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Abstract

Chronic pain affects physical functioning and psychological well-being, reducing quality of life. This paper
presents the Virtual Meditative Walk, a closed-loop VR biofeedback environment that supports mindfulness-
based chronic pain management through indirect, in-world visualization of autonomic state. To improve
adaptation, we integrate a machine learning-based physiological inference pipeline using Electrodermal
Activity and Heart Rate Variability. Using the combined WESAD and StressID dataset, the final Extra Trees

model improved over the original VMW feedback method in the cross-sample binary setting, reaching 91.77%
binary cross-sample accuracy and 86.05% multiclass cross-sample accuracy. Leave-one-subject-out validation
was lower, showing that subject-independent stress inference remains challenging. These findings support
machine learning as a promising but limited method for adaptive VR biofeedback in chronic pain contexts.
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1. Introduction

Chronic pain affects approximately 1 in 5 Canadians
[1], with similar rates in industrialized countries. It is
a significant public health issue with broad physical,
psychological, social, and economic consequences [2, 3].
Despite its prevalence, chronic pain has no definitive
biomarker for diagnosis and no known cure has been
identified [4, 5]. Current management strategies often
rely on symptomatic treatment, including opioids,
which can provide short-term relief but also carry risks
of dependency and misuse [4, 6, 7]. These limitations
underscore the need for non-pharmacological and
scalable health technologies for chronic pain support
[8].

Virtual Reality (VR) has emerged as a promising
nonpharmacological tool for chronic pain because
immersive environments can mediate pain perception
[9-11], support engagement with therapeutic practices
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[12], and address physical, emotional, intellectual,
and psychological dimensions of pain [10, 13]. VR
has also been explored for stress reduction, physical
activity, and body-schema realignment [10, 12, 14].
By integrating biofeedback, VR systems can respond
to patients’ changing psychophysiological states and
support self-regulation by making internal bodily
processes more visible [15, 16].

Most biofeedback systems present physiological
change through explicit displays such as graphs, numer-
ical scores, or thresholds [17]. These representations can
be useful, but they may also encourage users to evaluate
or control their performance. This can conflict with
mindfulness-based practice, where the aim is to observe
bodily experience with less judgment and less reactivity
[18]. For this reason, indirect biofeedback embedded
in the virtual environment may be especially relevant
for VR systems that support mindfulness-based chronic
pain management.

Building on outcomes from several small and
two longitudinal studies [19-21], we developed an
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approach that leverages biofeedback data to make
patients’ changing biopsychological states visible. This
approach centers on using physiological signals, such
as electrodermal activity, to infer patients’ arousal
states in real time. These signals serve as a bridge
between patients’ inner experiences and the external
representation of those experiences.

This approach is integrated in the Virtual Meditative
Walk (VMW) [21], an immersive VR system designed
as a foggy virtual forest as depicted in Fig. 1, to assist
CP patients. VMW directs patients’ attention inward,
guiding them to experientially learn and practice
Mindfulness-Based Stress Reduction techniques. While
meditation apps have become more accessible, VMW is
unique in its emphasis on users’ attention. For instance,
streaming biofeedback alters the fog, visually reflecting
shifts in arousal during mindfulness exercises. As stress
decreases, the fog lifts (Fig. 3), helping patients stay
attuned to interoceptive sensations without relying on
charts. After sessions, a graph of their biofeedback
data is provided, supporting the internalization of
mindfulness techniques and encouraging long-term
practice.

Although physiological stress classification using
EDA and HRV has been widely studied [22, 23], its
role in VMW is different from a standalone affect-
recognition task. Here, the purpose of classification is to
support stable, interpretable environmental adaptation
during mindfulness practice. The original VMW
feedback mechanism used a simple skin conductance
slope-based rule [20], which was easy to implement
but limited to a single signal trend. This made it
difficult to capture more complex relationships between
physiological signals and stress-related states. A
machine learning approach may address this limitation
by combining EDA and HRV features into a broader
estimate of autonomic state, while still preserving the
indirect and non-performance-based feedback style of
VMW.

The goal of this study is to explain and evaluate
VMW as a closed-loop VR biofeedback environment
for Mindfulness-Based Stress Reduction (MBSR), with a
specific focus on improving the physiological inference
method that drives environmental adaptation. We
focus on how VMW wuses indirect biofeedback as
a design strategy, mapping autonomic state onto
subtle changes in the virtual environment, such
as fog density, to support interoceptive awareness
without charts, scores, or performance pressure. We
then evaluate whether a machine learning-based
physiological inference pipeline using EDA and HRV
can provide a more reliable control signal than
the original skin conductance slope-based method.
This evaluation is intended as a proof-of-concept for
adaptive VR biofeedback rather than as evidence of
clinical effectiveness.

This paper makes three contributions. First, it
positions VMW as a closed-loop VR biofeedback
environment for chronic pain management, with a focus
on indirect environmental feedback rather than explicit
physiological displays. Second, it evaluates a machine
learning-based physiological inference pipeline using
EDA and HRV features from a combined WESAD and
StressID dataset. Third, it compares this approach with
the original skin conductance slope-based feedback rule
and reports both model performance and real-time
feasibility for adaptive VR use.

This paper is organized as follows: Section 2 reviews
related work on VR biofeedback for chronic pain and
machine learning-based physiological state inference.
Section 3 describes the design rationale of VMW,
including the environment, session structure, and
the closed-loop mapping of physiology to in-world
feedback. Section 4 details the technical pipeline used
to support that design, including signal preprocessing,
feature extraction, model development, and real-time
integration. Section 5 reports the model evaluation
results, compares the machine learning approach with
VMW?’s original slope-based feedback mechanism, and
examines model interpretation and inference latency.
Section 6 discusses implications for VR biofeedback
design. Section 7 presents limitations. Finally, Section 8
concludes with key contributions and directions for
future work.

