are often dis-
cussed as proxies of specific cognitive factors, without
considering that their informative value lies primar-
ily in their joint, multimodal variation over time.
Indeed, EEG markers are known to be sensitive to
multiple, partially overlapping cognitive processes:
for example, frontal theta activity increases dur-
ing workload [24, 30, 31], sustained attention [32],
and error monitoring, while parietal alpha sup-
pression has been linked to attentional engagement
[12], memory load, and visuospatial integration.
Consequently, analyzing neurometrics independ-
ently limits interpretability and reduces sensitivity to
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the complex neurocognitive adaptations that occur
during training. These limitations are particularly
evident in realistic and cognitively rich training envir-
onments, where multiple human factors evolve con-
currently. This motivates the need to treat neuromet-
ric measures associated with different human factors
as a multivariate construct, enabling a more compre-
hensive and integrated assessment of training-related
neurocognitive dynamics.

1.3. The rise of VR-based training and the need for
objective evaluation

VR has gained remarkable traction as a training tech-
nology because it allows organizations to recreate
hazardous, complex, or logistically challenging scen-
arios in a safe and repeatable manner. It has demon-
strated effectiveness across a broad range of applic-
ation domains, including industrial maintenance
[33], healthcare [34], aviation [35], and emergency
response [36, 37]. VR enables trainees to practice
rare or critical procedures, explore dangerous envir-
onments without risk, and interact with virtual ele-
ments that would be impossible or unsafe in real life.

However, the increasing popularity of VR raises
critical questions about how to evaluate the quality
and transferability of VR-based training. Behavioral
outcomes in VR may not fully reflect the cognit-
ive effort required for real-world execution, since VR
interactions can simplify motor demands or alter
sensory feedback. In addition, subjective ratings (e.g.
workload, stress) can be influenced by the novelty
and immersivity of VR [38-40], and by the even-
tual previous experience with this kind of technology.
These issues underscore the importance of leveraging
neurophysiological measures to directly quantify cog-
nitive adaptation and skills acquisition in VR and to
compare it meaningfully with physical training.

Yet, as in physical training research, most VR
studies rely on single neurometrics evaluation, inher-
iting the same interpretational limitations and lacking
a unifying metric to assess training holistically.

1.4. Limitations of current training metrics and
multivariate perspectives on training

Multiple psychological and neuroergonomic theories
converge on the idea that training is inherently mul-
tidimensional, involving dynamic interactions among
cognitive, affective, and motivational systems. Classic
frameworks include:

e Cognitive resource theory, which describes how
individuals allocate limited cognitive resources
based on task demands [41].

o The Yerkes—Dodson law, which links performance
to optimal levels of arousal and stress [42].

e The Neurovisceral integration model, which
emphasizes coordination between executive
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control, autonomic regulation, and emotional
processing [43].

e Situation awareness theory, describing how oper-
ators integrate perception, comprehension, and
projection to guide behavior [10].

Within these frameworks, training does not arise
from changes in a single cognitive variable, but from
the joint modulation of multiple factors, i.e. work-
load, attentional stability, vigilance, stress regulation,
and motivational engagement. EEG-derived neur-
ometrics map closely onto these constructs; therefore,
they should not be treated as independent but rather
as correlated indicators of a shared, multivariate cog-
nitive state.

Recent advances in cognitive neuroscience high-
light the advantages of multivariate and non-linear
approaches, including mutual information analyses
[44], independent component analysis, and dimen-
sionality reduction, for extracting latent neural sig-
natures of attention, difficulty, and cognitive control.
These methods can uncover shared variance across
neurometrics, reduce redundancy, and increase sens-
itivity to genuine cognitive changes.

Nevertheless, the literature still lacks a synthetic
training indicator capable of providing objective
information on skill acquisition throughout a train-
ing program, for instance to enable direct comparis-
ons between virtual and physical training modalities
within a common framework.

1.5. Hypothesis and objectives of the study
Building upon the multidimensional nature of train-
ing and the limitations of univariate neurophysiolo-
gical evaluation, we hypothesize that:

A synthetic EEG-based metric integrating multiple
neurometrics through dimensionality reduction will
yield a more sensitive and specific index of training pro-
gression than traditional single-metric approaches.

To make this conceptual foundation explicit,
figure 1 provides a visual summary of the psycho-
logical framework that motivates the development
of the cognitive training index (CTI). Figure 1 is
intended as a conceptual, theory-driven illustration
that motivates why an integrated index may be use-
ful. It is not computed from our data and should
not be interpreted as reflecting principal component
analysis (PCA) loadings or an empirically validated
hierarchical structure. The diagram illustrates how
multiple cognitive and affective components con-
tribute simultaneously to training, including men-
tal workload, effort investment, vigilance, attentional
stability, stress regulation, and motivational engage-
ment. These processes do not operate independently;
rather, they interact continuously and tend to co-
modulate as individuals progress from novice per-
formance toward more stable and proficient execu-
tion of the task.
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Figure 1. Conceptual illustration of the psychological rationale motivating the PCA-based Cognitive Training Index (CTI). This
diagram provides an illustrative, theory-driven overview of how multiple cognitive/affective dimensions (and corresponding EEG
neurometrics) are expected to co-modulate during training and motivate a multivariate composite index. Note: this figure is for
conceptual illustration only and is not derived from the present dataset (i.e. it does not reflect PCA loadings or an empirically
estimated factor structure). Empirical PCA loading patterns used to compute CTI are reported in figure 3

This perspective reflects the cognitive and neuro-

ergonomic models discussed in the previous sections
and supports the idea that training induces a global
reorganization of the operator’s cognitive state. EEG
neurometrics offer measurable signatures of each of
these processes, making them complementary indic-
ators of a common latent construct. Figure 1 cap-
tures this rationale by showing how these neuromet-
rics converge within a single multivariate structure
that can be extracted and quantified using a method
for data multidimensionality reduction. Such a figure
provides a conceptual overview of the multidimen-
sional psychological rationale motivating an integ-
rated training index. While the schematic includes
additional constructs often associated with opera-
tional training (e.g. situation awareness and confid-
ence), the present implementation operationalizes a
subset of dimensions that have robust EEG correl-
ates and are reliably captured by the available wear-
able montage. Constructs such as situation aware-
ness and confidence typically require task-embedded
probes and/or dedicated behavioral instrumentation
and were therefore not included in the neurometric
set used for CTI computation in this study.

This integrated viewpoint forms the basis of our
central hypothesis: if training is expressed through
coordinated modulation of multiple cognitive sys-
tems, then a combined latent factor, rather than
any individual neurometric considered in isolation,
should provide a more sensitive and more inter-
pretable marker of training progression.

Therefore, to test this hypothesis, we employ PCA
to identify the dominant latent structure underlying
the covariation neurometrics associated with work-
load, effort, attention, vigilance, stress, and motiva-
tional engagement into a single latent factor: the CTL.

Importantly, the CTI is not proposed as a new
psychological construct. Rather, it is designed as a
compact, operationally interpretable summary of the
shared variance across training-sensitive neuromet-
rics, enabling objective tracking of training-related
adaptation and comparison across training mod-
alities within a common framework. CTI is ulti-
mately a linear summary of established neuromet-
rics and does not create information beyond its
inputs. Its practical advantage is to provide a compact,
low-redundancy descriptor that mitigates multiple-
comparisons issues across correlated measures and
enables direct, modality-independent comparisons of
training trajectories. Accordingly, the main novelty of
the present work lies in integrating multiple estab-
lished EEG-derived neurometrics into a single com-
posite index for training assessment, rather than in
proposing new individual neurometric markers.

The study is structured around two primary
objectives, reflecting both methodological innovation
and practical relevance:

1. Developing and validating an objective neuro-
physiological indicator of training by employing
data recorded on those participants who completed
the training in a physical environment. This group
provides an unbiased benchmark for evaluating
the CTI, as their skill acquisition is grounded in
real-world procedural execution, with a plethora
of additional measures (i.e. subjective and behavi-
oral) to be matched with CTI variations.

2. Assessing the impact of VR-based training on
skill acquisition in comparison with physical-based
training, by comparing how trainees who practiced
in VR before performing the real procedure differ,
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i.e. behaviorally, subjectively, and neurophysiolo-
gically, from those trained physically.

Together, these objectives aim to provide a rig-
orous, neurophysiologically grounded, and opera-
tionally interpretable framework for evaluating mod-
ern training methodologies and for comparing the
cognitive effectiveness of physical versus VR-based
training environments. Given the dual nature of this
research objectives, the following sections of the work
are splitted in two:

1. CTI methodological validation, related to the devel-
opment and validation of the neurophysiological
indicator of training.

2. VR-based training effectiveness assessment, related
to the assessment of the VR-based training with
the respect to the physical environment-based
training.

2. Material and methods

2.1. Participants
Twenty-nine healthy adults (mean age + SD:
28.2 £ 4.5 years; 14 males) participated in the study.
All participants had normal or corrected-to-normal
vision and no history of neurological or psychiatric
disorders. Written informed consent was obtained
before participation, and the protocol was approved
by the local ethics committee in accordance with the
Declaration of Helsinki.

Participants were assigned to one of two experi-
mental groups according to the gender balance:

e Physical training group (n = 15)
e VR training group (n = 14)

Both groups performed exactly the same training
workflow, following the same procedural steps, inter-
acting with the same objects, and facing identical
constraints. All elements present in the VR scen-
ario, i.e. tools, panels, pipes, doors, spatial layout,
visual appearance, relative dimensions, and required
actions, were designed to replicate with high fidel-
ity the corresponding physical environment. This
ensured experimental equivalence between condi-
tions (figure 2).

