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ABSTRACT

This paper presents an experimental system for comparing
physiological responses during cognitively demanding and
relaxing phases in immersive virtual reality. The system com-
bines a Unity application running on a Meta Quest 2 headset
with physiological measurements collected using a Samsung
Galaxy Watch 5. Three alternating TASK-RELAX cycles
are automatically timestamped and synchronised offline with
BPM, RR, RMSSD, and SDNN measurements. A pilot study
with ten participants showed higher BPM and lower RR and
SDNN during TASK phases, with the same direction observed
for all participants. RMSSD showed a smaller and less consis-
tent difference. Paired statistical analysis identified significant
TASK-RELAX differences for BPM, RR, and SDNN, but
not for RMSSD. The results demonstrate the feasibility of the
proposed workflow while emphasising the influence of move-
ment, individual variability, and the limitations of a small
pilot study using wrist-worn sensing.
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INTRODUCTION

Immersive virtual reality (VR) is increasingly used in educa-
tion, professional training, simulation, healthcare, and interac-
tive applications because it enables users to perform complex
activities inside controlled three-dimensional environments.
Compared with conventional screen-based systems, immer-
sive VR offers a stronger sense of presence and allows users
to interact directly with virtual objects, spatial environments,
and simulated scenarios [9]. These characteristics make VR
particularly suitable for applications that require engagement,
repeated practice, spatial orientation, and decision making.
However, immersive interaction may also place considerable
cognitive demands on the user. A person using a VR applica-
tion must process the content of the task while simultaneously
interpreting visual and auditory stimuli, navigating through
the environment, controlling virtual actions, and responding
to events. The resulting cognitive state may vary according
to task difficulty, exposure duration, interaction complexity,
previous VR experience, and individual characteristics.
Cognitive load generally refers to the amount of mental ef-
fort required to perform a task [10]. It can be investigated
through subjective questionnaires, behavioural performance,
and physiological signals [6]. Questionnaires provide infor-
mation about the user’s perceived effort, while behavioural
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measurements can include response time, errors, or task com-
pletion. Physiological signals offer a complementary perspec-
tive because they can be collected continuously throughout
the interaction and compared across different moments of the
VR experience.

Heart rate and heart rate variability (HRV) are frequently
considered in studies involving cognitive demand, stress, at-
tention, and relaxation. Heart rate is commonly expressed
as beats per minute (BPM), while HRV can be described
through indicators such as the interval between successive
heartbeats (RR), the root mean square of successive differ-
ences (RMSSD), and the standard deviation of normal-to-
normal intervals (SDNN) [7, 11]. Changes in these indicators
may provide indirect information about the user’s physiologi-
cal response under different experimental conditions.

The development of commercial wearable devices has made
this type of monitoring more accessible. Smartwatches can
collect physiological measurements while allowing users to
interact naturally with a VR environment, without requiring
complex laboratory equipment. Although wrist-based mea-
surements may be influenced by movement and sensor place-
ment, they remain useful for exploratory systems that com-
pare relative variations between clearly defined phases of an
experiment [8].

Previous studies have investigated cognitive load in immer-
sive VR using physiological measurements, eye tracking, be-
havioural data, and machine-learning models. Wei et al. used
physiological and behavioural markers to estimate cognitive
load in virtual reality [12]. Nasri proposed a physiologically
adaptive VR framework in which task difficulty could be ad-
justed according to the estimated state of the user [5]. Han
et al. reviewed the relationship between highly immersive
VR environments and cognitive load, highlighting the impor-
tance of combining multiple evaluation methods [1]. These
studies demonstrate the potential of using physiological infor-
mation to better understand how users respond to immersive
experiences.