2. Related Studies

2.1. VR and Biofeedback for Chronic Pain

A growing body of research supports the use of VR-
based interventions in pain management. Earlier stud-
ies showed that immersive virtual environments can
reduce pain perception through distraction, cogni-
tive engagement, and neuromodulation-related mech-
anisms [27-29]. Other work extended this direction
by using VR for rehabilitation, graded exposure, and
physical activity support [30, 31]. More recent reviews
describe VR as a promising approach for acute and
chronic pain, but also emphasize that existing interven-
tions remain heterogeneous in design, outcome mea-
sures, and theoretical grounding [24]. This makes it
important to clarify not only whether VR is used, but
how it supports pain-related self-regulation.
Biofeedback extends VR by allowing the environ-
ment to respond to physiological state. Chittaro et
al. showed that immersive VR combined with mul-
tisensory biofeedback may improve engagement and
personalization for patients with fibromyalgia [32],
while broader reviews of biofeedback for chronic pain
show its relevance for autonomic regulation and emo-
tional distress [15]. However, many biofeedback sys-
tems present physiological change through explicit dis-
plays such as graphs, numerical values, or thresholds.
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These displays can be useful, but they may also encour-
age performance monitoring. For mindfulness-based
chronic pain support, this is a design concern because
the goal is not to make users compete with their physi-
ology, but to help them observe bodily change with less
judgment and reactivity.

2.2. Machine Learning for Physiological State
Inference

Machine learning has increasingly been used to
estimate stress and affective state from physiological
signals such as Electrodermal Activity (EDA), Heart
Rate Variability (HRV), respiration, and EEG [22, 23].
In VR and biofeedback contexts, these models can
support adaptive systems by translating physiological
signals into state estimates that guide environmental
change. Recent work has also explored Al-enhanced
VR, neurofeedback, and motion-adaptive biofeedback
systems for pain and rehabilitation, suggesting that
adaptive feedback may support more personalized
therapeutic experiences [33-36].

At the same time, wearable stress detection remains
difficult. Recent reviews show that EDA and HRV
are widely used for physiological stress inference, but
model generalization, labeling quality, preprocessing
choices, class imbalance, and validation on unseen users
remain major challenges [22, 23]. These issues are
especially important for VMW because the classifier is
not used as a standalone affect-recognition task. It is
used as part of a closed-loop biofeedback environment,
where prediction errors can directly affect the user
experience.

Preliminary studies of the Virtual Meditative Walk
showed that VR biofeedback can support chronic pain
management by combining guided mindfulness prac-
tice with visual and sonic environmental feedback [19-
21]. However, the original VMW feedback mechanism
relied on a simple skin conductance slope-based rule.
This rule was easy to implement and interpret, but it
used only one signal trend. The present work extends
VMW by evaluating whether a machine learning-based
inference pipeline using EDA and HRV can provide a
richer and more stable control signal for indirect envi-
ronmental feedback. This positions VMW at the inter-
section of two incomplete literatures: VR-based mind-
fulness systems need more rigorous adaptive designs,
and physiological stress classifiers need to be evaluated
as situated components of real biofeedback systems
rather than as standalone prediction models.

3. Virtual Meditative Walk

The Virtual Meditative Walk is a VR system built
for chronic pain management using MBSR. It is
not intended primarily as a distraction tool. It is a

biofeedback environment that changes in real time
based on the user’s physiology. The system is designed
to help users notice stress-related shifts and practice
self-regulation by making autonomic nervous system
activity visible through the surrounding environment.
VMW uses indirect biofeedback. It does not show
numbers, charts, or explicit instructions like “you are
stressed.” Feedback is embedded in the environment to
reduce cognitive load and avoid performance pressure.
As users notice gradual changes tied to attention and
bodily state, they can start to recognize their own
regulation patterns. Over repeated sessions, the goal is
skill learning and internalization, not a single-session
solution. VMW is not designed to erase pain or stress
in a single session. Rather, it is designed to support
repeated practice and gradual skill development.
VMW runs as a closed-loop system. Physiological
signals are measured continuously, processed on
an external pipeline, and mapped onto the virtual
environment. The system avoids explicit success criteria
to reduce maladaptive control strategies and keep the
experience aligned with MBSR. Instead of showing
numbers or asking users to “win” a task, VMW
externalizes internal regulation so users can observe
how attention and bodily state move together. The full
closed-loop workflow is provided in Appendix Fig. A.1.

3.1. Environment Design

VMW places the user in a quiet forest and moves them
forward slowly along a fixed path. The environment
stays visually consistent and intentionally simple.
There are no obstacles, choices, or task interactions.
This design reduces decision-making demands and
limits attentional shifts away from interoception.

The environment includes fog, ambient lighting, and
subtle audio. These are not fixed. They shift with
physiological biofeedback. A natural setting is used
because it can support relaxation without demanding
active engagement. VMW avoids performance framing
entirely. No scores, no progress bars, no rewards.
The experience is built around continuity and gradual
change, which fits MBSR’s focus on non-judgmental
awareness instead of outcomes.

Fog was selected as the primary feedback channel
because it can change gradually without interrupting
the user’s movement through the environment. Unlike
a score, alert, or graph, fog can make physiological
change visible while remaining part of the virtual
world. Lighting and ambient sound were used as
secondary feedback channels because they are less
obstructive than fog and can reinforce sustained
relaxation without requiring explicit attention. These
design choices were guided by the goal of keeping
feedback ambient, continuous, and non-evaluative.
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Figure 1. Trail design in the Virtual Meditative Walk VR
environment [19]

3.2. Session Structure

Each session has three stages: baseline assessment,
adaptive meditation, and termination. The total time
is about 21 minutes. This length is long enough to
stabilize signals but short enough to stay realistic for
repeated use. At session start, user metadata is recorded
(participant ID, height, narration day). Camera height is
adjusted to match the user’s height so the first-person
perspective stays consistent across sessions. Guided
meditation runs through the session. Narration varies
across days to reduce habituation while keeping pacing
and instruction style consistent.

Virtual Meditative Walk

Figure 2. Virtual Meditative Walk session start interface

3.3. Baseline Physiological Assessment

The session begins with a two-minute baseline. During
baseline, physiology is recorded while the environment
stays visually static. Electrodermal Activity and heart
rate are collected via wearable sensors and sent to
an external processing pipeline for real-time analysis.
This phase functions as the model initialization stage.
Baseline also serves a functional role in user adaptation.
The initial minutes allow users to adjust to VR setup,
reducing novelty-related arousal that could otherwise
affect early physiological responses.

