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Abstract

Virtual reality (VR) provides an effective experimental environment for the controlled
investigation of autonomic physiological responses under different levels of virtual im-
mersion. This study investigated heart rate variability (HRV) responses to mental stress
induced by an interactive VR game. Two stereoscopic conditions were compared: low
immersion using polarising glasses and high immersion using a VR headset. Addition-
ally, the applicability of visual, mathematical, and machine learning approaches for an-
alysing VR-related changes in the autonomic nervous system is evaluated. The experi-
ment involved 42 healthy volunteers (37 men and 5 women; mean age 26 + 7 years). The
HRYV analysis is based on RR-intervals and includes time, frequency, and nonlinear in-
dicators. Within the nonlinear framework, visual-mathematical methods, including
Poincaré diagrams, recurrence plots, and histogram analysis, were applied. For auto-
mated classification of physiological states, a Random Forest model using 17 selected
HRYV parameters was applied. The results show exposure to the VR game elicited sig-
nificant changes in autonomic cardiac regulation and heart rate variability, with different
stereoscopic technologies producing distinct physiological responses. Nonlinear meth-
ods and applied visual-mathematical analyses reveal complex dynamic characteristics of
heart rate that classical HRV indicators cannot fully capture. ROC and confusion matrix
analyses show that the Random Forest model has good discriminative ability in distin-
guishing between a resting state and different levels of virtual immersion. The results
confirm the potential of the proposed integrated approach, combining virtual reality,
linear and nonlinear HRV analyses, and machine learning, as a tool for the objective as-
sessment and modelling of autonomic physiological responses during VR exposure. The
study has several limitations, including the relatively small and homogeneous sample
size and the absence of stress and psychological state assessment through validated
questionnaires, which should be addressed in future research.

Keywords: virtual reality (VR); mental stress; heart rate variability (HRV); linear
methods; nonlinear methods; random forest (RF)

1. Introduction

In recent years, virtual reality (VR) has been advancing at an extremely rapid pace
and is increasingly used in areas such as medicine, education, simulator systems, engi-
neering, and computer games [1-5]. This technology enables the creation of controlled,
interactive three-dimensional environments in which the user can immerse themselves
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and interact with virtual objects in real time. As a result, virtual reality increases the
effectiveness of training, supports diagnostics and therapy in medicine, and optimises
the design and testing processes in engineering practice [6-17].

Modern virtual reality systems use stereoscopic technologies to create a
three-dimensional visual environment, such as virtual helmets and stereoscopic glasses
(polarising, anaglyph, etc.). By presenting different images to each eye, a sense of depth is
created that closely resembles natural human perception. The quality of visualisation
depends on several factors, including resolution, refresh rate, latency, and synchronisa-
tion [18-24].

Despite its advantages, stereoscopic visualisation can lead to visual strain and dis-
comfort. Prolonged use of stereoscopic systems is often associated with symptoms such
as eye fatigue, headache, dizziness, and decreased concentration. These effects can affect
the psychoemotional state of the user and lead to motion sickness and increased levels of
mental stress [25-29]. In this study, mental stress refers to the psychophysiological re-
sponse associated with exposure to different virtual reality configurations, assessed
through heart rate variability analysis. In this context, there is a need to study the impact
of different stereoscopic technologies on human perception and physiological responses
and to develop approaches to minimise negative effects and improve the ergonomic
characteristics of virtual reality systems.

One of the widely used non-invasive methods for assessing physiological strain is
the analysis of heart rate variability (HRV). It reflects the interaction between the sym-
pathetic and parasympathetic divisions of the autonomic nervous system and serves as a
reliable indicator of mental stress, fatigue, and cognitive load.

HRYV analysis approaches are divided into time-based, frequency-based, and non-
linear methods. Along with classical quantitative indicators, visual and visu-
al-mathematical methods, such as Poincaré diagrams and graphical representations of
RR intervals, are increasingly used to allow a more in-depth assessment of heart rate
dynamics and autonomic regulation [30-33].

In recent years, artificial intelligence and machine learning methods have found in-
creasingly widespread application in the biomedical analysis of physiological signals.
Machine learning algorithms enable the automated detection of dependencies and
patterns in multidimensional physiological data that are difficult to identify with classical
statistical approaches. Of particular interest are ensemble methods, such as Random
Forest, which provide high robustness, good generalisation ability, and the ability to as-
sess the significance of individual parameters [34-39].

In the context of HRV analysis, Random Forest enables automated classification of
psychophysiological states based on time-domain, frequency-domain, and nonlinear in-
dicators. This provides an opportunity for a more precise distinction between different
levels of mental stress and the degree of virtual immersion. Additionally, the application
of ROC analysis, confusion matrices, and feature importance assessments enables quan-
titative evaluation of the discriminative ability of the HRV parameters used and the
model’s effectiveness.

The present study aims to analyse the influence of virtual reality and various stere-
oscopic technologies on heart rate variability, using a combined approach of statistical,
visual-mathematical, and machine learning methods. In the experimental protocol, a
previously developed and published game [40-44] was modified for compatibility with
two stereoscopic technologies, implemented at low and high levels of virtual immersion,
and used to generate stress. Changes in heart rate variability indicators recorded at rest
and during a stressful load were analysed, along with the feasibility of their automated
classification using the Random Forest algorithm.
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2. Literature Review

Heart rate variability is a well-established non-invasive marker for assessing the
autonomic nervous system and its responses to various types of stress, including physical
and mental stress. Several studies have shown that increased mental stress is associated
with decreased HRYV, reflecting increased sympathetic and decreased parasympathetic
activity [4547].

Traditional methods for generating cognitive stress include mental arithmetic,
Stroop tests, and time-limited reaction tasks. Virtual reality is emerging as an effective
tool for creating controlled experimental environments. Through interactive and immer-
sive scenarios, VR enables the induction of more realistic psychophysiological responses
than traditional laboratory methods [48,49].