Building on this direction, the present work investigates dif-
ferences between two contrasting conditions created within
the same VR experiment: a cognitively demanding TASK
condition and a RELAX condition. Rather than implementing
an automatic cognitive-state classifier, physiological indica-
tors are used as an indirect means of observing how the user’s
response changes between the two experimental conditions.
The proposed system combines a VR application developed
in Unity and executed on a Meta Quest 2 headset with phys-
iological measurements recorded using a Samsung Galaxy
Watch 5 and the Nami — Biofeedback & HRV smartwatch
application. The VR scenario consists of three alternating
TASK-RELAX cycles. During the TASK phases, participants
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navigate through a virtual maze, interact with the environment,
and answer questions with different difficulty levels. During
the RELAX phases, the interactive scenario is replaced with
a calm audiovisual environment designed to reduce cognitive
and interaction demands.

To support the comparison between the two conditions, the
VR application automatically records the beginning and end
of every TASK and RELAX phase. These temporal markers
are stored in a timeline file and are subsequently synchronised
with the physiological data exported from the smartwatch ap-
plication. The synchronised dataset is then segmented accord-
ing to the experimental phases, allowing BPM, RR, RMSSD,
and SDNN values to be compared between TASK and RE-
LAX.

The central research question addressed by this work is:

Can physiological indicators collected using
a commercial smartwatch reveal observable
and consistent differences between TASK and
RELAX conditions during an immersive VR
experience?

The main contributions of this work are the design and im-
plementation of a complete VR experimental scenario with
alternating TASK and RELAX phases, the integration of
smartwatch-based physiological monitoring, a timestamp-
based method for synchronising VR events with the recorded
measurements, and an analysis of BPM and HRV indicators
collected from ten participants.

The results indicate distinct tendencies between the two ex-
perimental conditions, including a higher average heart rate
and lower average RR, RMSSD, and SDNN values during
TASK phases. Statistical analysis further shows significant
TASK-RELAX differences for BPM, RR, and SDNN, while
the smaller RMSSD difference does not reach statistical sig-
nificance.

In the longer term, this type of system could contribute to
the development of adaptive VR applications. Physiological
information could be used together with behavioural and
interaction data to help an application adjust task difficulty,
reduce the intensity of the experience, introduce relaxation
periods, provide supportive feedback, or modify the duration
of an activity according to the estimated state of the user.

RELATED WORK
Cognitive Load in Immersive Virtual Reality

Immersive virtual reality has been investigated not only as a
means of increasing presence and engagement, but also as a
context in which the user may experience substantial cogni-
tive demands. The user must often process task-related infor-
mation while simultaneously navigating a three-dimensional
environment, interpreting audiovisual stimuli, and operating
unfamiliar interaction mechanisms. Consequently, the level
of immersion alone does not determine the effectiveness of a
VR experience; task complexity, interface design, exposure
duration, and the user’s previous experience also influence
the resulting cognitive load.

Han et al. reviewed 46 studies published between 2010 and
2021 that investigated cognitive load in highly immersive VR
environments [1]. Their review showed considerable method-
ological diversity. Cognitive load was assessed using sub-
jective questionnaires, behavioural measures, physiological
signals, or combinations of these methods. The authors noted
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that immersive VR may improve presence and engagement,
but that additional sensory and interaction demands can also
increase mental effort, particularly when users are unfamiliar
with VR technology.

The Cognitive Affective Model of Immersive Learning pro-
posed by Makransky and Petersen describes how immersion,
presence, motivation, emotion, and cognitive processing inter-
act in VR-based learning experiences [2]. According to this
perspective, immersion may support learning by increasing
engagement and presence, but it may also introduce addi-
tional processing demands that are not directly related to the
learning task.

These findings support the need for methods that can observe
the user throughout an immersive experience rather than re-
lying only on a questionnaire completed after the session.
Continuous measurements can help identify how the user’s re-
sponse changes between individual phases of an application.

Physiological Indicators for Cognitive-State Analysis

Physiological signals have increasingly been used to com-
plement subjective and behavioural evaluations of cognitive
load. Heart rate, HRV, electrodermal activity, pupil diameter,
eye movements, and brain activity can provide different per-
spectives on the user’s response during an interactive task.
Because these signals can be recorded continuously, changes
can be associated with specific events or intervals within a
VR session.