3.4. Adaptive State Inference

During the adaptive meditation phase, the system
continuously estimates the user’s autonomic arousal
state. At each update interval, the inference model
assigns the current physiological window to one of three
discrete classes: stress, relaxation/meditation, or other.
The other class represents all physiological patterns
that do not fall into either the stress or relaxation states.
Therefore, it is not interpreted as a negative or positive
condition, but as an intermediate or non-specific state
that reflects normal physiological variability.

The inference output is used directly by the environ-
ment control policy. In the current implementation, the
inferred class is mapped to three fog density levels: high
fog density for stress, medium fog density for other, and
low fog density for relaxation/meditation. This three-
level mapping was chosen to keep the feedback legible
while avoiding overly fine-grained changes that could
be difficult for users to interpret during meditation.
Fog updates are bounded and applied at the same fixed
interval as the inference updates to preserve temporal
consistency between physiological estimation and per-
ceptual feedback.

To emphasize stability rather than momentary fluc-
tuations, the system applies additional rules based on
consecutive classifications. These rules are design safe-
guards rather than clinically validated thresholds. If
the user remains in the relaxation/meditation state for
three consecutive updates, the system further reduces
fog density until the environment reaches the clear-
est allowed level. If the user remains in the relax-
ation/meditation state for five consecutive updates, the
system introduces additional environmental reinforce-
ment by increasing ambient lighting and adding natural
ambient sounds. These changes are only triggered by
sustained relaxation and are not activated by single-
window improvements.

To prevent extended negative feedback, the
inference-driven control policy limits prolonged
high-fog conditions. Specifically, the system does not
allow more than five consecutive stress-classified
updates to maintain high fog density. After this limit is
reached, fog density is reduced toward medium levels
even if subsequent updates remain classified as stress.
This rule was included to prevent persistent visual
obstruction and reduce the risk that users interpret the
feedback as punishment or become stuck in a perceived
failure state. The exact number of consecutive updates
should therefore be understood as an implementation
choice that requires further empirical tuning with
chronic pain users.

The inference process emphasizes temporal consis-
tency and robustness rather than moment-to-moment
reactivity. This reduces sensitivity to transient artifacts
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and supports environmental modulation that users can
meaningfully interpret.

Figure 3. As patients approach an inferred meditative state, the
fog begins to dissipate (left to right), and sounds become more
audible and spatial

3.5. Biofeedback Visualization

Following completion of the VR meditation session,
users are presented with a biofeedback visualization
scene that summarizes the session retrospectively. This
scene is designed for review and reflection rather
than real-time regulation. It separates experiential
practice from analytical feedback to avoid introducing
evaluation during the meditation itself.

The upper portion of the scene presents a temporal
structure of the meditation session, aligned with
the guided narration. Key phases of the practice,
such as introduction, body sensation, attention to
breath, dealing with distraction, and pain-related
prompts, are displayed along a timeline. Representative
screenshots captured during the VR session are shown
beneath this timeline to provide visual reference points
corresponding to different moments in the experience.

The lower portion of the scene displays a time-
series plot of physiological signals, including EDA and
heart rate, plotted over the duration of the session.
The EDA signal is shown relative to the individualized
baseline, which is indicated as a reference line. Color
coding is used to distinguish periods classified as less
stressed than baseline, more stressed than baseline, or
unchanged. Heart rate is overlaid to provide additional
physiological context but is not used as the primary
feedback variable.

This visualization is intended to support post-
session interpretation rather than in-session control. By
aligning physiological trends with the structure of the
meditation and visual snapshots of the environment,
the scene allows users and researchers to examine
how autonomic responses evolved over time without
framing these changes as success or failure.

Figure 4. Virtual Meditative Walk interface and post-session
biofeedback visualization

4. Methodology

This section presents the physiological state inference
pipeline used to support real-time biofeedback in the
Virtual Meditative Walk system. The pipeline combines
physiological signal preprocessing, feature extraction,
supervised machine learning, model evaluation, and
real-time integration. The goal is to estimate stress-
related physiological states from Electrodermal Activity
(EDA) and Heart Rate Variability (HRV), and to
use these estimates to guide adaptive environmental
feedback in VMW. Fig. 5 presents the block diagram of
the stress inference and assessment framework.

Signal Feature Model

Dataset R
Extraction Development

Preprocessing

j=) “
]
= - v - -
Statistical Features
Non-linear Features
Domain-specific
Features

Combined Segmentation
WESAD + StressID Denoising
dataset Artifact Correction

Data Preparation
Model Selection

Figure 5. Block diagram of the stress inference and assessment
framework

4.1. Dataset

The pipeline was evaluated using a combined dataset
from WESAD and StressID. WESAD (Wearable Stress
and Affect Detection) is a publicly available multimodal
dataset designed to support research in affective
computing and stress detection [37]. The dataset
was collected in a controlled laboratory setting and
includes physiological and motion data recorded
from 15 subjects. It is labeled according to evoked
emotional state, including baseline, stress, amusement,
and meditation/relaxation conditions.

StressID is a multimodal dataset designed specifically
for stress identification [ 38]. Itincludes synchronized
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facial video, audio, and physiological recordings col-
lected from 65 participants across 11 tasks. The physio-
logical signals include electrocardiography (ECG), elec-
trodermal activity (EDA), and respiration, while the
tasks include emotional stimuli, cognitive exercises,
and public speaking scenarios. StressID also includes
participant ratings of relaxation, stress, arousal, and
valence, making it useful for both stress classification
and broader affective state analysis.

In this study, only the physiological signals relevant
to the VMW pipeline were used. Specifically, EDA
and ECG-derived HRV features were extracted so the
model inputs matched the biosignals available for real-
time VR biofeedback. Combining WESAD and StressID
increased the number of subjects and physiological
windows available for training and evaluation, allowing
the model to be tested across a broader range of stress
responses than WESAD alone.