Studies [50,51] have shown that stress generated through VR leads to increased
blood pressure, increased heart rate, and decreased HRV, which induces activation of the
sympathetic division of the autonomic nervous system. However, the mechanisms by
which different visual technologies influence VR remain poorly understood.

HRYV analysis includes time-domain, frequency-domain and nonlinear approaches.
Time-domain indicators (SDNN, RMSSD) reflect the overall variability, while frequency
analysis assesses the sympatho-parasympathetic balance. Nonlinear methods, including
Poincaré analysis (SD1, SD2), provide additional information about the complex dy-
namics of heart rate [52-54].

Machine learning methods are increasingly used to analyse biomedical signals and
classify psychophysiological states. Ensemble algorithms such as Random Forest show
high robustness, good generalisation, and the ability to assess feature significance. In
HRYV analysis, they are applied to distinguish stressful and non-stressful states [55-57].

Stereoscopic technologies in VR can cause varying degrees of visual strain, related to
a mismatch between accommodation (focusing) and convergence (the eyes’ tendency to
converge on a single point). Active and passive stereoscopic systems differ in how they
visualise and can lead to varying levels of visual fatigue, headaches, and decreased con-
centration. These factors can affect the psychophysiological state and, accordingly, HRV
parameters.

Despite the growing body of research on HRV during stress and the use of virtual
reality as an experimental environment, several important research gaps remain. Most
previous studies have investigated either conventional linear HRV indices or machine
learning approaches separately, while relatively few have combined linear and nonlinear
HRYV analyses with automated classification methods. Furthermore, direct comparisons
of different stereoscopic VR configurations and their influence on autonomic physiolog-
ical responses remain scarce.

The novelty of the present study lies in the integration of three complementary
components: (1) a comparative analysis of autonomic physiological responses under two
stereoscopic VR configurations with different levels of immersion, (2) a combined linear
and nonlinear HRV analysis incorporating time-domain, frequency-domain, Poincaré,
Recurrence Quantification Analysis, and Multiscale Entropy methods, and (3) a Random
Forest-based classification model using HRV features to distinguish the experimental
conditions. This integrated framework provides a more comprehensive assessment of
autonomic physiological responses during VR exposure than approaches based on a
single analytical methodology.

https://doi.org/10.3390/technologies14080487



Technologies 2026, 14, 487

4 of 26

3. Materials and Methods
3.1. Materials
3.1.1. Participants

The study involved 42 healthy volunteers (37 males and 5 females) aged 26 + 7
years, who had no history of cardiovascular disease or visual problems that would affect
the perception of a stereoscopic image. None of the participants reported taking medica-
tions that could affect cardiovascular function. All participants were informed in ad-
vance of the purpose and protocol of the experiment and provided informed consent to
participate. During the experiment, the participants were seated in a quiet laboratory
environment.

3.1.2. Experimental Protocol

The experimental protocol includes a baseline phase and two experimental condi-
tions:

e 3D game, implemented using a low-immersion virtual reality configuration based
on a passive stereoscopic system with polarising glasses and a GlobeView 3D pas-
sive monitor (Schneider Digital, Holzkirchen, Germany);

e 3D game, implemented using a high-immersion virtual reality configuration based
on a VR helmet Shinecon VR (ShineconIndustrial Co., Ltd., Dongguan, China,
model series 2016-2020), which is compatible with the Samsung Galaxy A54 5G
smartphone (Samsung Electronics, Suwon, Republic of Korea) used in the experi-
ment (OS Android).

The experiment consisted of three experimental phases: (i) a 25 min resting ECG
recording used as the baseline, (ii) a 25 min VR session using the low-immersion system,
and (iii) a 25 min VR session using the high-immersion system. ECG was recorded con-
tinuously throughout all three phases.

The order of the conditions was randomised, with at least 2 h between them. Before
each experimental session, participants were instructed to abstain from consuming
caffeine-containing beverages and alcohol. All recordings were performed under the
same laboratory conditions and followed an identical experimental protocol for all par-
ticipants. Continuous ECG recordings were acquired using a Dynamic ECG System
TLC9803 Holter device (Contec Medical Systems Co., Ltd., Qinhuangdao, China).

All recordings had the same duration (25 min). Time-domain and nonlinear HRV
indices were calculated from the complete 25 min recordings. In accordance with the
recommendations of the Task Force of the European Society of Cardiology and the North
American Society of Pacing and Electrophysiology [32], frequency-domain HRV indices
(LF and HF) were calculated from consecutive 5 min segments, and the mean values ob-
tained from the five segments were used for statistical analysis.

ECG recordings were performed using a Dynamic ECG System TLC9803 Holter
device (Contec Medical Systems Co., Ltd., Qinhuangdao, China) with a sampling fre-
quency of 250 Hz and 24-bit resolution. The device provides a frequency response of
0.05-40 Hz and includes a 50 Hz power-line interference filter. The recorded ECG signals
were processed using the manufacturer’s software, which performs R-peak detection,
cardiac complex classification, and HRV analysis based on proprietary MCSS™ and
TMCA™ algorithms. The software automatically identifies normal beats, premature
atrial and ventricular complexes, prolonged RR intervals, and episodes of atrial fibrilla-
tion. The detected events and potential artefacts were reviewed and, when necessary,
manually corrected by the researcher.

HRYV analysis included time, frequency, and nonlinear methods [30,32]. Time indi-
cators included Mean RR, Number RR, SDNN, and RMSSD. Frequency analysis assessed
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the sympatho-parasympathetic balance through spectral components. Nonlinear analysis
includes Poincaré analysis with SD1, SD2, and SD1/SD2 indicators; recurrence plot
analysis with REC%, DET%, ENTR, Lmax, and Laminarity%; and Multiscale Entropy
analysis [58,59]. These methods describe the complex dynamics of cardiac regulation.

A Random Forest model based on HRV features was used to classify the experi-
mental conditions. The model assesses the ability of physiological parameters to distin-
guish different levels of virtual immersion. Additionally, a significance analysis of the
features was performed to identify the most informative HRV parameters.

The results of the analysis are presented through tabular and graphical visualisa-
tions.