Wei et al. investigated cognitive-load inference using phys-
iological and behavioural markers collected from 738 par-
ticipants performing VR tasks of different complexity lev-
els [12]. Their dataset included pupillometry, eye tracking,
photoplethysmography, task performance, and self-reported
mental effort. A dual-branch attention network combined sub-
jective and objective information to estimate a continuous
cognitive-load score. The reported mean absolute error of
0.11 demonstrated the potential of combining several data
sources for automatic cognitive-load inference.

The scale and multimodal design of that study provide strong
evidence that physiological information can contribute to
understanding cognitive demand in VR. However, such an
approach requires a large dataset, several sensing modali-
ties, and a machine-learning pipeline. The work presented
here examines a smaller and more accessible setup. Instead
of predicting a continuous cognitive-load score, it compares
physiological indicators between two clearly defined experi-
mental conditions.

Heart-rate variability is particularly relevant because it de-
scribes the variation between consecutive cardiac cycles. RR
intervals, RMSSD, and SDNN capture different properties
of this variability [7, 11]. In combination with BPM, these
measures can be used to compare the physiological response
observed during demanding and less demanding phases. Their
interpretation must nevertheless consider individual variabil-
ity, movement, breathing, signal quality, and the duration of
the analysed intervals.

Physiologically Adaptive Virtual Reality

A major motivation for monitoring the user during VR in-
teraction is the possibility of creating adaptive applications.
Instead of presenting every user with the same fixed sequence,
an adaptive system could modify the experience according to
physiological, behavioural, or interaction-related information.
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Nasri proposed a framework for intelligent VR training that
uses HRV and eye-tracking measurements to identify cog-
nitive load and stress [5]. The proposed approach first uses
controlled tasks, including a Stroop task, to collect signals
associated with different levels of demand. The resulting mod-
els can then support adaptations within a VR environment.
When high cognitive demand is detected, the application may
reduce task complexity, slow the interaction, or provide sup-
portive audiovisual feedback. When estimated demand is low,
the system may gradually increase the challenge.

This direction is relevant to educational and professional train-
ing applications because a fixed level of difficulty may not be
appropriate for all users. However, before real-time adapta-
tion can be implemented, it is necessary to establish whether
the available sensors can reveal differences between relevant
experimental conditions.

The present study addresses this earlier stage. Physiological
data are analysed offline after being synchronised with the
TASK and RELAX intervals generated by the VR application.

Wearable Monitoring and VR Relaxation

Commercial smartwatches provide a practical alternative to
complex laboratory sensing systems. They are relatively af-
fordable, familiar to users, and can record physiological data
without significantly restricting interaction. Morales et al. re-
viewed the use of smartwatches and physiological biomarkers
for occupational stress monitoring [3]. Their review identi-
fied HRV as one of the frequently investigated indicators and
highlighted the potential of wearable devices for continuous
monitoring.

The use of wrist-worn sensors also introduces limitations.
Optical measurements can be affected by hand and arm move-
ment, device placement, skin contact, and differences between
users. These factors are particularly important in VR because
interaction with controllers may generate motion artefacts.
VR has also been investigated as a method for supporting
relaxation. Naef et al. compared audiovisual, auditory-only,
visual-only, and control conditions during a VR relaxation
intervention [4]. Their results showed measurable changes in
physiological variables such as heart rate, respiration rate, and
blood pressure. The study supports the use of a calmer audio-
visual VR condition as a contrast to cognitively demanding
tasks.

The current experiment combines these two directions. A com-
mercial smartwatch records BPM and HRV-related indicators,
while the VR application alternates between an interactive
TASK condition and a calmer RELAX condition.