After preprocessing and windowing, the combined
dataset included 2,223 feature rows: 1,406 from
WESAD and 817 from StressID. In total, the dataset
included 79 subject groups, with 15 WESAD subjects
and 64 StressID subjects. Although StressID includes 65
participants, 64 remained after preprocessing because
one participant had no valid 60-second window.

Two target structures were used. The binary target
classified e ach w indow a s s tress o r n on-stress. The
multiclass target classified e ach w indow a s stress,
relaxation, or other. The other class was used for
physiological windows that did not clearly represent
either stress or relaxation and was treated as an
intermediate or non-specific autonomic state.

The three-class structure also aligns with the VMW
biofeedback design. In the adaptive environment, stress
triggers negative feedback by increasing fog density
for the current window. Relaxation triggers positive
feedback by decreasing fog density to a low level. The
other class triggers neutral feedback by keeping fog
density at a medium level. This mapping reflects the
goal of VMW as an MBSR-based system: to support
awareness of stress and relaxation shifts without
treating all other physiological variation as meaningful
for the meditation task.

Table 1. Composition of the combined WESAD and StressID
dataset after preprocessing

Dataset  Subjects Feature rows Percentage
WESAD 15 1,406 63.25%
StressID 64 817 36.75%
Total 79 2,223 100%

4.2. Signal Preprocessing

Signal preprocessing ensures fidelity and reliability
of physiological data. It involves three main phases:

Table 2. Target label distributions in the combined dataset

Task Class Samples Percentage
Binary Non-stress 1,720 77.37%
Binary Stress 503 22.63%
Multiclass Other 925 41.61%
Multiclass Relaxation 916 41.21%
Multiclass  Stress 382 17.18%

segmentation, denoising, and artifact correction, each
applied to both EDA and HRYV signals to enhance inter-
pretability and model performance. Because WESAD
and StressID were collected with different recording
settings, signals were first harmonized before feature
extraction. ECG was used to derive RR intervals for
HRV analysis, while EDA was used to extract tonic and
phasic features related to sympathetic arousal.

Segmentation. Research indicates that windows ranging
from 30 seconds to 5 minutes effectively capture
physiological markers of stress while enabling timely
interventions and accurate classification [39-42]. The
raw physiological signals were divided into fixed
60-second overlapping segments with 30 seconds of
overlap. This segmentation strategy enables a balance
between capturing sufficient signal variation and
maintaining temporal responsiveness for adaptive VR
feedback.

Denoising. The majority of relevant spectral energy in
EDA lies below 1 Hz, particularly within the 0.045-
0.25 Hz range [43]. To remove high-frequency noise
while preserving tonic and phasic components, EDA
signals were low-pass filtered at approximately 1 Hz
[43-45]. ECG signals were bandpass filtered between
approximately 0.5 Hz and 40 Hz to reduce baseline
wander, muscle noise, and electrical interference while
preserving the frequency range needed for R-peak
detection and HRV extraction [46].

Artifact Correction.  Artifact correction was performed to
improve signal reliability. EDA artifacts were reduced
using moving average smoothing to limit abrupt
irregularities [47]. For HRV, RR intervals outside the
physiologically plausible range of 0.3-2.0 seconds
were replaced with the mean of valid intervals [48].
Corrected RR intervals were then interpolated and
resampled to 16 Hz for time-aligned and frequency-
domain analyses [49].

4.3. Feature Extraction

Features were extracted to quantify stress-related
physiological variation using statistical, nonlinear,
and domain-specific measures from both EDA and
HRV signals. EDA features were included because
they reflect sympathetic arousal, while HRV features
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were included because they provide complementary
information about autonomic regulation [43, 56].
Together, these feature groups allow the model to
estimate stress-related physiological state from both
arousal and cardiac variability rather than relying on a
single signal trend. The full list of model input features
is provided in Appendix Table B.1.

Statistical features captured central tendency, vari-
ability, distributional spread, and signal shape, includ-
ing measures such as mean, median, standard devia-
tion, percentiles, skewness, and kurtosis [50]. Nonlinear
features captured complexity and irregularity in physi-
ological dynamics, including approximate entropy, cor-
relation dimension, and Poincare plot measures such as
SD1 and SD2 [51-53]. Domain-specific HRV features
included time-domain and frequency-domain measures
such as RMSSD, SDNN, AVNN, VLF, LF, HF, and
LF/HF ratio [54-57]. EDA-specific features included
tonic skin conductance level and phasic skin conduc-
tance response measures, including SCR amplitude,
frequency, rise time, and area under the curve [58].

4.4. Machine Learning Model Development

Data Preparation. To address potential class imbalance
in the combined WESAD and StressID dataset, bal-
ancing strategies were applied during model training.
These included class weighting and sample weighting
so that minority classes, particularly stress, were not
ignored by the classifier. Missing feature values were
handled using median imputation. For models that are
sensitive to feature scale, including Logistic Regression
and Support Vector Machine (SVM), standardization
was also applied within the training pipeline.

Model performance was evaluated using two val-
idation strategies. First, cross-sample validation was
conducted using stratified 5-fold cross-validation with
shuffled splits. In this setting, the class distribution
was preserved across folds, but samples from the same
subject could appear in both training and testing sets.
This validation was used as an initial estimate of per-
formance across the combined WESAD and StressID
feature space.

Second, leave-one-subject-out cross-subject valida-
tion was conducted using subject ID as the grouping
variable. In each fold, all windows from one subject
were held out for testing, and the model was trained on
the remaining subjects. This strategy provides a stricter
evaluation because the model must classify physiologi-
cal data from a subject it has not seen during training.
Folds were excluded only when the training split did
not contain all target classes.

Evaluation Metrics. Model performance was assessed
using accuracy, balanced accuracy, precision, recall,
Fl-score, ROC-AUC, confusion matrices, precision-
recall curves, and calibration plots. Balanced accuracy

was included because both the binary and multiclass
tasks were imbalanced. For binary classification, stress
was treated as the positive class. For multiclass
classification, ROC-AUC was computed using a one-
vs-rest strategy with macro averaging. All metrics
were computed within each validation fold and then
averaged across folds. Cross-sample metrics were
averaged across five stratified folds, while leave-one-
subject-out metrics were averaged across valid subject-
held-out folds.