3.1.3. High and Low Immersion Virtual Reality Systems

One of the experimental conditions in this study uses a high-immersion virtual re-
ality configuration, implemented via a VR headset and a mobile device. This section de-
scribes the technical characteristics of the Cardboard VR system used to determine the
level of virtual immersion.

Google Cardboard is an accessible form of virtual reality, based on a mobile device,
that provides stereoscopic visualisation and tracking of head movements. The technol-
ogy uses the smartphone display to generate two separate images—one for each eye,
which creates a sense of depth and spatial perception. The change in head orientation is
detected by the built-in gyroscopic sensor of the mobile device, which allows for a dy-
namic change in perspective in the virtual environment.

Although Cardboard VR offers a lower level of immersion than modern autono-
mous VR headsets, it provides a realistic three-dimensional perception at a low cost and
is widely compatible with mobile devices. This makes it suitable for scientific research
and experimental applications that require a controlled virtual environment without
specialised hardware.

The VR application used in this study was a modification of an application pre-
sented in previous publications [40—44]. The main modification involved adaptation for
mobile devices and compatibility with Cardboard VR technology. The application was
used to provide the VR experimental condition and to compare physiological responses
under different VR configurations.

In comparison, the low-immersion VR configuration was implemented using a pas-
sive stereoscopic system, including a GlobeView 3D monitor (Schneider Digital,
Holzkirchen, Germany) and polarising glasses. This configuration provides the percep-
tion of a three-dimensional image without complete visual isolation of the participant
from the real environment, resulting in a lower degree of immersion than the Cardboard
VR system.

It should be noted that the two VR configurations differ not only in immersion level
but also in several technical characteristics, including display type, visual field, degree of
visual isolation, head movement tracking, and hardware ergonomics.

3.1.4. Virtual Reality Game

The experimental game was developed to induce mental stress in a controlled vir-
tual environment. Several versions of the application have been implemented so far, in-
cluding a polarised glasses version, an anaglyph version, an active stereoscopic 3D ver-
sion, an immersive version with a VR headset, and a mixed reality version based on
HoloLens 2 (see Supplementary Files, Figures 51-S5).

In this study, a modified version of the game was used, adapted for mobile devices
and compatible with both low- and high-immersion virtual environments. Compared to
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the previous implementation based on Photontree 3D Pro, the new version offers greater
immersion through Cardboard VR technology and real-time head tracking.

Two virtual cameras, corresponding to the left and right eyes, were used to realise
the stereoscopic image. The distance between them approximates the natural interocular
distance, enabling depth perception in the virtual environment. The basic principle of
stereoscopic visualisation is presented in Algorithm 1.

In the highly immersive version, the orientation of the virtual camera is controlled
by data from the mobile device’s gyroscopic sensor, which provides 360-degree tracking
of head movements. The implementation of this mechanism is presented in Algorithm 2.

Interaction with the virtual environment is carried out using a wireless Xbox One
controller (Microsoft Corporation, Redmond, WA, USA). The use of an external control-
ler allows the separation of control of game actions from visual perception and head
movements, thereby contributing to a more natural interaction with the virtual envi-
ronment (Supplementary Files, Figure S6).

Figure 1 illustrates the game view when using Cardboard VR technology and the
separation of the image for the left and right eye.

Figure 1. Cardboard VR view.

Algorithm 1. Pseudo code for Cardboard VR camera

class VRCameraRig
{
Camera centerCamera
Camera leftEye
Camera rightEye
float eyeDistance = 0.064  // ~64 mm between eyes
function Start()
{
// creating two cameras
leftEye = CreateCamera()
rightEye = CreateCamera()
// parent to head
leftEye.parent = centerCamera
rightEye.parent = centerCamera
}
function Update()
{
// rotating from phone/VR Cardboard headset
rotation = GetHeadRotation()

centerCamera.rotation = rotation
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// position of eyes
leftEye.localPosition =
Vector3(-eyeDistance / 2, 0, 0)
rightEye.localPosition =
Vector3( eyeDistance / 2, 0, 0)
// eyes look at in front
leftEye.rotation = rotation
rightEye.rotation = rotation
}
function Render()

{

// left screen

SetViewport(leftEye, x=0, y=0, w=0.5, h=1)

/[ right screen

SetViewport(rightEye, x=0.5, y=0, w=0.5, h=1)

RenderCamera(leftEye)
RenderCamera(rightEye)

Algorithm 2. Code for viewing in 360

using UnityEngine;

public class GyroCardboardCamera : MonoBehaviour

{

private Gyroscope gyro; // that is most important

private bool gyroEnabled;
void Start()
{
gyroEnabled = EnableGyro();
}
private bool EnableGyro()
{
if (SystemInfo.supportsGyroscope)
{
gyro = Input.gyro;
gyro.enabled = true;
return true;
}

return false;

}
void Update()

{
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if (gyroEnabled)
{
Quaternion deviceRotation = gyro.attitude;
transform.localRotation = new Quaternion(
-deviceRotation.x,
-deviceRotation.y,
deviceRotation.z,

deviceRotation.w

3.2. Methods

The analysis of heart rate variability is performed using time, frequency, nonlinear
and visual methods [30,32,60]. Additionally, a Random Forest machine learning algo-
rithm is used to automate the classification and assessment of HRV indicator significance.
The combined approach provides a more comprehensive assessment of the autonomic
nervous system’s functional state and the body’s response to mental stress.

3.2.1. Time-Domain Analysis
The following parameters are used from the time indicators:

¢  MeanRR—average value of RR intervals, characterising the average duration be-
tween consecutive heartbeats;

¢ NumberRR—total number of analysed RR intervals within the corresponding rec-
ord;

e SDNN-—standard deviation of NN intervals, characterising the overall variability of
the heart rate;

e  RMSSD—square root of the average value of the squares of the differences between
consecutive RR intervals, reflecting short-term variability and parasympathetic ac-
tivity.