Positioning of the Present Work

Previous research demonstrates that cognitive demand in VR
can be investigated using physiological measurements and
that these measurements may eventually support adaptive im-
mersive applications. Nevertheless, many existing approaches
rely on specialised sensors, eye-tracking systems, multiple
simultaneous data streams, or large-scale machine-learning
datasets.

The present work focuses on a simpler and more accessible
configuration. It combines a Meta Quest 2 headset, a Samsung
Galaxy Watch 5, and the Nami — Biofeedback & HRV appli-
cation. The main distinction is the use of automatically gener-
ated VR timestamps to synchronise wearable measurements
with three alternating TASK-RELAX cycles. Rather than
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building an automatic classifier, the study evaluates whether
BPM, RR, RMSSD, and SDNN exhibit observable and con-
sistent differences between the two conditions.

SYSTEM DESIGN AND IMPLEMENTATION
System Overview

The proposed system was designed to support the comparison
of physiological responses recorded during cognitively de-
manding and relaxing phases of an immersive VR experience.
It consists of two independent data-acquisition components:
a VR application that controls the experimental scenario and
records its temporal structure, and a smartwatch application
that records physiological measurements.

The VR component was developed in Unity and deployed on
a Meta Quest 2 headset. It provides an interactive virtual en-
vironment containing alternating TASK and RELAX phases.
During the experiment, the application records the start and
end of each phase in a timeline CSV file.

The physiological component consists of a Samsung Galaxy
Watch 5 running the Nami — Biofeedback & HRV application.
The smartwatch records heart-rate and heart-rate-variability
measurements throughout the session. After the experiment,
the recorded data are exported as a CSV file containing times-
tamps and the BPM, RR, RMSSD, and SDNN indicators.

The two components operate independently during data col-
lection. Their outputs are combined after the session using
the timestamps contained in both CSV files. This offline ar-
chitecture avoids the need for direct real-time communication
between the VR application and the smartwatch while still
allowing physiological measurements to be associated with
individual TASK and RELAX intervals.

The separation between data acquisition and data analysis
also makes the system easier to reproduce and extend. The
VR application is responsible for controlling the experimental
scenario and recording its temporal events, while the smart-
watch application operates independently as the physiological
sensing component.
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Figure 1: Architecture of the proposed system.

As illustrated in Figure 1, the participant simultaneously inter-
acts with the VR application and wears the smartwatch. The
VR application generates the experimental markers, whereas
the smartwatch records the physiological response. The time-
line and physiological files are later imported into the same
analysis pipeline, where the measurements are segmented
according to the TASK and RELAX intervals.
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VR Application

The VR application was implemented in Unity and configured
for the Meta Quest 2 headset. Interaction was performed
using the headset controllers, which allowed participants to
navigate through the virtual environment and interact with
the experimental interface.

The TASK environment was designed as an interactive maze.
Participants were required to navigate through the virtual
space while responding to questions presented during the task.
This combination was selected to involve several cognitive
processes, including sustained attention, spatial orientation,
decision making, and the processing of questions with differ-
ent difficulty levels.

The application controls the complete experimental sequence
automatically. Once the session begins, the participant pro-
gresses through three TASK-RELAX cycles without requir-
ing manual intervention from the experimenter. This ensures
that the same sequence and phase durations are used for all
participants.

Experimental Phase Sequence
The session consists of three consecutive cycles:

(1) TASK 1 followed by RELAX 1;
(2) TASK 2 followed by RELAX 2;
(3) TASK 3 followed by RELAX 3.

During each TASK phase, the participant navigates through
the maze and answers questions. The questions are introduced
at predefined moments and use different difficulty levels. The
participant selects an answer using the VR controllers, after
which the application continues the experimental sequence.
During each RELAX phase, the interactive maze and its task-
related stimuli are replaced by a calm audiovisual experience.
The relaxation environment reduces the interaction require-
ments and provides a contrasting condition against which the
physiological response recorded during the TASK phase can
be compared.