Model Selection and Optimization. Multiple models were
trained and evaluated: Logistic Regression, Support
Vector Machine (SVM), Random Forest, Extra Trees,
and XGBoost. These models were selected to compare
linear, kernel-based, bagging-based, and boosting-
based approaches using the same feature set and
validation procedures. Class balancing was applied
through class weights or balanced sample weights,
depending on the model.

After the initial benchmark, Extra Trees was selected
for final evaluation because it provided the strongest
overall performance while remaining computationally
practical for real-time inference. A targeted grid
search was then conducted for Extra Trees. The final
binary and multiclass configurations are summarized in
Table 3.

4.5. Real-Time Integration into VMW System

The final Extra Trees model was prepared for
integration into the Virtual Meditative Walk system as
the physiological inference component for adaptive
biofeedback. Incoming EDA and ECG-derived HRV
data follow the same preprocessing and feature
extraction steps used during model development.
The resulting feature vector is passed to the trained
classifier, which estimates the current physiological
state as stress, relaxation, or other.

The predicted state is then mapped to the environ-
mental feedback policy described in Section 3. Stress
predictions increase fog density, relaxation predictions
reduce fog density, and other predictions maintain a
medium fog level. Sustained relaxation predictions can
trigger additional environmental reinforcement, such
as brighter ambient lighting and natural sounds. Pro-
longed stress predictions are bounded to prevent per-
sistent high-fog feedback. To examine real-time feasi-
bility, model-level latency was measured using the final
selected multiclass Extra Trees pipeline. The latency
results are reported in Section 5.
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Table 3. Model configurations and class-balancing strategies

Model Configuration

Class-balancing strategy

Logistic Regression Maximum iterations = 3000

SVM RBF kernel; C = 10; y = scale; probability estimation enabled

Random Forest 500 estimators
XGBoost
histogram-based tree method
Extra Trees, binary
leaf = 3; minimum samples split = 8
Extra Trees,

multiclass leaf = 1; minimum samples split = 2

300 estimators; learning rate = 0.05; maximum depth = 6; subsample = 0.8; column subsample = 0.8;
300 estimators; Gini criterion; maximum depth = 30; maximum features = 0.5; minimum samples per

300 estimators; entropy criterion; maximum depth = 30; maximum features = 0.5; minimum samples per

class_weight = balanced
class_weight = balanced
class_weight = balanced
Balanced sample weights

class_weight = balanced

class_weight = balanced

5. Results

This section reports the evaluation of the physiological
state inference pipeline using the combined WESAD
and StressID dataset described in Section 4. The
analysis focuses on four questions. First, we examine
model selection across candidate classifiers. Second,
we evaluate the final E xtra Trees m odel u nder cross-
sample and leave-one-subject-out validation. Third,
we compare the machine learning approach with the
original skin conductance slope-based feedback rule
used in VMW. Finally, we examine model interpretation
and real-time inference latency.

5.1. Model Selection

Initial benchmarking compared Logistic Regression,
Support Vector Machine, Random Forest, Extra Trees,
and XGBoost using the same EDA and HRV feature
set. Table 4 summarizes the cross-sample benchmark
results for the binary and multiclass tasks.

Table 4. Initial cross-sample benchmark across candidate
classifiers. Values are averaged across five stratified folds

Task Model Acc. Bal. Acc. F1 ROC-AUC
Binary Logistic Regression 0.6356 0.7463 0.5411  0.8596
Binary SVM 0.7958 0.8209 0.6578 0.9111
Binary Random Forest 0.9001 0.8003 0.7358  0.9490
Binary XGBoost 0.9082 0.8520 0.7864 0.9485
Binary Extra Trees 0.9222 0.8385 0.7990 0.9675
Multiclass Logistic Regression 0.6230 0.6753 0.6159  0.8289
Multiclass SVM 0.7202 0.7465 0.7200  0.8822
Multiclass Random Forest 0.8201 0.8062 0.8169  0.9404
Multiclass XGBoost 0.8273 0.8237 0.8281  0.9430
Multiclass Extra Trees 0.8538 0.8441 0.8547 0.9544

Extra Trees showed the strongest overall performance
in the initial benchmark. For the binary task, it achieved
the highest accuracy, F1-score, and ROC-AUC, although
XGBoost produced slightly higher balanced accuracy.
For the multiclass task, Extra Trees achieved the highest
value across all reported benchmark metrics, including
accuracy, balanced accuracy, F1-score, and ROC-AUC.

The leave-one-subject-out benchmark showed a
more difficult generalization problem. In the binary

task, Extra Trees achieved the strongest initial cross-
subject performance among the candidate models, with
78.61% accuracy and 71.13% balanced accuracy. In
the multiclass task, Extra Trees remained competitive,
with 61.55% accuracy and 55.85% balanced accuracy,
although performance differences among the tree-based
models were smaller. Based on this overall pattern,
Extra Trees was selected for final tuning and evaluation.

5.2. Binary Stress Classification

Table 5 summarizes the finalb inary classification
results. Under cross-sample validation, the Extra Trees
model achieved 91.77% accuracy, 86.80% balanced
accuracy, 84.89% precision, 77.73% recall, 81.10% F1-
score, and 95.90% ROC-AUC. These results indicate
strong discrimination between stress and non-stress
windows when training and test windows are drawn
from the same combined data distribution.

Leave-one-subject-out validation produced lower
fold-averaged performance, with 73.50% accuracy,
67.84% balanced accuracy, 30.11% precision, 21.93%
recall, 22.04% F1-score, and 64.65% ROC-AUC. These
results show a substantial reduction in performance
under the unseen-subject validation setting.