3.2.2. Frequency-Domain Analysis

In the frequency domain, the following spectral components of HRV are analysed
[32]:
e LF (Low Frequency) component (0.04-0.15 Hz);
e  HF (High Frequency) component (0.15-0.40 Hz);
e  The LF/HF ratio was considered as a parameter reflecting changes in autonomic
cardiac regulation.

Spectral analysis was performed using an autoregressive (AR) method applied to
consecutive 5 min segments of the ECG recordings. Each 25 min recording was divided
into five consecutive segments, and the mean value of the obtained spectral parameters
was used for further statistical analysis. The frequency-domain parameters were calcu-
lated from NN intervals after artefact correction.
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3.2.3. Nonlinear and Visual Analysis

In addition to classical linear indicators, the study uses nonlinear and visual meth-
ods to analyse heart rate variability. Nonlinear methods enable analysis of the complex
dynamics of heart rate that cannot be fully captured by linear time and frequency indi-
cators.

Histogram Analysis

Histogram analysis is used to visualise the distribution of RR intervals and to assess
changes in heart rate variability under different experimental conditions. The shape of
the histogram and the degree of dispersion of the NN intervals reflect the peculiarities of
autonomic regulation and provide information about its dynamics and stability.

Poincaré Analysis

Poincaré plots are a graphical representation of the relationship between consecu-
tive RR intervals [32]. They are used to assess the geometric structure and nonlinear dy-
namics of cardiac rhythms. The following parameters are calculated from the plots:

e  SD1—characterizes short-term variability;

e  SD2—characterizes long-term variability;

e  SD1/SD2—an indicator of the ratio between short-term and long-term dynamics of
the heart rhythm.

Recurrence Plot Analysis

Recurrence plots are used to analyse the dynamic structure and repeatability of
time series by reconstructing the phase space of the RR intervals [61,62]. The method al-
lows visualisation and quantitative assessment of repeatable states in heart rhythm dy-
namics.

The reconstruction of the phase space was performed using a time-delay embed-
ding method defined by the embedding dimension (m) and time delay (t). The time de-
lay was estimated using the Average Mutual Information (AMI) method, while the op-
timal embedding dimension was evaluated using the False Nearest Neighbours (FNN)
method in a preliminary analysis. Based on this analysis, a fixed set of parameters was
applied to all RR interval series: embedding dimension m = 10 and time delay © = 1. Re-
currence was defined using a threshold ¢ based on the Euclidean distance between re-
constructed states. The threshold was adaptively selected for each recording to achieve a
fixed Recurrence Rate (REC%) of 5%, ensuring comparability between participants and
experimental conditions. Quantitative indicators characterising the nonlinear dynamics
of the system are extracted from the recurrence matrix:

e Recurrence Rate (REC%)—percentage of recurrent points, characterising the overall
degree of recurrence of states;

¢ Determinism (DET%)—measure of predictability of the system, based on the pro-
portion of recurrent points forming diagonal structures;

e Entropy (ENTR)—characterises the complexity and diversity of diagonal lines in the
recurrence diagram;

¢ Lmax—length of the longest diagonal line (excluding the main diagonal), used as an
indicator of stability and sensitivity to changes in dynamics;

e  Laminarity (LAM%)—measure of the presence of horizontal structures in the re-
currence diagram, characterising laminar (more stable or “held”) states in the sys-
tem.

Multiscale Entropy Analysis

Multiscale Entropy (MSE) is used to assess the complexity of time series by analys-
ing the entropy at different time scales. The method allows characterisation of RR inter-
val dynamics across different levels of temporal aggregation, thereby revealing the mul-
tiscale structure of heart rhythm.
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The procedure includes two main steps: (1) creating coarse-grained time series for
different scale factors (scale factors t = 1-20) and (2) calculating Sample Entropy
(SampEn) for each scale.

Sample Entropy is calculated with the following parameters:
¢ embedding dimension (m = 2);

e tolerance threshold (r =0.2 x SD of the signal).

The resulting MSE curve describes the dependence of entropy on scale and serves
as an indicator of the complexity and adaptability of the physiological system. Higher
MSE values indicate increased complexity of physiological dynamics, which is often as-
sociated with greater adaptability of autonomic regulation. Conversely, reduced MSE
values may reflect decreased complexity and reduced physiological flexibility. In com-
parison, lower values may indicate reduced variability and physiological flexibility, for
example, during mental stress or in pathological conditions.

3.2.4. Machine Learning Analysis (Random Forest)

For automated classification of physiological states (rest and mental stress), a Ran-
dom Forest algorithm was used, an ensemble method that combines multiple decision
trees. The final classification is determined by a majority vote among the individual trees,
which increases robustness to noise and overfitting.

The analysis is based on 17 HRV parameters from time, frequency, and nonlinear
analyses of HRV, including MeanRR, NumberRR, SDNN, RMSSD, LF, HF, LE/HF, as
well as indicators from Poincaré, Recurrence Plot, and Multiscale Entropy analyses.

The dataset comprised HRV measurements obtained from 42 participants. Data
splitting was performed at the participant level rather than at the level of individual re-
cordings or feature vectors. Consequently, all measurements from a given participant
were assigned entirely to either the training or the testing dataset, thereby preventing
participant leakage and information leakage between datasets. Five participants were
used for model training, whereas the remaining 37 participants formed an independent
test set.

A hold-out validation strategy was applied. Cross-validation and hyperparameter
optimization were not performed. Furthermore, no feature scaling or feature selection
was applied before data splitting. The three experimental classes (Rest, VR Low, and VR
High) contained an equal number of observations; therefore, no class-balancing proce-
dures were required.

The model is used both for state classification and for feature importance assess-
ment based on Gini impurity reduction. In this way, the most informative HRV
measures for distinguishing between resting and mental stress states are identified.

The model evaluation includes accuracy, precision, recall, F1-score and ROC-AUC.
Additionally, a confusion matrix is analysed. The robustness of the model is verified by
out-of-bag (OOB) error.

Table 1 summarises the HRV analysis methods, the machine learning approach
(Random Forest), and the extracted parameters, along with their physiological interpre-
tation.