The alternating design also enables a within-participant com-
parison. Each participant experiences both conditions during
the same session, which reduces the influence of differences
in resting heart rate and other participant-specific characteris-
tics on the comparison.

Physiological Data Collection

Physiological measurements were recorded using a Samsung
Galaxy Watch 5. Before the VR session, the smartwatch was
placed securely on the participant’s wrist and recording was
started in the Nami — Biofeedback & HRV application. The
watch remained in place throughout the complete experiment.
The application provided continuous monitoring during the
session and supported the export of the recorded measure-
ments after completion. The exported CSV file contained
timestamps and values for BPM, RR, RMSSD, and SDNN.
BPM represents heart rate in beats per minute, while RR rep-
resents the duration between successive heartbeats. RMSSD
and SDNN describe short-term and overall variations in the
recorded heartbeat intervals.

The smartwatch recording was started shortly before the VR
experiment and stopped after the final RELAX phase. Con-
sequently, the physiological file could contain measurements
recorded immediately before or after the experimental inter-
val. These samples were excluded during preprocessing.
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Event Logging

The VR application automatically logs the principal events of
the experimental session. Each event is stored in a timeline
CSV file together with its timestamp and elapsed session time.
The recorded events include:

the beginning of the complete session;
the start and end of every TASK phase;
the start and end of every RELAX phase;
the end of the complete session.

The timeline therefore defines the temporal boundaries re-
quired to separate the physiological measurements into the
six experimental phases. Automatically generated markers
were preferred to manually recorded timestamps because they
provide a consistent and reproducible description of the ses-
sion.

Offline Synchronisation and Preprocessing

After each session, the timeline CSV generated by Unity
and the physiological CSV exported from the smartwatch
application were processed together. Both files contained
temporal information that allowed physiological samples to be
associated with the experimental phase active at that moment.
Before segmentation, the files were checked for the required
columns and valid timestamps. Missing, zero, or non-numeric
physiological values were excluded. Physiologically implau-
sible heart-rate values were also checked, while only positive
and numerically valid RR, RMSSD, and SDNN measure-
ments were retained. No additional artefact- correction algo-
rithm was applied in the offline analysis beyond these validity
checks. RMSSD and SDNN values were provided directly
in the data exported by the Nami application and were not
recalculated from raw RR intervals in the present analysis.
Samples recorded before the start of the VR session or after
its end were removed. For every TASK and RELAX interval,
the remaining physiological samples were selected according
to the actual start and end markers stored in the timeline.

The use of actual event markers rather than only the theoret-
ical phase durations ensured that every physiological value
was assigned to the experimental interval that was active dur-
ing execution.

The synchronised data formed the input for the subsequent
analysis. For each participant, the three TASK phases were
compared with the three RELAX phases using BPM, RR,
RMSSD, and SDNN. The same processing procedure was
applied to all participants.

EXPERIMENTAL STUDY AND DATA ANALYSIS
Participants and Protocol

Ten participants, identified as P1-P10, completed the exper-
iment. Their ages ranged from 22 to 25 years; seven partic-
ipants were female and three were male. Five participants
reported previous experience with VR, while none reported
known cardiac conditions. Only anonymised participant iden-
tifiers were used in the analysis.

Each participant completed the same 12-minute experimental
sequence. The session contained three TASK-RELAX cycles,
with each TASK and RELAX phase lasting 120 seconds. Dur-
ing TASK phases, participants navigated through the maze
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and answered questions, whereas the RELAX phases pre-
sented a calm audiovisual environment. The order and dura-
tion of all phases were controlled automatically by the Unity
application.
All participants provided informed consent before taking part
in the study.

Data Processing and Comparison

The analysis was implemented in Python. For every partici-
pant, the timeline generated by Unity was processed together
with the physiological CSV exported from Nami. Each valid
physiological sample was assigned to one of the six experi-
mental intervals according to its timestamp.

For each physiological indicator, the values from the three
TASK phases were grouped together and compared with the
values from the three RELAX phases. The analysis used the
mean values of BPM, RR, RMSSD, and SDNN for each
condition.