2.2. Experimental design and operational task

The experimental session was designed to repro-
duce, as faithfully as possible, a real confined-space
maintenance procedure, a class of operational activ-
ities recognized as high-risk due to the combination
of limited mobility, environmental hazards, and the
need for precise procedural execution. The structure
of the task, the operational flow, and all safety-related

V Ronca et al

actions were developed and validated in collabora-
tion with INAIL, the Italian National Institute for
Insurance against Accidents at Work, ensuring adher-
ence to real operational safety protocols.

The simulated activity was articulated into three
sequential operational segments: Entrance, Rolling
shutter, and Pipe replacement. Each of them reflecting
a specific phase of a standard industrial maintenance
workflow. Together, these segments recreate the pro-
gression from initial environment securing to access
operations and, finally, to the execution of the main-
tenance task itself:

e Entrance: this section required participants to per-
form a set of preliminary safety operations essen-
tial for accessing a confined industrial environ-
ment. These actions included disconnecting the
electrical power, locking valves and switches using
safety padlocks, and interrupting the steam line
feeding the system. These procedures are standard
preparatory steps for securing hazardous envir-
onments before any maintenance activity and
are aimed at minimizing the risk of electrical
shock, pressure release, or accidental activation of
machinery. Participants were required to follow a
precise sequence of actions, making this segment
cognitively engaging and procedurally structured.

e Rolling shutter: this section represented a trans-
ition phase rather than a cognitively demanding
operational task. After completing the safety pro-
cedures, participants walked along a designated
path and manually opened a metal rolling shut-
ter to enter the maintenance area. This segment
required minimal decision-making and no pro-
cedural complexity; its primary purpose was to
reflect the transition that operators typically per-
form when moving from a preparation zone to
the actual workspace inside a confined industrial
facility.

o Pipe replacement: the final section consisted of a
realistic maintenance task in which participants
had to replace a section of a steam-carrying pipe.
This phase reproduced a standard industrial main-
tenance procedure requiring the identification of
the correct pipeline, loosening and removing the
damaged section, installing the replacement com-
ponent, and verifying the integrity of the con-
nection. The task demanded careful adherence to
the sequence of operations, manual precision, and
sustained attentional control, as errors in such
environments could lead to severe safety risks in
real industrial settings.

Each participant completed three consecutive repe-
titions of the same workflow within a single experi-
mental session. Each trial lasted approximately 9 min
(depending on individual pace and errors), and trials
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aining procedure in VR environment

Figure 2. Representative snapshots from the VR condition (left) and the matched real-world setup (right) illustrating the high
level of scene, object, and interaction coherence adopted in the protocol. The VR environment was designed to replicate the phys-
ical maintenance workstation in terms of spatial layout, object appearance, relative positioning, and functional affordances. In
both modalities, participants interacted with the same set of task-relevant elements (e.g. switches/valves and lockout-tagout
components) following the same procedural sequence and with equivalent action requirements (reach, grasp, manipulate, and
confirm each step). The right panel also shows a participant instrumented with the Mindtooth Touch wearable EEG system, high-
lighting that neurophysiological recordings were performed during task execution while preserving ecological validity.

Mindtooth Touch
EEG system

¥ !

\
Training procedure in
physical environment

were separated by a standardized short break of about
10 min to reduce fatigue while maintaining continu-
ity of training. All sessions were performed in the
same experimental area under stable indoor condi-
tions (i.e. lighting and ambient temperature kept as
constant as operationally feasible), and participants
received the same standardized instructions across
trials.

Regarding task structure, the Entrance phase
included the preliminary lockout/tagout and safety
actions required to secure the environment prior
to maintenance and typically represented the first
structured procedural block; Rolling shutter was a
short transition phase with minimal procedural load
(i.e. walking and opening the shutter to access the
work area); Pipe replacement was the core mainten-
ance phase requiring step-by-step procedural execu-
tion and sustained attentional control. Typical seg-
ment durations were in the order of 4 min (Entrance),
1 min (Rolling shutter), and 4 min (Pipe replacement),
with variation reflecting learning progression. In this
context, it has to be underlined that ‘training progres-
sion” denotes systematic across-trial changes observed
in behavioral, subjective, and neurometric measures
within the session; ‘adaptation’ refers to the corres-
ponding modulation of the multivariate neurometric
profile.

Sessions were conducted in the same indoor facil-
ity with comparable ambient conditions; lighting
and room temperature were kept as stable as feas-
ible across trials and participants, and the VR setup
was deployed in the same testing area to minimize
environment-related confounds. All the participants
performed two training repetitions (i.e. Trial 1 and
Trial 2) and a final training validation repetition
(i.e. Trial 3). For the purpose of comparing training
modalities, the VR environment was designed to mir-
ror the physical scenario with high coherence, pre-
serving:

the spatial layout,

e the appearance and position of tools and equip-
ment,

o the sequence and logic of safety and operational
steps,

o the allowable interactions and constraints.

Thus, participants in the VR group performed Trials
1-2 under conditions that were operationally equi-
valent to those encountered by the physical group,
enabling a controlled investigation of training trans-
fer from virtual to real environments.
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2.3. Behavioural and subjective measurements
To complement the neurophysiological assessment
and obtain a comprehensive characterization of the
training process, both behavioural and subjective
measures were collected throughout the experimental
session. These measures were included to evaluate
training effectiveness from the standpoint of task per-
formance and self-perceived cognitive effort, enabling
a multimodal analysis of how participants adapted
to the operational task in both training modalit-
ies (physical and VR). Importantly, their inclusion
allowed us to examine the coherence and conver-
gence between overt performance, subjective per-
ception of workload, and the neurocognitive indices
derived from EEG, particularly the PCA-based CT1I.
For every participant and trial, two key behavi-
oural indicators were quantified:

1. Execution time: the total time required to com-
plete the entire maintenance workflow, including
all three operational sections.

2. Procedural errors: the number of deviations from
the correct task sequence, incorrect manipula-
tions of operational elements (e.g. valves, switches,
tools), or missed steps in safety-related actions.

Procedural errors and execution time were recor-
ded online by the experimenters, by using a pre-
defined checklist aligned with the validated INAIL
maintenance protocol. This ensured consistency in
error classification across participants and preserved
the operational relevance of the evaluation. Execution
time and error counts served as objective indicat-
ors of trainees’ procedural competence and opera-
tional accuracy, both essential metrics in real indus-
trial safety contexts.

Because both groups performed the same final
trial in the physical environment, these behavioural
metrics also enabled a direct comparison of training
transfer from VR to physical execution.

Immediately after completing each trial, par-
ticipants completed the NASA-TLX [3], a widely
used subjective measure of perceived workload.
The NASA-TLX assesses six dimensions (i.e. mental
demand, physical demand, temporal demand, per-
formance, effort, and frustration) providing a mul-
tidimensional profile of trainees’ perceived cognitive
burden during the operational task. More specific-
ally, participants completed the NASA-TLX once per
trial and were instructed to rate the overall work-
load experienced across the entire trial (i.e. the whole
maintenance workflow) rather than focusing on peak
moments within a specific segment. Accordingly, for
CTI-NASA-TLX association analyses, CTI was con-
sidered at the trial level by averaging the CTI time
series over the whole trial.

V Ronca et al

Together, these behavioural and subjective indic-
ators allowed us to:

e assess how demanding or intuitive participants
found the task,

e compare perceived workload between training
modalities,

o verify whether VR training induced levels of
engagement consistent with effective learning,

e relate perceived cognitive strain to neurophysiolo-
gical markers and behavioural performance.

2.4. Neurophysiological data collection and
processing

EEG activity was continuously recorded through-
out the experimental session using the Mindtooth
Touch wearable EEG system (BrainProduct GmbH,
Gilching, Germany). This device is designed for oper-
ational neuroergonomics applications and allows for
high-quality acquisition in ecological and real/real-
istic environments. The system includes eight water-
based electrodes positioned according to the 10-20
International System over frontal and parietal areas
(AF3, AF4, AFz, AF7, AF8, P3, P4, Pz), regions known
to reflect cognitive processes relevant to training, such
as workload, attentional engagement, vigilance, and
stress regulation [11, 24]. Moreover, the montage was
intentionally constrained to frontal and parietal sites
to preserve wearability and ecological validity; motor
cortex coverage was not available in the present setup.

Data were sampled at 250 Hz, and reference and
ground electrodes were placed on the right and left
mastoids respectively. Before starting the operational
task, a 60 s eyes-closed and 60 s eyes-open resting
baselines were recorded for subsequent normaliza-
tion and neurometric calibration. All electrodes were
maintained below a 100 k{2 impedance threshold,
which is typical for modern water-based wearable
EEG systems and ensures signal stability while pre-
serving ecological validity of recording [45, 46].

The use of a lightweight and minimally intrus-
ive EEG headset allowed participants to perform the
simulated maintenance activities without restrictions
in mobility, without introducing bias related to the
measurements system itself. In this regard, parti-
cipants were instructed to avoid unnecessary head
and facial movements and to refrain from speak-
ing during execution, while maintaining natural task-
related movements to preserve ecological validity.
EEG headset fit and signal quality were checked
before the task and monitored throughout the ses-
sion; preprocessing was then applied to mitigate
movement- and ocular-related artifacts while retain-
ing task-related brain activity.
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More specifically, EEG preprocessing was
performed offline using MATLAB (MathWorks,
USA), following a standardized pipeline optim-
ized for wearable EEG applications in ecolo-
gical operational settings. The preprocessing was
designed to minimize the impact of movement-
and environment-related artifacts while retaining the
neurophysiological information essential for com-
puting the training-related neurometrics:

1. Raw EEG signals were first band-pass filtered
between 2 and 30 Hz using a zero-phase 5th-order
Butterworth filter. This frequency range preserves
the theta, alpha, and beta rhythms associated with
mental workload, attention, vigilance, and stress,
while attenuating slow drifts and high-frequency
muscle or electrical noise.