Table 1. Summary of HRV analysis methods, machine learning approach, and extracted parame-

ters.
Category Method Type Extracted Parameter Physiological Interpretation
Linear Time-domain L Mean RR, NN intervals, Overall autonomic balance, par-
) Quantitative . ..
methods Analysis SDNN, RMSSD asympathetic activity
Linear Frequency-domain Quantitative  LF, HF, LF/HF Reflects frequency-specific auto-
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methods
Linear
Method

Nonlinear
method

Nonlinear
method

Nonlinear
method

Machine learningRandom Forest

Analysis nomic regulation of HRV
Histogram . Distribution shape, disper- Global variability and distribu-
. Visual . . .
Analysis sion of RR intervals tion of heart rhythm
Visual Short- and long-term HRV dy-
Poincaré plot . SD1, SD2, SD1/SD2 namics, nonlinear variability
mathematical
structure
Recurrence plot RQa VIS0 REC DETENTR Lmay, 240 S02E <Onb i
ecurrence plot, mathematical LAM ?ty autonomic regulation sta
Itiscal lexi
Multiscale e SampEn across scales (t = Mu tlsca. © comp exity ar.ld
Quantitative adaptability of autonomic regula-
Entropy 1-20)

tion

Classification of physiological
Computational Feature importance, classi- states (rest vs. stress), identifica-
model fication output tion of discriminative HRV fea-
tures

The combined use of linear and nonlinear methods for analysing heart rate varia-
bility enables a more complete assessment of the functional state of the autonomic
nervous system and its responses to mental stress. All calculations and graphical repre-
sentations are performed using proprietary software developed in MATLAB (ver.
R2018a).

Additionally, for automated classification of physiological states, a machine learning
method was applied —Random Forest, which integrates multiple decision trees to in-
crease the accuracy and robustness of the model. The RF model not only allows distin-
guishing between states but also quantitatively assesses the significance of HRV param-
eters using Gini-based feature importance, providing additional information about the
most informative physiological characteristics associated with the stress response.

3.3. Statistical Analysis

The statistical analysis was performed to assess differences in HRV parameters
among the three experimental conditions (rest, VR with low immersion, and VR with
high immersion), using repeated measurements on the same participants. Data are pre-
sented as mean + standard deviation (mean + SD).

To assess the effect of the experimental condition on individual HRV parameters, a
one-way repeated-measures analysis of variance (RM-ANOVA) was conducted. The as-
sumption of sphericity was evaluated using Mauchly’s test. Whenever the assumption of
sphericity was violated, the statistical significance was assessed using the Greenhouse—
Geisser corrected p-values.

Following the overall RM-ANOVA, planned pairwise comparisons were performed
between the resting condition and each VR condition (Rest vs. VR Low and Rest vs. VR
High), corresponding to the predefined study objectives. These comparisons were con-
ducted using paired-samples t-tests, and the resulting p-values were adjusted using the
Bonferroni correction for multiple comparisons.

In addition to statistical significance, the effect size was estimated using Cohen’s d
for paired samples to quantify the magnitude of the observed differences between con-
ditions. This approach provides information on the practical significance of the observed
effects independently of sample size.

Additionally, a machine learning analysis was performed using the Random Forest
algorithm described in the previous section to assess the discriminative ability of the
HRYV features. This approach was used as a complement to the classical statistical evalu-
ation to assess the separability of the experimental conditions in the classification.
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4. Results

The results of the study show systematic changes in heart rate variability between
the three experimental groups—rest, low-immersion VR and high-immersion VR. A
progressive modulation of the autonomic nervous system was observed with increasing
levels of virtual immersion, as evidenced by both linear and nonlinear HRV measures.
The results shown in Table 2 reveal distinct differences between the three groups.

Table 2. Mean + SD values of time-domain, frequency-domain, nonlinear, and recurrence-based

HRYV parameters under resting, low-immersion VR, and high-immersion VR conditions.

Rest ~ VRLow VRHigh RM-ANOVA Restvs. VR Res;;s. VR
Parameter (Mean * (Mean £ (Mean+ (GG-Corrected Low (Bon- Cohen’s d igh . Cohen’s d
. (Bonferroni
SD) SD) SD) p) ferroni p) »)
Time-domain Analysis
MeanRR (ms) 801 + 20 710 + 80 660 = 100 <0.001 <0.001 1.36 <0.001 1.98
Number RR  1960+250 2100+150 2230 +240 0.021 0.041 0.63 <0.001 1.07
SDNN (ms) 584+82 497+71 398z+6.4 <0.001 <0.001 1.13 <0.001 2.51
RMMSSD (ms) 46.2+6.7 379+59 285+5.1 <0.001 <0.001 1.31 <0.001 2.98
Frequency-domain Analysis
LF (ms?) 820 + 145 910£160 1080 185 0.006 0.014 0.58 <0.001 1.55
HF (ms?) 760 +130 590 +115 410 + 95 <0.001 <0.001 1.42 <0.001 3.05
LF/HF 1.18+0.35 1.55+0.42 2.02+0.55 <0.001 <0.001 1.05 <0.001 1.83
Nonlinear Analysis
SD1(ms) 328+54 26.7+4.8 209 +4.1 <0.001 <0.001 1.20 <0.001 2.40
SD2(ms) 74.5+9.8 632+8.7 514+79 <0.001 <0.001 1.12 <0.001 2.20
SD1/SD2 0.44+£0.06 042+0.05 0.41+0.05 0.284 0.413 0.35 0.126 0.50
SampEn 1.56+0.18 1.34+0.16 1.08+014 <0.001 <0.001 1.25 <0.001 2.90
MSE 205+028 1.82+026 1.61+0.24 <0.001 <0.001 0.85 <0.001 1.70
Recurrence Quantification Analysis
REC (%) 18.6+3.1 224+35 28.1+42 <0.001 <0.001 1.05 <0.001 2.30
DET (%) 73.2+6.1 77.5+5.8 82.1+5.4 <0.001 0.002 0.73 <0.001 1.50
ENTR 2.84+0.32 247+0.28 2.05+0.25 <0.001 <0.001 1.20 <0.001 2.50
Lmax 42.7£6.3 514+7.2 63.8 +8.1 <0.001 <0.001 1.10 <0.001 2.40
Laminarity (%) 50.3+5.7 57 +4.5 61.8+4.7 <0.001 <0.001 1.71 <0.001 3.90