Table 5. Final Extra Trees performance for binary stress
classification. Values are averaged across validation folds

Validation Acc. Bal. Acc. Precision Recall F1 ROC-AUC
Cross-sample 0.9177  0.8680 0.8489 0.7773 0.8110  0.9590
LOSO 0.7350 0.6784 0.3011 0.2193 0.2204 0.6465

The pooled cross-sample confusion matrix showed
1,649 correctly classified non-stress windows and 391
correctly classified stress windows. It also showed 71
false stress predictions and 112 missed stress windows.
In the pooled leave-one-subject-out confusion matrix,
the model correctly identified 255 stress windows but
missed 248 stress windows. The pooled confusion
matrices reflect the same performance pattern shown
in Table 5. The binary ROC curves in Fig. 7 are plotted
from pooled fold predictions.
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Figure 7. ROC curves for binary stress classification under cross-
sample and leave-one-subject-out evaluation

5.3. Comparison with the Original VMW Biofeedback
Mechanism

The original Virtual Meditative Walk feedback mecha-
nism used a simple skin conductance trend to infer
whether the user was moving toward or away from
relaxation. In this slope-based rule, an increase in
SCL was interpreted as stress, while a decrease or no

increase was interpreted as non-stress. To compare the
machine learning pipeline with this baseline, the SCL
slope-based rule was evaluated on the same combined
binary target. The rule-based model achieved 62.35%
accuracy, 57.87% balanced accuracy, 29.98% precision,
49.70% recall, and 37.40% F1-score for stress detection.
The confusion matrix showed 1,136 correctly classified
non-stress windows, 584 false stress predictions, 250
correctly classified s tress w indows, a nd 2 53 missed
stress windows.

Compared with this baseline, the final Extra Trees
model provided a clear improvement in the cross-
sample setting, achieving 91.77% accuracy and 81.10%
Fl-score. The comparison shows that the Extra Trees
model improved over the SCL slope-based rule in the
cross-sample setting, while the leave-one-subject-out
results remained lower.

Table 6. Comparison between the final Extra Trees binary
classifier and the original SCL slope-based rule

Model Acc. Bal. Acc. Precision Recall F1

SCL slope rule 0.6235 0.5787 0.2998 0.4970 0.3740
Extra Trees, cross-sample 0.9177  0.8680 0.8489 0.7773 0.8110
Extra Trees, LOSO 0.7350 0.6784 0.3011 0.2193 0.2204

5.4. Multiclass Physiological State Classification

Table 7 summarizes the final multiclass results. Under
cross-sample validation, the Extra Trees model achieved
86.05% accuracy, 85.26% balanced accuracy, 87.52%
precision, 85.26% recall, 86.16% F1-score, and 95.79%
ROC-AUC. These results suggest that the model
can distinguish among other, relaxation, and stress
states when evaluated on held-out windows from the
same combined feature distribution. Leave-one-subject-
out validation again produced lower fold-averaged
performance, with 60.50% accuracy, 54.26% balanced
accuracy, 45.03% precision, 45.10% recall, 41.85%
Fl-score, and 69.68% ROC-AUC. As in the binary
task, leave-one-subject-out validation produced lower
performance than cross-sample validation.
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The pooled multiclass cross-sample confusion matrix
showed strong classification a cross a 11t hree classes.
The model correctly classified 7 92 o ther windows,
808 relaxation windows, and 313 stress windows. The
most common errors were confusion between other
and relaxation, and between stress and relaxation.
In the pooled leave-one-subject-out confusion matrix,
the model correctly classified 4 96 o ther windows,
622 relaxation windows, and 186 stress windows. In
the leave-one-subject-out setting, stress windows were
more often confused with relaxation than in the cross-
sample setting. The multiclass ROC curves in Fig. 9 are
plotted from pooled fold predictions.

Table 7. Final Extra Trees performance for multiclass
physiological state classification. Values are averaged across
validation folds

Validation Acc. Bal. Acc. Precision Recall F1 ROC-AUC
Cross-sample 0.8605 0.8526 0.8752 0.8526 0.8616 0.9579
LOSO 0.6050 0.5426 0.4503 0.4510 0.4185 0.6968

5.5. Model Interpretation

Model interpretation was used to examine which
physiological features contributed most strongly to the
final Extra Trees predictions. The feature importance
results show that both EDA and HRV features were
relevant. In the binary task, SCR frequency was the
strongest feature, followed by AVNN, HRV mean, HRV
harmonic mean, and HRV percentile features. In the
multiclass task, SCR frequency again appeared as
an important feature, alongside HRV median, HRV
percentile features, AVNN, SCL, and EDA central
tendency measures.

SHAP feature importance analysis further supported
this pattern. The binary model relied strongly on EDA-
derived sympathetic activity and HRV-derived cardiac
variability features, while the multiclass model showed
a broader distribution of feature contributions across
both signal groups. Together, the impurity-based and
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Figure 9. ROC curves for multiclass physiological state
classification under cross-sample and leave-one-subject-out
evaluation

SHAP-based analyses indicate that the final models
used information from both EDA and HRV feature
groups. The SHAP feature importance plots for the
binary and multiclass models are provided in Appendix
Fig. G.12.
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Table 8. Most important features from the final Extra Trees
models. Importance values are based on the fitted model’s
impurity-based feature importance

Task Feature Importance
Binary SCR Frequency 0.1042
Binary AVNN 0.0488
Binary HRV mean 0.0467
Binary HRV harmonic mean 0.0456
Binary HRV 75th percentile 0.0427
Multiclass SCR Frequency 0.0537
Multiclass HRV median 0.0383
Multiclass HRV 25th percentile 0.0364
Multiclass HRV mean 0.0359
Multiclass AVNN 0.0356

5.6. Real-Time Inference Latency

Latency was evaluated using the final selected multi-
class Extra Trees model and the same 59-feature input
representation. Batch prediction required 0.104 ms per
sample, while batch probability prediction required
0.093 ms per sample. Single-sample prediction had a
mean latency of 103.42 ms with a standard deviation
of 55.89 ms. Single-sample probability prediction had
a mean latency of 95.36 ms with a standard deviation
of 24.81 ms. These results suggest that model inference
is computationally feasible for real-time closed-loop
VR adaptation, particularly because the physiological
windowing process operates on a longer time scale than
the model prediction step.