2. To remove blink-related contamination, we
applied the o-CLEAN algorithm [47, 48], a
regression-based ocular artifact removal technique
that has been validated in several real-world neuro-
ergonomics studies for its robustness in mobile and
semi-mobile contexts [49, 50]. Although the task
required natural movements for ecological valid-
ity, movement-related contamination was mitig-
ated both procedurally and analytically. Beyond
standardized instructions to minimize unneces-
sary head/facial movements, residual movement-
and muscle-related transients were identified and
excluded through the amplitude- and probability-
based artifact rejection steps (£80 pV threshold
and joint-probability criteria), implemented via
EEGLAB [51], ensuring that neurometric compu-
tation relied on artifact-clean data segments and
reducing the risk of movement-driven bias. These
thresholds were selected to balance artifact exclu-
sion with the need to retain as much physiological
data as possible, given the ecological nature of the
task.

3. Clean EEG data were segmented into epochs cor-
responding to:
a. each of the three experimental trials, and

b. each operational section (Entrance, Rolling shut-
ter, Pipe replacement).

4. Segmentation enabled neurometric computation
with functional specificity to each task phase. All
channels were then re-referenced to the common
average, a standard practice for improving the
spatial interpretability of EEG signals in wearable
systems.

5. To account for inter-individual variability in cor-
tical oscillatory dynamics, the individual alpha
frequency (IAF) was extracted from the rest-
ing baseline using a Gaussian curve—fitting pro-
cedure applied to the power spectral density
[52]. The IAF was subsequently used to define
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individualized band boundaries for the compu-
tation of theta, alpha, and beta neurometrics,
increasing physiological specificity and improving
inter-subject comparability.

6. Visual inspection of signals was performed by two
independent researchers to ensure reliability of
artifact detection and preprocessing consistency.

Following preprocessing, a set of neurometrics
was computed to quantify core cognitive dimensions
involved in operational training, i.e. mental work-
load, effort, vigilance, attentional engagement, stress,
and motivational/approach orientation. All neur-
ometrics were derived using the global field power
(GFP) computed within specific frequency bands and
electrode clusters. The GFP approach provides a spa-
tially aggregated measure of the overall synchrony
and amplitude of cortical activity within a region of
interest, improving robustness to noise and increas-
ing physiological interpretability in ecological EEG
recordings [53-55].

For each participant, the EEG signal was decom-
posed into individualized frequency bands centered
on the IAF, ensuring physiological consistency across
subjects (Klimesch [52]). The band definitions were:

o Theta: IAF — 6 to IAF — 2 Hz
o Alpha: IAF —2toIAF + 2 Hz
e Beta: IAF + 2 toIAF + 16 Hz

Within each band, GFP was calculated as:

GFP(1) = | & i\]:l(Xi(t) — x(t))? where x; () is the

band-limited activity at electrode i, % (¢) is the spatial
average across electrodes in the cluster, and N is the
number of electrodes in that region.

GFP values were extracted over prefrontal/frontal
electrodes (AF3, AF4, AFz, AF7, AF8) and pari-
etal electrodes (P3, P4, Pz), depending on the
neurometric.

The GFP-based neurometrics were computed as it
follows:

e Mental workload was computed as the ratio
between frontal theta GFP and parietal alpha GFP,
a neurometric widely validated in operational
neuroergonomics and human factors research [11,
24, 56].

e Mental effort was quantified directly through
frontal theta-band GFP, capturing the amount of
cognitive control and working-memory activa-
tion required to perform the task. Theta power
increases over prefrontal and frontal regions have
been consistently associated with task load, prob-
lem solving, and increasing difficulty [57-59].
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e Vigilance, defined as the ability to maintain sus-
tained alertness and responsiveness, was indexed
using frontal beta GFP. Reduced beta activity in
frontal regions has been linked to lower alert-
ness and diminished top—down cognitive control
[14, 60].

e Attentional engagement was computed as the ratio
between frontal beta GFP and frontal theta GFP,
following formulations shown to reflect the bal-
ance between top—down attentional allocation and
cognitive control [13, 61, 62].

e Physiological stress was indexed using high-
beta GFP over parietal channels, in line with
prior studies showing that stress and emotional
arousal increase cortical desynchronization and
high-frequency activity in posterior regions
[15, 45, 63, 64].

e Approach/avoidance motivational tendencies
were estimated using frontal alpha asymmetry.
Lower alpha power corresponds to greater cor-
tical activation; thus, relatively lower right-frontal
alpha indicates a positive approach-oriented
motivational state. This neurometric is groun-
ded in well-established affective neuroscience
literature [65—67].

Some of the selected neurometrics are expressed as
ratios between band-limited GFP measures (e.g. theta
over alpha, beta over theta). While this formulation
is widely used in applied neuroergonomics, it also
implies that the resulting features are not fully inde-
pendent by construction and may exhibit correlations
even in the absence of a strict ‘cognitive coordination’
mechanism. Importantly, however, ratio-based neur-
ometrics do not impose deterministic correlations a
priori: depending on how theta, alpha, and beta mod-
ulate dynamically over time and across task phases,
the induced covariation can strengthen, weaken, or
vanish. In this study, we therefore treat the multivari-
ate dependency structure among neurometrics as a
combination of mathematical coupling and physiolo-
gically meaningful co-modulation, and we address
this explicitly in the interpretation of the PCA-derived
CTL

All neurometrics were computed in 1 s sliding
windows (with 50% overlap) to preserve temporal
sensitivity, then averaged within:

e cach operational segment (Entrance, Rolling shut-
tet, Pipe replacement)

e cach trial (Trial 1, Trial 2, Trial 3)

This produced one neurometric vector per parti-
cipant X segment X trial. To account for inter-
individual differences in absolute EEG amplitude
and spectral distribution, all neurometrics underwent
within-subject z-score normalization:

V Ronca et al

zi (1) = L’k(?,,_kui’k

neurometric k at time f for participant 7, and p; ¢, 07 k
are the mean and standard deviation of that neur-
ometric computed across the participant’s task win-
dows (Trials 1-3). The mean and standard deviation
used for normalization were computed using only
task-related windows across the abovementioned
experimental trials (i.e. excluding eyes-open/eyes-
closed baseline), which was retained exclusively
for IAF estimation and calibration. This proced-
ure enhances comparability across participants and
allows multivariate analyses (such as PCA) to focus on
relative neurometric modulations rather than abso-
lute amplitude.

where x; 4 (t) is the value of

2.4.1. EEG data quality assessment across conditions

Since VR head-mounted displays and associated
movements may introduce condition-specific noise,
the EEG data quality was separately for VR and phys-
ical executions. For each participant and trial, we
computed: (i) the percentage of analysis windows
rejected by the artifact rejection criteria (amplitude
threshold), (ii) the number of channels flagged as
bad (dropout/instability) and the number of excluded
channels per trial. These metrics were summarized at
the trial level and compared between VR and Physical
conditions to verify that signal quality was compar-
able across training modalities. In addition, to isol-
ate potential headset-related spectral contamination
from task-related movements, we analyzed the rest-
ing eyes-open baseline recorded both without the
VR headset (EO-noVR) and while wearing the head-
set (EO-VR). Data were segmented into 4 s win-
dows and periodograms were computed; band power
was extracted in 9.5-10.5 Hz and in narrow bands
around 50 Hz (49.5-50.5 Hz) and near the anti-
aliasing cutoff (60—-66 Hz) directly integrated in the
Mindtooth Touch EEG system. Because the EEG sys-
tem was battery-powered, a 50 Hz notch filter was
applied, and an anti-aliasing filter at 66 Hz is present,
harmonics around 90 Hz reported in other VR-EEG
systems cannot have been measured and cannot have
affected the analyzed (<45 Hz) neurometric bands.

2.5. PCA-based CTI

2.5.1. Psychological rationale for an integrated CTI
According to major psychological and neuroergo-
nomic frameworks, training in complex operational
contexts is not governed by a single cognitive dimen-
sion but rather results from the dynamic interplay
of multiple processes, including mental workload,
attentional engagement, vigilance, executive control,
emotional regulation, and motivational orientation.
Foundational theories such as Kahneman’s Capacity
Model of Attention (Kahneman [41]), the Yerkes—
Dodson law [42], the Neurovisceral Integration
Model [43], and Situation Awareness theory [10] con-
verge in suggesting that efficient training progres-
sion emerge when cognitive and emotional subsys-
tems operate in coordinated balance.



10P Publishing

J. Neural Eng. 23 (2026) 026032

The neurometrics computed in this study,
i.e. mental workload, effort, vigilance, attentional
engagement, stress and approach tendency, were
selected precisely because they represent distinct,
yet complementary, components of this multidi-
mensional psychological architecture. Their con-
current modulation provides a richer picture of
cognitive adaptation than any single neurometric
alone. However, these neurometrics are not inde-
pendent: numerous studies in cognitive neuroscience
have shown that theta, alpha, and beta rhythms co-
vary during demanding tasks, reflecting integrated
changes in executive control, sensory processing and
emotional regulation [11, 12, 32].