To complement the statistical results presented in Table 2, Figure 2 shows boxplots
of selected representative HRV parameters across all participants under the three ex-
perimental conditions (Rest, VR Low, and VR High). The boxplots illustrate the median,
interquartile range (IQR), and the distribution of individual observations, including po-
tential outliers. The distributions demonstrate a consistent shift in the HRV parameters
across the experimental conditions, supporting that the observed differences are repre-
sentative of the study population rather than being driven by only a few participants.

4.1. Time-Domain Analysis of HRV Parameter

The results of the time-domain HRV analysis show a clear and consistent trend to-
ward decreased heart rate variability with increasing levels of virtual immersion. In the
resting condition, the highest RR interval values and HRV indices were observed, indi-
cating greater autonomic variability compared with the VR conditions and suggesting
relatively stronger parasympathetic modulation. In VR conditions with a low degree of
immersion, a moderate decrease in SDNN and RMSSD is observed, accompanied by
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shorter RR intervals, indicating initial sympathetic activation. In VR with a high degree
of immersion, these changes are significantly more pronounced, with the strongest de-
creases in HRV indicators and the shortest RR intervals, indicating increased mental
stress and sympathetic dominance.
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Figure 2. Boxplots of selected representative HRV parameters for all participants under the three

experimental conditions (Rest, VR Low, and VR High).

The effect size (Cohen’s d) confirms these trends, indicating large-to-very-large
effects when comparing the resting and VR conditions. In particular, the differences be-
tween resting and VR with a high degree of immersion yield very large effect sizes (d > 2),
emphasising the strong physiological impact of the virtual environment on autonomic
regulation.

4.2. Frequency-Domain Analysis of HRV Parameters

The frequency-domain analysis shows a clear change in autonomic nervous regula-
tion as the level of virtual immersion increases. In the resting state, higher values of the
HF component are observed, which reflects stronger parasympathetic activity and lower
physiological load.

In VR with a low degree of immersion, a decrease in HF and a concomitant increase
in the LF component are observed, indicating initial sympathetic activation and a shift in
autonomic balance. This trend is strengthened in VR with a high degree of immersion,
where HF reaches its lowest values, and LF and LF/HF ratios increase significantly, in-
dicating dominant sympathetic activity and increased mental stress.

The size of the Cohen’s d effect confirms these observations, showing large to very
large effects when comparing resting and VR conditions. The most pronounced changes
are observed in the HF and LF/HF indicators, highlighting the sensitivity of frequency
metrics to VR-induced load.
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4.3. Nonlinear and Visual Analysis of HRV Parameters

For a more in-depth assessment of the complex dynamics of heart rate, nonlinear
and visual methods such as histograms, Poincaré plots, and recurrence analysis have
been applied, enabling the evaluation of structural changes in HRV signals across
different experimental conditions.

The histogram analysis (Figure 3) shows a gradual narrowing of the distribution of
RR intervals with increasing virtual immersion, reflecting reduced variability and a nar-
rower heart rate dynamic range. This trend is most pronounced in the high-immersion
condition, where the distribution becomes more compact than in the resting state.
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Figure 3. Histogram analysis of RR intervals for Rest, VR Low, and VR High conditions.

The Poincaré plots (Figure 4) show a clear decrease in point dispersion under the VR
conditions, accompanied by reductions in both short-term (SD1) and long-term (SD2)
variability. These changes reflect a decrease in cardiac dynamic complexity and a weak-
ening of parasympathetic modulation.

Recurrence analysis (Figure 5) shows an increase in the structural regularity of HRV
signals under VR conditions, expressed by higher recurrence and longer deterministic
structures. This indicates greater predictability and reduced chaoticity of heart rhythm
under mental stress.

Taken together, nonlinear and visual analyses show a consistent decrease in com-
plexity and increase in regularity of cardiac dynamics with increasing degree of virtual

immersion.
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Figure 4. Poincaré plots of RR intervals for Rest, VR Low, and VR High conditions.

For additional assessment of the multiscale complexity of the heart rhythm, Mul-
tiscale Entropy analysis was applied, based on the dependence between Sample Entropy
and the scale factor. The method allows assessment of the dynamic complexity of HRV
signals across different time scales and provides information on the adaptability of the
autonomic nervous system.

The results (Figure 6) show a clear dependence of entropy on scale, with higher
Sample Entropy values across a wide range of scales in the resting state, reflecting higher
complexity and better physiological adaptability. Under VR conditions, a decrease in
entropy is observed, with this effect most pronounced at high degrees of virtual immer-
sion.

The decrease in MSE values at higher scales indicates reduced multiscale complexity
of the heart rhythm and a limited ability of the autonomic nervous system to adapt to
mental stress.

Overall, the MSE analysis confirms the results of the nonlinear and recurrent
methods and further demonstrates a decrease in physiological complexity with increas-
ing levels of virtual-induced load.
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4.4. Random Forest Classification Analysis

The confusion matrix (Figure 7) shows high classification accuracy between the
three experimental conditions—rest, VR with low immersion and VR with high immer-
sion. The most pronounced distinction is observed between the rest state and
high-immersion VR, confirming clear physiological differences between these conditions.