The difference between conditions was calculated as

ey
where X represents the analysed physiological indicator. A
positive BPM difference indicates a higher average heart
rate during TASK. Negative differences for RR, RMSSD,
and SDNN indicate lower values during TASK than during
RELAX.

The analysis was performed both at the participant level and at
the aggregate group level. In addition to the mean differences,
the consistency of the direction of change was calculated as
the number of participants whose results followed the overall
TASK-RELAX direction.

To provide inferential analysis in addition to the descrip-
tive comparison, paired-sample t-tests were applied to the
participant-level TASK-RELAX differences. For each indica-
tor, a 95% confidence interval and the paired-samples effect
size d, were also calculated.

AX = Xtask — XRELAX:

RESULTS AND DISCUSSION
Aggregated TASK-RELAX Comparison

Table 1 summarises the mean values obtained for the TASK
and RELAX conditions. The difference was calculated as
the TASK mean minus the RELAX mean. The consistency
column indicates the number of participants whose individual
results followed the same direction as the aggregate differ-
ence.

Metric TASK RELAX Difference Consistency
BPM 100.81 96.30 +4.51 10/10
RR (ms) 596.46  624.33 —27.87 10/10
RMSSD (ms) 7.55 7.89 —0.34 7/10
SDNN (ms) 12.28 14.58 —-2.30 10/10
Table 1: Aggregated physiological results for TASK and
RELAX phases.

The mean heart rate was 4.51 BPM higher during TASK
phases than during RELAX phases. The same direction was
observed for all ten participants, although the magnitude of
the difference varied between individuals. Participant-level
BPM differences ranged from +0.59 to +8.73 BPM.

The RR interval was, on average, 27.87 ms shorter during
TASK phases. This result is consistent with the higher BPM
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values because an increased heart rate corresponds to shorter
intervals between successive heartbeats. All participants ex-
hibited this direction of change.

SDNN was also lower during TASK phases, with an aggregate
difference of —2.30 ms. The same direction was observed for
all participants, indicating consistently lower SDNN values
during the TASK condition.

RMSSD showed a smaller aggregate difference of —0.34 ms.
Seven of the ten participants had lower RMSSD values dur-
ing TASK phases, while three exhibited positive differences.
Therefore, RMSSD followed the overall TASK-RELAX ten-
dency less consistently than BPM, RR, and SDNN.

Figure 2 provides a visual comparison of the aggregate values
reported in Table 1. The four plots illustrate the direction
and relative magnitude of the differences between TASK and
RELAX conditions.

Paired-sample tests were conducted using the participant-level
TASK-RELAX differences.

BPM was significantly higher during TASK phases, with a
mean difference of 4.51 BPM, 95% CI [2.79, 6.22], t(9) =
5.95, p < .001, and a large paired-samples effect (d, = 1.88).
RR was significantly lower during TASK phases (Mp =
—27.87 ms, 95% CI [-38.32, -17.41], t(9) = —6.03, p < .001,
d, =-1.91).

SDNN was also significantly lower during TASK phases
(Mp = =230 ms, 95% CI [-3.22, -1.37], t(9) = =5.62, p <
.001, d, = —1.78).

The RMSSD difference was smaller and did not reach sta-
tistical significance (Mp = —0.34 ms, 95% CI [-0.96, 0.28],
t(9) = —1.25, p = .244, d, = —0.39). This result is consistent
with the participant-level analysis, in which seven of the ten
participants showed lower RMSSD during TASK.

Because the study included only ten participants, these in-
ferential results should be interpreted together with the de-
scriptive and participant-level analyses rather than as strong
evidence of generalisability to a broader population.

Interpretation and Discussion

The participant-level analysis supports the aggregate findings.
BPM, RR, and SDNN followed the same TASK-RELAX
direction for all ten participants, showing that the group-level
differences were not produced only by a small number of
participants with unusually large responses. RMSSD followed
the same direction for seven participants and therefore showed
greater individual variability.