Therefore, to obtain a high-level descriptor that
captures the latent, shared cognitive structure under-
lying training-related neurophysiological adaptation,
a multivariate dimensionality-reduction method is
required. In this perspective, the different EEG neur-
ometrics are not expected to vary independently dur-
ing training, but to co-modulate as training pro-
gresses. In other words, as trainees move from novice
to more proficient performance, workload, atten-
tional stability, vigilance, stress regulation and motiv-
ational engagement are all driven in a partly coordin-
ated way by the underlying training process. This
implies that their time courses should exhibit a non-
trivial correlation structure that is itself a signature of
training-related cognitive adaptation.

PCA is well suited here because it provides a
compact representation of how multiple neuromet-
rics jointly fluctuate during training. We acknow-
ledge that the six neurometrics are not independent
by construction and that algebraic coupling, espe-
cially for ratio-based definitions, can generate correl-
ations even in the absence of a single latent mech-
anism. At the same time, our working hypothesis
is that non-independence is not merely mathemat-
ical but also physiological and psychological: the con-
structs targeted in this study (workload, attention,
stress, vigilance, effort, and motivational orientation)
are not orthogonal, and they are known to co-vary
both theoretically and empirically during demand-
ing, goal-directed behavior. In this framework, PCA
is used primarily as a descriptive and integrative
tool to extract the maximal shared neurophysiolo-
gical variance that plausibly accompanies training-
related adaptation, rather than as a proof of a unique
causal latent psychological construct. Accordingly, we
interpret the first component as the dominant axis
of common modulation across neurometrics dur-
ing skill acquisition, while remaining cautious about
over-strong mechanistic interpretations.

2.5.2. Technical computation of the CTI

With the presented approach, CTT is interpreted as
a descriptive multivariate summary of shared neur-
ometric modulation during task execution, and not as
a direct measure of a unitary psychological construct
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or causal mechanism. Accordingly, CTI should be
interpreted as a convenient composite score derived
from the selected neurometrics, and not as a dir-
ect readout of a single psychological entity. From a
technical standpoint, the CTI was obtained by apply-
ing PCA to the multivariate neurometric time series
computed from the EEG for each participant along
the entire experimental session. Afterwards the res-
ulting CTT time course was segmented into the three
operational sections (Entrance, Rolling shutter, Pipe
replacement) in each experimental trial. This choice
ensured that the extracted component reflected the
global structure of neurometric co-modulation over
the full experimental session (i.e. the concatenation
of the three experimental trials), rather than being
biased by any single segment.

For each participant s and trial ¢, the six neur-
ometrics (workload, effort, vigilance, attention,
stress, approach) were arranged into a matrix:

(5,1) (s,) (s,t)
mu) my m%’K
(s,¢ (s,1) s,t)
e my) my) ce oMy Y
(s,1) (s,1) (s,1)
Mpn 1 Mreny o TG K
where:

e Q6 is the number of time samples (1 s windows)
covering the whole trial,

e K = 6 is the number of neurometrics,

s,f) . .. .
m(T i) is the value of neurometric i at time sample

7 for participant s, trial t.

PCA was then applied to the columns of M(*"), yield-
ing:

M(s,t) — Q(s,t)PT
where:

e Pisa K x K loading matrix whose columns con-
tain the weights (loadings) of each neurometric on
each principal component,

e QG isa QY x K matrix of component scores
over time (one time course per principal compon-
ent).

PCA was performed without rotation (i.e. standard
PCA on the standardized neurometric matrix). The
first principal component (PC1) captures the largest
share of shared variance across neurometrics within
that trial and is therefore the most natural candid-
ate for representing the dominant shared axis of cov-
ariation across neurometrics during training-related
adaptation. Because some neurometrics include ratio
formulations, PC1 is interpreted here as a compact
summary of shared variance across neurometrics
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during training, without implying that this shared
variance is exclusively generated by a single latent
construct.

In multivariate psychophysiological analyses,
selecting the appropriate number of principal com-
ponents requires balancing interpretability and
explained variance. A parsimonious ‘dominant com-
ponent’ criterion was applied to define CTI as a single
latent axis when PC1 explained the majority of shared
variance, which improves interpretability and reduces
sensitivity to noise in secondary components [68,
69]. If PC1 did not reach this dominance threshold,
combining the first two components using variance-
proportionate weights provided a conservative altern-
ative while maintaining a compact representation [70,
71]. Therefore, the CTI was computed using the fol-
lowing rule:

o IfPCl1 explained > 50% of the total variance, PC1
alone was used as the CTI time series:

K
CTI®Y (r)= ZW,’l mS)

T,i
i=1

where w;; are the PCA loadings of neurometric i
on PC1. In other words, PC1 was considered dom-
inant when )‘I/Z]K:I Aj = 0.50.

o If PC1 explained < 50% of the variance, PC1
and PC2 were combined through a weighted lin-
ear combination, proportional to their explained
variance:

A QE (1) + 2, Q (1)

CTI®) (1) = Y
1 2

where A; and )\, are the eigenvalues associ-
ated with PC1 and PC2 (i.e. the variances of
the corresponding component score time series).
The explained-variance ratio of component k is
defined as A/ Z]K:l Aj. Since explained variance
is proportional to the corresponding eigenvalue,
weighting the component scores by A, and A,
yields a variance-proportionate composite when
PC1 does not reach the dominance criterion

K
A1/ > Aj = 0.50. While Qis’t) (1), Qgs’t) (1) are the
j=1

corresponding component scores at time 7.

This approach is consistent with recommendations
for PCA-based psychological composite indices,
where components are combined when the first factor
alone does not sufficiently capture the latent con-
struct of interest [70-72].

Importantly, in our dataset PC1 always exceeded
50% explained variance, meaning that the CTI for all
analyses was defined by PCI1 alone. The additional
rule nonetheless ensures methodological robustness
and reproducibility in case the approach is applied to
other datasets (figure 3).
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Given the sign and magnitude of the observed
loadings, higher CTI values correspond in this data-
set to a multivariate pattern consistent with reduced
workload/stress and increased attentional engage-
ment/vigilance; however, CTI should be regarded as
a descriptive composite rather than an independ-
ent explanatory construct. Across participants, the
loading pattern was stable and not dominated by
a single feature: loading signs were consistent for
all neurometrics (sign agreement 86%-97% depend-
ing on the feature), and between-subject dispersion
in loading magnitude was moderate (median IQR
across neurometrics: 0.11-0.17; coefficient of vari-
ation: 0.24-0.36). Consistently, the largest absolute
loading typically accounted for about 23%-29% of
the L1-normalized loading mass (median across par-
ticipants), indicating that PC1 reflected a genuinely
multivariate shared-modulation profile rather than a
single-neurometric proxy.

2.5.3. CTI loading stability analysis

To quantify the robustness of the PCA-derived
CTI, the stability of the PC1 loading pattern was
assessed using resampling-based analyses. First, a
non-parametric bootstrap resampling was performed
at the participant level (B = 1000 iterations) to
obtain 95% confidence intervals for each neuromet-
ric loading. To ensure comparability across bootstrap
iterations, the sign of PC1 was aligned to the full-
sample solution by enforcing a positive dot product
between the bootstrap and full-sample loading vec-
tors. Second, sensitivity to data partitioning was eval-
uated using leave-one-subject-out (LOSO) analyses,
recomputing PC1 loadings on N — 1 participants and
quantifying similarity to the full-sample loading vec-
tor via cosine similarity. These analyses provide an
empirical estimate of how consistently the same mul-
tivariate loading pattern emerges across resamples
and participant subsets. As PC1 always exceeded 50%
explained variance, stability analyses focus on PCl1
loadings.

2.5.4. Surrogate-data validation of the PCA-based CTI
To evaluate whether the CTI captured genuine
neurophysiological coordination among neuromet-
rics, rather than spurious correlations driven by
shared spectral characteristics or autocorrelation, we
performed a surrogate-data analysis. This proced-
ure was adapted from established multivariate time-
series frameworks (73, 74] and designed to break
the temporal correspondence between neurometric
signals while preserving their univariate statistical
properties.

Because the CTI is constructed from multiple
neurometrics computed from EEG activity recorded
during realistic operational tasks, it is essential to
demonstrate that the PCA does not simply exploit
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Figure 3. Visualization of the PCA pipeline used to derive the CTI from the six EEG neurometrics. The plot shows the variance

explained by the first principal component across participants, confirming that PCI consistently exceeded the 50% threshold.
Loadings associated with each neurometric are displayed, illustrating their contribution to the dominant shared component

(PC1) used to compute the CTL

shared power spectra or slow drifts within each neur-
ometric. Instead, the CTI should reflect true time-
varying coordination among cognitive processes (e.g.
co-modulations in workload, attention, vigilance and
stress) that change dynamically during training.

Temporal coordination is a hallmark of integrated
cognitive adaptation; surrogate analysis therefore
provides a conservative null model to test whether
the observed CTI dynamics exceed what would be
expected from independent neurometrics with sim-
ilar spectral content.

For each neurometric time series entering the
PCA, phase-randomized surrogate signals were gen-
erated using a well-established approach for mul-
tivariate time-series analysis [73, 74]. The procedure
began by transforming the original neurometric sig-
nal into the frequency domain using the Fast Fourier
Transform (FFT). The amplitude spectrum obtained
from this transformation was left unchanged in order
to preserve the power distribution and autocorrel-
ation structure of the original signal. In contrast,
the phase spectrum was randomized by adding a
set of independently sampled values uniformly dis-
tributed within the interval [—7, 7|, while enforcing
Hermitian symmetry so that the reconstructed signal
would remain real-valued.