The analysis of feature significance (Figure 8) shows a clear distribution of the con-
tributions of the different HRV parameters to the classification process. The highest sig-
nificance is observed for the time parameter MeanRR, which indicates its key role in dis-
tinguishing between the experimental conditions. In the time and frequency domains,
parameters such as RMSSD, SDNN, and HF also demonstrate high prognostic value,
underscoring the importance of parasympathetic activity in the classification of physio-
logical conditions. Nonlinear features, including SD1, Sample Entropy, and Multiscale
Entropy, further contribute to the model by reflecting changes in heart rhythm complex-
ity across different levels of virtual immersion. RQA features (REC, DET, ENTR and
Lmax) also show significant contributions, with Lmax and ENTROPY in particular high-
lighting the importance of structural regularity and the complexity of the system dy-
namics. Overall, the results show that the most informative features for classification
come from a combination of time-domain and nonlinear HRV features, confirming the
effectiveness of the multimodal approach.
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Figure 5. Recurrence plots of RR intervals for Rest, VR Low, and VR High conditions.

The out-of-bag (OOB) error curve (Figure 9) indicates stable model performance
during training and suggests no obvious evidence of overfitting. However, the OOB es-
timate should be interpreted together with the independent test-set results, particularly
given the relatively small sample size.

The ROC analysis (Figure 10), together with the summary classification performance
metrics presented in Table 3, demonstrates the model’s high discriminative ability, with
high AUC values for all classes.
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Figure 10. ROC curves of the Random Forest model for HRV classification.

Table 3. ROC and classification performance metrics of the Random Forest model.

Group AUC Sensitivity (%) Specificity (%) Precision (%) F1-Score (%)
Rest 0.96 85.7 98.2 98.2 92.3
VR Low 0.81 69.8 80.0 80.3 69.9
VR High 0.88 97.1 63.6 63.6 77.8

5. Discussion

The results obtained indicate that virtual reality provides an effective experimental
platform for investigating autonomic physiological responses under controlled condi-
tions. The complex analysis of heart rate variability, based on linear, nonlinear, visual,
and machine learning methods, indicates pronounced changes in autonomic regulation
across different levels of virtual immersion. The most pronounced physiological re-
sponses are observed under conditions of high virtual immersion, suggesting increased
autonomic activation accompanied by reduced parasympathetic modulation.

Time-domain analysis shows a statistically significant decrease in MeanRR, SDNN,
and RMSSD during VR exposure, particularly under VR High conditions. These changes
reflect reduced overall heart rate variability and reduced short-term parasympathetic
modulation, findings commonly associated with increased physiological activation and
cognitive demand. The observed trend towards a progressive decrease in HRV parame-
ters from the resting state to the VR Low and VR High conditions suggests that the de-
gree of virtual immersion directly affects autonomic nervous regulation and physiologi-
cal adaptability.

The frequency-domain findings provide additional evidence of altered autonomic
regulation during VR exposure. The observed increase in the LF component and LF/HF
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ratio, together with a decrease in the HF component, suggests alterations in autonomic
cardiac regulation during VR exposure. Although these changes are commonly
associated with increased physiological activation and stress-related responses, LF/HF
should not be interpreted as a direct measure of sympathovagal balance or sympathetic
dominance, particularly because respiratory activity was not controlled in the present
study. The more pronounced effects observed under VR High conditions may indicate
that a higher degree of virtual immersion is associated with increased sensory and
cognitive demands and greater autonomic activation.

These findings are in agreement with several previous studies reporting decreased
heart rate variability and increased sympathetic activity during VR-induced mental
stress [51]. Similar trends towards reductions in SDNN, RMSSD, and the HF component,
as well as increases in the LF/HF ratio, were observed under cognitive load and in im-
mersive virtual environments. This confirms that virtual reality can be successfully used
as an experimental model to study autonomic nervous system regulation under stressful
conditions.

Nonlinear and visual methods provide additional information about the complex
dynamics of heart rate that classical linear HRV indicators cannot fully capture. Histo-
gram analysis shows a gradual narrowing of the distribution of RR intervals under VR
conditions, indicating reduced variability and increased regularity of heart rate. Simi-
larly, Poincaré diagrams demonstrate a clear decrease in point scatter and reduction in
ellipsoidal structure under VR exposure. A decrease in the values of the parameters SD1
and SD2 reflects limitations in both short- and long-term heart rate variability, which is
consistent with reduced autonomic flexibility during VR exposure.

Recurrence analysis shows increased structural regularity and determinism of HRV
signals under VR conditions. Increased values of REC, DET, Lmax and Laminarity indi-
cate higher predictability and lower complexity of heart rate dynamics during VR ex-
posure. The decrease in entropy indices further confirms the reduced nonlinear com-
plexity and limited adaptability of the autonomic nervous system. The results obtained
are consistent with the concept that stressful physiological states are characterised by
reduced dynamic complexity and increased regularity of biological signals.

Comparable observations have been described in publications devoted to nonlinear
HRYV analysis and recurrence-based methods in mental stress [60-62]. Previous studies
have shown that recurrence plot and entropy-based indices are sensitive to changes in
autonomic regulation and can successfully distinguish different levels of physiological
load. The results obtained in the present study confirm these observations and further
demonstrate the applicability of visual approaches in the analysis of VR-induced physi-
ological responses.

Multiscale entropy analysis provides further insight into these changes. In the rest-
ing state, higher entropy values are observed across a wide range of time scales, reflect-
ing greater physiological complexity and better adaptability of the autonomic nervous
system. Under VR conditions, a clear decrease in entropy is observed, especially at VR
High exposure, indicating a reduction in the multiscale complexity of the heart rhythm.
Since physiologically healthy systems are typically characterised by high complexity and
adaptability, the observed decrease in MSE may indicate limited autonomic flexibility
during VR exposure.

An important aspect of the present study is the integration of a machine learning
approach with classical HRV analysis. The Random Forest model demonstrated prom-
ising classification performance in distinguishing between resting-state and physiologi-
cal states corresponding to the different experimental conditions. The analysis of the
confusion matrix and ROC curves showed good discriminative ability for classifying VR
High conditions, in which physiological changes are most pronounced. These results
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suggest the possibility of using HRV-based features and ensemble machine learning al-
gorithms for automated recognition of stress-induced physiological states.