6. Discussion

This study evaluated a machine learning-based phys-
iological inference pipeline for the Virtual Meditative
Walk, a VR biofeedback system designed to support
mindfulness-based chronic pain management. The pur-
pose was not to introduce a standalone stress classifier,
but to examine whether EDA and HRV features could
provide a stronger and more flexible control signal for
adaptive environmental feedback than the original skin
conductance slope-based rule.

The results support this direction, but they also
require caution. In the cross-sample setting, the final
Extra Trees model reached 91.77% accuracy and
81.10% Fl-score for binary stress classification, and
86.05% accuracy and 86.16% F1-score for multiclass
physiological state classification. The comparison with
the original SCL slope-based rule shows why the
machine learning pipeline is useful: the slope-based
rule reached 62.35% accuracy and 37.40% Fl-score
in the binary task, indicating that a single skin
conductance trend is too limited to support reliable
adaptive feedback on its own.

The leave-one-subject-out results provide the more
important boundary on this claim. Binary LOSO
performance dropped to 73.50% accuracy, 67.84%
balanced accuracy, and 22.04% F1-score. Multiclass
LOSO performance dropped to 60.50% accuracy,
54.26% balanced accuracy, and 41.85% F1-score. This
does not invalidate the model, but it changes how
it should be used. The model can learn meaningful
physiological structure from the combined dataset, but
subject-independent inference remains difficult. For
VMW, the classifier should therefore be treated as a
probabilistic guide for environmental adaptation rather
than as ground truth about the user.

6.1. Implications for VMW Biofeedback Design

The main design implication is that machine learning
can make the VMW feedback loop more physiologically
expressive, but the environmental mapping must
remain conservative. The Extra Trees model combines
EDA and HRV features, allowing the system to
consider sympathetic arousal and cardiac variability
together instead of relying only on SCL slope.
The feature-importance and SHAP analyses support
this interpretation: SCR frequency was consistently
important, but HRV features such as AVNN, HRV
mean, HRV median, and HRV percentile features also
contributed.

This matters because the classifier is not the final
product. Its value depends on how its output is
translated into the VR experience. VMW uses fog,
lighting, and sound as indirect feedback materials
rather than presenting users with scores or labels.
This is important for mindfulness-based chronic pain
support, where feedback should encourage awareness
without creating pressure to perform. The model
provides a richer signal, but the design determines how
that signal is felt.

The multiclass model is especially relevant because
VMW does not only need to distinguish stress from
non-stress. It also needs a neutral state for physiological
windows that are ambiguous or not clearly related
to stress or relaxation. The “other” class supports
this design need by allowing medium fog density
rather than forcing every window into a positive or
negative feedback category. This helps the system avoid
over-interpreting normal physiological variation and
better matches the uncertainty present in mindfulness
practice.

6.2. Real-Time Feasibility and Interaction Timing

The latency results suggest that the final Extra Trees
model is computationally feasible for the type of
real-time adaptation used in VMW. Batch prediction
and probability prediction required less than one
millisecond per sample, while single-sample prediction
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took approximately 103 ms on average. This is
acceptable because VMW feedback is intentionally
gradual. Fog, lighting, and ambient sound do not need
to update at the speed of a game input; in fact, slower
adaptation better supports the calm, non-evaluative
pacing of the experience.

Overall, the findings suggest that machine learning
can improve the adaptive capacity of VMW, but
the contribution is not only technical. The stronger
contribution lies in how physiological inference is
integrated into an ambient feedback system for chronic
pain support. The model improves what the system can
estimate, while the VR design shapes how that estimate
becomes meaningful to the user.

7. Limitations

Several limitations should be acknowledged. First,
the model was trained and evaluated using WESAD
and StressID rather than physiological data collected
from chronic pain users during actual VMW sessions.
Although these datasets are useful for developing
and testing the inference pipeline, they do not fully
represent the physiological, emotional, and contextual
variability of chronic pain. Stress responses in chronic
pain may be shaped by pain intensity, fatigue,
medication use, sleep quality, movement restrictions,
prior trauma, and individual coping strategies. In
addition, the stress labels come from controlled
experimental tasks rather than naturally occurring
stress during mindfulness practice. Therefore, the
model outputs should be interpreted as estimates of
stress-related physiological state, not as direct measures
of chronic pain experience or therapeutic progress.

Second, combining WESAD and StressID increased
the number of subjects and physiological windows, but
it also introduced heterogeneity in recording condi-
tions, task design, sensor setup, sampling procedures,
and labeling structure. The dataset also remained
imbalanced, especially for the stress class. Class weight-
ing, sample weighting, and balanced metrics were used
to reduce this problem, but they do not fully solve
it. The weaker leave-one-subject-out results show that
subject-independent generalization remains limited. A
future VMW system may need individual calibration,
adaptive baselines, personalization, or periodic model
updating before the inference pipeline can be used
reliably with new users.

Third, the current evaluation focuses on model-level
performance and latency rather than full closed-loop
system performance. A deployed version of VMW must
also account for sensor streaming, signal preprocessing,
feature extraction, classification, communication with
the VR environment, and rendering updates. The
current pipeline was also evaluated using processed
physiological windows rather than live wearable

data collected during active VR use. Real-world use
may introduce motion artifacts, sensor displacement,
missing data, changes in skin contact, and variations in
posture or breathing.

Finally, the environmental feedback rules used in
VMW are design safeguards rather than clinically vali-
dated thresholds. They were included to make feedback
more stable and less punitive, but they require empir-
ical tuning with chronic pain users. This study also
does not test whether the updated inference pipeline
improves pain management, mindfulness skill devel-
opment, emotional regulation, self-efficacy, or long-
term engagement. The present work should therefore
be interpreted as a proof-of-concept evaluation of the
physiological inference and feedback pipeline, not as
clinical validation of VMW as an intervention.

8. Conclusion

This paper presented an updated physiological infer-
ence pipeline for the Virtual Meditative Walk, a closed-
loop VR biofeedback system designed to support
mindfulness-based chronic pain management. The goal
was to improve the reliability of the environmental
feedback mechanism by moving beyond the original
skin conductance slope-based rule and evaluating a
machine learning approach using EDA and HRV fea-
tures.