Once the randomized phase structure had been
imposed, the surrogate signal was generated by apply-
ing the inverse FFT. The resulting surrogate neur-
ometric preserved the original amplitude distribu-
tion and autocovariance properties but lacked any
meaningful temporal coordination with the other
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neurometrics. In this way, the method effectively des-
troyed cross-metric temporal alignment while con-
serving all univariate statistical characteristics of each
neurometric, providing a strict null model against
which the temporal sensitivity of the CTI could be
evaluated.

For each participant and operational segment, the
following procedure was performed:

e One neurometric at a time was replaced with
its surrogate realization, leaving all others
unchanged.

e The PCA was recomputed using the same normal-
ization, dimensionality criteria, and loading struc-
ture as in the real-data analysis.

e This yielded a surrogate CTI time series reflecting
expected CTI values under the null hypothesis of
no true inter-neurometric temporal coupling.

The process was repeated 1000 times for each neur-
ometric and each operational segment, generating
a null distribution of CTI values for every analysis
window [73, 74].

2.6. Statistical analyses

2.6.1. CTI methodological validation (physical group)
For the primary methodological objective, ana-
lyses were first conducted on the Physical training
group only, which served as an unbiased benchmark
for validating the CTI. Repeated-measures ANOVAs



10P Publishing

J. Neural Eng. 23 (2026) 026032

were used to assess trial-related changes in behavi-
oral measures (execution time, procedural errors),
subjective workload (NASA-TLX), individual EEG
neurometrics, and the CTI within this group. The
within-subject factor was Trial (1, 2, 3). When the
sphericity assumption was violated, Greenhouse—
Geisser corrections were applied.

To evaluate the functional relevance of the CTI,
repeated-measures correlation analyses [75] were
performed between CTI values and behavioral or
subjective indicators (execution time, errors, NASA-
TLX) across trials. This approach accounts for the
non-independence of repeated observations within
participants and is particularly suited for within-
subject training designs.

Surrogate-data analyses were used to validate the
specificity of the CTI as a marker of coordinated
neurometric modulation. For each subject, trial, and
operational segment, CTI values derived from real
data were compared against the distribution of CTI
values obtained from phase-randomized surrogate
neurometrics, yielding z-scored CTI estimates. One-
sample t-tests assessed whether real CTI z-scores
differed significantly from zero (i.e. from the null dis-
tribution) in each segment, with a particular focus on
cognitively demanding phases (Entrance, Pipe replace-
ment) versus control phases (Eyes-Open, Rolling
shutter).

2.6.2. VR-based training effectiveness assessment
(physical vs VR)

For the second objective, namely assessing the effect-
iveness of VR-based training relative to physical-
environment training, analyses were extended to
include both groups. Mixed-design ANOVAs were
performed with Trial (1, 2, 3) as a within-subject
factor and Group (Physical vs VR) as a between-
subject factor to examine differences in learning tra-
jectories for behavioral measures, subjective work-
load, neurometrics, and CTI.

To specifically evaluate VR-to-real transfer,
between-group comparisons were conducted on
Trial 3, when all participants performed the task
in the physical environment. Independent-samples
t-tests or ANOVAs compared execution time, pro-
cedural errors, NASA-TLX scores, and CTI between
the Physical and VR groups in this final trial.

In addition, repeated-measures correlation ana-
lyses between CTI and performance or subjective
measures were repeated across both groups to verify
whether the functional relationships observed in the
Physical group (e.g. CTTvs errors, CTTvs NASA-TLX)
generalized to VR-trained participants. This analysis
allowed us to test whether CTI captured similar cog-
nitive mechanisms underlying skill acquisition irre-
spective of training modality.
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3. Results

3.1. CT1I methodological validation (physical
group)

3.1.1. Behavioral and subjective dynamics (physical
group)

To validate the proposed CTI in the most controlled
and unbiased condition, we first examined behavioral
and subjective changes across trials within the
Physical training group only. A repeated-measures
ANOVA revealed a significant main effect of Trial on
execution time in this group (F = 15.21, p < .001,
n*p = 0.37), indicating that participants completed
the maintenance procedure progressively faster as
training progressed. Post-hoc comparisons showed
that Trial 3 was significantly faster than both Trial 1
(p < .001) and Trial 2 (p = .010), consistent with a
gradual improvement in procedural fluency.

Procedural errors also decreased significantly
across trials (F = 11.02, p < .001, n*, = 0.29).
Participants made more sequencing and manipula-
tion errors during the first exposure to the task and
progressively reduced these deviations in subsequent
trials. In particular, error rates decreased between
Trials 1 and 2 and further declined by Trial 3, indic-
ating consolidation of the procedural sequence and
improved adherence to safety-related steps.

Subjective workload, as measured by the
NASA-TLX, showed a robust reduction over trials
(F=11.88,p <.001, 7%, = 0.30). Participants repor-
ted the task as mentally less demanding in later trials,
suggesting that as procedural knowledge stabilized,
the cognitive resources required to execute the main-
tenance workflow were reduced.

Overall, these behavioral and subjective results
in the Physical group confirm that the experimental
paradigm induced a clear training effect, providing a
solid ground truth against which to validate the CTIL.

3.1.2. EEG data quality across conditions

EEG quality metrics were comparable between VR
and physical executions. The percentage of artifact-
rejected windows did not differ between conditions
(Physical: 7.2 + 2.2%; VR: 8.3 £ 2.6%; paired ¢-
test, p = 0.61), corresponding to a similar propor-
tion of retained clean data (Physical: 92.8 £ 2.2%;
VR: 91.7 £ 2.6%). The number of bad channels per
trial was low and comparable (median 0 [0-1] in both
conditions; p = 0.78), and the proportion of trials
with at least one bad channel was similar (Physical:
8%; VR: 9%; p = 0.74). This targeted control reduces
the likelihood that CTT differences/similarities across
modalities reflect headset-specific spectral contam-
ination. Full quality metrics are reported in supple-
mentary table S2. Finally, the resting EO headset-
on/off comparison (EO-noVR vs EO-VR) showed
comparable band power both in a task-relevant band
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Table 1. Summary of EEG neurometrics (i.e. mental workload, mental effort, vigilance, attentional engagement, stress, and
approach/motivation) computed for each operational segment (Entrance, Rolling shutter, Pipe replacement) and for each training trial
(T1-T3) in the physical group. The table reports the direction of change (increase/decrease), significance levels, and effect sizes for
trial-wise comparisons, highlighting consistent training-related modulation in cognitively demanding segments.

Neurometric Group  Entrance

Rolling
shutter ~ Pipe replacement

Mental workload
Mental effort

Physical | Tl — T3 (F=5.12,p=.012,%,=.27) ns
Physical | across trials (F=4.31,p = .024, 7>, = .24) ns

1 T1— T3 (F = 6.01, p = .007, 72, = .30)
1in'T3 (p = .018)

Vigilance Physical 1Tl — T3 (F=4.95p=.0157%,=.26) ns +TL — T3 (F =5.44, p = .010, ?, = .28)
Attention Physical 1 T1 — T3 (F = 6.88, p = .004, nzp =.33) ns 1Tin T3 (p =.013)

Stress Physical | T1 — T3 (F = 5.67, p =.009, n*, = .29) ns JT1 — T3 (F =6.02, p = .007, n?, = .30)
Approach/motivation Physical slight 1 (n.s.) ns TT1— T3 (F=4.44,p = .021, 7%, = .24)

(9.5-10.5 Hz) and around 50 Hz (49.5-50.5 Hz),
as well as in a high-frequency proxy band near the
anti-aliasing cutoff (60-66 Hz) directly integrated in
the Mindtooth Touch EEG system (supplementary
table S3).

3.1.3. Neurometric changes during physical training
We next examined how EEG neurometrics evolved
across trials in the Physical group. To provide a com-
pact overview, the main patterns for each neuromet-
ric, i.e. mental workload, mental effort, vigilance,
attentional engagement, stress, and approach/motiv-
ation, are summarized in table 1, which reports trial-
wise and segment-wise effects. Here we focus on the
physical training trajectories.

In the Entrance and Pipe replacement segments,
mental workload decreased significantly from Trial
1 to Trial 3, consistent with a reduction in cognit-
ive strain as participants became more familiar with
the safety procedures and the maintenance sequence.
Mental effort, indexed by frontal theta GFP, showed
a similar decreasing trend across trials, reflecting
reduced need for controlled processing and working-
memory engagement.

Vigilance and attentional engagement increased
significantly over trials in these same segments, indic-
ating more stable and sustained allocation of cog-
nitive resources as training progressed. Stress-related
neurometrics showed a significant decline, in line
with a reduction of uncertainty and emotional activ-
ation during task execution. Approach/motivational
indices exhibited a gradual increase, suggesting a
positive shift in motivational orientation and task
engagement.

Importantly, no systematic neurometric modu-
lation was observed in the Rolling shutter segment,
which was designed as a low-demand transitional
phase. This supports the functional specificity of the
neurometrics, as they primarily tracked the cognit-
ively demanding segments of the workflow.