The complementary relationship between BPM and RR
strengthens the interpretation of the cardiovascular response.
During TASK phases, the increase in heart rate was accom-
panied by shorter intervals between successive heartbeats.
SDNN also decreased consistently during TASK, while
RMSSD showed a smaller and less uniform difference.

The statistical results support this distinction. BPM, RR,
and SDNN showed significant paired differences with large
paired-samples effect sizes, whereas RMSSD did not show
a statistically significant difference. This result is compati-
ble with the descriptive finding that RMSSD had the lowest
participant-level consistency.

The general direction of the findings is consistent with pre-
vious research associating increased cognitive demand with
higher heart rate, shorter RR intervals, and changes in HRV-
related indicators [7, 12]. However, the present results should
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Figure 2: Aggregated comparison of BPM, RR, RMSSD, and SDNN between TASK and RELAX phases. Each plot reports the
participant-level mean TASK-RELAX difference and its 95% confidence interval.

not be interpreted as showing that cognitive demand alone
caused the observed differences.

An important consideration is that the TASK and RELAX
conditions differ in more than cognitive demand alone. Dur-
ing TASK phases, participants navigate through the maze, use
the VR controllers, process visual information, make deci-
sions, and answer questions, whereas the RELAX condition
requires substantially less active interaction. Consequently,
physical movement, controller interaction, visual stimula-
tion, or emotional arousal may also have contributed to the
recorded physiological response.

This issue is particularly relevant for wrist-based photo-
plethysmography (PPG), because movement and sensor
contact may affect optical measurements. Headset and con-
troller movement data were not recorded in the present study.
Future experiments should therefore record headset and
controller movement or include a comparison condition with
similar movement requirements but lower cognitive demand.
Such a design could help distinguish the contribution of
cognitive processing from that of physical interaction.
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The cognitive manipulation was not independently validated
using a subjective or behavioural cognitive-load measure. The
present experiment did not include NASA-TLX, a mental-
effort rating, response time, navigation errors, or task accuracy
as outcome variables. Therefore, the TASK and RELAX la-
bels describe the intended experimental conditions rather than
independently verified levels of cognitive load. Future studies
should combine physiological measurements with subjective
and behavioural measures to provide stronger triangulation.

The repeated three-cycle structure provides multiple ex-
posures to both conditions. However, the sequence was
fixed, with each TASK phase followed by a RELAX phase.
Therefore, order, adaptation, fatigue, and physiological recov-
ery may partly overlap with the experimental condition. A
counterbalanced or randomised phase order would provide
stronger evidence in future experiments.

The technical objectives of the pilot study were neverthe-
less achieved: the complete VR scenario was executed cor-
rectly, physiological recordings were successfully synchro-
nised with the timeline, and the processed data revealed mea-
surable differences between TASK and RELAX conditions.
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These results support the feasibility of the implemented VR—
smartwatch workflow as a basis for more controlled future
studies.

Limitations

The study was conducted with ten participants from a rela-
tively narrow age range and should therefore be interpreted
as a pilot investigation. The small sample allows the observa-
tion of initial tendencies but limits the generalisability of the
findings.

The TASK and RELAX conditions also differ in physical
interaction. TASK phases required navigation and controller
use, while RELAX phases involved substantially less move-
ment. Because wrist-worn measurements may be influenced
by movement, sensor contact, and device placement, part
of the observed physiological response may reflect physical
interaction in addition to cognitive demand.

The fixed TASK-RELAX order introduces another limita-
tion. Every TASK phase was followed by RELAX, meaning
that condition effects cannot be fully separated from order,
adaptation, fatigue, or physiological recovery effects.

The experiment did not include a resting baseline before the
first TASK phase. Consequently, RELAX should be inter-
preted as the lower-demand comparison condition in this
experiment rather than as a direct physiological resting base-
line.