Feature importance analysis shows that both classical and nonlinear HRV indica-
tors contribute significantly to the model’s classification performance. MeanRR, RMSSD,
HF, SampEn, and the recurrence-based indicators REC, ENTR, and Lmax are the most
informative features. This highlights the importance of a combined approach including
both linear and nonlinear measures of autonomic regulation. The relatively lower con-
tribution of some parameters, such as SD1/SD2, suggests limited discriminative ability in
distinguishing different levels of virtual immersion.

Our machine learning results are comparable with previous reports demonstrating
that Random Forest classifiers can distinguish stress-related physiological states using
HRYV features. Unlike most previous studies, the present work combines conventional
HRYV indices with nonlinear and visual-mathematical analyses, providing a more com-
prehensive assessment of autonomic responses during VR exposure [63,64]. The ob-
served differences between VR Low and VR High conditions are also related to the spe-
cific characteristics of the stereoscopic technologies used. Systems with a high degree of
immersion usually require more intensive visual processing, greater concentration, and
higher cognitive load, which can lead to visual fatigue, increased attentional demand,
and autonomic activation. In this context, the results support the hypothesis that the
level of virtual immersion significantly affects the user’s psychophysiological responses.

Despite the promising results, the present study has some limitations. The sample is
relatively small and primarily comprises young, healthy volunteers, which may limit the
generalizability of the results to broader populations. Analyses performed using recur-
rence plots and entropy methods are sensitive to parameter choices, which may affect
quantitative results.

Future studies will include larger, more diverse groups of participants, multimodal
physiological monitoring, and standardised psychological questionnaires to assess sub-
jective stress and virtual immersion. Additionally, the use of deep learning and explain-
able artificial intelligence approaches may improve the automated assessment and mod-
elling of psychophysiological responses in virtual environments.

In conclusion, the results demonstrate that virtual reality provides an effective ex-
perimental platform for investigating autonomic physiological responses under different
levels of virtual immersion. The combined application of linear HRV indicators, nonlin-
ear methods, visual analysis and machine learning techniques provides a comprehensive
framework for assessing changes in autonomic cardiac regulation at different levels of
virtual immersion. The proposed approach has potential for use in the development of
adaptive VR systems, intelligent monitoring systems of autonomic physiological re-
sponses, and clinical applications in mental health, neurorehabilitation, and personalised
digital medicine.

6. Limitations and Future Work

This study has several limitations. First, the sample size was relatively small and
included only healthy volunteers within a limited age range, which restricts the gener-
alizability of the findings to broader populations. Second, psychophysiological assess-
ment relied primarily on heart rate variability analysis without incorporating validated
psychological questionnaires to evaluate perceived stress. Third, the LF/HF ratio should
be interpreted in the context of its limitations, as its role as a direct marker of sympa-
thovagal balance remains a matter of discussion in the contemporary literature. In the
present study, LE/HF was considered as an additional HRV index rather than a specific
marker of sympathetic and parasympathetic activity. Fourth, the study did not include
an additional quantitative assessment of VR presence and simulator sickness through
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questionnaires, which could have complemented the assessment of participants’ subjec-
tive perceptions of the VR environment. Fifth, the machine learning model was trained
and validated on a limited dataset, and therefore its generalization capability requires
further investigation.

Future work will focus on expanding the study population by including partici-
pants from different age groups as well as individuals with autonomic nervous system
disorders. The integration of standardized psychological questionnaires together with
additional physiological signals, such as electroencephalography (EEG), and respiratory
parameters, is expected to provide a more comprehensive assessment of stress-related
psychophysiological responses. Furthermore, advanced machine learning and deep
learning algorithms will be investigated to improve classification accuracy, robustness,
and the feasibility of real-time psychophysiological state assessment.

7. Conclusions

The present study demonstrates that virtual reality. provides a powerful and reliable
experimental platform for investigating autonomic physiological responses under con-
trolled conditions. The results indicate that increasing the degree of virtual immersion is
associated with systematic and consistent changes in autonomic nervous regulation, ex-
pressed in reduced heart rate variability, reduced parasympathetic activity and increased
autonomic activation accompanied by reduced parasympathetic modulation.

Combined analysis of HRV using linear, nonlinear and visual methods reveals a
consistent reduction in physiological complexity during VR exposure. The observed
narrowing of RR distributions, reduction in Poincaré parameters (SD1, SD2), increased
regularity in the recurrence structure, and decreased multiscale entropy unambiguously
indicate reduced adaptability of the autonomic nervous system during VR exposure.

A significant contribution of the present work is the evidence that nonlinear metrics
(Recurrence Quantification Analysis and Multiscale Entropy) provide a more sensitive
and informative assessment of VR-related changes in autonomic cardiac regulation
compared to classical linear metrics. These results confirm that the physiological system
should be considered a nonlinear, dynamic, and multiscale process that traditional sta-
tistical approaches cannot fully characterise.

Additionally, the integration of a machine learning approach—Random For-
est—demonstrates the potential in automated classification of the three experimental
conditions based on HRV features. The combination of linear and nonlinear HRV fea-
tures enables reliable differentiation between rest and low and high degrees of virtual
immersion, with the most pronounced separation observed at high degrees of immer-
sion. These findings support the potential of artificial intelligence as a tool for objective
assessment of autonomic physiological responses during VR exposure.

The obtained results have significant theoretical and practical implications. From a
theoretical perspective, they support the hypothesis that VR exposure is associated with
reduced physiological complexity and reduced autonomic flexibility. From an applied
perspective, the study demonstrates the potential of VR as an experimental and diag-
nostic platform for developing adaptive monitoring systems, supporting the objective
monitoring of autonomic physiological responses, and supporting personalised inter-
ventions. In summary, the proposed integrated framework—including virtual reality,
multidimensional HRV analysis, and machine learning—provides a comprehensive,
sensitive, and scalable approach to studying autonomic physiological responses to vir-
tual reality exposure. This approach opens possibilities for future applications in digital
medicine, neurorehabilitation, cognitive science, and intelligent systems for real-time
monitoring of autonomic physiological responses.
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