3.1.4. CTI loading robustness

PC1 consistently exceeded the dominance criterion
across participants and trials (median explained
variance = 0.62, IQR 0.57-0.68; range 0.52-0.78),
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therefore CTI coincided with PC1 throughout. A sta-
bility analysis indicated that the PC1 loading pro-
file underlying CTI was robust to resampling and
participant subsets. Bootstrap resampling showed
high sign-consistency across iterations for all neur-
ometrics (94.2%-98.5% sign agreement) and narrow
95% confidence intervals (supplementary table S1).
LOSO analyses further demonstrated high similar-
ity between subset-derived and full-sample loading
vectors (median cosine similarity = 0.94, IQR 0.92—
0.96; min—max 0.90-0.98), indicating that CTT is not
driven by a specific subset of participants. Numerical
loadings and stability metrics are reported in the
Supplementary Materials (table S1).

3.1.5. CTI dynamics and surrogate validation in the
physical group

The CTI, derived via PCA from the six neuromet-
rics, was then analyzed as an integrated descriptor
of training-related neurocognitive adaptation in the
Physical group. CTI values increased significantly
across trials (F = 19.04, p < .001, 7)*, = 0.42). Post-
hoc tests revealed robust increases from Trial 1 to Trial
2 (p < .01)and from Trial 2 to Trial 3 (p = .011), indic-
ating that the CTI captured a progressive reconfigura-
tion of the underlying cognitive state during training.

Segment-wise analyses showed that CTI changes
were specific to cognitively demanding phases. In
the Entrance segment, CTI exhibited a strong train-
ing effect (F = 14.05, p < .001), and in the
Pipe Replacement segment CTI increased even more
markedly across trials (F = 15.24, p < .001). In con-
trast, no significant modulation was observed in the
Rolling shutter segment (F = 0.91, p = .40), where
participants were primarily walking and opening the
shutter with minimal cognitive load (figure 4).

To test whether these CTI dynamics reflected
genuine coordinated modulation among neuromet-
rics rather than spurious statistical dependencies,
we performed a surrogate-data analysis. Surrogate
CTI distributions were centered around zero (mean
z = 0.03, SD = 0.11), consistent with the absence
of structured cross-neurometric coordination under
the null model. In the physical group, real CTI val-
ues were significantly higher than surrogate values
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Figure 4. Cognitive training index (CTI) values across trials for each operational segment (i.e. Entrance, Rolling shutter, Pipe
replacement) computed for participants included in physical training group, showing a significant increase with training in the
cognitively demanding segments (Entrance and Pipe replacement) and no significant modulation in the low demand Rolling

shutter segment.

in the Entrance segment (mean z = 2.14, t = 6.22,
p < .001) and in the Pipe replacement segment (mean
z=2.41,t=7.03, p < .001), with large effect sizes
(Entrance: d = 1.13; Pipe replacement: d = 1.28). By
contrast, CTI z-scores during Rolling shutter (mean
z = 0.21, t = 1.22, p = .23) and during eyes-open
baseline (mean z = 0.08, p = .41) did not differ from
Z€r0.

Together, these findings confirm that the CTI
selectively increases when participants are engaged
in cognitively structured, safety-critical operations
and remains indistinguishable from the null model
in low-demand or baseline conditions. This sup-
ports the specificity and robustness of the CTI as a
marker of training-related neurocognitive integration
in physical training.

3.1.6. CTI-behavior and CTI-subjective associations
in the physical group

To further assess the functional relevance of the
CTIL, we examined its relationship with behavi-
oral and subjective measures in the physical group
using repeated-measures correlation. The correlation
between CTI and execution time did not reach stat-
istical significance (r = 0.15, p = .19), suggesting
that the CTI is not primarily driven by how fast
participants complete the procedure. Execution time
is influenced by motor fluency, biomechanical con-
straints, and strategic choices [76—81], which may be
only indirectly related to the multivariate neuromet-
ric profile captured by the CTI.

By contrast, CTI showed a significant negative
correlation with the number of procedural errors
(r = — 0.46, p < .001). Participants with higher CTI
values tended to commit fewer errors, indicating that
stronger neurocognitive integration is associated with
more accurate and reliable execution of the main-
tenance procedure. A similar pattern was observed
for subjective workload: CTI was negatively correl-
ated with NASA-TLX scores (r = —0.41, p = .001),
meaning that participants showing higher CT1 values
(i.e. higher values of the composite index) reported
lower perceived mental demand (figure 5).
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These associations support the interpretation of
the CTI as a meaningful and functionally relev-
ant marker of training-related cognitive adaptation,
closely linked to procedural accuracy and perceived
cognitive effort in the context of physical training.

3.2. CTI methodological validation (physical
group)

3.2.1. Behavioral and subjective comparison between
physical and VR training

Having validated the CTI in the physical group,
we next assessed whether VR-based training leads
to comparable skill acquisition when trainees sub-
sequently perform the task in the real physical envir-
onment. To this end, behavioral and subjective meas-
ures were compared between the physical and VR
groups.

A mixed-design ANOVA with Trial (1, 2, 3) as a
within-subject factor and Group (physical vs VR) as
a between-subject factor revealed a significant main
effect of Trial on execution time (F = 14.82, p < .001,
7%, = 0.35), confirming that both groups improved
their performance across trials. The Group x Trial
interaction was not significant (F = 1.42, p = .25),
indicating that the overall rate of behavioral improve-
ment did not differ substantially between training
modalities.

For procedural errors, both groups showed a sig-
nificant reduction over trials (F = 10.31, p < .001,
n*p = 0.27). The physical group tended to reduce
errors earlier, primarily between Trials 1 and 2,
whereas the VR group showed a marked improve-
ment between Trials 2 and 3. This pattern is con-
sistent with the idea that VR training prepares par-
ticipants cognitively, with the largest behavioral gains
emerging when skills are transferred to the physical
environment.

NASA-TLX scores decreased significantly across
trials in both groups (F = 11.94, p <.001, 7>, = 0.30).
Crucially, no significant group difference was found
in the final physical trial (F = 0.54, p = .47), suggest-
ing that VR-trained participants perceived the cognit-
ive demands of the real execution as comparable to



J. Neural Eng. 23 (2026) 026032

V Ronca et al

Errors vs. CTI (Physical group): r =-0.405 p = 0.018

1.5‘
A T M e S
e .. | °
c \
()] L. H ]
£ -
E ¢— 3 —=—=-==
© !"—‘—“—\_‘_\_o " G
. Dl
)]
= ‘%Q
= -O.Slf\_\—-—\_‘_\_ ®
c [
{)]
o) ¢
O at
°
® Physical

-1.5 s s =
Errors number

6

by repeated measure correlation.
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those of participants trained exclusively in the phys-
ical environment. This convergence supports the eco-
logical validity and training effectiveness of the VR
scenario.

3.2.2. CTI comparison between physical and VR
training and segment-wise effects

We then compared CTI dynamics between the phys-
ical and VR groups to determine whether VR-based
training yields neurocognitive adaptation compar-
able to physical training. A mixed-design ANOVA on
CTT values with Trial as a within-subject factor and
Group as a between-subject factor showed a robust
main effect of Trial (F = 18.21, p < .001, n*, = 0.39),
indicating progressive cognitive adaptation in both
modalities. The Group x Trial interaction was not
significant (F = 1.11, p = .34), suggesting that the

trajectory of CTI increase over trials was similar for
physical and VR groups (figure 6).

Segment-wise analyses revealed that in both
groups CTT was markedly higher in the Entrance and
Pipe replacement segments and remained near zero
in the Rolling shutter segment. In other words, VR
training led to CTI profiles that were qualitatively and
quantitatively similar to those observed with physical
training: cognitive integration increased across trials
in the critical procedural segments, while the low-
demand transitional segment showed no meaningful
CTI modulation.

In the final physical trial, when all participants
executed the task in the real environment, CTI
values did not differ significantly between groups,
further confirming that VR-based training brought
participants to a multivariate neurometric profile
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with errors and workload but not with execution time, supporting its role as a marker of cognitive efficiency rather than motor or

biomechanical performance.

comparable to that attained through physical
training.

Itisimportant to note that the lower CTI observed
in VR at Trial 1 may reflect an initial familiarization
cost related to interface novelty and sensorimotor
remapping. The subsequent increase in Trials 2-3
is consistent with progressive adaptation and may
also reflect increased engagement once interaction
becomes more fluent.

3.2.3. CTI-behavior and CTI-subjective associations
across training modalities

To examine whether the functional meaning of the
CTI was consistent across training modalities, we
assessed its relationship with behavioral and subject-
ive measures by pooling data from both the phys-
ical and VR groups and applying repeated-measures
correlation. This approach accounts for the non-
independence of repeated observations within indi-
viduals and is well suited for capturing within-subject
associations across trials in training paradigms.

The correlation between CTI and execution time
did not reach statistical significance (r = 0.18,
p=0.12), indicating that the degree of neurocognitive
integration indexed by the CTI does not directly pre-
dict how fast participants complete the maintenance
procedure. This is consistent with the idea that execu-
tion time is influenced by multiple factors, including
motor fluency, biomechanical constraints, and stra-
tegic choices, which may only partially overlap with
the cognitive configuration captured by the CTL

In contrast, the CTI showed a robust and func-
tionally meaningful association with measures that
are more directly related to training quality. Across
both groups, higher CTI values were significantly
associated with fewer procedural errors (r = — 0.46,
p < .001), indicating that participants exhibit-
ing stronger neurocognitive integration tended to
execute the operational sequence more accurately
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and reliably. This negative relationship suggests that
higher CTI values are associated with better proced-
ural competence, a dimension that is central to safe
performance in high-risk environments.