The 120-second intervals may also be short for the stable esti-
mation of some HRV indicators. This limitation is particularly
relevant to RMSSD, which showed greater participant-level
variability and no statistically significant paired difference.
Finally, the experiment did not include an independent sub-
jective or behavioural validation of cognitive load. Future
studies should include baseline recordings, movement mea-
surements, counterbalanced conditions, longer HRV analysis
intervals, behavioural measures, and subjective instruments
such as NASA-TLX or mental-effort ratings.
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in the study. Participant data were analysed using anonymised
identifiers (P1-P10), and no participant names or directly
identifying information are reported in this paper.

CONCLUSION AND FUTURE WORK

This work presented the design and evaluation of an experi-
mental system for comparing physiological responses during
TASK and RELAX conditions in an immersive virtual reality
environment. The proposed system combines a VR appli-
cation developed in Unity and executed on a Meta Quest 2
headset with physiological data collected using a Samsung
Galaxy Watch 5 and the Nami — Biofeedback & HRV applica-
tion.

The VR application alternates between TASK and RELAX
phases. During TASK phases, participants navigate through a
virtual maze and answer questions displayed in the VR envi-
ronment, whereas during RELAX phases they are exposed to
a calmer visual and auditory context. This structure enables
comparison of the participant’s physiological response under
two contrasting experimental conditions.
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An important contribution of the work is the implementation
of the event-logging mechanism. The VR application auto-
matically generates a timeline.csv file containing the
start and end timestamps of every TASK and RELAX phase.
This file provides the connection between the VR compo-
nent and the offline analysis by allowing the physiological
measurements exported from Nami to be synchronised and
segmented according to the experimental intervals.

The pilot study included ten participants, and the analysis
considered BPM, RR, RMSSD, and SDNN at both partici-
pant and aggregate levels. TASK phases showed higher mean
BPM and lower mean RR, RMSSD, and SDNN values than
RELAX phases. The direction of change was consistent for
all participants for BPM, RR, and SDNN and for seven of the
ten participants for RMSSD.

Paired statistical analysis showed significant TASK-RELAX
differences for BPM, RR, and SDNN, with large paired-
samples effect sizes. The smaller RMSSD difference did
not reach statistical significance, which is consistent with
its greater participant-level variability.

The findings demonstrate that the implemented system can
capture physiological differences between TASK and RE-
LAX conditions using a commercial smartwatch. However,
because the two conditions also differ in physical interaction
and the study did not include an independent measure of cog-
nitive load, the findings should not be interpreted as evidence
of automatic cognitive-state detection. Instead, they support
the feasibility of the proposed VR—smartwatch workflow for
further experimental investigation.

Future work should extend the study to a larger and more
diverse participant group in order to reduce the influence
of individual variability and examine whether the observed
tendencies remain stable across different populations.
Future experiments should also use counterbalanced or ran-
domised conditions and record movement from the headset
and controllers. With a larger dataset, repeated-measures or
mixed-effects models could also be used to examine differ-
ences between the three TASK-RELAX cycles and possible
adaptation effects. Subjective and behavioural measures, in-
cluding NASA-TLX, mental-effort ratings, response accuracy,
response time, and navigation performance, could provide
independent validation of the experimental manipulation.
The system could also be extended by integrating additional
physiological information, including skin conductance, tem-
perature, and movement data. Longer analysis windows and
the inclusion of a resting baseline could further strengthen the
interpretation of HRV indicators.

Another important direction is the transition from offline anal-
ysis to real-time processing. In a future version, physiological
measurements could be transmitted directly to the VR appli-
cation so that the virtual environment adapts automatically
according to the estimated state of the user. For example, task
difficulty, phase duration, stimulus intensity, or the introduc-
tion of relaxation periods could be adjusted according to the
detected physiological response.

Overall, the implemented system provides a basis for both
more detailed experimental investigations and future adaptive
VR applications.
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