The final Extra Trees model showed strong cross-
sample performance, reaching 91.77% accuracy for
binary stress classification and 86.05% accuracy for
multiclass physiological state classification. It also
outperformed the original SCL slope-based rule in
the cross-sample binary comparison, suggesting that
multivariate physiological inference can provide a
more expressive control signal for adaptive VR
biofeedback. At the same time, leave-one-subject-out
validation produced lower performance, showing that
subject-independent stress inference remains a central
challenge.

These findings support machine learning as a promis-
ing direction for improving the adaptive capacity of
VMW, but not as a complete solution. The contribution
of this work lies in connecting physiological state infer-
ence with ambient VR biofeedback design: the model
improves what the system can estimate, while the VR
environment determines how that estimate is translated
into feedback that remains gradual, indirect, and non-
evaluative. Future work should evaluate the updated
VMW system with chronic pain users during live VR
sessions, including end-to-end latency, wearable sensor
robustness, individual calibration, and whether adap-
tive feedback improves mindfulness engagement, inte-
roceptive awareness, self-regulation, or pain-related
outcomes over repeated use.
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Appendix A. VMW Closed-Loop System Workflow

The following figure shows how physiological signals are collected, processed, classified, and mapped into
environmental feedback in the Virtual Meditative Walk system.
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Figure A.1. Closed-loop workflow of the Virtual Meditative Walk (VMW) system
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Appendix B. Physiological Feature Set

Table B.1. Physiological features used as model inputs. Metadata columns, dataset identifiers, subject identifiers, task names, window
timestamps, original labels, and target labels were excluded from model training

Signal Feature group Features

EDA Statistical features EDA_mean, EDA_geometric_mean, EDA_harmonic_mean, EDA_standard_deviation,
EDA_mean_absolute_deviation, EDA_variance, EDA_median, EDA_maximum, EDA_minimum,
EDA_25th_percentile, EDA_75th_percentile, EDA_range, EDA_interquartile_range,
EDA_variation_coefficient, EDA_central_moment, EDA_skewness, EDA_kurtosis

EDA Nonlinear features EDA_approx_entropy, EDA_sample_entropy, EDA_SD1, EDA_SD2
EDA Domain-specific features SCL, SCR Amplitude, SCR Duration, SCR Frequency
HRV Statistical features HRV_mean, HRV_geometric_mean, HRV_harmonic_mean, HRV_standard_deviation,

HRV_mean_absolute_deviation, HRV_variance, HRV_median, HRV_maximum, HRV_minimum,
HRV_25th_percentile, HRV_75th_percentile, HRV_range, HRV_interquartile_range,
HRV_variation_coefficient, HRV_central_moment, HRV_skewness, HRV_kurtosis

HRV Nonlinear features HRV_approx_entropy, HRV_sample_entropy, HRV_SD1, HRV_SD2

HRV Time-domain and SDNN, SDANN, AVNN, RMSSD, PNN50, RSA Index, Deep Breathing Difference (DBD),
respiratory-related features Exhalation/Inspiration Ratio (EI)

HRV Frequency-domain features Total Power, VLF Power, LF Power, HF Power, LF/HF Ratio

Appendix C. Dataset Composition and Label Distributions

The following figures provide additional detail about the composition of the combined WESAD and StressID
dataset, the target label distributions, and subject-level stress prevalence.
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Figure C.3. Binary and multiclass label distributions in the combined dataset
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Dataset Composition by Binary Stress Classification

Dataset Composition by Multiclass Stress Classification
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Figure C.4. Dataset composition by target structure. The left panel shows the binary stress classification target, and the right panel
shows the multiclass physiological state classification target

Appendix D. Exploratory Feature Analysis

The following figures p rovide a dditional f eature-level a nalysis, i ncluding f eature-label c orrelations, correlation
heatmaps, and feature distributions across binary and multiclass targets.
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Figure D.5. Top correlated features for binary stress classification
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Top 20 Feature Correlations with Multiclass Stress Classification
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Figure D.6. Top correlated features for multiclass physiological state classification
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Appendix E. Precision-Recall Analysis

The following figures provide additional precision-recall diagnostics for the binary and multiclass classification
tasks. These plots are included because the stress class was smaller than the non-stress class, making precision-
recall behavior useful for interpreting model performance beyond accuracy and ROC-AUC.
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Figure E.8. Precision-recall curves for binary stress classification
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Figure E.9. Precision-recall curves for multiclass physiological state classification
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Appendix F. Probability Calibration Analysis

The following figures show calibration behavior for the final Extra Trees models. These plots are included as
additional diagnostics for interpreting whether predicted probabilities align with observed class frequencies.
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Figure F.10. Calibration plots for binary stress classification
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Figure F.11. Calibration plots for multiclass physiological state classification

Appendix G. SHAP-Based Model Interpretation

The following figures provide additional model interpretation analyses for the final Extra Trees models.
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SHAP Feature Importance: Binary Stress Classification

SCR Frequency

Mean Heart Rate Variability

AVNN

Harmonic Mean Heart Rate Variability
Geometric Mean Heart Rate Variability
HRV 75th Percentile

HRV Minimum

HRV 25th Percentile

HRV Median

EDA Coefficient of Variation

HRV maximum

SCR Duration

EDA Standard Deviation

EDA Range

LF/HF Ratio

EDA SD2

HRV Sample Entropy

Skin Conductance Level (SCL)

HRV approx entropy

EDA sample entropy e Class 0

B Class 1

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16

mean(|SHAP value|) (average impact on model output magnitude)

(a) Binary stress classification

SHAP Feature Importance: Multiclass Stress Classification
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Figure G.12. SHAP feature importance for the final Extra Trees models. The left panel shows the binary stress classification model,
and the right panel shows the multiclass physiological state classification model

Appendix H. Feature-Space Visualization

The following t-SNE plots provide an additional visualization of the feature-space structure for the binary and
multiclass classification t asks. T hese p lots a re i ncluded a s e xploratory d iagnostics a nd a re n ot u sed a s direct

evidence of model performance.
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Figure H.13. t-SNE embeddings of the physiological feature space for binary and multiclass classification tasks
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