A similar pattern emerged for subjective work-
load. CTT values correlated negatively with NASA-
TLX scores (r = — 0.41, p = 0.001), meaning that par-
ticipants with higher CTI values reported lower per-
ceived mental demand during the task (figure 7). This
alignment between higher CTI values and reduced
subjective workload supports the interpretation of the
CTI as an index of cognitive efficiency rather than
mere neural activation.

Taken together, these correlations demonstrate
that the CTI maintains the same functional role across
both training modalities: while it does not track task
duration, it is strongly related to procedural accur-
acy and subjective cognitive effort. This convergence
reinforces the interpretation of the CTT as a modality-
independent marker of training-related cognitive
adaptation, suitable for comparing the effectiveness
of physical and VR-based training within a common
neurophysiological framework.

4. Discussion

The present study introduced and tested a multivari-
ate neurophysiological-based algorithm for evaluat-
ing operational training in a realistic confined-space
maintenance scenario. Building on psychological and
neuroergonomic models of training as a multidimen-
sional process [10, 41-43], we proposed the CTI, a
PCA-derived synthetic measure integrating six EEG
neurometrics that reflect workload, effort, vigilance,
attention, stress and approach-related motivation
[11, 12, 22]. The work was explicitly structured
around two objectives. First, we aimed to develop
and validate the CTI, a psychologically grounded
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indicator of training using data coming from the
experimental group who underwent training entirely
in the physical environment. Second, we assessed
whether VR-based preparatory training was asso-
ciated with neurocognitive adaptations and skills
acquisition comparable to those observed with phys-
ical training, by comparing behavioral, subjective and
CTI dynamics between VR and physical groups dur-
ing subsequent real execution.

Overall, the findings suggest that the CTI provides
a more comprehensive and compact description of
training-related cognitive adaptation than individual
neurometrics considered separately, and that VR-
based training was associated with skill-acquisition
patterns similar to those observed after traditional
physical training [34, 35].

4.1. Behavioral, subjective and neurophysiological
evidence of training

The first step in addressing our objectives was to
verify that the experimental paradigm elicited a
genuine training effect, particularly in the physical
group that served as the methodological bench-
mark. Behavioral results confirmed clear learning:
execution time decreased significantly across trials,
and procedural errors were progressively reduced as
participants became familiar with the safety pro-
cedures and the pipe replacement sequence. These
changes indicate that trainees acquired both proced-
ural knowledge and motor fluency over the three
repetitions of the task, in line with prior work on
training in industrial and safety-critical domains [1,
2, 36, 82].

Subjective workload, measured by NASA-TLX,
also decreased across trials in both groups, suggest-
ing that the perceived mental burden of the confined-
space procedure diminished as training progressed
[3]. Importantly, no differences in NASA-TLX scores
were observed between physical and VR groups in
the final physical trial, indicating that VR-trained
participants experienced the cognitive demands of
the real task at a level comparable to those trained
exclusively in the physical environment. This conver-
gence supports the ecological validity of the VR scen-
ario and suggests that immersive simulation prepared
the recruited participants for the cognitive aspects of
physical execution [38, 39].

Univariate EEG neurometrics provided conver-
ging evidence of cognitive adaptation. In the Entrance
and Pipe replacement segments, mental workload
and mental effort decreased over trials, reflecting
reduced cognitive strain and less reliance on con-
trolled processing as the task became more familiar
[11, 24]. In parallel, vigilance and attentional engage-
ment increased, indicating more stable and sus-
tained allocation of cognitive resources to the crit-
ical phases of the workflow [12, 14]. Stress-related
activity showed a significant reduction, consistent
with decreasing uncertainty and emotional activation
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[15], while approach/motivational indices increased,
in line with growing confidence and engagement
as trainees moved from novice to more proficient
performance [65].

Crucially, these neurometric modulations were
largely absent in the Rolling Shutter segment, which
was intentionally designed as a low-demand trans-
itional phase. This functional specificity indicates that
the neurometrics were sensitive to the cognitive struc-
ture of the task rather than to non-specific factors
such as movement or time-on-task, consistent with
previous findings in applied neuroergonomics [11,
18, 24]. Together, behavioral, subjective and uni-
variate neurophysiological results confirm that the
paradigm elicited a coherent pattern of training-
related adaptation and provide a solid empirical basis
for interpreting the CTI. It is important to underline
that the presented approach is primarily methodo-
logical and operational. The CTI does not claim to
reveal a new latent entity; instead, it offers a validated
and temporally specific composite marker that sum-
marizes shared neurophysiological variance across
established neurometrics in a way that is usable for
longitudinal tracking, segment-level interpretation,
and cross-modality comparison.

4.2. The CTI as an integrated and specific marker
of training

The central methodological contribution of this work
lies in the definition and validation of the CTI as
a composite index that integrates multiple estab-
lished EEG neurometrics into a single multivari-
ate descriptor. Thus, the novelty of the study does
not lie in introducing new standalone neuromet-
rics, but in combining validated neurometric dimen-
sions through PCA to obtain a compact summary of
their shared training-related modulation. In the phys-
ical group, CTI values increased consistently across
trials, with robust effects in the Entrance and Pipe
Replacement segments and no modulation in the low-
demand Rolling shutter segment. This pattern indic-
ates that the CTI is sensitive to training in precisely
those phases where cognitive demands and proced-
ural structure are highest.

Surrogate-data analysis provided a stringent test
of the CTTs specificity. When temporal coordin-
ation among neurometrics was disrupted through
phase randomization, CTI values collapsed toward
zero and were statistically indistinguishable from the
null model in all segments. In contrast, CTT computed
from the real data showed large and significant devi-
ations from the surrogate distribution in the cognit-
ively demanding segments, but not during eyes-open
baseline or the transitional Rolling Shutter phase. This
result supports the interpretation that the CTI reflects
genuine time-varying coordination across neuromet-
rics, rather than being primarily driven by artifactual
correlations arising from shared spectral content or
slow drifts [44].
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The functional relevance of the CTI was further
supported by its associations with behavioral and
subjective indices. In both physical-only analyses and
pooled analyses across groups, higher CTI values were
linked to fewer procedural errors and lower NASA-
TLX scores, while no significant relationship was
observed with execution time. This pattern suggests
that the CTI is more closely tied to the quality and
efficiency of cognitive processing than to mere speed
of performance, which can be influenced by biomech-
anical constraints, individual motor habits and stra-
tegic trade-offs [80, 81]. In line with recent proposals
on multivariate neural markers of cognition [44, 83],
the CTI summarizes the degree of shared modulation
among the selected neurometrics (attention, work-
load regulation, vigilance, emotional control, motiva-
tion) during task execution, rather than tracking how
quickly participants complete the task.

Taken together, these findings demonstrate that
the CTI fulfills the key requirements of a useful neuro-
physiological training index: it is sensitive to train-
ing progression, specific to cognitively structured task
phases, grounded in a clear psychological rationale,
and meaningfully related to both performance accur-
acy and perceived cognitive effort.

4.3. Impact of VR-based training and
VR-to-reality transfer

Having validated the CTI in the Physical group, we
then addressed the second objective: assessing the
effectiveness of VR-based training relative to phys-
ical training. Behavioral and subjective results showed
that both groups improved over trials, with reduc-
tions in execution time and errors and decreased
subjective workload, in agreement with prior VR
training studies in industrial, healthcare and emer-
gency domains [37, 84—86]. While the Physical group
exhibited earlier improvements between the first and
second trial, VR participants showed a clear gain
when transitioning from VR-based practice to real-
world execution between the second and third trial.
By the final physical trial, performance and perceived
workload were comparable between groups, indicat-
ing successful transfer of skills from VR to the real
confined-space environment [86—88].

From a neurophysiological perspective, CTI
dynamics were highly similar across training modalit-
ies. Both groups showed increasing CTI values across
trials, with trajectories that did not differ significantly
between Physical and VR training. Additionally, the
segment-wise profile of CTI was preserved: higher
values in Entrance and Pipe replacement, near-zero
values in Rolling shutter. In the final physical trial,
CTI levels did not differ between groups, suggest-
ing that VR-based training brought participants to a
multivariate neurometric profile comparable to that
obtained through purely physical training. Observing
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the CTI dynamics along experimental trials and train-
ing modalities, it can be hypothesized that VR expos-
ure may have introduced early cognitive overhead
due to novelty and interaction learning, even when
procedural learning occurred. As users became famil-
iar with VR interaction rules, cognitive coordina-
tion may have stabilized and engagement may have
increased, potentially contributing to higher CTI val-
ues in later trials. Importantly, convergence during
the real-environment execution supports the inter-
pretation that VR training can yield a multivariate
neurometric profile comparable to physical training
when transfer is required.

The fact that CTI-behavior and CTI-workload
relationships were maintained across both groups
further supports the interpretation that the CTI cap-
tures a common pattern of training-related neur-
ometric modulation across modalities. This implies
that VR does not merely mimic the external sequence
of actions but can also shape the multivariate neur-
ometric profile associated with proficient perform-
ance in real high-risk operational contexts [38, 89].

These findings add neurophysiological evidence
to the literature on VR-based training, which has
largely focused on behavioral transfer [37, 90]. They
suggest that well-designed VR training can prepare
the brain for real-world execution in a way that is
quantitatively and qualitatively similar to traditional
physical training, at least for the type of confined-
space maintenance procedure investigated here.

4.4. Novelty and contribution to the training
evaluation state-of-the-art

Beyond specific empirical results, this study contrib-
utes to the broader field of training evaluation in sev-
eral ways. First, it introduces a unified EEG-based
CTI that is explicitly grounded in psychological the-
ory and in established neuromarkers of operational
performance [10, 11, 41, 43]. Rather than monit-
oring individual neurometrics in isolation, the CTI
acknowledges that training emerges from the integ-
rated modulation of multiple cognitive and affective
components. By capturing this integration directly,
the CTI provides a more holistic and conceptually
coherent measure of training than classical univariate
indices.

Second, the CTI is operationally meaningful. It is
computed from neurometrics that have already been
validated in applied neuroergonomics [11, 24,91, 92],
and it produces a single, interpretable value that can
be tracked across time, task segments and training
sessions. This makes it a promising candidate for real-
time or near-real-time applications, such as adapt-
ive training systems that tailor difficulty or feedback
based on the trainee’s cognitive state.
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Third, the study demonstrates that the same CTI
can be used to evaluate training across different mod-
alities, providing a common neurophysiological ‘cur-
rency’ for comparing physical and VR-based learning.
This is particularly relevant as organizations increas-
ingly adopt VR for cost-efficient and safe training in
environments where physical practice is constrained
by safety, logistics or cost [93-95].

Finally, the methodological use of surrogate data
to validate the CT1I sets a precedent for future mul-
tivariate EEG indices. By explicitly testing whether
a composite neural measure reflects coordinated
dynamics rather than artifacts of data structure, this
approach enhances the credibility and robustness of
multivariate neurophysiological markers in ecologic-
ally valid tasks [44, 83, 96].

4.5. Limitations and future directions

Despite the promising results, the present work
has several limitations that must be acknowledged
and that point toward important avenues for future
research. Before outlining specific limitations, we
emphasize three overarching points relevant to inter-
pretation. First, CTI is a descriptive composite score
obtained via PCA of six established neurometrics;
it summarizes shared variance across the selected
measures and should not be interpreted as a direct
readout of a unitary latent cognitive factor. Second,
because the study design is observational, the repor-
ted effects should be interpreted as correlational asso-
ciations over repeated task exposure rather than as
evidence of causal effects. Third, while within-dataset
robustness was supported by resampling/LOSO ana-
lyses, broader generalizability across tasks, popula-
tions, and longer training timescales remains to be
established in independent prospective datasets.

A first limitation concerns task and context spe-
cificity. The experimental paradigm focused on
a single confined-space maintenance procedure,
designed and validated with INAIL to reflect real
industrial practice. Although this enhances ecolo-
gical validity, it remains to be seen whether the CTI
generalizes to other operational domains, such as avi-
ation, emergency medicine or complex control-room
operations, which may impose different cognitive
and emotional demands [20, 97, 98]. Future stud-
ies should test the CTI across a broader spectrum
of tasks to verify its domain generality and to refine
neurometric selection where necessary.

A second limitation relates to the temporal scope
of training. The study examined performance and
neurophysiological adaptation over three trials within
a single session, capturing short-term learning but
not long-term retention, consolidation or transfer
across tasks. Longitudinal designs will be needed
to determine whether CTI values is associated with
stable skill acquisition, resilience to fatigue or stress,
and readiness to operate in real industrial conditions
over extended periods.
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A third limitation concerns feature interdepend-
ence. The CTI integrates six neurometrics, several of
which are ratio-based and therefore not independent
by construction. As a consequence, part of the cov-
ariance captured by PCA may reflect shared theta/al-
pha/beta fluctuations and algebraic constraints, not
only training-related coordination in a strict mech-
anistic sense. For this reason, PCA is used here as an
integrative and descriptive dimensionality-reduction
tool that summarizes shared neurophysiological vari-
ance associated with training-related adaptation,
rather than as evidence of a single independent lat-
ent psychological construct. In this context, it has to
be acknowledged that because the design was obser-
vational, the present data do not allow causal infer-
ence regarding whether CTI changes drive behavi-
oral improvement; both may instead reflect repeated
exposure and procedural learning. Generalizability
remains to be established. The CT1I is derived from
a specific neurometric set, wearable montage, and
confined-space maintenance workflow. Although the
loadings were consistent in the present dataset, this
does not ensure that an analogous component would
emerge in other operational domains, with different
task structures or longer training timescales. While
the present bootstrap and LOSO analyses support
robustness of the CTTloading profile within this data-
set, broader portability across tasks, domains, and
longer training timescales remains to be established
using independent prospective datasets. Future work
should therefore assess out-of-sample reproducibil-
ity using independent datasets, alternative neuromet-
ric selections (including non-ratio formulations),
and fixed-loading implementations suitable for pro-
spective or real-time deployment. Additionally, this
approach may be completed by testing alternative
feature sets (e.g. using band-limited GFP measures
without ratios, or using log-ratio formulations) and
by quantifying the robustness of CTI loadings across
such definitions.

Additionally, a fourth limitation of the present
wearable montage is the lack of direct sensorimo-
tor cortex coverage. Although the proposed CTI is
designed to track cognitive training quality, future
studies should test whether adding central electrodes
and/or complementary modalities (e.g. kinematics/
IMUs or EMG) improves the separation between cog-
nitive adaptation and motor execution constraints in
procedural maintenance tasks. CTI may behave dif-
ferently when training effects are primarily sensor-
imotor, when task phases lack clear cognitive struc-
ture, or when neurometrics are dominated by motion
artifacts or nonstationary noise.

A fifth, and particularly relevant, limitation con-
cerns the multisensory and physical aspects of VR
training. Although the VR environment was care-
fully designed to mirror the physical scenario in
terms of visual layout, procedural steps and inter-
active logic, it did not reproduce the full richness
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of sensorimotor experience present in the real task.
In particular, haptic feedback, proprioceptive cues
and fine-grained biomechanical constraints were only
partially approximated in VR [37, 38]. As a con-
sequence, our findings speak primarily to the cognit-
ive alignment between VR and physical training, but
they do not fully address how discrepancies in multi-
sensory integration or motor embodiment might
affect long-term skill acquisition and transfer.

Future work should therefore extend the present
framework by explicitly integrating multisensory and
physical dimensions of training. This could include
the use of haptic devices, mixed or extended reality
platforms, motion capture and biomechanical mod-
eling to quantify how VR training engages the motor
system and body-based perception relative to phys-
ical practice. Combining CTI with kinematic, force or
balance measures would allow a more comprehensive
assessment of how cognitive and physical compon-
ents of skill learning interact across modalities [99].

Regarding additional future directions, although
CTI was validated offline in this work, the compu-
tational pipeline is compatible with near-real-time
deployment because neurometrics are extracted in
short sliding windows and combined through a lin-
ear PCA mapping. Real-time implementation would
require an online artifact-handling strategy suitable
for wearable recordings, a short calibration phase to
stabilize subject-specific scaling, and a fixed set of
PCA loadings (e.g. estimated from an initial trial or
from a representative dataset) to avoid re-fitting PCA
continuously. Future work will address these aspects
and quantify the trade-off between temporal resolu-
tion and robustness for closed-loop adaptive training
applications.

Finally, the sample size, while typical for intensive
neurophysiological studies in realistic environments,
remains modest. Replication with larger and more
diverse cohorts, including professional operators and
trainees with different levels of baseline expertise, will
be important to strengthen the generalizability of the
CTI and to explore individual differences in training
trajectories.

Taken together, these limitations do not diminish
the value of the present findings but rather highlight
that the proposed approach should be viewed as a
first methodological step toward a more comprehens-
ive, multisensory and physically grounded framework
for evaluating training in both physical and virtual
environments. In other words, the key contribution
of this work is methodological: the integration of
multiple established EEG neurometrics into a single
PCA-derived composite index for objective training
assessment.
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5. Conclusions

This study introduced and validated the CTI, a mul-
tivariate EEG-based composite index that integrates
six established neurometrics related to workload,
effort, vigilance, attention, stress, and motivational
tendencies into a single operationally interpretable
summary of training-related cognitive adaptation.
In a realistic confined-space maintenance task, the
CTI proved more sensitive and specific than indi-
vidual neurometrics, increased selectively in cognit-
ively demanding operational segments, and showed
robust associations with procedural accuracy and
perceived workload. Surrogate-data analysis con-
firmed that CTI dynamics reflect genuine coordin-
ated modulation among neurometrics rather than
artifactual correlations.

By applying the CTI to both physically trained
and VR-trained participants performing the same
real-world task, the results indicated that VR-based
training was associated with neurocognitive adapta-
tion patterns closely resembling those observed after
traditional physical training. Importantly, the PCA
loading profile was stable across participants and
not dominated by a single neurometric, support-
ing CTI as a genuinely multivariate summary of
shared training-related modulation. Behavioral, sub-
jective, and CTI measures converged to support
the interpretation of effective VR-to-reality trans-
fer, suggesting that high-fidelity VR may represent
a viable training modality in contexts where phys-
ical practice is constrained by safety, logistics, or
cost.

Overall, the present work lays methodological
foundations for neurophysiological evaluation of
training, demonstrating how a psychologically motiv-
ated multivariate EEG index can provide an object-
ive, operator-centered view of skill acquisition across
different training environments. At the same time,
the study highlights that important aspects remain to
be explored, particularly concerning the multisens-
ory and physical dimensions of VR training. Future
research combining CTI with haptic, proprioceptive
and biomechanical assessments will be essential to
build a fully integrated framework that captures not
only the cognitive but also the embodied components
of operational learning.

In this perspective, the CTI can be seen
as a core building block for next-generation
neuroergonomics-based training systems, enabling
adaptive, personalized and modality-independent
evaluation of how trainees progress toward safe, effi-
cient and resilient performance in complex opera-
tional settings.
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